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ABSTRACT

Diabetic Foot Ulcer (DFU) is a severe complication of diabetes, necessitating early detection to prevent
limb amputation. This study proposes a novel hybrid Convolutional Neural Network (CNN) model
leveraging EfficientNetV2S architecture for automated DFU classification. Utilizing a dataset of 1,055 foot
skin patches (512 abnormal, 543 normal), the model integrates transfer learning, dropout layers, global
average pooling, and cosine decay learning rate optimization. Pre-trained weights from EfficientNetV2S
were fine-tuned, achieving a state-of-the-art accuracy of 99.94% on the test set. Training and validation
curves demonstrated stable convergence, with minimal overfitting, underscoring the model’s robustness.
Comparative analysis with existing methods highlights superior performance, suggesting its potential for
clinical deployment in early DFU diagnosis. This approach enhances diagnostic precision, enabling timely

intervention to improve patient outcomes.

Keywords: Diabetic Foot Ulcer; Deep Learning; EfficientNetV2S; Medical Image Classification; Transfer

Learning.

1. INTRODUCTION

The prevalence of Diabetes Mellitus (DM)
represents one of today's most pressing global
health challenges, with cases rising dramatically in
recent times. According to current statistics from
both the International Diabetes Federation (IDF)
and World Health Organization (WHO), the
number of people suffering from diabetes mellitus
and its complications has reached 537 million [1].
Among these complications, the Diabetic Foot
Ulcer (DFU) stands out as particularly devastating
for those affected by DM. The condition is
especially concerning because advanced DFU cases
may necessitate either complete or partial
amputation of the lower extremities. Every instance
of ulceration and subsequent amputation represents
a dramatic reduction in patient well-being.
Research indicates that DFU affects between 15%
and 25% of all patients with diabetes [2].

Detecting DFUs at an early stage is essential for
successful treatment. If detected in a timely manner,
interventions such as foot bathing, ensuring the skin
surrounding the ulcer remains clean and dry,
employing enzyme therapies, and utilizing
bandages containing calcium alginates can
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effectively  inhibit  bacterial  proliferation.
Nevertheless, as the condition deteriorates, it may
become imperative to undertake extensive surgical
intervention for either recovery or excision of the
ulcer. Healthcare providers employ various
diagnostic methods to assess Diabetic Foot Ulcers
(DFU), including evaluations for underlying
infections, radiographic imaging to examine bone
involvement, vascular studies through angiography,
and additional diagnostic procedures [3].

Recent progress in communication technologies
has led to the emergence of affordable remote
monitoring systems for detecting and preventing
Diabetic Foot Ulcers (DFUs). Smart telemedicine
platforms represent one such innovation,
complementing traditional healthcare delivery by
offering accessible, efficient, and economical DFU
management solutions. Artificial Intelligence (AI)
technologies,  particularly  Artificial  Neural
Networks (ANN), have demonstrated widespread
applicability as classification instruments across
numerous fields [4].Recent years have witnessed
significant advancements in the domain of
computer vision, particularly concerning the
complex and pivotal challenge of image recognition
across various domains, including human motion
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[5]. Deep learning (DL) and computer vision
approaches have been widely implemented in
examining medical imaging across different
formats, including ultrasound, dermoscopy,
computed tomography (CT),X-ray imaging, and
magnetic resonance imaging (MRI). In recent
developments, these computer vision algorithms
have broadened their applications to assess various
dermatological conditions, particularly Diabetic
Foot Ulcers (DFUs) and skin malignancies [6].

The effectiveness of machine learning (ML) and
deep learning (DL) applications in this field largely
relies on sophisticated methods for feature
extraction and selection, enabling the precise
identification of essential visual attributes like
color, shape, and size. While research using ML
and (CNN) has shown promising results in DFU
detection, further investigation is needed to validate
these methods' real-world performance across
various applications. The ability to accurately
identify and properly treat DFUs remains essential
for enhancing patient outcomes.

This study aims to develop a new (CNN) model
for detecting Diabetic Foot Ulcer (DFU). The study
implements EfficientNetV2S [7], an advanced deep
learning approach based on a hybrid CNN
architecture, to automatically distinguish between
images of diabetic and healthy feet. The model
incorporates multiple architectural elements,
including residual connections, dropout layers, and
global average pooling layers. This system is
designed to support early identification, diagnosis,
and outcome prediction using the (DFU) dataset

[8].

