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Abstract: This study explores the integration of advanced artificial intelligence (AI) tech-
niques with infrared thermography for diagnosing diabetic peripheral neuropathy (DPN)
and peripheral arterial disease (PAD). Diabetes-related foot complications, including DPN
and PAD, are leading causes of morbidity and disability worldwide. Traditional diagnostic
methods, such as the monofilament test for DPN and ankle–brachial pressure index for
PAD, have limitations in sensitivity, highlighting the need for improved solutions. Ther-
mographic imaging, a non-invasive, cost-effective, and reliable tool, captures temperature
distributions of the patient plantar surface, enabling the detection of physiological changes
linked to these conditions. This study collected thermographic data from diabetic patients
and employed convolutional neural networks (CNNs) and vision transformers (ViTs) to
classify individuals as healthy or affected by DPN or PAD (not healthy). These neural
networks demonstrated superior diagnostic performance, compared to traditional methods
(an accuracy of 95.00%, a sensitivity of 100.00%, and a specificity of 90% in the case of the
ResNet-50 network). The results underscored the potential of combining thermography
with AI to provide scalable, accurate, and patient-friendly diagnostics for diabetic foot care.
Future work should focus on expanding datasets and integrating explainability techniques
to enhance clinical trust and adoption.

Keywords: artificial intelligence; visual transformers; CNN; diabetic foot; diabetic
peripheral neuropathy; peripheral arterial disease; thermography

1. Introduction
Diabetes mellitus (DM) is a condition affecting millions of individuals worldwide, with

its global prevalence having increased rapidly over the past three decades. Diabetic foot is
a common complication of DM, characterized by ulceration, infection, and/or destruction
of deep tissues of the foot. This condition results from the interaction of multiple factors,
primarily diabetic peripheral neuropathy and peripheral arterial disease, which impact the
lower extremities of diabetic patients [1].

Diabetic peripheral neuropathy is a loss of sensory function that begins in the lower
extremities. It is also characterized by pain and significant morbidity. Over time, at least
50% of individuals with diabetes develop diabetic neuropathy [2].

There are various methods to assess diabetic peripheral neuropathy. In a busy clinical
environment, it is often sufficient to determine whether a patient has symptoms, particularly

Appl. Sci. 2025, 15, 5886 https://doi.org/10.3390/app15115886

https://doi.org/10.3390/app15115886
https://doi.org/10.3390/app15115886
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0009-0004-1254-0722
https://orcid.org/0000-0001-6110-0265
https://orcid.org/0000-0001-5650-7351
https://orcid.org/0009-0009-0980-7584
https://orcid.org/0000-0002-7648-4502
https://doi.org/10.3390/app15115886
https://www.mdpi.com/article/10.3390/app15115886?type=check_update&version=2


Appl. Sci. 2025, 15, 5886 2 of 13

painful DPN, and to assess their risk of foot ulceration using a monofilament examination.
However, for evaluating early nerve damage and providing a more precise phenotyping of
somatic and autonomic neuropathy, specialized screening and diagnostic tests are available,
such as quantitative sensory testing, sudomotor function tests, neurophysiology, and skin
punch biopsy. Current neuropathy endpoints lack sensitivity to detect early abnormalities
before overt neuropathy develops, are invasive, or have repeatedly failed as surrogate
endpoints of therapeutic efficacy in clinical trials for DPN [3].

Peripheral arterial disease is the lower-limb manifestation of systemic atherosclerotic
disease. PAD may initially present symptoms of intermittent claudication, while chronic
limb-threatening ischemia, the end stage of PAD, is characterized by rest pain and/or tissue
loss. PAD is an age-related condition, present in over 10% of individuals aged ≥ 65 in
high-income countries [4].

Diagnosis of PAD relies on clinical assessment and diagnostic tests. The most com-
monly used diagnostic test is the ankle–brachial pressure index (ABPI) test, which evaluates
blood flow to the limbs. However, using ABPI to assess PAD in diabetic individuals can be
challenging due to medial sclerosis, the hardening of arteries. This condition can render
the arteries incompressible, resulting in falsely elevated ABPI values [5].

