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Abstract — Foot tumors are rare but diagnostically challenging due to overlapping symptoms with benign conditions.
Automated image-based detection can aid early identification and reduce misdiagnosis. This study explores the use of
GLCM-based feature extraction to classify foot magnetic resonance imaging, focusing on the presence or absence of tumors.
The features were classified using logistic regression, decision tree, and random forest. Model performance was evaluated
under a five-fold cross-validation framework with scaled features. Experimental results demonstrated strong classification
performance, with all models achieving scores between 0.97 and 1.0 across defined metrics. Correlation analysis further
revealed that homogeneity, energy, and angular second moment (ASM) had negative associations with the target, while other
features showed positive correlations. These findings provide evidence that classical machine learning models, supported by
feature engineering, are effective for the detection of foot tumors in absence and presence.
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I. INTRODUCTION

The composition of the foot consists of complex
structures surrounded by diverse tissues whereas each
is capable of being the origin for the development
of tumors [1]. Approximately a total of 80% of foot
tumors are typically benign in pathology [2]. Based
on a 20-year retrospective study conducted at a mus-
culoskeletal tumor referral center, from a total of
2,660 tumors treated between 1986 and 2006, only
5.75% were in the foot and ankle [3]. Among the
153 cases of foot tumors, a significant proportion of
nearly 40% are malignant, which is relatively high
compared to other anatomical sites [3]. More than 90%
of patients commonly present with localized swelling,
and around 50% report experiencing pain [4]. However,
specific clinical indicators such as the lesion size,
pain, or prior trauma are often nonspecific and may
not be reliable to indicate a tumor. Conspicuously,
the malignant potential of foot tumors is frequently
underestimated, as benign lesions can cause severe
pain, whereas some malignant tumors may remain

painless and progress slowly over several years [5], [6].
Given the rarity and diversity of foot tumors, coupled
with the absence of pain, fractures, or other distinctive
symptoms, a misdiagnosis can occur, often leading to
delayed treatment and increased morbidity [4], [7].
Although plain radiographs are often used as an initial
diagnostic tool, they provide limited information for
tumor detection. multidetector computed tomography
(MDCT), on the other hand, remains the gold standard
for accurately characterizing soft tissue lesions [8].
However, interpreting MDCT scans requires consid-
erable expertise and may be subject to diagnostic vari-
ability. Given these diagnostic challenges, researchers
have increasingly turned to computational methods
to support clinical decision-making. In this context,
automated interpretation powered by deep learning
offers the potential to act as an early screening tool,
helping to flag suspicious tumors for further clinical
evaluation.

Machine learning learning has long been used in
the medical imaging field, among other applications
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such as computer-aided diagnosis (CAD), radiomics,
and medical image analysis [8]. The growth of medical
imaging and Artificial Intelligence (AI) has created
many possibilities in the field of healthcare. By com-
bining these two fields, it has revolutionized various
aspects of medical practices such as early diagnosis de-
tection and accurate diagnosis to personalize treatment
planning and improved patient outcomes. Automated
image analysis itself in the medical field involved
automatic parameterization of diagnostic images, aside
from the manual physician evaluation that has been
done. It produces more informative features than raw
pixel intensities. In some cases, it achieves either
comparable or outperform diagnostic accuracy than
physicians, as it improves the sensitivity, specificity,
and reliability through ROC-based analysis [9]. AI
applications in medical fields have also been exten-
sively explored for tumor detection. Such as how many
Computer-Aided Diagnostic (CAD) systems have been
developed to automatically detect abnormalities on the
brain [10]–[12], Positron Emission Tomography (PET)
imaging to classifying the stage of lung tumor [13], us-
ing AI to analyze, monitor, and interpret the complex-
ity of tumor imaging, enabling real-time monitoring of
tumorigenesis and biophysical properties through high-
throughput imaging systems [14]. Despite significant
advancements in applying AI to tumor detection and
modeling, its applications in foot tumor detection are
limited, thereby presenting a distinct gap within the
broader landscape of tumor-focused medical imaging
studies. This gap underscores the need to investigate
alternative approaches that can work effectively even
with limited datasets, such as combining machine
learning with established feature engineering methods.

