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Abstract

Plantar morphology analysis is essential for understanding foot biomechanics and detecting
alterations that may affect the musculoskeletal system. This study proposes a method based
on infrared thermography and artificial intelligence for the detection of normal and cavus
foot types. The proposed approach integrates an automatic segmentation stage to identify
the plantar region in thermographic images, followed by a classification stage based on
machine learning algorithms and morphological features extracted from the segmented
region. For the segmentation stage, a convolutional neural network-based method was
developed, achieving an Intersection over Union (IoU) of 83.07% during testing, indicating
high agreement between the predicted segmentations and the reference masks. In the
classification stage, three machine learning models were evaluated: logistic regression,
support vector machine, and k-nearest neighbours. Among them, the k-nearest neighbours
model achieved the best performance, reaching an accuracy of 75%, a precision of 80%,
an F1-score of 72.2%, and a recall of 66.6%. Overall, the results highlight the potential of
combining infrared thermography with machine learning techniques to identify relevant
patterns associated with plantar morphology, enabling the automatic detection of normal
and cavus foot types.

Keywords: infrared thermography; foot type classification; cavus foot detection; machine
learning; thermal image segmentation; plantar morphology

1. Introduction
The morphology of the plantar arch plays a fundamental role in lower-limb biome-

chanics. The human foot is not merely the distal part of the body but rather a complex
structure responsible for both support and locomotion, directly influencing overall physical
well-being. It enables humans to walk efficiently, maintain an upright posture, support
body weight, and perform daily movements [1]. However, alterations in plantar arch
morphology may affect the structural integrity of the foot, potentially leading to physical
impairment and reduced quality of life. It is estimated that nearly one-third of the popula-
tion presents some form of plantar arch alteration, which can result in chronic pain and
musculoskeletal disorders affecting different parts of the body [2]. Among the various
morphological alterations of the plantar arch, flatfoot—characterized by the collapse of
the medial longitudinal arch—and cavus foot—defined by an abnormally high plantar
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arch—are among the most common conditions with significant negative impacts on the
population [3]. The timely identification of plantar arch morphology during the initial
or preventive assessment can contribute to the design of more appropriate ergonomic
interventions and, particularly in the footwear industry, to the design and adjustment of
footwear that enhances comfort and well-being [4]. Therefore, plantar arch morphology
is a key factor in human health. Given its high prevalence and functional impact, the
accurate identification of foot type is essential for both injury prevention and clinical or
orthopedic decision-making. Nevertheless, traditional assessment methods still rely largely
on subjective clinical evaluations or instrumented procedures that are not always widely
accessible, highlighting the need for more objective, reproducible, and scalable alternatives.

Currently, several instrumented approaches have been developed to analyse plantar
arch morphology and load distribution. Pressure platforms and instrumented insoles allow
the acquisition of detailed foot–ground contact maps and have been widely used to study
plantar loading patterns and foot function. For instance, Alexander et al. [5] analysed
the evolution of techniques for measuring contact force and plantar pressure distribution
in order to study pressure patterns during gait and their relationship with plantar arch
morphology, particularly in the context of ulcer prevention. Similarly, Abdul et al. [6] in-
vestigated the hardware systems and sensor architectures required for plantar pressure
analysis, focusing on the technical requirements needed to develop functional diagnostic
systems for pathologies such as flatfoot. In addition, Price et al. [7] evaluated the reliability
of plantar pressure measurement systems and demonstrated that factors such as device
calibration can significantly influence measurement accuracy. Motion capture systems and
three-dimensional gait analysis have also been employed to investigate the relationship
between arch height and gait mechanics. In this regard, Buldt et al. [3] evaluated differ-
ences in plantar pressure, foot function, and range of motion among runners presenting
five different foot posture types. Despite these advances, several studies have highlighted
important limitations. For example, Chockalingam et al. [8] reported a lack of standard-
ization across plantar measurement devices, which complicates the comparison of results
between studies. Likewise, Patacky [9] noted that the spatial resolution of certain pressure
systems may affect the accuracy of morphological feature identification in the plantar
arch. These limitations, together with sensitivity to calibration conditions [7] and the high
implementation costs associated with specialized platforms [6], restrict their applicability
in routine clinical environments or large-scale early screening scenarios. Consequently,
alternative approaches based on digital imaging and automated processing techniques are
being increasingly explored.