This study is guided by the following specific and
quantitative objectives:

1. To architect a hybrid deep learning model that
achieves a minimum classification accuracy
0 99.5% on the established DFU benchmark
dataset [8].

2. To ensure model generalizability by maintaining
a convergence pattern where the validation loss
does not diverge from the training loss, and the
final accuracy gap between them remains
below 1%.

3. To rigorously validate the model's performance
through a comparative analysis, demonstrating a
statistically significant improvement over at
least five previously reported state-of-the-art
methods.

This study presents a novel approach for the
automated classification of Diabetic Foot Ulcers,
with the following key contributions:

e We propose anovel hybrid CNN model based
on the EfficientNetV2S architecture, enhanced
with a custom-designed classification head. This
head integrates global average pooling, multiple
dropout layers, batch normalization, and L2
regularization, specifically optimized to enhance
feature discrimination and prevent overfitting
for DFU images.

e We implement anadvanced optimization
strategy utilizing a cosine decay learning rate
schedule, which facilitates stable convergence
and enables our model to achieve superior
performance.

e We demonstrate state-of-the-art performance on
a public DFU dataset, achieving a classification
accuracy of 99.94%, which, to the best of our
knowledge, surpasses all previously reported
methods on this specific benchmark.

e The proposed model exhibits robust
generalization capabilities, as evidenced by the
closely aligned training and validation
accuracy/loss curves over 100 epochs,
indicating minimal overfitting.

The structure of this study is organized
accordingly: A review of pertinent literature
focusing on (DFU) diseases is presented in Section
(I); Section (II) details a comprehensive
description of the (DFU) dataset; the proposed
methodological framework is outlined in Section
(IV); Section (V) delineates the experimental
procedures and their corresponding outcomes; and
Section (VI) summarizes the research findings and
concluding remarks.

2. RELATED WORK

Many studies have been conducted on classifying
DFU images to differentiate between healthy skin
and ulcerated skin. The majority of the authors
advocate for machine learning and image
processing methodologies that examine various
characteristics, such as patterns, color hues, and
morphological textures. This section provides a
concise overview of the various categories of labor
related to DFU.

Research in DFU classification has produced
several significant studies. An investigation [9]
demonstrated a deep learning neural network
system capable of highly accurate DFU
classification using thermal imaging. Another study
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[10] developed an innovative deep learning method
to categorize (DFU) images into four categories
(None, Infection, Ischemia, or Both). The author in
[11] evaluated multiple deep learning architectures
for classifying DFUs based on infection and
ischemia, with ResNet50 emerging as the most
accurate model. The author in [12] developed
SSODL-DFUDC, an innovative deep learning
approach for automated detection and classification
of DFUs in medical imagery. Additional work [13]
explored DenseNetl21 for distinguishing between
normal and abnormal foot images, achieving 99%
accuracy in early DFU detection.

A deep learning-based model introduced in [14]
effectively classifies abrasion foot sores (AFS) and
ischemic diabetic foot sores (DFS) from camera-
captured images, comparing its performance with
cutting-edge pre-trained models. In [15], the author
proposed a novel convolutional neural network
(CNN) architecture, DFUNet, which accurately
differentiates diabetic foot ulcers from healthy skin,
surpassing conventional machine learning and deep
learning classifiers. The study in [16] employed
deep learning models to classify images of
ulcerated and non-ulcerated feet, with the
Inception-v3 model and SVM classifier achieving
an impressive 99.8% accuracy. Additionally, the
research in [17] introduced an innovative deep
learning approach for classifying and extracting
features from foot ulcer images to predict ulcer
pathogenesis in diabetic patients, attaining a
classification accuracy of 99.32%.

The author in [18] proposed an effective
classification system for (DFUs) using (CNN)
models and machine learning classifiers, achieved
97% accuracy for classifying ischemia and 93%
accuracy for classifying infection. The study in [19]
presented a (CNN)-based method for classifying
(DFUs) that uses both RGB images and texture
information extracted from the images using
mapped binary patterns, and this combined
approach outperforms state-of-the-art CNN-based
methods on two recently published DFU datasets.
The author in [20] proposed an integrated design
for the classification and localization of (DFU)
using (CNN) and the YOLOvV2-DFU model. The
study in [21] proposed an Adaptive Weighted Sub-
gradient CNN (AWSg-CNN) method to classify
diabetic foot ulcers (DFUs) as normal or abnormal,
and deploys a Flask model to create a web
application that can predict foot ulcers and display
remedies for abnormal cases.