One of the main challenges in this domain is
the limited availability of large-scale datasets, which
highlights the importance of methods that can still
extract meaningful information under such constraints.
Machine learning methods have shown success in var-
ious imaging domains. However, for settings with lim-
ited datasets, handcrafted feature engineering remains
valuable. Among the established approaches, texture-
based methods such as the Gray Level Co-occurrence
Matrix (GLCM) have demonstrated effectiveness in
tumor characterization [15]. GLCM itself is a statistical
method for analyzing texture in images [16]. It has
been used in other studies about tumors detection
such as lung tumors detection [17], for brain tumor
classification [18], [19] , and other tumor-related tasks.
However, research specifically addressing foot tumors
remains scarce, leaving this area relatively underex-
plored compared to other tumor domains. Building
on this gap, our work introduces a novel perspective
by framing foot tumor analysis as a classification
task. Whereas most tumor classification studies focus
on distinguishing between different tumor types or
variants against healthy tissue, we begin with the more
fundamental step of separating tumor-present from

tumor-absent cases. This framing provides a unique
angle for our study and serves as a critical foundation
for advancing AI-driven foot tumor diagnostics.

This study investigates the role of GLCM-based
feature extraction in the classification of foot MDCT
scans, focusing on present and absent tumor detection.
The main contribution of this study as follows:

a) We explore how GLCM extracts discriminative
features from foot tumor images.

b) We evaluate whether the engineered features
contribute to strong model performance across
different classifiers.

c) We assess the effectiveness of the resulting mod-
els in detecting the presence or absence of foot
tumors.

d) We provide a foundation for future advance-
ments by outlining how feature engineering ap-
proaches may be compared with filter-based ma-
chine learning and deep learning methods such
as convolutional neural networks (CNNs).

By addressing these research questions, our work
contributes novel insights into feature engineering for
rare tumor detection and sets the groundwork for
subsequent studies aimed at improving automated di-
agnostic tools for foot tumors.

II. LITERATURE RESEARCH

A. Foot Tumor: Clinical and Diagnostic Context

Although tumors of the foot and ankle represent
only a small proportion of musculoskeletal neoplasms,
their diagnosis poses unique challenges due to their
rarity, overlapping presentation with pseudotumorous
lesions, and the low clinical awareness among practi-
tioners [20]. Epidemiological analyzes have also shown
that while most of the soft tissue masses of the
foot and ankle are benign, distinguishing malignant
from benign lesions is not straightforward, as clinical
indicators such as pain or duration of symptoms are
unreliable. Instead, factors such as increasing patient
age, larger lesion size (≥4.0 cm), and male gender have
been identified as significant predictors of malignancy,
underscoring the complexity of risk stratification in
routine clinical practice [21]. Conventional radiographs
are often the first-line imaging tool in evaluating
suspicious foot lesions, yet their ability to delineate
soft-tissue tumors is limited, particularly when precise
localization and tissue characterization are required.
In contrast, MDCT has demonstrated high accuracy
in assessing the anatomic extent and compartmental
involvement of foot tumors, frequently allowing correct
distinction between benign and malignant lesions and,
in some cases, even suggesting specific benign diag-
noses such as hemangiomas, ganglion cysts, or plantar
fibromatosis [22]. MDCT is therefore considered the
modality of choice for soft-tissue tumor assessment
in the foot, as it provides clear delineation of tumor
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margins and often identifies characteristic features of
common benign and reactive processes, although histo-
logic specificity remains limited [23]. Nevertheless, the
inherent limitations of MDCT in achieving definitive
histologic specificity, combined with the high cost
and potential overuse of advanced imaging, underscore
the need for automated diagnostic support tools that
can assist clinicians in risk stratification and decision-
making while optimizing resource utilization.