In both cases, DPN and PAD, the diagnostic accuracy is not particularly high. Specifi-
cally, the sensitivity of the monofilament test for diagnosing DPN is 53%, with a specificity
of 88% [6]. For PAD, the sensitivity of the ankle–brachial index is 35.48%, with a specificity
of 97.55% [7].

Within this context, infrared thermography (IR) is currently emerging as a promising
method for supporting diagnostic processes by detecting and visualizing temperature
changes emitted by the body.

Hardy [8] proposed that physiological processes and the thermal properties of the
skin are influenced by various factors because the skin plays a role in regulating core
body temperature. These factors change in the presence of disease, making infrared
measurements useful for diagnostic purposes.

Since then, numerous studies have investigated the use of thermographic imaging
in diagnosing diabetes-related complications. Zhou et al. [9] explored the application of
infrared thermal imaging technology for the early diagnosis of diabetic peripheral neu-
ropathy. Their study identified temperature changes in plantar blood vessels associated
with mild DPN, proposing a non-invasive, reliable, and early diagnostic method. They con-
cluded that infrared thermal imaging is a dependable tool for detecting early microvascular
abnormalities linked to DPN.

Padierna et al. [10] developed a non-invasive methodology using infrared thermogra-
phy and machine learning models to characterize peripheral arterial disease in patients with
type 2 diabetes mellitus. Their findings indicated that infrared thermography, combined
with machine learning, is a reliable tool for PAD detection in diabetic patients.

In this scenario, infrared thermography could provide a solution to enhance diagnostic
performance. IR is a tool that captures the infrared radiation emitted by the human body
through the lens of an infrared camera and converts it into temperature data via photoelec-
tric conversion. This technique is non-invasive, contact-free, cost-effective, reliable, and
allows for rapid examination. It is safe for both patients and healthcare professionals.

Artificial intelligence (AI), particularly deep learning, offers significant advantages
over traditional statistical analysis in thermographic image interpretation for diagnosing
DPN and PAD. While statistical methods rely on predefined features and thresholds,
AI models learn complex, non-linear patterns directly from data. This enables higher
sensitivity and specificity, especially in early-stage or subclinical cases. Furthermore, AI can
integrate spatial and temporal information across images, enhancing diagnostic accuracy.
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This study aims to develop a deep learning-based methodology for the identification of
diabetic peripheral neuropathy (DPN) and peripheral arterial disease (PAD) using infrared
thermographic features extracted from the plantar surface of the feet. To achieve this, we
trained and evaluated multiple convolutional neural network (CNN) architectures and a
vision transformer (ViT) model, specifically adapted to small datasets. The models were
designed to automatically classify patients as either healthy or affected by DPN and/or
PAD based on subtle temperature distribution patterns. Ultimately, this approach seeks to
support the development of non-invasive, accessible, and objective diagnostic tools that
can enhance early detection and the personalized management of diabetes-related foot
complications such as DPN and PAD.

2. Materials and Methods
2.1. Objectives

This study aimed to train and evaluate various artificial intelligence algorithms for the
classification of healthy and non-healthy patients through the processing of thermographic
images. It is worth noting that raw temperature data will not be used; instead, thermal
images will be utilized.

2.2. Methodological Framework
2.2.1. Capture of the Clinical Dataset

The study was conducted at the Diabetic Foot Unit from Universidad Complutense
de Madrid, in Spain, following the approved study protocol. This protocol was approved
by a local institutional review board (Clinical Research Ethics Committee—CEIM Clinic
Hospital Clinico of San Carlos, Ref No: 24/007-E). The Diabetic Foot Unit from Universidad
Complutense de Madrid took on the process of collecting written consent for all patients
included in this study.

Thermographic images were first captured from the patients participating in the study.
The sample consisted of a total of 147 patients, generating 147 images in total, corresponding
to one image per feet for each participant (see Figure 1).