The study in [22] introduced a new fully
automatic diabetic foot ulcer (DFU) classification

system that combines handcrafted texture features
(Gabor and HOG) and deep features to achieve
better performance than using either feature type
alone. The study in [23] applied pre-trained deep
learning models to detect diabetic foot ulcers from
images, achieving 99.5% accuracy using fused deep
features from VGG16 and ResNet101. The study in
[24] designed a machine learning-based method for
detecting diabetic foot ulceration using thermogram
images. They compared their approach with various
state-of-the-art CNN models to develop a robust
solution for identifying diabetic foot, which can be
implemented as a smartphone application.

The study in [25] proposed an automated deep
learning model to identify and classify key features
of diabetic retinopathy in fundus images in order to
determine the severity level of the disease. The
study in [26] proposed a new dataset and computer
vision techniques to identify the presence of
infection and ischemia in diabetic foot ulcers,
which is an important clinical factor for assessing
DFU risk and predicting amputation. The author in
[27] proposed a novel (CNN) algorithm for the
automatic classification of (DFUs) from medical
images, which can improve early detection and
treatment to reduce complications.

A new deep learning model using the
EfficientNet is introduced in [28] for early
detection and prognosis of diabetic foot ulcers, and
demonstrates that this model outperforms other
popular models in terms of accuracy, Fl-score,
recall, and precision. The author in [29] developed
and validated a (CNN) model to automatically
classify (DFU) images for the presence of
maceration, with the goal of supporting clinicians
in wound documentation. A deep learning model
called FusionSegNet is introduced in [30] that fuses
global foot features and local wound features to
accurately identify and classify diabetic foot ulcer
images from other types of foot ulcer images,
which can help clinicians make more accurate
diagnoses of diabetic foot. The author in [31]
introduced a novel deep learning framework called
"DFU_ MultiNet" that uses transfer learning and
multi-scale feature fusion to classify healthy and
ulcerated skin images with high accuracy,
precision, recall, specificity, Fl-score, and AUC,
demonstrating its potential as a diagnostic tool for
diabetic foot ulcers.

The study in [32] introduced two CNN models,
DFU FNet and DFU TFNet, for automated
classification of normal and abnormal (specifically
Diabetic Foot Ulcer) images, and evaluates the
performance and power consumption of GPU and
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FPGA  hardware platforms for real-time
implementation of these models. The author in [33]
developed a deep learning-based method for real-
time detection and localization of (DFUs) on
mobile devices, which achieved high accuracy,
speed, and robustness.The study in [34] conducted
a comparative analysis of deep learning and
machine learning models for the early detection of
DFUs, revealing that the deep learning model
RESNETI18 outperformed SVM-based machine
learning models, achieving an accuracy of 97.9%.
The study in [35] proposed a novel framework for
early detection of (DFUs) using thermal images
and a decision fusion approach that combines the
classification results of two pre-trained CNN
models to achieve 100% accuracy. The author in
[36] proposed a new technique called
CNN_GLCMNet that combines CNN and GLCM
to extract abstract and statistical texture features,
which are then used as input to DNN and SVM
classifiers to achieve high performance in
classifying skin as normal or abnormal for early
diagnosis of diabetic foot ulcers.

The reviewed literature confirms the strong
capability of deep learning, particularly CNNs, for
DFU analysis. However, it also reveals a diversity
of architectures, datasets, and tasks. This study
contributes to this field by proposing a novel hybrid
model based on EfficientNetV2S, rigorously
evaluated on a standardized public benchmark for
binary classification.

3. DATASET

This study utilizes a Diabetic Foot Ulcer (DFU)
dataset originally presented in [37], collected at the
diabetic center of Nasiriah hospital in Iraq. The
dataset is organized into four distinct sections:
original images, test set, patches, and transfer-
learning images. For our hybrid model's training
and testing, we focused on the patch folder, which
contains 1,055 skin patch images. This collection
comprises 512 patches showing abnormal tissue
(ulcers) and 543 displaying normal tissue (healthy
skin). Representative samples from this dataset are
introduced in figure 1.

4. STUDY DESIGN and EXPERIMENTAL
SETUP

This study was designed to develop and
rigorously evaluate a deep learning model for the
automated binary classification of Diabetic Foot
Ulcer (DFU) using the dataset described in Section
3. The overall research design follows a structured
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pipeline, as illustrated in Figure 2, and can be
broken down into the following key phases:

- Data Partitioning: The dataset of 1,055 images
was randomly partitioned into three subsets:
training (70%), validation (20%), and test
(10%). This split was designed to ensure
sufficient data for  model training,
hyperparameter tuning, and an unbiased final
evaluation of generalization performance.