B. Medical Imaging Modalities in Tumor Diagnosis

As medical data continue to expand in both volume
and diversity, radiology remains a central focus due
to its high data density and diagnostic relevance [24].
Within this context, different imaging modalities play
distinct roles in tumor diagnosis, each offering specific
strengths and limitations. However, the interpretation
of medical images has traditionally relied on the
subjective judgment of radiologists, which introduces
variability and potential limitations in consistency [25].
Recent advances point toward a transition to quan-
titative imaging (QI), where objective metrics, such
as tumor growth rate, can enhance diagnostic preci-
sion and patient care. Comparative analyses of imag-
ing modalities further emphasize that each technique
carries distinct strengths and limitations, influencing
its suitability for different diagnostic contexts [26].
Factors such as cost-effectiveness, accessibility, and in-
terpretation variability also play a crucial role in deter-
mining their clinical application, while recent advances
are reshaping their role in patient care [26]. Diagnostic
imaging techniques (DITs) have become indispens-
able in modern medicine, offering noninvasive means
to examine internal structures and monitor treatment
response across multiple specialties. Among these,
conventional radiography, ultrasonography, computed
tomography (CT), and magnetic resonance imaging
(MRI) represent the most widely applied modalities,
each with unique principles, advantages, and chal-
lenges [27].

Radiography remains a valuable first-line modality,
particularly effective in detecting and characterizing
bone abnormalities due to its high spatial resolution
and accessibility. However, its utility in tumor diagno-
sis is limited by difficulties in reliably detecting tumor
boundaries, as edges often disappear, are obscured
by surrounding anatomical structures such as ribs,
or become buried in image noise, making interpreta-
tion highly challenging [28]. Ultrasonography provides
real-time imaging that is cost-effective and widely
available, with advanced techniques such as contrast-
enhanced transrectal ultrasound (CE-TRUS) improving
cancer detection rates through targeted biopsy. Never-
theless, its diagnostic performance remains constrained
by false-positive findings—often caused by benign
conditions such as hyperplasia or prostatitis—and false
negatives, particularly in small or well-differentiated
tumors, which limit its standalone reliability in com-

prehensive tumor evaluation [29]. Magnetic resonance
imaging (MRI) has established itself as the gold stan-
dard for evaluating musculoskeletal bone and soft-
tissue tumors, offering superior soft tissue contrast and
the ability to characterize tumor morphology in great
detail. Beyond conventional anatomical sequences, ad-
vances in functional and metabolic imaging further
enhance its diagnostic value. However, its widespread
application is challenged by the need to optimize
protocols for diverse tissue types, heterogeneous tu-
mor pathologies, and moving anatomical regions such
as the chest wall, which complicate standardization
across clinical practice [30]. Based on the three ad-
vantages and limitations, while radiography remains
indispensable for bone assessment and ultrasonogra-
phy offers real-time, accessible imaging with evolving
enhancements, both modalities face critical limitations
in reliably characterizing tumors. MDCT stands out by
providing unparalleled soft tissue contrast, functional
insights, and reproducible imaging features, making
it the most suitable foundation for automated tumor
analysis. Therefore, the strengths of MDCT in deliver-
ing detailed, quantitative, and consistent imaging data
not only establish it as the clinical gold standard but
also justify its central role in advancing machine learn-
ing–based diagnostic systems for tumor evaluation.

C. Feature Extraction in Tumor Image Analysis

Handcrafted feature extraction methods remain
valuable in medical image analysis, particularly when
datasets are relatively small and interpretability is
important. Among these approach, the Gray-Level Co-
occurrence Matrix (GLCM) has been widely applied
because it captures texture information by quantifying
the spatial relationships between pixel intensities. For
example, a recent study proposed a fuzzy logic-based
classification model that leverages GLCM features
combined with particle swarm optimization to effec-
tively categorize musculoskeletal radiographs (MURA)
as normal or abnormal, achieving promising results
with reduced computational resources [31]. Similarly,
another study applied texture analysis using Haralick’s
and GLCM-based features on 3D brain MRI scans,
demonstrating that measures such as contrast, corre-
lation, energy, homogeneity, and entropy are highly
useful for early tumor detection [32]. Further evidence
comes from breast cancer studies, where GLCM and
Gray Level Run Length Matrix (GLRLM) features
extracted from fine needle biopsy microscopic images
were classified using a KNN classifier, achieving up to
90% accuracy in distinguishing benign from malignant
tumors [33].

