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Abstract. Peripheral Arterial Disease (PAD) is a common circulatory problem
that, if undetected or untreated, can lead to severe health consequences, including
amputation. This study presents a novel approach to PAD detection using ther-
mal data collected via a mobile thermal camera, processed, and analysed through
various machine learning algorithms. The investigation focused on six machine
learning models: Linear Regression, Decision Trees, Random Forest, Neural Net-
work, XGBoost, and LightGBM, and their ability to predict the presence of PAD
based on thermal features extracted from different angiosomes of the legs. Each
model was trained and validated on a dataset consisting of thermal data from 42
patients, annotated with PAD status based on angiography diagnostics. The per-
formance of each model was evaluated using eight metrics, including accuracy,
sensitivity, and specificity. The results indicate that ensemble methods, particu-
larly XGBoost and LightGBM, outperformed the other models with an accuracy of
96.8%. This research demonstrates the potential of thermal imaging coupled with
machine learning for the detection of PAD, offering a non-invasive, accessible,
and cost-effective diagnostic tool.
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1 Introduction

1.1 Challenges and Opportunities

Early detection and diagnosis of Peripheral Arterial Disease (PAD) remains a significant
challenge in the medical field. Traditional diagnostic methods, often relying on patient-
reported symptoms, may not be present until the disease has significantly progressed.
However, the inception of modern machine learning (ML) methodologies presents an
exciting opportunity to transform PAD diagnostics. Infrared (IR) thermography, a non-
invasive tool capable of detecting subtle skin temperature changes, shows promise in
detecting PAD [1], but the volume of data generated can be overwhelming.
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Machine learning comes to the rescue in managing and interpreting this vast data.
It can analyse thermal images, identify abnormalities indicative of PAD, and condense
the most critical findings into a summarized report, effectively creating a ‘synopsis’
of a patient’s thermal data. This innovative integration of Al and ML with infrared
thermography not only increases efficiency but also significantly improves diagnostic
accuracy, presenting a new way to revolutionize the early detection of PAD.

1.2 Related Work

The utilization of thermal imaging as a tool for detecting various medical conditions has
been extensively studied in recent years [2], with a focus on its potential in diagnosing
Peripheral Arterial Disease (PAD) and Diabetic Foot Ulcers (DFUs), given the high rise
of patients with these conditions post-COVID.

For instance, in the study by [3], infrared thermography was used to evaluate the
severity, functional capacity, and quality of life in patients at high risk for PAD. The
study demonstrates the potential of thermography as a non-invasive tool for assessing
patients with PAD. Meanwhile, [4] proposed a Support Vector Classification model for
PAD identification using features extracted from infrared thermography images.

Various researchers have explored the application of ML techniques in the early
diagnosis of DFUs using thermogram images. In a study by [5], asymmetric analysis
of temperature features was used for detecting diabetic foot ulcer. The study reported
an impressive sensitivity and specificity of 96.5 and 92.41% respectively. Similarly, [6]
proposed a machine learning-based model for classifying thermal distribution patterns
in the feet of diabetic patients. Several other studies, such as [7, 8], and [9], have further
explored the potential of machine learning techniques in interpreting thermogram images
for the detection of DFUs.

These studies, however, mostly focus on the detection of foot ulcers in diabetic
patients and do not specifically target the detection of PAD. Furthermore, most of the
models proposed in these studies, such as Support Vector Machines, are simpler com-
pared to the ensemble and neural network approaches evaluated in this research. This
paper also presents a thorough comparison of these machine learning approaches in
their ability to detect PAD from thermographic data as well as analysis of four thermal
features and their relation to the performance of such models that will help guide further
research in the field.

The rest of the paper is structured as follows. Section 2 discusses the proposed work
with an overview of the algorithms and metrics used. Section 3 presents the collection,
annotation, and processing of the thermal dataset, which forms the basis of this research.
Section 4 is explaining the mechanics of the six machine learning (ML) methodologies
selected in the presented work, with a specific emphasis on their application in detecting
Peripheral Arterial Disease (PAD) through IR thermography data. In Sect. 5, the metrics
for the evaluation of the selected methodologies, as well as the results achieved are
presented. Finally, in Sect. 6, conclusions are drawn, and the future work is presented.
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2 Proposed Work

This paper is an extension of the work presented in [1] by providing a comprehen-
sive overview of the technology and methodologies incorporated within the Artificial
Intelligence Supported Infrared Thermography (AISIT) system.
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Fig. 1. Proposed work — six models were trained and evaluated by eight metrics in total.