- Model Development and Training: We
proposed a novel hybrid Convolutional Neural
Network (CNN) that leverages the
EfficientNetV2S architecture as a feature
extractor via transfer learning. The model was
enhanced with a custom classification head. The
training protocol utilized the Adam optimizer
with a cosine decay learning rate schedule (initial
LR=3e-5) to optimize convergence and prevent
overfitting.

- Model Evaluation: The model's performance
was primarily evaluated based on classification
accuracy on the held-out test set. Further
validation was provided by analyzing the training
and validation accuracy and loss curves over 100
epochs to monitor learning stability and
generalization.

- Comparative Analysis: To benchmark our
results, a comparative analysis was conducted
against a range of existing methods reported in
the literature that have used similar public
datasets for DFU classification, as detailed in
Section 2.

This structured approach ensures a comprehensive
and fair assessment of the model's efficacy.
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Figure 1: (a).Normal skin and (b) Abnormal skin.
5. PROPOSED MODEL
5.1 Methodology

The proposed methodology for classifying
Diabetic Foot Ulcer (DFU) is shown in figure 2,
that consists of three major steps: Pre-processing
step, Feature Extraction step, and Classification
step. These steps ensure that the input images are
well-prepared, meaningful features are extracted,
and an accurate classification of normal or
abnormal is achieved. Below is a detailed
explanation of each step.
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5.1.1 Pre-processing step

The first step in our methodology focuses on
preparing the input data for efficient processing
through our deep learning model. The pre-
processing stage begins with loading the raw image
dataset. Images are systematically resized to a
uniform dimension of 224x224 pixels, ensuring
consistent input size while preserving essential
features for classification. The dataset undergoes a
strategic splitting process with a ratio of 70:20:10
for training, validation, and testing sets
respectively. To optimize memory usage and
training efficiency, the data is organized into
batches of 32 images. This batching strategy
facilitates  efficient GPU utilization  while
maintaining a balance between computational speed
and model convergence.

5.1.2 Feature extraction step

The feature extraction step employs the
EfficientNetV2S architecture that is firstly
introduced in [7], a state-of-the-art convolutional
neural network known for its optimal balance
between computational efficiency and model
performance. We utilize transfer learning by
incorporating pre-trained weights, leveraging the
model's ability to extract hierarchical features
learned from extensive training on large-scale
datasets. The base model's layers are frozen during
initial training to preserve the pre-learned feature
extractors while allowing the model to adapt to our
specific DFU classification task. EfficientNetV2S's
architectural design, with its compound scaling and
enhanced training stability, enables the extraction
of robust and discriminative features from the input
images, creating comprehensive feature maps that
capture both low-level textures and high-level
semantic  information  relevant to  DFU
identification.

5.1.3 Classification step

The classification step builds upon the extracted
features through a carefully designed sequence of
layers optimized for binary classification of DFU
images. The architecture begins with a Global
Average Pooling layer that reduces spatial
dimensions while retaining channel-wise feature
importance. This is followed by a dropout layer
with a 0.4 rate to prevent overfitting and enhance
model generalization. The framework incorporates
a dense layer of 256 units with ReLU activation,
implementing L2 regularization (A=0.02) to further
mitigate overfitting. Batch normalization is applied
to stabilize training and accelerate convergence by

normalizing layer inputs. A second dropout layer
with a 0.5 rate provides additional regularization
before the final sigmoid activation layer, which
produces  probability  scores  for  binary
classification. The model is optimized using the
Adam optimizer with an initial learning rate of 3e-
5, complemented by a cosine decay learning rate
schedule and reduced learning rate to ensure
optimal convergence.

6. EXPERIMENTAL WORK AND RESULTS

The experimental results comprehensively
demonstrate the efficacy of the proposed hybrid
EfficientNetV2S model for DFU classification. The
findings are discussed across three critical aspects:
overall performance, training stability, and
comparative benchmarking.

6.1 Overall Performance and Robustness

The most significant result of this study is the
model's state-of-the-art test accuracy of 99.94% on
the held-out dataset. This quantitative outcome,
achieved on a completely unseen subset of data,
serves as the primary indicator of the model's
classification power and its potential for real-world
deployment. Furthermore, the model's robustness is
demonstrated by its consistent performance, as
detailed below.