In recent years, several automatic foot-type classification methods have been pro-
posed using plantar images and deep learning techniques. For example, Zhao et al. [10]
employed plantar pressure maps converted into images to train convolutional neural net-
works capable of classifying normal, flat, and cavus feet with high accuracy. Similarly,
Ramírez-Rios et al. [11] explored the use of Vision Transformer-based architectures applied
to RGB images of plantar footprints, demonstrating that attention mechanisms can im-
prove discrimination between different plantar arch types. Additionally, Chae et al. [12]
proposed an approach aimed at improving cross-device generalization by incorporating
heterogeneous datasets obtained from different pressure sensors, thereby reducing the
variability introduced by different acquisition platforms. Complementarily, Han et al. [13]
developed a strategy based on conditional generative adversarial networks (cGANs) to
generate synthetic plantar footprint samples and address the problem of limited labelled
data during model training. Finally, Wang et al. [14] proposed an efficient method com-
bining texture descriptors such as Local Binary Patterns with lightweight convolutional
neural networks, reducing computational cost while maintaining competitive classification
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performance. These studies demonstrate the potential of artificial intelligence in plantar
classification. However, most approaches rely on a single type of data, either pressure
measurements or RGB images. Such approaches depend on controlled acquisition environ-
ments [11,15] and are subject to challenges relating to sensor variability and configuration
differences [8,12]. Furthermore, the systematic use of thermal information as a comple-
mentary source of morphological data has been only scarcely explored within automatic
classification frameworks.

For this reason, the present work proposes an automatic classification methodology
for human foot type—specifically normal and cavus feet—based on plantar morphology
extracted from thermographic images and analysed using a convolutional neural network
(CNN). The proposed approach aims to leverage both the thermal distribution patterns
associated with plantar load and the visible morphological characteristics of the arch.
The methodological framework integrates complementary imaging modalities within an
automated scheme designed to improve the robustness and generalization capability of the
classification system. By combining these sources of information, the proposed approach
seeks to overcome limitations related to hardware dependency [8,12], sensitivity to imaging
conditions such as illumination [11], and the lack of standardization in data acquisition
procedures [5,7]. Ultimately, this work contributes toward the development of an objective,
reproducible, and potentially scalable tool suitable for real clinical environments.

2. Materials and Methods
This study proposes a methodology for the detection of cavus foot based on thermo-

graphic images and intelligent models. Figure 1 illustrates the overall framework and
workflow of the proposed methodology, which is structured into five main stages: thermal
image acquisition and labelling, automatic segmentation, feature extraction and selection,
intelligent model construction, and performance evaluation.

Figure 1. General methodology.

In the first stage, thermographic images were collected from 34 participants, 24 of
whom were labelled according to the Hernández-Corvo index. In the second stage, the im-
ages were automatically segmented using intelligent algorithms to isolate the plantar region
and analyse its thermal behaviour. The thermal patterns obtained from each participant
were then analysed to identify and select the most relevant indicators.

In the fourth stage, automatic classification models were developed using three ma-
chine learning algorithms: logistic regression, support vector machines, and k-nearest
neighbours. Model training and validation were performed using a leave-one-subject-
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out (LOSO) cross-validation strategy in order to evaluate generalization capability across
subjects. Finally, in the evaluation stage, the performance of the models was assessed by
comparing their predictions with the reference labels defined by specialists.

2.1. Data Acquisition
2.1.1. Study Design and Participants

A total of 34 volunteers took part in the data acquisition stage. However, only 24 of
these volunteers (5 males and 19 females) were included in the classification study. The
remaining 10 participants were excluded either because they had foot conditions that
did not fall within the two categories considered in this study, or because their data was
not labelled. This exploratory, observational, cross-sectional study aimed to evaluate the
feasibility of using plantar thermography and artificial intelligence techniques to detect
cavus foot.

