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Abstract. Diabetic Foot Ulcers (DFU) are among the most serious complications faced by diabetic
patients. What usually starts as a small injury can worsen and in many cases lead to lower limb
amputation. However with modern technologies like deep learning early screening and identification of
DFU has become more achievable. This helps doctors and make their job easy. This study presents a
practical comparison between ResNet18 a CNN and DeiT-Small a Vision Transformer. Both these models
were tuned using transfer learning on datasets containing images of both DFU affected feet and healthy
feet. There was a clear performance gap between both these models. DeiT-Small reached an impressive
test accuracy of 99.17% while ResNetl8 achieved 85.40% accuracy. To understand their performance
better visualization tools like Grad-CAM and transformer attention maps were used. For future work, the
study aims to create more consistent data splits, perform deeper architectural ablation and integrate IOT

based sensors to support real time DFU monitoring.

1. Introduction

Diabetic Foot Ulcers (DFUs) are the most severe and
costly complications of diabetes, affecting millions of
people world- wide and contributing significantly to
lower limb amputations rate [1]. Early and accurate
diagnosis of DFU lesions is very important to initiate the
timely intervention and improve the outcome [2].
Traditional and manual assessment methods are often
subjective, as they are time consuming, and require
specialized medical expertise which are very scarce in
many resource limited settings. This increases the critical
need for automated diagnostic tool assistance [3].

To face this challenge, a deep learning techniques
have gained immense prominence in recent years,
particularly Convolutional neural networks (CNNs),
have emerged as powerful tools for automated medical
image analysis [4]. Architectures like ResNet have
historically excelled in DFU classification tasks.
However, the recent introduction of the Vision
Transformer (ViT) architecture, which takes global
advantage of global context through self-attention
mechanisms [5],[6]. The inherent differences in local
feature extraction in CNN versus the global feature
extraction in ViT suggests that one approach may be
fundamentally better suited. The main objective of this
study is to conduct an empirical comparison between
CNN (ResNetl18) and ViT (DeiT-Small) models for
image classification, analyzing accuracy, precision and
recall to identify the superior deep learning algorithm.

2. Related Work and Background

Deep learning for detecting diabetic foot ulcers has
evolved swiftly, with majority of its approaches
technically centered on CNN [1]. Initially, transfer
learning became the go-to strategy to tackle the limited
data in medical imaging. This often involved using
ImageNet pre-trained models with CNN backbones like
VGG, Inception and ResNet. For instances ResNet based
models for specific tasks managed to achieve
classification accuracy between 95% to 98% by
effectively capturing local features of ulcers, such as
wound boundaries, exudate and surrounding erythema as
noted in real-time DFU classification systems [7].

The introduction of the transformer architecture to
computer vision in 2020 marked a exemplar shift. Unlike
CNNs, which use local convolutional filters, ViTs
process images as sequence of patches and global
contextual relationships across the entire image [8]. This
shift has rapidly influenced medical image analysis, with
models integrating on ViTs for tasks ranging from
retinopathy detection [9] to chemotherapy cardiotoxicity
prediction [10].

Even though both CNN and ViT have theoretical
advantages, there is still a debate about which model
works better for very little training data. Unlike CNN,
ViTs need large datasets because they don’t have built-in
knowledge. So they learn everything from raw data [6].
Data-efficient Image Transformers (DeiT), a special
version of ViT, can learn effectively using less data itself

© The Authors, published by EDP Sciences. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
(https://creativecommons.org/licenses/by/4.0/).


mailto:sakshiravi464@gmail.com
mailto:thiriloksha@gmail.com
mailto:tephisam@gmail.com

ITM Web of Conferences 82, 03004 (2026)
ICNEXTS'25

https://doi.org/10.1051/itmconf/20268203004

and can spot tiny, spread-out visual signs, which helps to
detect diabetic foot ulcers at an early stage [5], [6].
Recent studies show that pre-trained ViTs on huge
datasets can perform very well on medical analysis
because they generalize better and give more stable
results [6]. This work extends prior comparative studies
by specifically analyzing and comparing the
performance of CNNs and ViTs on a diabetic foot ulcer
dataset.

3. Methodology and Implementation

This section explains how the experiment was carried
out, the datasets used, how the images were processed,
what models were trained, and what evaluation measures
were used.