The strength of GLCM lies in its ability to capture
the spatial arrangement of pixel intensities, providing
descriptive statistics such as contrast, correlation, and
homogeneity that reflect the texture of an image, as
originally formalized by Haralick and colleagues in
1973 [34]. These findings across different imaging
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modalities highlight the effectiveness of GLCM fea-
tures in extracting meaningful patterns, thereby justi-
fying their role as a strong baseline before transition-
ing to deep learning methods such as convolutional
neural networks (CNNs). In addition, a hybrid method
combining Principal Component Analysis (PCA) with
GLCM for feature extraction, followed by classifica-
tion using a Probabilistic Neural Network-Radial Basis
Function (PNN-RBF) model, has been proposed for
brain tumor MRI images, achieving effective discrimi-
nation between normal, benign, and malignant cases
[35]. More specifically, GLCM characterizes image
texture by computing how often pairs of pixels with
specific gray-level values occur in a defined spatial
relationship, forming a matrix from which statistical
measures such as contrast, correlation, and homogene-
ity can be derived [18]. Recent research on colorectal
cancer further demonstrated that 3D GLCM features
extracted from multiple color space channels, when
combined with machine learning classifiers such as
QDA and SVM, achieved detection accuracies above
97%, confirming the continued strength of handcrafted
texture descriptors in tumor analysis [36].

While these handcrafted approaches are powerful
and interpretable, their reliance on predefined statistical
measures limits their adaptability to complex data
distributions. By contrast, deep learning models such
as CNNs automatically learn hierarchical representa-
tions from raw images, often surpassing handcrafted
methods in large-scale datasets. Thus, GLCM features
serve as an effective and interpretable foundation,
while CNN-based approaches provide scalability and
improved performance when sufficient data and com-
putational resources are available.

III. METHODOLOGY

A. Data Description

This study used a dataset from Mendeley Data that
consists of 296 multidetector computed tomography
(MDCT) scans of the foot and ankle, encompassing
both healthy and tumor-affected cases. The dataset is
divided into two categories, with 134 images labeled as
normal (healthy) and 162 images labeled as abnormal
(tumor-present). Each image is stored in JPEG (.jpg)
format with a standardized resolution of 512 × 512
pixels, ensuring consistency across all samples. The
images were originally obtained in MDCT format and
subsequently converted to JPEG for ease of handling
and computational processing.

All MDCT scans in this study were initially read
using the OpenCV library. Since the images were
originally in RGB format, they were converted into
grayscale prior to feature extraction to ensure compat-
ibility with the GLCM method. The grayscale conver-
sion represents each pixel intensity on a scale from 0
to 255, thereby preserving structural information while
reducing computational complexity. This preprocessing

step ensured that texture features could be extracted
consistently across the entire dataset.

B. Feature Extraction (GLCM)

Fig. 1. GLCM orientations

In this study, feature extraction was performed using
the Gray Level Co-occurrence Matrix (GLCM), a sta-
tistical method widely applied in medical imaging for
texture analysis. GLCM captures spatial relationships
between pixel intensities, thereby enabling the quantifi-
cation of texture characteristics that distinguish healthy
tissue from tumor-affected regions in MDCT scans.
From the computed matrices, ten descriptors were
extracted to provide a comprehensive representation
of image texture: contrast (local intensity variation),
dissimilarity (differences between neighboring gray
levels), homogeneity (smoothness of texture), angular
second moment (ASM) and energy (measures of textu-
ral uniformity), correlation (linear dependency of gray
levels), mean, variance, standard deviation, and en-
tropy (randomness or complexity of pixel distribution).
These features, collectively, serve as discriminative
indicators of underlying tissue properties and constitute
the input for the classification models developed in
this study. In particular, contrast, homogeneity, dissim-
ilarity, energy, and correlation serve as the primary
texture descriptors, while additional features such as
mean, variance, standard deviation, and entropy were
engineered from the co-occurrence matrix to enrich the
feature space and enhance the discriminative capacity
of the models.

