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FOREWORD AND ACKNOWLEDGMENTS

Engineering sciences are continuously adapting to rapidly changing technological
advancements and emerging challenges, striving to deliver solutions that enhance human well-
being. In this context, the convergence of engineering disciplines contributes significantly to
solving complex problems with innovative approaches. Innovation and Applications in
Engineering aims to present the latest developments, theoretical frameworks, and practical
applications in applied engineering fields. This comprehensive work, prepared by experts and
researchers in the field, highlights the multidisciplinary nature of engineering, encompassing
studies ranging from artificial intelligence and medical diagnostics to mechanical dynamics and
energy systems.

In the first chapter, a deep learning-based approach for the classification of medicinal plant leaf
diseases is presented. The study utilizes the AI-MedLeafX dataset and integrates Explainable
Artificial Intelligence (XAI) techniques to enhance the transparency and reliability of the
model. This chapter was prepared by H. H. ARAS and N. DOGAN.

In the second chapter, the focus shifts to autonomous systems, examining coordination and
decision policies in multi-agent autonomous driving under conditions of uncertainty. The study
aims to improve the safety and efficiency of autonomous vehicle interactions. This chapter was
prepared by M. BILBAN and O. INAN.

In the third chapter, a novel framework for information security is introduced, focusing on linear
similarity-driven deterministic steganography. By utilizing a matrix-based approach, the
authors propose a method to enhance data hiding capabilities. This study was prepared by M.
HACIMURTAZAOGLU and K. TUTUNCU.

In the fourth chapter, the dynamics of underwater towed cables are investigated through a
comprehensive approach combining experimental, numerical, and nondimensional analyses.
The study provides valuable insights into the behavior of submerged cable systems under
various conditions. This chapter was prepared by M. CAGLAR and H. GUNES.

In the fifth chapter, a decision support approach for investments is proposed, integrating Multi-
Criteria Decision Making (MCDM) and forecasting techniques. The study aims to provide a
robust framework for evaluating investment opportunities. This chapter was prepared by Y.
SAN and E. SENYIGIT.

In the sixth chapter, a quantitative analysis of neuronal dynamics is conducted using the Rulkov
neuron map. The research delves into the computational modeling of neural behavior,
contributing to the understanding of complex biological systems. This chapter was prepared by
M. M. ASLAN, F. DURAN, and N. KORKMAZ.

In the seventh chapter, the physicochemical variations of Camelina-based diesel-biodiesel-
ethanol blends are explored using data-driven multivariate mapping. The study investigates the
principal axes of variation to optimize fuel blends for performance and sustainability. This work
was authored by M. S. GOKMEN and H. AYDOGAN.



In the eighth chapter, the evolution of mechatronics is analyzed through the lens of Meta-system
Transitions Theory. The author provides a theoretical perspective on the development and future
trajectory of mechatronic systems. This chapter was prepared by N. A. ASPRAGATHOS.

In the ninth chapter, the performance of deep learning architectures, specifically MLP-Mixer
and ResNet50, is compared in the detection of coffee leaf diseases using raw data. The study
evaluates the effectiveness of these models in agricultural applications. This chapter was
prepared by M. CETINKAYA and S. SERVI.

In the tenth chapter, an explainable multi-scale deep learning framework is introduced for the
automatic detection of lung diseases using ultrasound imaging. The study emphasizes the
importance of interpretability in medical Al applications. This work was authored by T. CAPAR
and Y. ERYESIL.

In the eleventh chapter, the authors address feature selection in medical data using the Crested
Porcupine Algorithm and the Island Model. The study demonstrates the application of
metaheuristic optimization to improve data analysis in healthcare. This chapter was prepared
by G. YILDIZDAN.

In the twelfth chapter, the study focuses on the automation of medical measurements,
specifically angle measurement in orthoradiogram images using deep learning techniques. The
research aims to enhance the precision and efficiency of orthopedic diagnostics. This chapter
was prepared by M. GULEC, N. DOGAN, and H. E. KOCER.

We believe this book will serve as a valuable resource for researchers, students, and
professionals working in the engineering field. It aims to inspire readers with new ideas and
solutions, contributing to both scientific and applied studies. We extend our gratitude to all the
authors for their invaluable contributions and hope this work will open new horizons in the field
of engineering.