The data acquisition process is detailed, illustrating how the infrared thermographic
data is captured, processed, and prepared for further analysis by machine learning
models. A discussion on which features are extracted from the thermal images is
included.

Moreover, as visualised in Fig. 1, six various machine learning (ML) methodologies
are explored, ranging from established techniques such as decision tree, random forest,
as well as linear regression to more complex methods such as neural networks, XGBoost,
and LightGBM. Each of these machine learning techniques is analysed and evaluated
based on their ability to accurately identify PAD on IR data. This includes a comparative
study detailing the performance metrics for each model, and an analysis on the feature
importance used during training.

By offering a more in-depth exploration of the AISIT system from [1] and evaluating
various machine learning methodologies, this paper aims to significantly contribute to
the ongoing research in the field of PAD detection and diagnostics. Insights from this
investigation can potentially drive the development of more accurate and efficient PAD
detection systems based on Al and thermography.
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3 Dataset

The study utilizes a dataset comprising thermal data from 42 patients, captured via a
mobile thermal camera, FLIR One Pro. This dataset is based on the data used in the
study in [1]. For each patient, thermal readings were taken from five different angles of
the legs—front, back, left, right, and the feet. Additionally, the data collection process
includes data from Angiography diagnostics.

The dataset from [1] contains a total of 313 medically and technically annotated
angiosome regions of the legs of the 42 patients, with 78% of the regions identified
as healthy and 22% - with pathology. Out of these 313 annotated samples, 60% or
188 randomly selected samples were used for training and the rest 125 - for validation
purposes. The dataset encompasses a demographic variety [1], with 79% male patients,
21% females, all of Caucasian ethnicity, and a mix of additional factors, with 54% of
the patients having diabetes and 76% being smokers.

The data collection process followed a strict medical protocol in a controlled hospital
environment, as outlined in [1]. The thermal data was captured using the FLIR mobile
thermal camera, taking readings from five different angles of the patient’s legs. After
that, each angiosome of the leg was manually annotated using the Supervisely! software,
where polygonal segmentations were used to define each angiosome within the thermal
image. Figure 1 demonstrates the process of collecting and annotating data for two angles
of the legs — front and back, and three arterial regions, namely, for anterior tibial (AT),
posterior tibial (PT), and peroneal (PER) arteries. The same process applies for all five
angles and, in total, nine angiosomes of the legs. Each of the angiosome annotations of the
legs corresponded with the results from the angiography diagnostics, which categorised
each angiosome as healthy, stenosis, or thrombosis. For the purpose of this research,
the categories of stenosis and thrombosis were combined into a single category labelled
‘PAD,’ leaving the healthy category as is.

The raw thermal images were processed into temperature readings using the
raw2temp procedure from the R package Thermimage?. These temperature readings
were subsequently used to extract thermal statistics from each segmented angiosome.
Specifically, four thermal features were extracted: mean, minimum, maximum, and stan-
dard deviation of the temperature, as also shown on Fig. 1. These features form the basis
for training the six ML models used in this study.

4 Machine Learning Methodologies

This section provides an overview of the theoretical foundations and practical implemen-
tation details of six machine learning methodologies. These models have been selected
due to their ease of implementation, usability, and high interpretability. The emphasis
on interpretability is of paramount importance given the context of medical Al systems,
where the capability to provide explainable results is crucial. Thus, this section lays the
groundwork for the subsequent analysis discussed in this research.