Figure 1. Examples of captured thermographic images.
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The patients selected for the study met the following criteria:

• Adults, without distinction of sex.
• Diagnosed with type 1 or type 2 diabetes mellitus, regardless of pharmacological

treatment received.
• No exposure to extreme temperatures for at least three days prior to the consultation.
• No intense physical activity was performed in the 24 h period before image acquisition.

Patients were excluded from the study if they presented any of the following conditions:

• Active foot ulcers.
• Neuropathy of non-diabetic origin.
• Lower limb revascularization performed within the past four weeks.
• Inability to capture thermographic images due to anatomical characteristics.
• Cognitive impairments that hindered participation in the study.
• Explicit refusal to participate in the study.
• Major amputations of either foot.

The patients included in the study were previously diagnosed by clinical special-
ists. To this end, these patients underwent a standardized neurological screening (includ-
ing Semmes–Weinstein monofilament testing, tuning fork examination, and NerveCheck
Master®®; Phi Med Europe SL, Barcelona, España) and a vascular assessment (palpation
of distal foot pulses, ankle–brachial index [ABI], toe–brachial index [TBI], and transcuta-
neous oxygen pressure [TcPO2]). This allowed for the determination of whether the study
participants were specifically affected by diabetic neuropathy and/or peripheral arterial
disease. Based on these evaluations, they were categorized into two groups: patients with
DPN and/or PAD (non-healthy patients) and patients without these conditions (healthy
patients). Based on that, a detailed distribution of participants is presented in Table 1.

Table 1. Patient distribution by pathology.

Pathology Number of Patients %

Healthy 11 7.49
Not Healthy 136 92.51
Total 147 100

Prior to the acquisition of thermographic images of both feet, the environmen-
tal conditions of the room were verified. The temperature was maintained at 25 ◦C
(±1 ◦C), with a relative humidity of 55% [11]. These conditions were controlled to en-
sure the reproducibility of the thermographic measurements. Participants were instructed
to remove their shoes and socks and to cleanse their feet using a damp towel. After that,
to take the picture, each patient was positioned supine on an examination table for a
minimum of 15 min. Based on our experience and prior experimental evidence [11], this
period allowed for thermal equilibrium in the plantar region, minimizing variability and
ensuring reliable temperature acquisition. To ensure thermal isolation and preserve patient
privacy, a blue cloth with specific openings was used to expose only the soles of the feet.
This method minimized thermal interference from the rest of the body and maintained
subject confidentiality.

Thermographic images were captured using a Thermal Expert TE-Q1 camera
(i3System Inc., Daejeon, Republic of Korea), which has a good performance for e-health
applications [12]. This device was chosen for its high thermal sensitivity and precision,
essential features for clinical evaluation.

The acquired images were processed to automatically segment the soles of the feet
and to dynamically adjust the thermal scale according to the maximum and minimum
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temperature values detected in both extremities. An example of the resulting output from
this process is shown in Figure 2.

(a) (b) 

Figure 2. Examples of thermographic images processed: (a) original image; (b) processed image. The
acquired images were processed to automatically segment the soles of the feet and to dynamically
adjust the thermal scale based on the maximum and minimum temperature values detected in both
limbs. The numbers indicate the temperature ranges and associated colors in the original image and
in the processed image.

2.2.2. Dataset Balancing

The dataset obtained from the clinical study exhibited an imbalance in the number of
thermographic images of healthy patients, compared to those with pathological conditions
(DPN and PAD).

To address this issue and to ensure a balanced distribution, additional thermo-
graphic images of healthy patients were incorporated from the publicly available INAOE
dataset [13]. This integration enhanced the representativeness of the healthy patient class
in the analysis.

It is important to highlight that the thermographic images of healthy subjects obtained
from the INAOE public dataset were selected specifically because their acquisition pro-
tocol closely aligned with the protocol used in our clinical trial. Both datasets followed
standardized practices described in prior literature, including:

• A supine rest period for thermal acclimatization.
• Acquisition of plantar images with the patient at rest, in a thermally controlled

environment.
• Application of infrared shielding methods to isolate plantar temperature from

background radiation.
• Use of infrared cameras with similar technical specifications.