EDITOR
Prof. Dr. Nurettin DOGAN
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L INTRODUCTION

Medicinal and aromatic plants represent high-value biological resources widely utilized across pharmaceutical
manufacturing, nutraceutical production, and food technology. The phytochemical composition of these species is
closely linked to the physiological integrity of their leaf tissues, making the early and accurate detection of foliar
diseases essential for maintaining raw-material quality, improving productivity, and supporting sustainable
agricultural management practices. In large-scale cultivation environments, however, manual disease inspection is
often labor-intensive, time-consuming, and prone to subjective errors arising from variations in expert judgment.
These limitations underscore the need for automated, rapid, and reliable disease diagnosis systems. In recent years,
increasing attention has been directed toward image-based plant disease detection using computer vision and
machine learning approaches. Traditional image processing techniques rely on handcrafted features such as color,
texture, and shape, yet their performance is highly sensitive to environmental variability, illumination changes,
and natural morphological diversity. Consequently, these approaches often struggle to achieve robust
generalization under real-world field conditions [1].

Deep learning, particularly Convolutional Neural Networks (CNNs), has emerged as a transformative solution
due to its ability to autonomously learn hierarchical and discriminative feature representations from raw image
data. CNN-based models have demonstrated remarkable performance in various plant pathology applications
(Mohanty et al., 2016; Too et al., 2019). Transfer learning architectures such as DenseNet, Inception, VGG, and
NASNet have become increasingly dominant, achieving high accuracy scores when trained on sufficiently large
and diverse datasets. These models have expanded the practical feasibility of deploying Al-driven diagnostic tools
in agricultural production systems [2, 3].

Despite these advancements, the inherent “black-box” nature of deep learning remains a significant challenge,
especially in domains where decision transparency is critical. In agriculture—similar to medicine—understanding
the rationale behind a model’s prediction is essential for building user trust, validating model behavior, and
identifying potential causes of misclassification. Without such interpretability, the adoption of Al-based systems
by growers and field practitioners becomes considerably limited [4].

To address this issue, Explainable Artificial Intelligence (XAI) methods such as Gradient-weighted Class
Activation Mapping (Grad-CAM), SHapley Additive exPlanations (SHAP), and Local Interpretable Model-
agnostic Explanations (LIME) have been incorporated into plant disease classification pipelines. These techniques
provide visual and quantitative insights into the discriminative regions that guide model decisions, allowing
experts to verify whether the network is focusing on biologically meaningful structures. The integration of XAl
thus enhances both the interpretability and the reliability of automated diagnostic systems, facilitating broader
adoption in field applications [5].

Among the various architectures evaluated in recent years, DenseNet (Densely Connected Convolutional
Networks), specifically the DenseNet201 variant, has frequently emerged as a top performer in plant disease
classification tasks. In the context of distinguishing between subtle disease classes in medicinal plants, this
architecture proves exceptionally potent. A 2022 study comparing VGG16, InceptionV3, and DenseNet201 for
general plant disease diagnosis found that DenseNet201 achieved the highest training and validation accuracy,
peaking at 99.44% on a mixed crop dataset. The authors attributed this to the model's ability to simultaneously
retain high-level semantic features (like overall leaf shape) and low-level textural details (like the jagged margins
of a fungal spot) without information loss through down-sampling [6].

Furthermore, in complex multiclass scenarios involving mango leaf diseases—a crop with leaf morphology
somewhat similar to Cinnamomum camphora—DenseNet201 outperformed ResNet152V2 and Xception,
demonstrating superior capability in distinguishing between visually similar classes such as Sooty Mould and
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Powdery Mildew.13 Another study on apple leaf diseases reinforced this, showing DenseNet201 outperforming
MobileNet and ResNet50 with an accuracy of 98.75%, validating its robustness across different plant families.
The consensus in the literature suggests that for server-side applications where computational resources permit,
DenseNet201 offers the highest fidelity in feature extraction [7].

Recent literature confirms InceptionV3's enduring efficacy. A 2024 study on rice leaf disease classification
reported that InceptionV3 achieved an average accuracy of 99.64%, outperforming other heavyweights like
ResNet50 and VGG16. Its ability to process features at varying spatial resolutions allows it to maintain high
precision even when the disease symptoms appear at different scales due to varying camera distances or leaf sizes,
a common occurrence in field-collected datasets. However, some comparative analyses suggest that while
InceptionV3 excels in precision, it may sometimes lag behind DenseNet in recall rates for classes with highly
subtle texture differences, as the depth of feature propagation in DenseNet provides a slight edge in fine-grained
discrimination [8].