3.1. Dataset and Preprocessing

A custom image dataset containing photos of both
diabetic and non-diabetic feet was used. The images are
grouped into two classes: feet with visible diabetic foot
ulcers and feet that appear normal. The dataset
introduced demonstrates the importance of standardized
DFU image collection [11]. This supports our
preprocessing choices for consistent model performance.
Fig. 1 shows example images from both groups to
demonstrate the two classes.
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Fig. 1: Sample images from the dataset

3.1.1. Data Splitting: Two independent data-splitting
strategies were used because the CNN and Vision
Transformer pipelines were developed in different
systems that process data differently.

3.1.1.1. CNN (ResNet18) Split: The dataset was split
into 80% training, 10% validation, and 10% testing,
resulting in 1052 training images, 226 validation images,
and 226 test images, with the final test set being evenly
balanced between DFU and normal classes. Stratification
was necessary to avoid class imbalance -effects,
particularly because DFU recognition is clinically
sensitive to false negatives.

3.1.1.2. ViT (DeiT-Small) Split: For the Vision
Transformer experiment, the dataset was processed in a
separate notebook implementation where an 80-20 data
split strategy was used. Unlike the CNN pipeline, this
split did not include a separate internal validation fold;
instead, the validation and testing occurred over the
same held-out portion. The final reported ViT testing
was conducted on a 121-image set, consisting of 61 DFU

images and 60 Normal images, maintaining balance
between positive and negative clinical cases.

While both models were trained on the same original
dataset, the resulting splits are not identical due to
differences in preprocessing pipelines, augmentation
libraries, and automated dataset handling logic built into
each implementation. The decision was not intentional
experimental bias but a practical consequence of
developing the two models independently. Although both
used different split strategies, both test sets had enough
images and balanced classes, so the evaluation results
were still fair and meaningful. Even though using two
different splits is a limitation, the results are still useful,
and future work will use a single split to allow more
direct and accurate comparisons.

3.1.2. Image Preprocessing and Augmentation: All
the input images were resized to a uniform dimension of
224x224 pixels. Normalization was applied to leverage
the knowledge encoded in the pre-trained weights.

CNN augmentation using torchvision.transforms, a
data augmentation pipeline was integrated to improve
the generalization of the model. Transforms include
resizing the image to 224x224 pixels, random cropping,
horizontal flipping, and a random rotation of +10°. In
addition, Color Jitter is adopted to provide variations in
brightness, contrast, saturation (0.2), and hue (0.05).
Normalization is carried out on all images, considering
standard ImageNet statistics: mean as 0.485, 0.456,
0.406, and std as 0.229,0.224, 0.225. The augmentation
strategy increased variability in data, further reducing
overfitting of the dataset.

Data augmentation was performed for the ViT model
using the Albumentations library. The pipeline involved
resizing to size 224 x 224, random horizontal flip (p
=0.5), shift-scale-rotate transformation with respective
limits of 0.1, 0.1, and 15° (p= 0.5), adding photometric
variation with random brightness and contrast
adjustments (p =0.2), with mean and std of (0.5, 0.5,
0.5). The normalization can be calculated using the
following formula:

X — mean (1)
std

Xnorm =

This ensures models converge steadily during the fine-
tuning process for both CNN and ViT pipelines,
augmentation strategies were also crafted to introduce
variability without altering any key medical image
features. The value of precise wound boundary
extraction in DFU analysis supports the need for
accurate preprocessing and model selection [12].

3.2. Deep Learning Architectures

Both models employed Transfer Learning using weights
pre-trained on the large ImageNet dataset, a technique
essential for medical imaging tasks with limited
proprietary data. The pretrained networks extract highly
discriminative DFU features. This supports our choice of
transfer-learning based architectures for reliable DFU
classification [13].

3.2.1. Convolutional Neural Network (CNN):
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Backbone: ResNetl8 was selected as it provides an
effective compromise between representational capacity
and computational efficiency.

Modification: The final fully connected layer (model.fc)
was replaced with a customized binary classifier com-
posed of a Linear layer (512—512), ReLU activation,
Dropout (0.5), and a final Linear layer mapping to the
two output classes (DFU foot and Normal foot).

Training Parameters: The model was trained using
Cross- Entropy Loss and the Adam optimizer with an LR
of (1 x 10—3) and weight decay of (1 x 10—4), using a
batch size of 16 over 5 epochs.