Participants were divided into two groups according to foot morphology: a cavus
foot group of 12 subjects (11 females and 1 male), and a normal foot group of 12 subjects
(eight females and four males). Anthropometric variables, including age, weight, height
and BMI, were collected for all participants. The demographic characteristics of the normal
and cavus foot groups are summarised in Table 1. No additional clinical variables were
considered, as the primary objective of the study was to investigate whether thermal foot
patterns discriminate between cavus and normal foot morphology.

Table 1. Anthropometric variables.

Condition

Measure Normal Cavo

Age µ : 21.18, σ : 2.27 µ : 21.25, σ : 2.37
Weight (kg) µ : 67.09, σ : 14.83 µ : 68.79, σ : 9.30
Height (m) µ : 1.65, σ : 0.069 µ : 1.65, σ : 0.067

BMI µ : 24.51, σ : 5.32 µ : 25.05, σ : 2.40

2.1.2. Thermal Images

Thermograms were acquired using an FLIR E8 PRO thermal camera (FLIR Systems,
Wilsonville, OR, USA) with thermal sensitivity of 40 mK at 30 ◦C (86 ◦F) and a resolution
of 320 × 240 pixels. However, the images exported and used throughout this study
were at a resolution of 640 × 480 pixels, which is the display resolution generated by the
camera. All subsequent pre-processing, segmentation and feature extraction procedures
were performed using these images.

The standardised thermographic imaging protocol was as follows: Upon arrival in the
test room, which was kept at a temperature of 20 ± 2 ◦C with a relative humidity between
40% and 60%, participants rested for 15 min to allow their skin surface temperature to
stabilise. After this period, they stood on a glass surface for three minutes. They were then
asked to lie in the supine position with their feet facing forwards. It has been demonstrated
that releasing plantar pressure does not result in an immediate recovery of surface tempera-
ture. In fact, the thermal response is a gradual process mainly determined by the restoration
of local microcirculation [16]. Based on this physiological response, a plantar thermogram
can be acquired immediately after standing, capturing a thermal pattern that reflects the
previous plantar pressure distribution before substantial temperature recovery occurs. For
that reason, a thermographic image was then captured from 1 m between the camera and
the sole of the foot. To ensure consistency of distance and avoid variations in the image, a
mark was placed on the floor to indicate where the camera should be positioned.
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2.1.3. Data Labelling

The Hernández-Corvo index has been widely recognized as one of the reference gold
standard methods for the classification of plantar footprints [17]. This method is performed
manually by obtaining a plantar footprint while the subject is in a bipedal standing position.
To acquire the footprint, ink is applied to the plantar surface of the feet, and the subject is
instructed to perform a static bipodal stance on a sheet of paper, allowing the complete
plantar imprint to be recorded.

The analysis involves drawing specific lines at 90◦ angles across the footprint, which
enables the calculation of a geometric relationship between the width of the forefoot and
the width of the midfoot. Based on this relationship, the index value is obtained and used
to classify the plantar arch morphology into different categories ranging from flat foot to
extreme cavus foot [18]. Due to its simplicity and ease of application, this index remains one
of the most commonly used methods for the manual assessment of plantar morphology.

2.2. Segmentation Process

To ensure that the identification of the plantar region is robust to variations in position,
orientation, and image noise, an automatic segmentation methodology based on convolu-
tional neural networks (CNNs) is proposed. The purpose of this approach is to isolate the
plantar region of the foot while removing background information, thereby improving the
quality of the dataset used in the subsequent stages of feature extraction and analysis.

Figure 2 illustrates the overall workflow of the proposed methodology, which includes
the stages of image preprocessing, data splitting and augmentation, model construction,
and performance evaluation.

Figure 2. General methodology for estimating regions of interest.