Additionally, we implemented a strict preprocessing pipeline—including image merg-
ing and thermal scale alignment—in order to harmonize them with the clinical images
captured in the study and to minimize potential acquisition-related biases.

We also initiated the collection of additional thermographic images from healthy
individuals under the same clinical conditions, which will be incorporated into future
works to further strengthen the model and reduce domain shift risks.

After completing the balancing process, the final dataset was obtained, consisting of
a total of 192 thermal images. The additional 45 participants included from the INAOE
dataset were completely healthy individuals without diabetes. While these participants
did not undergo the same full clinical screening protocol described in the study, the dataset
was originally collected under controlled conditions and included only subjects who were
medically evaluated as free of any metabolic, vascular, or neurological disorders at the time
of acquisition. Therefore, although the exact same diagnostic tests were not applied, the
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inclusion criteria were functionally equivalent in ensuring that the individuals included
from the INAOE dataset represented a healthy, non-diabetic population without signs of
diabetic peripheral neuropathy (DPN) or peripheral arterial disease (PAD).

In addition, the dataset contained 11 diabetic patients who did not present clinical
signs of either PAD or DPN, serving as a secondary control subgroup. The remaining
patients in the dataset were clinically diagnosed with diabetic peripheral neuropathy
(DPN), peripheral arterial disease (PAD), or both, based on neurological and vascular
assessments. A summary of the distribution of patients in the final dataset is presented
in Table 2.

Table 2. Patient distribution in the final balanced dataset.

Pathology Number of Patients %

Healthy 56 29.17
Not Healthy 136 70.83
Total 192 100

2.2.3. Convolutional Neural Network Training

Using the preprocessed foot images, a convolutional neural network (CNN) was
trained to classify the images into two main categories: non-healthy patients (those diag-
nosed with diabetic neuropathy, peripheral arterial disease, or both conditions) and healthy
patients (those without these conditions).

Convolutional neural networks are widely used in classification tasks, such as the
one proposed in this study, due to their ability to extract and process high-level features
from input images [14]. Additionally, CNNs can leverage transfer learning mechanisms,
enabling the development of high-performance models by utilizing data from different
domains [15]. This approach is particularly useful in scenarios where the dataset size is
limited, as it reduces training time and enhances the model’s generalization capability.

Our convolutional neural network (CNN) utilized transfer learning by leveraging
several base models, including ResNet-50 [16], MobileNet V1 [17], and EfficientNet V2
B0 [18].

The convolutional neural network (CNN) model was developed to process input
images with the dimensions 224 × 224 × 3, corresponding to standard RGB images with
three color channels. This dimensionality was chosen to align with the input requirements
of the selected base architectures. To enhance the generalization capability of the model
and to mitigate potential overfitting—particularly in the presence of class imbalance—data
augmentation techniques were selectively applied. Specifically, random rotations and
horizontal/vertical flips were introduced exclusively to samples of the underrepresented
class (i.e., healthy cases) within the training dataset, ensuring that augmentation would not
bias the already dominant class and would improve model robustness to spatial variability.
Table 3 summarizes the structure of the dataset, showing how it was divided into training,
validation, and test sets before and after data augmentation, providing the number of
images per class in each subset:

Table 3. Training, validation, and test sets division (before and after data augmentation).

Before Data Augmentation

Dataset Number of Images

Training Healthy 16
Training Not Healthy 92
Validation Healthy 20
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Table 3. Cont.