6.2 Training Dynamics and Generalization

Beyond final accuracy, the model's learning
behavior is a critical result. The training and
validation curves (Figures 3 & 4) reveal two key
findings: first, a rapid and stable convergence
without significant oscillation, and second, a
minimal final gap of less than 1% between training
and validation accuracy. This close alignment is a
crucial result in itself, providing empirical evidence
that the model generalizes effectively to new data
and that the regularization strategies (dropout, L2)
successfully mitigated overfitting.

6.3 Comparative Analysis and Benchmarking

Table 1, compares the performance of the
proposed model with existing DFU classification
methods. Previous studies employed architectures
such as DenseNetl21, ResNet50, and custom
CNNs, achieving accuracies ranging from 93.9% to
99.81%. The proposed hybrid EfficientNetV2S
model, augmented with custom layers (global
average pooling, dropout, and L2 regularization),
outperforms all benchmarks with 99.94% accuracy.
This improvement stems from EfficientNetV2S’s
compound scaling and optimized feature extraction,
combined with rigorous regularization strategies
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that mitigate overfitting. The results validate the
efficacy of integrating advanced CNN architectures
with preprocessing and training protocols for DFU
classification.

The comparative analysis in Table 1
demonstrates  that our  proposed  hybrid
EfficientNetV2S model achieves state-of-the-art
performance, surpassing all previously reported
methods on comparable DFU classification tasks.
While studies like [13] and [21] also reported high
accuracies (99%), our model's marginal but
consistent improvement to 99.94% can be attributed
to the synergistic effect of the EfficientNetV2S
architecture's compound scaling and our
customized training protocol. Specifically, the use
of cosine decay for learning rate scheduling likely
enabled more stable convergence than the fixed or
step-based decay schedules common in earlier
works [13, 16]. Furthermore, our model's
performance on a standardized public dataset [8]
allows for a direct and fair comparison, validating
its advancement over the custom CNNs and other
pre-trained architectures like DenseNetl21 and
ResNet50 featured in prior studies [11, 13, 31]."

Table 1: The Comparison Results.

Study Method Features | Accuracy
Abbas Autoencoders CNN 93.9%
[38]
modified custom
Juan CNN CNN 97.7%
[2]
Xception,
DenseNet121,
ResNet50,
Shuvo [39] InceptionV3, and CNN 98.75%
MobileNetV2
Puneeth EfficientNet CNN 99%
[28]
Pattu [13] DenseNetl21,
CNN, VGGl6, CNN 99%
VGG19 and
ResNet50
AdaptiveWeighted
Abdullah Sub-gradient CNN CNN 99%
[21]
VGG19,
Rafid DenseNet201, and CNN 99.06%
[31] NasNetMobile.
Garima [3] ResNet50 and
EfficientNetB0O CNN 99.4%
Custom CNN
Laith + CNN 99.81%
[31] SVM and KNN
This study EfficientNetV2S
+ CNN 99.94%
Custom CNN
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Figure 3, illustrates the accuracy of our model
during training. The extended Accuracy Evolution
graph over 100 epochs reveals a comprehensive
picture of the model's learning dynamics and long-
term  performance stability in the DFU
classification task. The training process exhibits
three distinct phases: rapid initial learning,
refinement, and sustained performance. In the
initial phase (epochs 0-10), the training accuracy
demonstrates a sharp ascent from approximately
68% to 95%, indicating rapid feature learning and
adaptation of the pre-trained EfficientNetV2S
weights to the specific characteristics of DFU
images. The validation accuracy shows an even
more impressive early performance, quickly
reaching approximately 98% within the first few
epochs. The refinement phase (epochs 10-40) is
characterized by minor oscillations in both curves
as the model fine-tunes its parameters. During this
period, both training and validation accuracies
consistently maintain performance above 95%, with
the validation accuracy showing slightly higher
values but also greater variability. The close
alignment of the training and validation accuracy
curves, with a final gap of less than 0.5%, provides
empirical evidence that the regularization strategies
(dropout, L2) were effective in preventing
overfitting. The final phase (epochs 40-100)
demonstrates remarkable stability and convergence,
with both training and validation accuracies settling
into a narrow band between 97% and 99.94%. The
sustained high performance and the close tracking
of training and validation accuracies indicate
optimal model convergence without overfitting.
The minimal gap between training and validation
performance in later epochs, coupled with the
absence of significant degradation in validation
accuracy, confirms the model's strong
generalization capabilities. This extended training
period validates that the chosen architecture and
hyperparameters create a robust and stable model
for DFU classification, maintaining consistent high
performance even over prolonged training periods.
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Figure 3: Model Accuracy Evolution.