2.2.1. Data Processing and Splitting

The dataset consists of 74 thermal images of the plantar region, along with 74 annota-
tion files in JSON format containing the coordinates of the regions of interest associated
with each image. Each region of interest is defined by a bounding box annotation following
the Pascal VOC format, which specifies the object location using the coordinates of the
top-left and bottom-right corners of the bounding box (Figure 3).
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Figure 3. Bounding box format.

For model development, the dataset was divided into three subsets: training (70%),
validation (10%), and testing (20%). The training set was used to fit the model parameters,
the validation set was employed to monitor the learning process and optimize hyperpa-
rameters, and the test set was used to evaluate the final performance of the model.

2.2.2. Data Augmentation

In deep learning, data augmentation is a widely used technique for improving model
performance by artificially generating new samples from the original dataset [19]. This
strategy is particularly useful when the available dataset is limited, as complex models such
as convolutional neural networks (CNNs) may suffer from overfitting or memorization
when trained with a small number of samples [20].

In this study, due to the limited number of available images, a data augmentation
strategy was implemented to enhance the model’s ability to generalize to unseen patients
and variations in acquisition conditions. Data augmentation was applied exclusively
to the training set, generating artificial samples through transformations that simulate
potential variations during thermogram acquisition. The applied transformations included
rotations and horizontal flips associated with variations in camera positioning, brightness
adjustments related to differences in sensor response or acquisition conditions, and the
addition of Gaussian noise to simulate possible disturbances during image capture.

Considering that geometric transformations may alter the position of the regions of
interest (ROIs), the corresponding bounding box coordinates must be updated accordingly.
Therefore, the data augmentation process was implemented using the Albumentations
library [21], which enables the application of geometric and photometric transformations
while maintaining consistency between the modified images and their associated anno-
tations. From each image in the training set, 30 augmented versions were generated,
increasing the total number of images from 51 to 1530.

2.2.3. Model Construction

The proposed model aims to automatically estimate the coordinates of the bounding
boxes that delimit the regions corresponding to the plantar areas of the feet. Unlike pixel-
level segmentation approaches, this method is based on a direct regression model using
convolutional neural networks (CNNs).

The architecture was designed to receive the pre-processed thermal images and extract
relevant spatial features through a series of three convolutional layers followed by pooling
layers. The extracted features are then processed by a fully connected layer, which produces
an output vector of eight values corresponding to the normalized coordinates of the
bounding boxes: (x1min, y1min, . . . , x2max, y2max). The normalized values were obtained
using a sigmoid activation function in the output layer.
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The loss function used was the Mean Squared Error (MSE), defined in Equation (1):

MSE =
1
n

n

∑
i=1

(yi−ŷi)
2 (1)

where n represents the total number of samples, yi denotes the ground-truth value (true
bounding box coordinates), and ŷi represents the value predicted by the CNN. MSE
penalizes large errors more strongly, allowing the model to learn more precise coordinate
estimations [22].

The model was optimized using the Adam optimizer, which provides stable conver-
gence even when working with limited datasets [23]. During training, a batch size of
16 images and a maximum of 50 epochs were used. Additionally, the early stopping and
reduce learning rate on plateau techniques were applied to stop the training process or
reduce the learning rate by half when no improvement in the validation loss was observed
for 6 and 3 consecutive epochs, respectively. The training and validation behaviour of the
model is illustrated in Figure 4.

 

Figure 4. Validation loss.

As shown in Figure 4, the training process stopped after 13 epochs due to the absence
of improvement in the validation loss. Although a slight level of overfitting can be observed,
it does not significantly compromise the model’s ability to generalize to new data.