To ensure a robust representation of spatial texture,
GLCM matrices were computed across multiple ori-
entations, specifically at 0◦, 45◦, 90◦, and 135◦, as
illustrated in Fig. 1. This directional variation enables
the extraction process to capture anisotropic textural
patterns, thereby improving the discriminative capacity
of the features for tumor detection tasks. Each feature
relies on the co-occurrence probability p(i, j, d, θ),
which represents the likelihood that a gray level i at a
reference pixel occurs with gray level j at a neighbor
pixel separated by distance d and orientation θ. Here,
i and j denote gray-level intensities, d is the pixel
distance, and θ represents the orientation angle [49].

Contrast measures the intensity difference between
neighboring pixels, highlighting texture variations.

Contrast =
∑
i

∑
j

(i− j)2p(i, j, d, θ) (1)
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While Dissimilarity quantifies the degree of local
variation, similar to contrast, but using the absolute
difference.

Dissimilarity =
∑
i

∑
j

p(i, j, d, θ)|i− j| (2)

Homogeneity evaluates the closeness of the distribu-
tion to the GLCM diagonal, assigning higher weights
to near-diagonal elements.

Homogeneity =
∑
i

∑
j

p(i, j, d, θ)

1 + |i− j|
(3)

Textural uniformity reflected energy, which is cal-
culated as the squared sum of the GLCM probabilities.

Energy =
∑
i

∑
j

p(i, j, d, θ)2 (4)

ASM is related to energy and measures image
smoothness.

ASM =
√

Energy (5)

Image complexity or randomness is captured by
Entropy, with higher values indicating more disorder.

Entropy = −
∑
i

∑
j

p(i, j, d, θ) ln
(
p(i, j, d, θ)

)
(6)

Finally, correlation assesses the linear dependency
between gray levels of neighboring pixels.

Correlation =
∑
i

∑
j

(ij p(i, j, d, θ)− µxµy) (7)

where µx, µy are the mean gray levels and σx, σy are
the corresponding standard deviations.

In addition to these, statistical descriptors were also
extracted. The mean represents the average gray-level
value weighted by its co-occurrence probability.

Mean =
∑
i

i ∗ p(i, j, d, θ) (8)

Variance quantifies the spread of gray levels around
the mean, providing a measure of texture heterogeneity.

Variance =
∑
i

p(i, j, d, θ)(i−mean)2 (9)

Finally, the standard deviation is defined as the
square root of the variance, serving as a complemen-
tary measure of dispersion in the texture distribution.

std =
√
variance (10)

C. Feature Scaling

In this research, feature scaling was applied to stan-
dardize the extracted GLCM features before they were
used for classification. Specifically, z-score normal-
ization was employed, which transforms each feature
by subtracting its mean and dividing by its standard
deviation. Z-score normalization (also known as Stan-
dardization) transforms data to have a mean of 0 and
a unit variance [37], [38].

Xnorm =
X − µ

σ
(11)

This process ensures that all features have a mean
of zero and a standard deviation of one, thereby re-
ducing the influence of varying scales among different
feature metrics. Normalization not only facilitates a
fair comparison across features but also improves the
stability and convergence of machine learning mod-
els, particularly those sensitive to feature magnitude
differences. By applying z-score normalization, the
extracted texture features were placed on a common
scale, enhancing their effectiveness in discriminating
between healthy and tumor-affected foot MDCT scans.

D. Classification Model

To evaluate the effectiveness of the extracted GLCM
features, we employed a set of widely used machine
learning algorithms, representing different paradigms
of classification. Linear models were represented by
Logistic Regression, which models the probability of
class membership based on a linear combination of
input features and is well-suited for binary classifica-
tion tasks [39]. Tree-based models included Decision
Tree, which recursively partitions the data space based
on feature thresholds [40], and Random Forest, an
ensemble method that aggregates multiple decision
trees to improve generalization and mitigate overfitting
[41]. Additionally, Extreme Gradient Boosting (XG-
Boost) was utilized as an advanced gradient boosting
framework, known for its efficiency and ability to
handle complex, structured data [42]. From the prob-
abilistic family, we applied Naı̈ve Bayes, which relies
on Bayes’ theorem under the assumption of feature
independence, offering computational simplicity and
robustness in certain scenarios [43]. A distance-based
approach was represented by k-Nearest Neighbors
(KNN), which classifies instances based on the major-
ity class of their nearest neighbors in the feature space
[44]. Finally, we included the Support Vector Machine
(SVM), a margin-based classifier that seeks an optimal
hyperplane to maximize class separation, particularly
effective in high-dimensional feature spaces [45].