Research studies employing EfficientNet-B3 on mixed datasets (PlantDoc + Web) reached accuracies of 76.77%
to 80.19%, showcasing their capability to handle diverse, unconstrained images while maintaining a manageable
computational footprint.1 However, for complex medicinal plant datasets with high inter-class similarity (e.g.,
distinguishing between Azadirachta indica Shot Hole and Bacterial Spot), lighter models often struggle to match
the feature extraction depth of DenseNet or Inception, leading to slightly lower F1-scores in challenging classes
[9].

Recent progress between 2022 and 2025 shows that image-based disease detection for medicinal and agricultural
plants has matured into a strong and methodologically consistent research area. This development is largely driven
by the availability of large, well-curated datasets such as AlI-MedLeafX and MoringalLeafNet, which help to close
the long-standing data gap for high-value but understudied plant species. At the same time, transfer learning
architectures with high representational capacity, including DenseNet201 and InceptionV3, have become widely
preferred due to their ability to capture subtle pathological variations [10]. The increasing use of Explainable Al
further strengthens the field by transforming high-performance models into transparent and interpretable
diagnostic tools.

A close examination of the literature indicates several important limitations that remain unaddressed. Many
studies focus on a very limited number of species, work with low-resolution or imbalanced datasets, or restrict the
classification problem to only a few disease categories. In addition, model performance is often reported solely
through accuracy values without applying rigorous validation practices such as k-fold cross-validation, multi-
metric evaluation or visual interpretation of model decisions. These limitations reduce the generalizability of the
models and restrict their potential for real-world agricultural applications [11].

The present chapter aims to overcome these shortcomings through a comprehensive evaluation conducted on
the AI-MedLeafX dataset. The dataset contains 65,148 standardized images with a resolution of 512x512 and
covers 13 disease categories belonging to four medicinal plant species: Cinnamomum camphora, Terminalia
chebula, Moringa oleifera and Azadirachta indica. Well-established transfer learning architectures including
DenseNet201, InceptionV3, VGG16 and NASNetMobile are assessed under a 10-fold cross-validation setup to
obtain reliable and unbiased results. Alongside accuracy, macro precision, macro recall and macro F1-score metrics
are reported to capture model performance from multiple perspectives. Grad-CAM based visual explanations are
also produced to highlight the discriminative regions that guide the predictions, allowing a deeper understanding
of model decisions for each species and disease type. Through the use of a high-resolution multi-class dataset,
strong architectural baselines and detailed interpretability analysis, this study presents a rigorous and transparent
framework for the classification of medicinal plant leaf diseases. The findings aim to support the development of
reliable Al-based decision-support systems and contribute to the broader goal of improving agricultural
sustainability through advanced technological solutions.

1L MATERIAL AND METHODS

This section presents a comprehensive overview of the fundamental architectures used in modern image
classification tasks, including VGG16, InceptionV3, DenseNet201 and NASNetMobile. Their structural
principles, technical foundations and operational mechanisms are examined in detail. In addition to the
architectural descriptions, the mathematical metrics used to evaluate multi-class classification performance,
namely precision, recall and F1-score, are outlined and contextualized. The section also introduces the Gradient-
weighted Class Activation Mapping (Grad-CAM) technique, explaining its theoretical basis and mathematical
formulation as a means of enhancing transparency and interpretability in model decision processes. By
synthesizing recent research findings and technical documentation, this methodological framework aims to clarify
how these models function, why they are designed in their specific forms and how they relate to one another within
the broader field of deep learning.
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A. Dataset

In this study, the AI-MedLeafX dataset, a comprehensive and expert-validated image collection, is utilized for the
automatic detection and classification of medicinal plant diseases. The dataset includes four pharmaceutically
significant plant species: Cinnamomum camphora, Terminalia chebula, Moringa oleifera, and Azadirachta indica.
Leaf images belonging to these species are categorized into five primary groups—Healthy, Bacterial Spot, Shot
Hole, Powdery Mildew, and Yellow Leaf—and a total of thirteen distinct classes are formed based on species-
specific disease expressions. The data acquisition process was conducted under varying illumination conditions
and camera angles, and all raw images were individually examined and annotated by plant pathology experts. This
verification step was essential for preventing mislabeling and ensuring the reliability of the training data. Following
expert validation, the images underwent preprocessing to meet the input requirements of deep learning
architectures. A total of 65,148 standardized images with a resolution of 512 by 512 pixels were used in the
experimental evaluations to enrich the training process and enhance model robustness against intra-class and inter-
class variations. The large scale and high diversity of the dataset enable the models to learn both disease-specific
visual cues and species-specific morphological structures, contributing to a more accurate and generalizable
diagnostic system.