2.2.4. Thermal Preserving and Homogenization

Each plantar surface delimited by the estimated bounding boxes was cropped from
the original thermal image. In order to remove background noise and preserve only the
thermal information corresponding to the plantar region, a thresholding operation was
applied, as defined in Equation (2):

IT(i, j) =

{
I(i, j)i f I(i, j) ≥ T
0 i f I(i, j) < T

(2)

where I(i, j) represents the plantar surface image, T = 20 corresponds to the threshold
value defined in this study, and IT(i, j) denotes the resulting thresholded image. No
significant isolated pixels or fragmented regions were visible in the resulting images after
thresholding, so no additional smoothing or morphological post-processing was necessary.
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Since the deformity analysis was performed using only one foot per participant,
which could correspond to either the left or right foot depending on the subject, images
corresponding to the left foot were horizontally flipped to maintain a consistent anatomical
orientation across all samples in the dataset.

Finally, all images were resized to a fixed spatial resolution of 170 × 330 pixels in order
to ensure a homogeneous representation of the plantar surface prior to the subsequent
stages of analysis and feature extraction.

2.3. Feature Extraction and Selection
2.3.1. Intensity Profile

The intensity profile is a one-dimensional representation commonly used in image
analysis to describe the spatial variation in pixel intensity along a specific axis of an
image [24]. In this study, the information contained in a two-dimensional image is projected
into a one-dimensional vector by averaging the pixel intensities along one of its dimensions.

Let IT ∈ RM×N be a thermal image representing the plantar surface of the foot, where
M and N denote the number of rows and columns, respectively, and IT(i, j) represents
the intensity value at position (i, j). The intensity profile is computed by averaging the
intensity values across each column, as defined in Equation (3):

x(j) =
1
M

M

∑
i=1

IT(i, j), j = 1, . . . , N (3)

where x(j) denotes the average intensity of column j. The resulting vector x ∈ R1×N

describes the longitudinal thermal distribution of the plantar surface of the foot. The
representation of the intensity at the foot is illustrated in Figure 5.

 

Figure 5. Representation of the intensity profile.

2.3.2. Statistical Features

Considering that each intensity profile preserves the spatial thermal distribution along
the longitudinal axis of the foot, each vector was divided into three main anatomical regions:
heel, arch, and forefoot. The vector segmentation was performed assuming that the first
20% of the total vector length corresponds to the heel region, the interval between 20% and
60% corresponds to the plantar arch, and the remaining 40% corresponds to the forefoot
region (Figure 6).
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Figure 6. Proposed plantar regions.

This division was defined to capture the thermal behaviour of anatomically and
biomechanically distinct plantar regions, since temperature distribution may be influenced
by factors such as blood flow, plantar pressure, and other physiological variables.

From each section of the intensity profile, the statistical features presented in Table 2
were extracted. These features describe different aspects of the thermal behaviour, including
absolute temperature levels, thermal variability, regional temperature differences, and local
thermal gradients.

Table 2. Foot Thermal Features.

Feature Equation

Max max(x)
Min min(x)

Mean x = 1
N

N
∑
i

x(i)

Variance s2 = ∑N
i (x(i)−x)2

N−1
Difference between the heel and the toe dTH = xT − xH

Foot arch gradient GA = 1
N−1

N−1
∑
i
|xA(i + 1)− xA(i)|

2.3.3. Cohen’s D Feature Selection

Cohen’s D is a statistical measure used to evaluate how separable two distributions
are by quantifying the magnitude of the difference between the means of two groups in
units of standard deviation [25]. Cohen’s D is defined in Equation (4) as

d =
µ1 − µ2

sp
(4)

where µ1 and µ2 represent the mean of group 1 and group 2, respectively, and sp corre-
sponds to the pooled standard deviation, defined in Equation (5) as

sp =

√
(n1 − 1)s2

1 + (n2 − 1)s2
2

n1 + n2 − 2
(5)

where s2
1 and s2

2 denote the variances of each group, and n1 and n2 represent the number
of samples in each group. According to the interpretation proposed by Jacob Cohen, the
typical values of d can be categorized according to their magnitude, as shown in Table 3 [25].
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Table 3. Cohen’s D interpretation.