1 Supervisely annotation software — https://supervisely.com.
2 Thermimage R package - https://cran.r-project.org/web/packages/Thermimage.
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4.1 Linear Regression

Linear regression is a fundamental method in statistics and machine learning [ 10], aiming
to forecast a dependent variable based on a set of independent variables. The assumed
linear relationship can be represented by the equation:

Y =Po+ BIWi+ -+ BuWa+e )

Here, Y is the dependent variable, W; through W, are the independent variables, By
is the y-intercept, B; through B, are the coefficients quantifying the influence of each
W on W, and ¢ is the random error term. The implementation of the linear regression
algorithm was done in the Python® programming language using the LinearRegression
routines from the library Scikit-learn®.

In the context of machine learning for Peripheral Arterial Disease (PAD) detection,
linear regression can be used to determine the relationship between the four thermal data
features (independent variables) and the presence or progression of PAD (dependent
variable). The model is trained to minimize the differences between predicted and actual
PAD status. Subsequently, it can predict PAD status based on new thermal data inputs.

4.2 Decision Tree

A decision tree [11] has a hierarchical model structure used in decision making and
machine learning, consisting of nodes representing features, branches symbolizing deci-
sion rules, and leaves indicating outcomes. The root node, positioned at the top, partitions
the data based on attribute values. This process runs throughout the tree, leading to a set
of decision-making rules.

The decision tree algorithm used in this study is configured with several key param-
eters. The splitting criterion is set to Gini impurity, which measures the degree of class
imbalance at each node. The maximum number of features used for splitting is set to
90% of the total features, while the minimum number of samples required to split a node
is set at 30. The tree’s maximum depth is limited to 4 to prevent overfitting. The log
loss evaluation metric here is used to quantify the difference between predicted prob-
abilities and true class labels. For the technical implementation of the algorithm, the
DecisionTreeClassifier routines from the Scikit-learn library were used.

In the context of PAD detection with infrared thermography data, a decision tree can
be trained to classify data into ‘PAD’ and ‘healthy’ groups based on the thermal features.
The model partitions the data based on a series of binary decisions. The path from root
to leaf provides a clear set of conditions leading to the prediction, making decision trees
particularly interpretable, thus favourable for applications in the medical field.

4.3 Random Forest

A Random Forest [12] is an ensemble learning approach that is essentially a collection
of decision trees, each constructed from a different subsample of the training data. The

3 Python programming language - https://python.org.
4 Scikit-learn Python package - https://scikit-learn.org.
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final output of the model is derived by aggregating the predictions from all trees in the
ensemble, typically using majority voting for classification tasks or averaging for tasks
involving regression.

Using the same parameters as specified in 4.2, each decision tree within the Random
Forest is built. The log loss evaluation metric, which quantifies the discrepancy between
predicted probabilities and true class labels, is used for assessing the performance during
training. The implementation was done using the RandomForestClassifier routines from
the Scikit-learn library.

In the context of PAD detection, a Random Forest can utilize the variability in the
thermal data features to train a multitude of decision trees. This ensemble approach
provides a robust prediction model as it reduces the risk of overfitting seen in single
decision trees and increases the generalizability of the model.

4.4 Neural Networks

Artificial neural networks (ANN) are hierarchical structures with layers consisting of
nodes called neurons [13]. Each neuron applies a weighted sum to its inputs, the output of
which is further calculated using a non-linear function, often referred to as the activation
function.

In the presented work, a neural network with two dense, or fully connected, layers
are utilized. The first dense layer contains 32 neurons, and the second contains 16. Each
neuron in a dense layer is connected to every neuron in the previous layer, and the number
of neurons in a layer can be seen as a measure of the layer’s complexity or capacity.

The learning rate, a key parameter in training neural networks, is set at 0.05. This
parameter determines the size of the steps taken during stochastic gradient descent [14]
- the optimization algorithm commonly used to minimize the loss function in neural
networks. The ANN architecture and training code was implemented using the PyTorch?
library.

For the detection of PAD using infrared thermography data, the model is trained on
the four thermal features in order to classify the data into the two categories. The log
loss evaluation metric was used for minimizing the error rate. Despite its complexity, the
neural network can provide a high level of accuracy in predicting PAD status, making it
a valuable tool in this application.

4.5 XGBoost

The eXtreme Gradient Boosting (XGBoost) [15] model is a powerful ensemble learning
method that leverages the concept of boosting weak learners. It is based on the gradient
boosting framework but has been enhanced with a more regularized model formalization
to control overfitting and increase performance.