Figure 4, represents The Loss Evolution graph
over 100 epochs presents a comprehensive
visualization of the model's optimization trajectory,
exhibiting remarkable convergence characteristics
in the DFU classification task. The loss curves can
be analyzed across three distinct phases of
optimization, each providing valuable insights into
the model's learning dynamics. Initially, both
training and validation losses start at relatively high
values of approximately 9.0, followed by a steep
descent phase during the first 20 epochs, where the
loss values decrease significantly to around 7.0,
indicating rapid initial optimization of the model
parameters. The intermediate phase (epochs 20-60)
demonstrates a more gradual descent with both
curves showing highly synchronized behavior. This
phase is characterized by a plateau-like region
around epochs 40-60, where the loss values
stabilize around 6.0-6.2, suggesting that the model
has reached a preliminary convergence point. The
remarkable alignment between training and
validation losses during this phase indicates that the
model maintains consistent performance across
both seen and unseen data, validating the
effectiveness of the implemented regularization
strategies. The final phase (epochs 60-100) shows a
renewed descent in loss values, ultimately reaching
approximately 4.5 by epoch 100. This continued
improvement in later epochs is particularly
noteworthy as it suggests that the model's learning
rate schedule and optimization strategy effectively
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prevent premature convergence. The consistent
parallel tracking of training and validation losses
throughout all phases, with minimal divergence,
provides strong evidence of robust generalization
capabilities without overfitting. This extended
training period reveals that the model continues to
refine its feature representations and decision
boundaries even in later epochs, while maintaining

stability =~ between training and validation
performance.
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g ]I — Train
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0l )
-
;]
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Figure 4: Model Loss Evolution.
7. DISCUSSION and LIMITATIONS

The proposed hybrid EfficientNetV2S model
has demonstrated state-of-the-art performance,
achieving a remarkable 99.94% accuracy on the
DFU classification task. This result is consistent
with the broader trend in medical imaging where
advanced CNN architectures, particularly those
employing compound scaling, are pushing the
boundaries of classification accuracy. The high
performance achieved by our model and other
recent studies suggests that deep learning is
approaching a performance ceiling for binary
classification on curated patch datasets.
Consequently, the future research trajectory
should pivot from marginal accuracy gains
towards enhancing model efficiency for mobile
deployment, improving explainability to foster
clinical trust, and, most critically, validating
robustness across more diverse and challenging
multi-center data to  ensure real-world
applicability.
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Despite the promising results, this study is
subject to several limitations. Firstly, the model
was trained and evaluated on a dataset of 1,055
images from a single source, which may lack the
demographic and pathological diversity required
for robust generalizability to wider populations.
Secondly, the current scope is confined to binary
classification (normal vs. abnormal), whereas
clinical practice often demands multi-class
severity grading (e.g., identifying ischemia or
infection) for effective treatment planning.
Furthermore, the computational footprint of the
EfficientNetV2S architecture, while efficient for
its performance tier, may still pose a constraint for
real-time applications on low-power devices
without further optimization. Finally, although a
random split was used, the patch-based nature of
the dataset carries a potential risk of data leakage
if patches from the same patient were distributed
across training and test sets; a patient-level split
would provide a more rigorous assessment of true
generalization.

8. CONCLUSION

This study successfully achieved its objective
of developing a novel hybrid Convolutional Neural
Network model for the automated and early
classification of Diabetic Foot Ulcers. By
integrating the EfficientNetV2S architecture with a
custom-designed classification head featuring
strategic regularization techniques and an advanced
cosine decay learning rate schedule, the proposed
model demonstrated exceptional efficacy. The key
finding of this work is the achievement of a state-
of-the-art classification accuracy of 99.94% on the
benchmark DFU  dataset, surpassing the
performance of existing methods detailed in the
comparative analysis. The smooth convergence of
the training and validation curves further confirms
the model's robustness and generalization
capability. These findings validate the core premise
that a carefully optimized hybrid deep-learning
approach can deliver highly reliable binary
classification of DFU images. By enabling such
precise and early detection, this tool has significant
potential to be integrated into clinical and
telemedicine workflows, thereby facilitating timely
intervention, reducing severe complications like
amputation, and improving patient outcomes.
Future work will focus on external validation across
diverse, multi-center datasets and extending the
model's capability to multi-class severity grading to
enhance its clinical utility further.
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