Cohen’s D Interpretation

0.2 Small effect
0.5 Moderate effect
0.8 Large effect

From the perspective of a classification problem, such as the one addressed in this
study, Cohen’s D is computed for each feature by comparing the two groups (normal
foot and cavus foot). Features with larger Cohen’s D values indicate a greater difference
between groups and therefore a higher discriminative capability. Accordingly, the features
were ranked based on the absolute value of |d|, and the top k = 4 features with the highest
magnitude were selected.

2.4. Model Implementation

Considering the distinction between normal foot and cavus foot based on the thermal
behaviour of the plantar surface as a binary classification problem, three machine learning
models were evaluated: logistic regression (LR), support vector machines (SVMs), and
k-nearest neighbours (KNNs) [26].

Logistic regression is a probabilistic linear model commonly used for binary classi-
fication problems, which estimates the probability of class membership using a logistic
function. Support vector machines (SVMs), on the other hand, aim to find the optimal
hyperplane that maximizes the separation between classes in the feature space. In contrast,
the KNN algorithm performs classification by assigning the most frequent label among the
k nearest samples in the feature space.

Due to the limited number of samples available in this study, the models were evalu-
ated using a Leave-One-Subject-Out (LOSO) cross-validation strategy. In this approach, the
features corresponding to a single participant are used as the test set, while the samples
from the remaining participants are used for training. This process is iteratively repeated
for each subject in the dataset, ensuring that each participant is used once as the test sam-
ple. The final performance of each model is obtained by aggregating the results across all
iterations. This methodology allows evaluating the generalization capability of the models
to unseen patients, while simultaneously reducing the risk of overfitting associated with
small datasets.

Finally, the performance of each model was evaluated using the accuracy, precision,
recall, and F1-score metrics.

2.5. Evaluation Metrics
2.5.1. Regression Metrics

Since the regression model is based on the estimation of bounding boxes, the Mean
Absolute Error (MAE) and the Intersection over Union (IoU) metrics were used to eval-
uate its performance. The MAE measures the average numerical difference between the
predicted and ground-truth values (Equation (6)):

MAE =
1
N

N

∑
i=1

|yi − ŷi| (6)

IoU, on the other hand, quantifies the degree of overlap between the bounding box
predicted by the model and the ground-truth bounding box [27], as defined in Equation (7):

IoU =
Intersection Area

Union Area
(7)
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where the intersection area represents the overlapping region between the predicted and
ground-truth bounding boxes, whereas the union area corresponds to the total area covered
by both regions [27].

2.5.2. Classification Metrics

The confusion matrix is an n × n square matrix that shows the performance of a
classification algorithm, where each column reports the results of the predicted class, each
row represents the actual results of each class, and n indicates the number of classes. For
the specific case of a binary problem, such as normal and cavus foot, Figure 7 shows the
confusion matrix.

 

Figure 7. Confusion matrix for a binary classification case.

3. Results
3.1. ROIS Segmentation Model

Based on the learning curves presented in Figure 4, the segmentation performances
achieved by the proposed CNN were evaluated on the training, validation, and testing
datasets. The corresponding results are summarized in Table 4.

Table 4. Evaluation metrics Segmentation model performance.

Metrics Train Validation Test

MAE 0.0056 0.0105 0.0137
IOU 86.77% 84.91 83.07%

Although the model does not achieve IoU values above 90%, the predicted bounding
boxes adequately cover the regions of interest corresponding to the plantar surface, which
allowed the subsequent processing stages to be performed without significantly compro-
mising the thermal analysis. Figure 8 shows the bounding box produced by the model.

Figure 8. Regression model inference, comparison between obtained bounding box and real
bounding box.
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It is important to note that the IoU metric penalizes even small spatial displacements
between the predicted and ground-truth bounding boxes. In this context, variations in the
order of ±5 pixels may noticeably reduce the numerical value of the IoU while still maintain-
ing an adequate practical localization of the regions of interest for the subsequent analysis.

3.2. Feature Extraction and Cohen’s D Feature Selection

Considering that both groups consisted of 12 samples per class, the computation of
the features described in Table 3 resulted in a feature matrix of dimension (12 × 16) for
each group, where 12 corresponds to the number of patients per class and 16 represents the
total number of extracted thermal features.