In its essence, XGBoost constructs a strong predictive model, ensemble of multiple
weaker predictive models, typically decision trees. Each new tree is grown to correct the
residuals (the differences between the predicted and expected results) of the previous
trees. The final prediction is calculated as the weighted sum of the predictions made

5 PyTorch deep learning framework - https://pytorch.org.
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by all the trees in the ensemble. The objective function of XGBoost that needs to be
minimized can be represented as follows:

N
=1

K
Objective = Zl_ L(yi, i) + Zk:IQ(fk) 2)

where N are the number of data samples, K are the number of decision trees, L is the
loss function that measures the difference between the actual and predicted values, and
Q(fr) is the regularization term. The first term encourages the model to fit the data well,
while the second term discourages overfitting. In the context of this research, L is the
log loss detailed in the next section. The goal is to predict the probability of the instance
being a positive class, which in this context refers to the presence of PAD.

The parameters of the XGBoost model have been tuned to optimize its performance
on the specific task of detecting PAD using infrared thermography data. The learning
rate is set to 0.075, controlling the shrinkage of the step size used in updates to prevent
overfitting. The parameter for maximum depth of a tree is set to 6, balancing the model’s
complexity and its ability to learn fine-grained patterns. For the implementation of the
algorithm, the Python library Xgboost® was selected for its ease of use and supported
hardware.

XGBoost is a suitable choice for this study given its ability to handle a variety of data
types, robustness to outliers, and capability to model complex non-linear relationships,
all of which are critical in interpreting infrared thermography data for PAD detection. Its
use of gradient boosting framework [15] also offers a robust mechanism for minimizing
errors, offering high predictive accuracy.

4.6 LightGBM

LightGBM [16], standing for Light Gradient Boosting Machine, is another gradient
boosting framework that employs tree-based methodologies. It is renowned for its speed
and efficiency, as well as its suitability for handling large-scale data. LightGBM differs
from other tree-based algorithms in its decision-making strategy, opting for a leaf-wise
approach over the more conventional level-wise approach. This results in a more complex
tree, but it also generally yields lower loss, contributing to better accuracy.

In the context of this project, the LightGBM model is configured for a binary clas-
sification task. The parameter for number of leaves, one of the critical parameters for
model complexity, is set to 63. The learning rate is set to 0.05. The feature and bagging
fraction parameters are both set to 0.9, meaning that 90% of the features and data are
used at each iteration, respectively, adding an additional layer of randomness to make
the model more robust to overfitting.

The minimum amount of data per leaf is set to 10. This parameter is a regularization
measure that prevents the algorithm from creating leaves with fewer than 10 data points,
further preventing overfitting. The training process is guided by the log loss metric,
similarly to the models before. The implementation was done using the LightGBM’
software library, maintained by Microsoft.

6 Xgboost Python library - https://xgboost.readthedocs.io/
7 Li ghtGBM software toolkit - https://github.com/microsoft/Light GBM.
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In summary, LightGBM’s unique approach to tree building and flexible handling of
different types of features, combined with its speed and efficiency, makes it an excellent
tool for detecting PAD using infrared thermography data. The selected parameters are
specifically aimed at reducing overfitting and achieving high predictive accuracy.

5 Results

5.1 Maetrics

To evaluate and quantify the performance of each of the six models and facilitate com-
parison across them, eight metrics in total are employed. During the training phase, the
log loss metric has been selected as the most appropriate for the binary classification task
of detecting PAD. For validation purposes, the selected metrics are accuracy, precision,
recall, F1 score, Area Under the Receiver Operating Characteristic curve (AUC), as well
as sensitivity and specificity. Each of these metrics offers a unique perspective on the
performance of the models, capturing different aspects of the prediction results.

Log Loss. The log loss [17] for binary classification problems can be computed as:

I N . G
L=—5D " (vilog(si) + (1 —yplog(l - 5i)) @

Here, N is the number of samples or instances, y; is the actual class label (0 or 1
in binary classification) for label i, and ¥; is the predicted probability that the sample
belongs to a particular class. Due to the logarithmic function, predictions that are close
to the true values contribute a small amount to the overall loss, while predictions that
are far off contribute significantly more.