By employing this diverse set of models, we aimed
to conduct a comprehensive comparative analysis, al-
lowing us to assess the relative strengths of linear ver-
sus non-linear, probabilistic versus distance-based, and
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single versus ensemble approaches for the detection of
foot tumors from MDCT scans.

E. Evaluation Metrics

The performance of the classification models was
assessed using multiple evaluation metrics to capture
different aspects of predictive capability. First, we
utilized the confusion matrix, which provides a detailed
breakdown of true positives, true negatives, false posi-
tives, and false negatives, thereby offering insights into
classification accuracy and error distribution [46].

Accuracy =
TP + TN

TP + FP + TN + FN
(12)

Precision =
TP

TP + FP
(13)

Recall =
TP

TP + FN
(14)

F1 = 2× Precision × Recall
Precision + Recall

(15)

TPR = Recall (16)

FPR = (1− TPR) (17)

To further evaluate discriminative ability, we calcu-
lated the Area Under the Receiver Operating Charac-
teristic Curve (ROC AUC), which reflects the trade-
off between sensitivity and specificity across different
thresholds and is widely regarded as a robust measure
for binary classification tasks [47].

AUC =

n−1∑
k=1

(FPRk+1−FPRk)·(TPRk+TPRk+1)
2 (18)

In addition, the coefficient of determination (R-
squared) was used to quantify the proportion of vari-
ance in the dependent variable explained by the model,
offering an additional perspective on model fit and
predictive consistency [48].

R2 = 1−
∑m

i=1(Xi − Yi)
2∑m

i=1(Y − Yi)2
(19)

In this equation, Xi denotes the predicted value for the
i-th observation, Yi represents the actual ground-truth
value, and Y is the mean of the observed values. The
numerator,

∑m
i=1(Xi − Yi)

2, represents the residual
sum of squares (RSS), which measures the discrepancy
between the predictions and the true values. The de-
nominator,

∑m
i=1(Y − Yi)

2, corresponds to the total
sum of squares (TSS), indicating the total variance
present in the data. Thus, R2 ranges from 0 to 1, where
values closer to 1 indicate that a larger proportion of
the variance in the dependent variable is accounted
for by the model, while values near 0 indicate poor
explanatory power [50].

To ensure reliability and mitigate overfitting, model
evaluation was conducted using stratified a 5-fold

cross-validation strategy, whereby the dataset was par-
titioned into five equal subsets. Each model was iter-
atively trained on four subsets and validated on the
remaining one, with the process repeated five times
to cover all folds. The final performance for each
metric was reported as the average value across the
five folds, thereby providing a more generalized and
stable estimate of model performance.

IV. RESULT

Fig. 2. Individual feature average per orientation

We extracted the GLCM features on three angles:
0, 45, and 90 degrees at a distance of one, giving rise
to features with three different orientations each. The
features stemmed from 296 data are investigated to
procure holistic comprehensive insight. To this end, we
scaled the features under MinMax scaler function and
gathered the feature orientation average individually.
Fig. 2 highlights a notable disparity in average per
orientation among the features studied, revealing that
contrast, dissimilarity, homogeneity, and correlation are
more varied than energy and entropy.

Table 1. Average correlation of features against targets
GLCM features Correlation coefficients

Std 0.88
Mean 0.80

Variance 0.80
Entropy 0.79

Dissimilarity 0.73
Contrast 0.69

Correlation 0.63
Homogeneity -0.78

Energy -0.79
ASM -0.81

We explored further the correlation between the
features and targets by averaging the correlation co-
efficient score deduced under three angles. Table 1
itemized a detailed tabulation of the scores within the
range -1 to 1 systematically. According to the table,
metrics such as homogeneity, energy, and ASM have
negative correlations, whereas the remaining exhibit
positive correlations towards targets.