3.2.2. Vision Transformer (ViT):

Backbone: DeiT-Small (Data-efficient Image Trans-
former) was chosen. DeiT is a high-performing ViT
variant known for achieving competitive, making it
highly effective for transfer learning on small datasets.
The specific variant used was ’deit small patch16 224°.
Modification:  The native  classification  head
(model.head) was replaced with a simple linear layer
mapping the ViT’s feature dimension to the 2 output
classes.

Training Parameters: The training setup employed Cross-
Entropy Loss as the objective function and the Adam
optimizer. The model was trained using a batch size of
16.

3.3. Evaluation Metrics

The model performance was evaluated on the basis of
independent test sets using high standard metrics that are
chosen for their clinical relevance:

Accuracy: Overall fraction of correct predictions.

TP + TN @)
TP + TN + FP + FN

Accuracy =

where TP denotes True Positives, TN denotes True
Negatives, FP denotes False Positives, and FN denotes
False Negatives.

Precision (Positive Value): The ratio of correctly
predicted positive observations (TP) to the total
predicted positive observations (TP + FP). It is essential
for minimizing false alarms and clinical follow-ups.

TP (3)
Precision = —

recision TP+ FP
Recall (Sensitivity): The ratio of correctly predicted
positive observations (TP) to all observations in the
actual positive class (TP + FN). It plays a crucial role in
minimizing missed diagnoses.

TP @
Recall = m

F1-Score: The weighted average of precision and recall.
2 - (Precision x Recall) %)

Precision + Recall

Fl-Score =

Confusion Matrix (CM): A visualization graph
comparing the values of true labels to predicted labels.

4. Results and Analysis

This section presents the quantitative performance com-
parison, provides a qualitative analysis using
Explainable Al (XAI), and discusses the real-world
implications of the findings.

4.1. Quantitative Evaluation

The comparative evaluation clearly established the ViT
architecture as the superior classifier for this DFU
detection. In Table I, the key performance metrics are
summarized.

Table 1 Performance Comparison of CNN (ResNet18) and
ViT (DeiT-Small) Models

Metric CNN ViT (DeiT-
(ResNet18) Small)
Test Samples 226 121
Overall Accuracy (%) 85.40 99.17
DFU Precision 0.78 0.98
DFU Recall 0.99 1.00
Normal Precision 0.99 1.00
Normal Recall 0.71 0.98
Macro Avg F1-Score 0.85 0.99

The results in Table 1 show that the DeiT-Small Vision
Transformer performed much better with an accuracy of
99.17%. Whereas the ResNetl8 achieved 85.40%
accuracy on its 226 test images. This difference is also
reflected in the learning curves shown in Fig. 2. The
ViT model not only converges faster but also maintains
a lower validation loss, indicating better generalization.
On the other hand, the CNN shows a noticeable gap
between its training and validation performance,
indicating that it is less stable and more prone to
overfitting.

Training Loss Progression Validation Accuracy Progression

4~ CH Vaiidation Accuracy
VI Validation Accuracy

£poch Egoch

Fig. 2: Comparative training loss and validation accuracy
curves showing over 5 epochs for the CNN and ViT models.
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Fig. 4: Confusion matrix for the ViT model

The confusion matrices in Fig. 3 and Fig. 4 shows the
performance difference between the two architectures.
On a test set of 226 samples, the ResNet18 CNN was
able to correctly classify 108 DFU cases and 97 normal
cases but generated 14 false negatives and 7 false
positives. Meanwhile, the DeiT- Small Vision
Transformer, on a test set of 121 samples, 61 DFU cases
and 60 normal cases were correctly identified, yielding
zero false positives and only one false negative. In
practical terms, the absence of false-positive and lower
number of false-negative in transformer predictions
approach indicates the much better reliability and
suitability of the method for clinical practice in terms of
DFU classification.

Finally, Fig. 5 and Fig. 6 show the ROC curves for
both models. The ResNet18 CNN achieved an AUC of
0.990, showing high but not complete class separability.
In comparison, the DeiT-Small Vision Transformer
achieved an AUC of 1.000, indicating perfect
discrimination between DFU and normal cases.

CNN ROC Curve

1.0 1

0.8

0.6

0.4 1

True Positive Rate

0.2 1

004 } — AUC = 0.990

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Fig. 5: Receiver operating Characteristics curve for CNN
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Fig. 6: Receiver operating characteristics curve for ViT

The ROC curve for the DeiT-Small models ascends
sharply towards the upper left corner of the graph. This
suggests that it can distinguish between positive and
negative cases with high confidence, even as decision
thresholds change. Its path is almost perfect, showing
little overlap between class distributions. This matches
with its AUC score of 1.000, the model has consistent
and reliable decision boundaries throughout the
evaluation range.