B. VGGIo6

The VGG16 architecture, introduced by Simonyan and Zisserman in 2014, is a widely adopted convolutional
neural network (CNN) model designed to investigate the impact of network depth on large-scale image recognition
performance [12]. The model consists of 16 learnable layers, including 13 convolutional layers and 3 fully
connected layers. A key characteristic that distinguishes VGG16 from earlier architectures is its exclusive use of
small 3x3 convolutional kernels with a fixed stride across all layers, instead of the larger kernels employed in prior
models. This design choice enables the network to maintain a manageable number of parameters while facilitating
the extraction of deeper and more complex feature representations. Furthermore, spatial downsampling is
performed using 2x2 max-pooling layers [13]. In this study, the VGG16 architecture is utilized through transfer
learning for the classification of medicinal plant leaf diseases. Pre-trained ImageNet weights serve as the
initialization point, and the terminal classification layers are reconfigured to discriminate 13 target classes
corresponding to four plant species: Cinnamomum camphora, Terminalia chebula, Moringa oleifera, and
Azadirachta indica.

C. InceptionV3

The InceptionV3 architecture, developed by Szegedy ef al. in 2016, is an advanced convolutional neural network
designed to improve the computational efficiency and predictive accuracy of earlier GoogleNet (InceptionV1)
models [14]. Its core structural component is the “Inception module,” in which multiple convolutional filters of
different sizes (e.g., 1x1, 3x3, 5x5) are applied in parallel and their outputs are concatenated along the depth
dimension. InceptionV3 adopts the principle of convolution factorization to reduce computational cost and
optimize the number of trainable parameters. Instead of using large convolutional kernels such as 5x5 or 7x7, the
architecture replaces them with sequential smaller kernels (e.g., two 3x3 convolutions) or asymmetric convolutions
(e.g.,nx1 followed by 1xn). This strategy increases the representational capacity of the network while significantly
decreasing the computational burden. Additionally, the architecture incorporates auxiliary classifiers to stabilize
training and mitigate the vanishing gradient problem, along with efficient grid size reduction techniques to preserve
spatial information at deeper layers [15]. In this study, the InceptionV3 architecture is employed via a transfer
learning strategy for the classification of complex plant leaf diseases in the AI-MedLeafX dataset. Pre-trained
ImageNet weights are utilized to initialize the model, enabling the network to learn domain-specific feature
representations associated with medicinal plant species.

D. DenseNet201

The DenseNet (Densely Connected Convolutional Networks) architecture, introduced by Huang et al. in 2017, is
an innovative deep learning framework designed to maximize information flow across layers in convolutional
neural networks [16]. DenseNet201 represents the 201-layer deep variant of this architecture. Unlike traditional
CNNSs, each layer within a Dense Block receives the feature maps of all preceding layers as input and, in turn,
passes its own feature maps to all subsequent layers. This connectivity pattern differs from the additive skip
connections of ResNet; DenseNet instead uses feature map concatenation to enable efficient and direct information
propagation throughout the network. This design alleviates the vanishing gradient problem, promotes extensive
feature reuse, and enhances parameter efficiency by reducing redundancy in learned representations.
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DenseNet201, therefore, enables the training of deeper and more expressive models with fewer parameters
compared to conventional architectures [17]. In this study, the DenseNet201 model is adapted using a transfer
learning strategy for the classification of diseases associated with Cinnamomum camphora, Terminalia chebula,
Moringa oleifera, and Azadirachta indica. Experimental results demonstrate that DenseNet201 achieves the highest
classification performance among the evaluated architectures.