All models advanced in this research originated
from state-of-the-art sklearn. We trained the deter-
mined models under scaled features, demonstrating
the result in Table 2. The table suggests evaluation
scores across defined metrics. We computed models
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Table 2. Models performance
Models Acc Prec Rec F1 AUC r2

Logistic 1.0 1.0 1.0 1.0 1.0 1.0Regression
Decision 0.99 0.99 0.99 0.99 0.99 0.97Tree
Random 1.0 1.0 1.0 1.0 1.0 1.0Forest

average performance across folds since we managed
the training in a five-fold cross-validation fashion.
As the table records, all models achieved significant
performance from 0.97 to 1.0 regarding the metrics.

V. DISCUSSIONS

We captured the GLCM features at 0°, 45°, and 90°
to preserve the features unique, as initial assessments
demonstrated that the remaining angle within the range
of 135° to 315° by 45° in difference yields overlap
features towards those three. In order to enhance the
interpretability of Fig. 1, we bifurcate the features
based on their average scores. Features exhibiting a
score less than 0.5 are posited to the low-average
category, whereas those with scores exceeding or equal
to 0.5 are posited to the high-average category. The en-
ergy at any orientations shows scores resembling 0.75,
suggesting high uniformity on co-occurrence pixels at
an offset of 1. The presence of repetitive patterns, in
which numerous similar neighbor pairs appear with
similar frequencies, leads to a diminished entropy
score of approximately 0.29 at any orientations. The
number implies low information complexity. The high
correlation averages at 90° orientation provide notable
evidence for the strong dependency between perpen-
dicular pixels. Simultaneously, the extracted features at
0° and 45° orientation are lower yet relatively signifi-
cant compared to others. The contrast and correlation
have a reverse relationship due to the distribution of
gray co-occurrence matrix elements that fall close to
the diagonal. It indicates that most data have smooth
surfaces signified by marginal grey intensity. Further-
more, the negative association of dissimilarity versus
homogeneity also corroborates the findings.

The aforementioned features are the GLCM key
features. However, given the relatively small dataset,
we engineered a few features originating from gray
co-occurrence matrix elements and GLCM features
to expand the feature dimensions, yielding improved
generalizability. The feature engineering produced ad-
ditional features, which are present in Table 1 but
absent in Fig. 1. Table 1 reveals how individual features
bond to the target. The negative relationship nature
of homogeneity, energy, and ASM indicates that the
lower the value of the features, the more the data tends
to be recognized as a healthy foot. Conversely, the
data with the remaining features are distinguished as
metastasized ones. Nonetheless, it is crucial to note
that their association does not establish causality for
data to hold a specific target.

The feature engineering brought to boost sample
efficiency has proven to improve model performance.
In addition, parameter tuning is also instrumental in
achieving those performances. We did not find our
model experiencing overfitting based on the param-
eter tuning experiment. For validation purposes, we
subjected the per-fold performance of models, preced-
ing computing the performance in average. Individual
model performance shows that a significant gap in
per-fold performance did not emerge but merely 0.02
maximum for confusion matrix, AUC, and R-squared.
The profound performance implicitly stated that the
computation behaviour of the specified models learns
the data effectively. The notable performance of a
logistic regression, illustrates that the sigmoid deci-
sion boundaries by threshold of 0.5 operated reliably.
Ultimately, the 296x30 feature size in this study is
considered small-to-medium so that data non-linearity
is effectively handled.

VI. CONCLUSIONS

We conclude that all results and findings are worth
considering as the main reference on tumor detection
application advancement, especially foot tumors. Al-
though the latest tumor detection study ubiquitously
addresses the detection under a combined healthy and
tumor variant image dataset, our research paves an
alternative way for two-stage foot tumor detection. In
this research, we propose the first stage of the method.
This research procures compelling evidence that the
specified models are adept at resolving presence-
absence foot tumor detection. Moreover, our study
underscores how the applied feature engineering on
three orientations and designated offset did not hinder
the determined models.

Despite the excellence, we encourage further re-
search to harness filter-based methods such as Con-
volutional Neural Networks (CNN) to excavate the
knowledge in the GLCM versus CNN comparison. Be-
sides, RNN-based models embody temporal dependen-
cies, and attention-based transformer models remain
underexplored for such a detection task. Nevertheless,
the mentioned models might require a larger amount
of data to attain top-notch performance, so data aug-
mentation or labeled data gathering is indispensable.
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