4.2. Qualitative Analysis

To gain insight into the decision-making behaviour of
both models, explainability techniques were applied
using Gradient- weighted Class Activation Mapping
(Grad-CAM) for CNN and ViT, as shown in Fig. 7.

Explainable Al (XAIl) Comparison: CNN vs. ViT Feature Attention

A) Ingut Image (DFU Sample)

8) CNN (ResNet16) Local Focus C) VIT (DeiT-Smal) Giobai Attenton

Fig. 7: Comparative visualization of feature importance. (a)
Input image (b) CNN local focus (c) ViT global focus
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The Grad-CAM visualization for the CNN, shown in
(Fig. 7(b)) highlights a strong activation around the
central ulcer area. This pattern matches the design of
convolutional networks, which prioritize more on local
feature extraction. On the other hand attention roll out
map for the DeiT- Small model in (Fig. 7(c)) displays a
wider global focus feature extraction technique, while
still paying a significant and keen attention to the ulcer
area, the vision transformer also considers surrounding
tissue features and the overall foot structure. This
undoubtedly proves that the ViT captures a very long-
range spatial relationships across the image by allowing
it to represent features with more context during
classification.

4.3. Discussion and Real-World Implications

The performance gap between the two models could be
explained by their core architectural principles while
CNNs primarily focus on learning local patterns using
fixed-size convolution filters, ViT use self-attention
mechanisms that enable them to model global
relationships across the entire image. This broader view
helps the VIT to perform better, showing that
understanding of the wider visual context, such as
surrounding tissue condition, foot structure and overall
morphology, is essential for DFU classification.

This characteristic is particularly important in medical
imaging, where subtle clinical markers such as early
inflammation, discoloration, or texture variation may
extend beyond the boundary of ulcer. The ViT’s global
attention mechanism is therefore better aligned with the
diagnostic complexity of DFU assessment. In addition,
utilizing pretrained transformer-based models supports
strong generalization, even when labeled datasets are
limited, which is a common constraint in clinical
applications.

Looking ahead, combining the ViT based
classification system with real-time IoT sensor data such
as plantar pressure or change in temperature opens up a
path for practical use. A system like this could help shift
DFU management from reacting to ulcers after they are
visible to prevent them at early stage. The approach
using thermal-image based DFU detection suggests
potential for multimodal systems. Incorporating such
thermal cues in future models could improve sensitivity,
especially in early-stage ulcer formation [14]. By
combining continuous physiological monitoring with
automated image based prediction, a unified platform
could enable real-time risk scores and generate early
warnings. Fig. 8 shows one possible set up for how this
kind of system might work in practice.
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Fig. 8: Proposed Multi-Modal DFU Monitoring System
Architecture.

5. Conclusion and Future Work

This study compared the performance of ResNetl8 and
the DeiT-Small Vision Transformer for diabetic foot
ulcer (DFU) classification. The DeiT-Small model
demonstrated superior performance, achieving 99.17%
accuracy with Zero false positives and only one false
negative. In contrast to that, ResNetl8 model have
achieved 85.40% accuracy and exhibited a higher rate of
wrong classification. This supports the idea that
optimized architectures can outperform traditional CNNs
in medical imaging tasks [15]. These findings indicate
that transformer-based architectures, with their ability to
learn global spatial relationships through self-attention,
are better suited for DFU recognition than approaches
based on convolution that rely primarily on localized
feature extraction.

Future work will focus on evaluating both
architectures under identical non-pretrained conditions to
isolate the impact of base architecture versus transfer
learning and use a unified split to eliminate dataset-split
variability and enable a strict model- to-model
comparison.  Additionally, a deployment-focused
extension is planned through integration with Internet-
of-Things (IoT) sensor data, including plantar pressure
and thermal monitoring.

This results shows, the vision transformers as a
promising foundation for next-generation DFU screening
systems, with a great potential to improve -early
diagnosis, reduce preventable complications, and support
scalable Al-assisted diabetic care system to enable
accessible, real-time DFU assessment for both clinicians
and patients for maintaing the medical history and to
keep people self-aware of the complications that can be
raised due to poor maintenance.
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