Log loss provides a more nuanced view of the performance of a model than metrics
like accuracy, as it considers the probability distributions of the predicted probabilities.
Furthermore, comparing log loss to other loss metrics such as Mean Squared Error
(MSE) and Mean Absolute Error (MAE), it has the advantage of being more sensitive to
the confidence of prediction [17], which can be a useful property in binary classification
problems. However, it is also more sensitive to outliers and can be more difficult to
interpret than some other metrics, like MAE or MSE.

Accuracy, Precision, Recall, F1 Score. These are the basic metrics commonly used
in evaluating machine learning tasks [18]. Accuracy represents the ratio of correct pre-
dictions from the total number of predictions. While precision is the ratio of the true
positive among all positive predictions, providing a measure of the ability to correctly
detect cases with PAD, recall is the ratio of the true positive among all actual positive
cases, reflecting the model’s capacity to detect PAD cases. Finally, the F1 score is the
harmonic mean of both precision and recall, making it a unifying metric that balances
the two. It offers a more balanced measure when the class distribution is uneven.

AUC. Areaunder the ROC Curve (AUC) [19] is a robust metric for binary classification
problems as it measures the ability to distinguish between the classes at various threshold
settings. The ROC curve plots the true positive rates against the false positive rates at
multiple thresholds, and AUC measures the entire two-dimensional area underneath this
curve. An AUC of 1 signifies a perfect classifier, whereas an AUC of 0.5 speaks for a
model equivalent to random guessing.
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Sensitivity and Specificity. Inthe medical field, these are the two most common metrics
that evaluate the performance of a binary classification test [20].

Sensitivity measures the ratio of actual positive cases that are correctly identified as
such. It is extremely important in the medical field as it gauges the ability to correctly
diagnose patients with a particular disease. The higher the sensitivity, the lower the
chances of a false negative result. Sensitivity is calculated as follows:

. TP
Sensitivity = ———— 4)
TP + FN
Specificity measures the ratio of actual negative cases that are correctly identified.
In the medical context, this means the ability to correctly diagnose healthy patients as
healthy. High specificity correlates to less false positives, which is important in order to
avoid unnecessary treatments or interventions. Specificity is calculated as follows:

Specifici il 5

pecificity = 5)

In the context of Peripheral Arterial Disease detection, high sensitivity ensures that

patients with the disease are identified, reducing the risk of false negatives. This is partic-

ularly important in medical conditions where early detection can significantly improve

the prognosis. On the other hand, high specificity ensures that healthy individuals are

not falsely identified as having the disease, thus avoiding unnecessary further tests or
treatments.

5.2 Feature Importance

For each model, a feature importance matrix was generated, revealing important insights
about the significance of the four temperature-based features in predicting the presence
of Peripheral Arterial Disease. As seen in Fig. 2, the standard deviation of temperature
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Fig. 2. Feature importance matrix for each model.
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consistently emerged as the most influential feature across all machine learning models.
This suggests that variation in temperature, rather than just average or extreme values,
plays a crucial role in identifying PAD. The minimum temperature was typically the
second most important feature, suggesting that the coldest temperature readings may be
indicative of compromised blood flow, a characteristic symptom of PAD.

Interestingly, the mean temperature and maximum temperature demonstrated vary-
ing levels of importance across different models. While these features held some predic-
tive power in models such as Linear Regression, XGBoost, and LightGBM, they were
deemed unimportant by the Decision Trees and Random Forest models. This discrepancy
underlines the complexity of PAD detection and the need for a multi-faceted approach.

Overall, these results, underscore the importance of considering the entire range
of temperature characteristics - including the mean, extremes, and variability - in the
thermographic analysis for PAD detection.

5.3 Performance Analysis

Table 1. Comparative model performance analysis for metrics log loss (Loss), accuracy (Acc.),
precision (Pre.), recall (Rec.), F1 score (F1), AUC, sensitivity (Sens.), and specificity (Spec.).