Before Data Augmentation

Dataset Number of Images

Validation Not Healthy 24
Test Not healthy 20
Test healthy 20
Total 192

After Data Augmentation

Dataset Number of Images

Training Healthy 88
Training Not Healthy 92
Validation Healthy 20
Validation Not Healthy 24
Test Healthy 20
Test Not Healthy 20
Total 264

The architecture employed transfer learning by utilizing one of three state-of-the-
art convolutional backbones: ResNet-50, MobileNet V1, or EfficientNetV2-B0. These
models were initialized with pretrained weights from the ImageNet dataset, enabling the
network to benefit from a rich hierarchy of visual features learned on a large and diverse
corpus of natural images. The top classification layers of the pretrained models were
removed, and a custom classification head was appended. This included a global average
pooling layer to condense the spatial dimensions of the feature maps into a compact vector
representation, effectively summarizing global contextual information. This was followed
by a dropout layer (with a dropout rate of 0.3) to introduce regularization and reduce the
risk of overfitting during training. Finally, a single dense layer with sigmoid activation was
added to perform binary classification between the target classes (see Figure 3).

Figure 3. CNN network architecture. After data augmentation, the input images were entered in the
base model (which can be ResNet-50, MobileNet V1 or EfficientNetV2 B0); then, a 2D global average
pooling and a dropout layer were added, followed by a dense layer for classification.

The training process was carried out in two main phases. During the initial training
phase, a partial fine-tuning strategy was adopted: approximately 75% of the base model
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layers were frozen, particularly those associated with low-level feature extraction. This
allowed the model to preserve valuable generic representations while updating only the
upper 25% of the layers to adapt to the domain-specific dataset. Empirically, this con-
figuration outperformed other layer-freezing strategies tested in our experiments. After
convergence in the initial phase, the model proceeded to a full fine-tuning stage, wherein
the base model was completely unfrozen except for the first 50 layers, which remained non-
trainable to further retain foundational features. During this second phase, the model was
recompiled with a reduced learning rate of 1 × 10−4 to prevent large parameter updates
and ensure stable adaptation. An additional set of training epochs was conducted, which
significantly improved the model’s performance on domain-specific features by refining
high-level representations.

Binary cross-entropy was used as the loss function to enhance classification accuracy.
The Adam optimizer, with an initial learning rate of 0.001, was employed to adjust model
weights during training. A learning rate scheduler was implemented to reduce the learning
rate whenever validation accuracy plateaued, ensuring efficient convergence. Furthermore,
early stopping was applied to terminate training after 8 epochs with no improvement in
validation accuracy, preventing overfitting and unnecessary computation.

2.2.4. Visual Transformer Network Training

Visual transformers (ViT) [19] are showing promising results in the medical imaging
domain [20]. They introduce a transformative approach to image recognition by applying
a transformer architecture directly to images without relying on convolutional networks.
The vision transformer processes images by splitting them into smaller fixed-size patches,
treating these patches as individual tokens (similar to words in natural language processing
models). The model embeds these patches into a 1D sequence and passes them through
a standard transformer encoder for image classification tasks. This approach eliminates
the need for convolutional layers, relying instead on self-attention mechanisms to learn
image features.

Our proposed vision transformer (ViT) model was designed to classify input images
into binary categories (healthy or not healthy), leveraging a transformer-based architecture
tailored for image analysis tasks. This model used the standard transformer-based approach
for image classification. However, it employed a reduced number of layers, which allowed
it to be trained on a small dataset (essentially a “small ViT” model with around 26 million
parameters). Figure 4 shows a concise breakdown of its structure.

The model received fixed-size RGB input images, which were optionally augmented
using a sequence of standard transformations, including random rotations and horizon-
tal/vertical flips. As with the CNN models, data augmentation was applied exclusively to
the underrepresented class (healthy) within the training dataset, since the same augmenta-
tion strategy was consistently used for both the CNN and ViT models.

After being processed, each image was divided into non-overlapping patches of equal
size for further processing (Figure 5).

These patches were vectorized and passed through a dense layer to project them
into a lower-dimensional embedding space. To preserve spatial information, a trainable
positional embedding was added to the patch representations.

The encoded patches were then processed through a series of transformer blocks. Each
block started with layer normalization, followed by a multi-head self-attention mechanism
with four attention heads. A residual connection was applied after the attention output.
Another layer normalization was performed, and the result was passed through a multilayer
perceptron (MLP) block composed of two dense layers with GELU activations and dropout
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regularization. A second residual connection integrated the MLP output back into the
original path.