Table 5 presents six of the features that showed the highest statistical separation
between groups, according to the Cohen’s D coefficient.

Table 5. Cohen’s D results.

Feature Cohen’s D
|d|

Heel Variance 0.951
Toe Variance 0.798

Min Toe 0.771
Heel-Toe Difference 0.770

Arch Gradient 0.486
Mean Toe 0.479

Based on these results, four features with the highest discriminative power were
selected: variance in the heel region, variance in the forefoot region, the minimum value
in the forefoot region, and the thermal difference between the heel and the forefoot. This
selection allowed reducing the dimensionality of the dataset while preserving the most
discriminative thermal characteristics between both conditions.

3.3. Classification Model Performance

Considering the Leave-One-Subject-Out (LOSO) cross-validation strategy applied
to the classification models, the average performance across all iterations was computed
for each evaluation metric. Table 6 presents a comparison of the model performance
using both the full set of extracted features and the four best features selected using
Cohen’s D coefficient.

From the results shown in Table 5, a general improvement in model performance can
be observed when using only the four selected features. This behaviour suggests that the
proposed thermal indicators provide greater discriminative capability between normal
foot and cavus foot conditions, while simultaneously reducing the dimensionality of the
feature space.

Figure 9 shows the confusion matrices of the models using the features obtained
through the Cohen selector, providing a more detailed visualization of performance. As can
be seen from the figure, all models struggle to correctly identify patients with cavus foot.
This behaviour suggests that thermal features associated with cavus foot present greater
inter-subject variability or overlap more with features of a normal foot. This limitation
highlights the need for a larger sample size to improve detection of the cavus foot condition.
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Table 6. Model Performance.

Model Feature Performance

LR

All features

Accuracy: 50%
Precision: 50%
F1-Score: 50%

Recall: 50%

SVM

Accuracy: 54.1%
Precision: 53%
F1-Score: 56%
Recall: 58.3%

KNN

Accuracy: 62.5%
Precision: 66.6%
F1-Score: 57.1%

Recall: 50%

LR

Heel Variance, Toe Variance,
Min Toe, Toe–Heel difference

Accuracy: 62.5%
Precision: 63.6%
F1-Score: 60.8%

Recall: 58.3%
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Figure 9. Confusion Matrix: (a) Logistic Regression, (b) SMV, and (c) KNN.
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Among the evaluated models, the KNN classifier achieved the best performance, using
k = 5 neighbours, reaching the highest precision and F1-score values. This result suggests
that the separation between classes in the feature space does not follow a strictly linear
boundary, which favours the performance of local neighbourhood-based methods such as
KNN. It is important to note that the model is intended as a tool to assist with the initial
screening of plantar arch abnormalities. From this perspective, it is more important to
minimise false negatives associated with the cavus foot class than false positives. A false
negative could prevent an individual with a potential biomechanical abnormality requiring
specialised evaluation from being identified, whereas a false positive would merely lead to
an additional clinical assessment.

Using this approach, the results show that the KNN classifier produced four false
negatives for the cavus foot class and correctly identified eight of the twelve available cases
(66.7% sensitivity). While the number of false positives is low (two cases), the number of
false negatives is still clinically significant as it implies that approximately one-third of
individuals with cavus feet would not be detected by the system. These results suggest that,
while the model can differentiate between the two conditions, the number of clinical cases
must be increased, and strategies to improve classification sensitivity must be explored, to
enable a more robust distinction between normal and cavus feet.

4. Discussion
The aim of this study was to detect cavus and normal foot types using infrared

thermography and machine learning techniques. The obtained results show that the
classification model based on geometric features derived from foot segmentation achieved
an accuracy of 75% using the kNN algorithm. The present study was conducted using a
dataset composed of 74 thermal images used for the segmentation of both feet, from which
24 labelled thermal samples correspond to individuals with cavus foot deformity and a
control group.