Model Loss Acc Pre Rec |F1 AUC Sens | Spec
Linear Regression | 0.341 [0.873 |0.75 1.0 0.588 |0.87 0.3 0.981
Decision Trees 0.267 |0.873 |1.0 1.0 0512 ]0.857 |02 1.0

Random Forest 0.2 0.92 0.667 | 1.0 0.8 0977 |1.0 0.906
Neural Network 0.358 |0.857 |0.6 1.0 0.533 ]0.825 |03 0.962
XGBoost 0.141 |0.968 |1.0 1.0 0909 0975 |1.0 0.962
LightGBM 0.111 ]0.968 |1.0 1.0 0909 0985 |1.0 0.962

The results of the ML methodologies trained on the thermal data for Peripheral
Arterial Disease (PAD) detection are presented in Table 1. Each model was evaluated on
all eight metrics. The results obtained from the trained models indicate varying degrees
of performance. The performance metrics reveal different aspects of each model’s ability
to correctly predict the presence or progression of PAD.

Among the models, LightGBM and XGBoost stand out with the lowest log loss and
the highest accuracy, precision, recall, F1 score, sensitivity, and specificity. This superior
performance can be attributed to their gradient boosting mechanisms, which optimizes
the models by iteratively adding weak learners, thereby reducing the bias and variance.
Moreover, these models handle feature interactions well and are resistant to overfitting,
which makes them particularly suitable for this dataset.

In contrast, Linear Regression and Decision Trees show fewer promising results.
The relatively simple structure of these models may struggle with the complex patterns
in the thermal data. While Decision Trees have perfect precision, its lower sensitivity
indicates its difficulty in detecting true positive PAD cases.
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The Random Forest model, an ensemble of Decision Trees, significantly improves
the performance over a single Decision Tree, as shown by its lower log loss and higher
accuracy, F1 score, and AUC. This improvement underscores the power of ensemble
methods in handling complex datasets.

The Neural Network also demonstrates a reasonable performance, although it doesn’t
outperform LightGBM and XGBoost. This could be due to the relatively simple archi-
tecture that was chosen and its hyperparameters or the need for more data to effectively
train the network.

These results have several implications for the field. First, they demonstrate the poten-
tial of machine learning, particularly advanced gradient boosting models, in detecting
PAD using thermal data. This application could significantly enhance early detection
and treatment of PAD, thereby improving patient outcomes. Second, these results may
guide future research on PAD detection on thermal data, suggesting that focus could be
directed towards optimizing models like LightGBM and XGBoost or exploring other
complex models, such as deeper neural networks.

6 Conclusions

6.1 Summary

This study presented a comprehensive analysis of six ML models applied to a unique
dataset of thermal images from [1] to detect Peripheral Arterial Disease (PAD). The
dataset, based on thermal data from 42 patients, was processed and medically annotated,
extracting four thermal features from each angiosome region for the training of the
models. Importance analysis for each feature was also discussed, that would navigate
future research on the topic.

Six models, namely Linear Regression, Decision Trees, Random Forest, Artificial
Neural Networks, XGBoost, and LightGBM were trained and evaluated. A variety
of metrics, including log loss, accuracy, precision, recall, F1 score, AUC, sensitivity,
and specificity were employed to provide a holistic view of the models’ performance.
The results showed that ensemble models such as XGBoost and LightGBM generally
outperformed other models, with LightGBM exhibiting the best overall performance.

6.2 Future Work

While the results of this research are promising, there is always room for growth and
further exploration in the field. Future work could include the inclusion of more diverse
data, encompassing patients from different ethnic backgrounds, varying age groups, and
other lifestyle factors, to increase the generalizability of the models. The exploration of
additional thermal features from each angiosome could be further looked into in order to
improve the accuracy of the detection models. While six machine learning models were
examined in this study, there are numerous other ML models that can be tested, such
as convolutional neural networks (CNN), which have shown to perform significantly
better in image-based tasks [21]. Lastly, future research could investigate the integration
of these models into clinical decision support systems, providing a tool that can aid
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clinicians in diagnosing PAD. The findings of this study not only contribute to the
growing body of research in the field of medically applied thermography and machine
learning but also pave the way for future research in this area.
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