Figure 4. Visual transformer conceptual model. We divided an image into fixed-size patches,
applied a linear embedding to each patch, incorporated position embeddings, and inputted the
resulting sequence of vectors into a standard transformer encoder. For classification, we followed the
conventional method of appending an additional learnable “classification token” to the sequence.

Figure 5. Color image processed by the patcher layer. The image was divided into fixed-size patches.

After the transformer layers, the output patch sequence underwent layer normalization
and was flattened into a single feature vector. A dropout layer was applied to this flattened
representation to mitigate overfitting. This feature vector was then passed through a
classification head implemented as an MLP composed of two dense layers (with 512 and
256 units, respectively), again using GELU activations and dropout. Finally, the network
outputted logits through a dense layer, with the number of units corresponding to the
number of target classes (healthy or not healthy).

The model was trained using the Adam optimizer with a learning rate of 0.0003 and
a weight decay of 0.0001. Sparse categorical cross-entropy loss was employed as the loss
function. Finally, early stopping was implemented to halt training after 10 consecutive
epochs without improvement in validation accuracy, effectively reducing overfitting and
saving computational resources.
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3. Results
3.1. Convolutional Neural Network Results

Traditionally, the performance of AI-based classification models in clinical settings
is evaluated using statistical metrics, including accuracy, sensitivity, specificity, and other
related indicators, as summarized in Table 4 [21].

Table 4. List of metrics for measuring diagnostic accuracy.

Performance Metrics Description

Accuracy It is the proportion of correctly classified cases relative to all evaluated cases.
This serves as a general measure of the diagnostic accuracy of the model.

Sensitivity

It is the proportion of true positives (TP, patients with the disease correctly
classified as positive by the AI) relative to all positive cases (TP + false
negatives FN). In other words, it is calculated as (TP/TP + FN) and measures
the model’s ability to correctly detect the disease in patients who have it.

Specificity

It is the proportion of true negatives (TN, patients without the disease
correctly classified as negative by the AI) relative to all negative cases (TN +
false positives FP). In other words, it is calculated as (TN/TN + FP) and
measures the model’s ability to correctly exclude the disease in patients who
do not have it.

Precision or True Positive Rate (TPR)
It is the proportion of true positives relative to all positive test results (TP/TP
+ FP). In other words, it measures the probability that a patient who is
evaluated positive actually has the disease.

True Negative Rate (TNR)
It is the proportion of true negatives relative to all negative test results
(TN/TN + FN). In other words, it measures the probability that a patient who
is evaluated negative truly does not have the disease.

Based on the definitions above, the list of performance metrics on the validation
dataset are shown in Table 5. (The validation dataset is a portion of the training dataset—in
this case, 20%—that is not used for training but instead is used to evaluate the model
during training, after each epoch).

Table 5. List of CNN metrics for the validation dataset.

Performance Metric ResNet-50 MobileNet V1 EfficientNetV2 B0

Accuracy 0.9773 0.9545 0.9545
Sensitivity 1.0000 0.9583 0.9583
Specificity 0.9500 0.9500 0.9500
Precision or True Positive Rate (TPR) 0.9600 0.9583 0.9583
True Negative Rate (TNR) 1.0000 0.9500 0.9500
True Positives 24 23 23
True Negatives 19 19 19
False Positives 1 1 1
False Negatives 0 1 1

The list of performance metrics on the test dataset are shown in Table 6. The test
dataset consisted of 40 images, 20 images of healthy patients and 20 images of non-healthy
patients. Those images have never been “seen” by the model.

As indicated in the table, the ResNet-50 network outperformed the other two CNNs
in terms of results for the test dataset.
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Table 6. List of CNN metrics for the test dataset.