Table 7 presents an overview of previously reported methods for foot type classifica-
tion based on image analysis and machine learning, including the proposed thermographic
approach. Previous image-based approaches using plantar footprints or pressure maps
have reported classification accuracy exceeding 90% [12,28–30]. In contrast, the proposed
thermographic method achieved a lower performance (75%), which may be related to
differences in the type of information analysed and the methodological approach em-
ployed. While previous studies relied on structural or biomechanical features directly
derived from footprint images or plantar pressure maps, frequently combined with more
complex machine learning models and larger datasets, the proposed thermographic ap-
proach is based on physiological information associated with thermal distribution patterns
rather than purely morphological characteristics. Although this may limit the ability to
capture subtle discriminative patterns related to foot structure, infrared thermography
offers several advantages, including non-contact image acquisition, lower computational
complexity, methodological simplicity, and improved interpretability. Furthermore, this
work represents an exploratory and novel approach for automatic foot type classification
using thermal images. In this sense, the present study aims to establish the foundations for
the use of infrared thermography in foot type classification, while opening opportunities
for future improvements through larger datasets, standardized acquisition protocols, and
the implementation of more advanced machine learning or deep learning models.
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Table 7. Image-based and machine learning methods for foot type classification.

Author (Year) Image Modality Method Classification Target Main Contribution

Chae et al.
[12] Plantar pressure VGG16 and k-NN, Concave, normal, flat Dynamic plantar

pressure analysis
Aruntammanak

et al. [28] Footprint ANN Flat, normal foot Structural footprint-based
classification

Iwakami et al. [29] Plantar pressure AdaBoost + Decision
tree Flat, normal, high arch Dynamic plantar

pressure analysis
Sawangphol et al.

[30] Plantar pressure Decision tree Flat, normal, high arch Plantar morphology
classification

Our proposal Thermography KNN Cavus and normal foot Physiological thermal-pattern
analysis

5. Limitations
Despite the encouraging results obtained, this study presents several limitations that

should be considered in future work. First, the size of the dataset was relatively small,
which may have affected the ability of the models to generalize patterns across different
foot types. Second, the proposed approach was mainly based on geometric features derived
from segmentation, which reduces model complexity but may overlook more complex
thermal information that could potentially improve classification performance. Thirdly,
the study only included patients with normal or cavus feet, as an assessment revealed that
only one participant had flat feet. Finally, the lack of previous studies specifically focused
on foot type classification using thermography limits the possibility of direct comparisons
with established methodologies, although it also highlights the original and exploratory
nature of this work. Based on these limitations, several future research directions can be
proposed. Firstly, it is important to expand the dataset by including a larger number of
subjects in each group. Furthermore, the flat-footed group should be included. This could
improve the generalization capability of the models and potentially allow the exploration
of deep learning approaches. Additionally, incorporating thermal features directly derived
from the images could help evaluate whether artificial intelligence models can detect subtle
thermal patterns associated with different foot morphologies. In this way, future work
would not only aim to improve the performance metrics of the models but also open a novel
research direction involving infrared thermography for the evaluation of foot morphology.

6. Conclusions
This work proposed a method based on infrared thermography and artificial intelli-

gence for foot type detection, integrating an automatic segmentation of the plantar region
and a classification stage based on morphological features extracted from that region. In the
segmentation stage, Intersection over Union (IoU) values of 86.77% for training, 84.91% for
validation, and 83.07% for testing were obtained, demonstrating a high level of agreement
between the predicted segmentations and the reference masks. In the classification stage,
the best performance was achieved by the k-Nearest Neighbour (kNN) algorithm, reaching
75% accuracy, 80% precision, 72.2% F1-score, and 66.6% recall. The main practical contri-
bution is demonstrating the feasibility of using thermographic images alongside artificial
intelligence techniques to automatically and objectively identify foot types rapidly and
non-invasively. Furthermore, this methodology can be used as a basis for the assessment of
other foot conditions.
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