Performance Metric ResNet-50 MobileNet V1 EfficientNetV2 B0

Accuracy 0.9500 0.9000 0.9250
Sensitivity 1.0000 1.0000 1.0000
Specificity 0.9000 0.8000 0.8500
Precision or True Positive Rate (TPR) 0.9091 0.8333 0.8696
True Negative Rate (TNR) 1.0000 1.0000 1.0000
True Positives 20 20 20
True Negatives 18 16 17
False Positives 2 4 3
False Negatives 0 0 0

3.2. Visual Transformer Network Results

The dataset structure for training, validation, and testing used in the ViT model was
the same as that used for the CNN models. In this sense, the list of ViT performance metrics
on the validation dataset (20% of the training dataset) is shown in Table 7.

Table 7. List of ViT metrics for the validation dataset.

Performance Metric ViT

Accuracy 0.9545
Sensitivity 1.0000
Specificity 0.9000
Precision or True Positive Rate (TPR) 0.9231
True Negative Rate (TNR) 1.0000
True Positives 24
True Negatives 18
False Positives 2
False Negatives 0

The list of ViT performance metrics on the test dataset is shown in Table 8. The test
dataset consisted of 40 images, 20 images of healthy patients and 20 images of non-healthy
patients. Those images have never been “seen” by the model.

Table 8. List of ViT metrics for the test dataset.

Performance Metric ViT

Accuracy 0.8000
Sensitivity 1.0000
Specificity 0.6000
Precision or True Positive Rate (TPR) 0.7143
True Negative Rate (TNR) 1.0000
True Positives 20
True Negatives 12
False Positives 8
False Negatives 0

As shown in Table 8, the visual transformer network yielded worse results on the test
set compared to all the CNN models.

4. Discussion
This study demonstrated the integration of advanced artificial intelligence models,

including convolutional neural networks (CNNs) and vision transformers (ViTs), with
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thermographic imaging for the diagnosis of diabetic peripheral neuropathy and peripheral
arterial disease.

The comparative analysis revealed that ResNet-50 outperformed the other CNN
architectures (MobileNet V1 and EfficientNetV2 B0) and the visual transformer network,
achieving an accuracy of 95.00%, a sensitivity of 100.00%, and a specificity of 90%. These
results are also superior to those of existing diagnostic methods, which report a sensitivity
of 53% and specificity of 88% for DPN (monofilament test) and a sensitivity of 35.48% and
specificity of 97.55% for PAD (ankle–brachial index).

Despite the promising results, the study is constrained by certain limitations. First,
the relatively small size of the dataset—despite the inclusion of healthy cases from the
INAOE public database—may limit the generalizability of the results. Although acquisition
protocols between datasets were harmonized, subtle domain shifts cannot be entirely ruled
out. Second, the lack of explainability in the AI predictions may hinder clinical adoption.
Employing explainability techniques could address this issue by providing clinicians with
insights into the decision-making process of the models.

5. Conclusions
The findings of this research underscore the efficacy of integrating infrared ther-

mography with advanced artificial intelligence models—specifically convolutional neural
networks (CNNs) and vision transformers (ViTs)—for the diagnosis of DPN and PAD.
This approach offers a non-invasive, cost-effective, and scalable alternative to traditional
diagnostic methods, facilitating timely interventions and reducing the risk of severe com-
plications, such as ulcers and amputations. Furthermore, the use of transfer learning and
public datasets demonstrates the potential of leveraging existing resources to overcome
challenges related to data scarcity.

Future work should focus on exploring more sophisticated AI architectures, such as
vision transformers with enhanced transfer learning capabilities, to improve diagnostic
accuracy. Additionally, incorporating explainability techniques into these models will be es-
sential for building trust and adoption among clinicians. Finally, future research should also
prioritize the expansion of the clinical dataset to improve model generalizability and reduce
the risk of overfitting, especially in real-world scenarios with diverse patient populations.

In conclusion, the combination of infrared thermography and AI represents a trans-
formative step toward modernizing diabetic foot care, offering efficient, patient-friendly
diagnostic solutions with the potential to significantly improve global health outcomes for
individuals with diabetes.
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