E.  NASNetMobile

The NASNet architecture, proposed by Zoph et al. in 2018, is based on the Neural Architecture Search (NAS)
paradigm, which aims to reduce human intervention in the design of deep learning models [18]. Unlike
conventional architectures with manually engineered structures, NASNet automatically discovers optimal
architectural building blocks (“cells”) for a given dataset by employing a reinforcement learning—based controller.
These cells consist of two fundamental types: the Normal Cell, which preserves the spatial resolution of feature
maps, and the Reduction Cell, which decreases their spatial dimensions. By stacking these cells throughout the
network, NASNet constructs a high-performing final architecture tailored to the target task. For this study, the
NASNetMobile variant is utilized due to its computational efficiency, making it particularly suitable for resource-
constrained environments such as mobile and embedded systems. NASNetMobile features a reduced parameter
count and lower computational complexity while maintaining competitive accuracy [19]. In this work, the
NASNetMobile model is adapted to the AI-MedLeafX dataset using a transfer learning strategy and evaluated in
terms of its balance between computational cost and classification effectiveness for detecting medicinal plant leaf
diseases.

F. Confusion Matrix

The confusion matrix is a tabular evaluation technique used to visualize the classification performance of
supervised learning algorithms and to conduct detailed analyses of a model’s predictive behavior [20]. In multi-
class classification problems, it is particularly important because it reveals not only the overall accuracy of the
model but also the specific classes that are most frequently confused with one another. For a problem with N
classes, an NxN matrix is constructed in which the rows typically represent the ground-truth labels, while the
columns correspond to the predicted labels. Values along the main diagonal denote correctly classified samples
(True Positives — TP), whereas the off-diagonal entries indicate misclassifications, expressed as False Positives
(FP) and False Negatives (FN). In this study, confusion matrices are employed to measure the discriminative
capability of the models and to analyze class-wise error distributions across 13 disease categories belonging to
four medicinal plant species. Moreover, performance metrics such as precision, recall, and F1-score—presented
in subsequent sections—are computed directly from the values derived from these matrices [21].

G. Performance Metrices

The performance of the deep learning models developed in this study is evaluated using widely adopted metrics
in the literature, including accuracy, precision, recall, and F1-score, all of which are derived from the confusion
matrix and its underlying values: True Positive (TP), True Negative (TN), False Positive (FP), and False Negative
(FN) [22]. Accuracy provides an overall measure of how many samples are correctly classified across all
categories. Precision indicates the proportion of correctly identified positive samples among those predicted as
positive, thereby reflecting the model’s ability to limit false alarms. Recall measures how effectively the model
detects actual positive cases, emphasizing its sensitivity to instances that should not be overlooked. The F1-score
represents a balanced harmonic assessment of precision and recall, particularly beneficial when dealing with
imbalanced datasets or when a trade-off between minimizing false positives and false negatives is required [23].
Since the task addressed in this study involves 13 distinct classes, each metric is computed individually for every
class, and macro-averaged values are additionally reported to provide a comprehensive and class-balanced
evaluation of overall model performance.

H. Grad-CAM

Grad-CAM, known as Gradient-weighted Class Activation Mapping, is a visualization technique introduced by
Selvaraju and colleagues in 2017. The method is designed to identify the specific regions of an input image that a
deep learning model focuses on while making a prediction for a given class, thereby improving the interpretability
of architectures that often operate as opaque systems [24]. Grad-CAM analyzes the gradient information associated
with the target class in the final convolutional layer. These gradients are used to compute importance weights that
reflect the degree to which each feature map contributes to the class of interest. The weighted combination of these

_4-



INNOVATION AND APPLICATIONS IN ENGINEERING

feature maps produces a coarse heatmap that highlights the regions most influential in the model’s decision-making
process. In the final step, only the positive activations are visualized in order to emphasize areas that contribute
positively to the classification [25].

I1I. EXPERIMENTAL RESULTS

In this study, confusion matrices are used to examine the class-level discriminative performance of the deep
learning models and to analyze the distribution of incorrect predictions. The confusion matrix illustrating the
prediction results of DenseNet201 is presented in Figure 1. The diagonal values represent correctly classified
samples, while the off-diagonal values indicate the classes that the models confuse with one another. A detailed
analysis shows that the most challenging category for all models is the “Shot Hole” disease belonging to the
Terminalia chebula species. Even the best-performing model, DenseNet201, reaches only 61.3 percent accuracy
for this class, while NASNetMobile drops to 51.2 percent. This difficulty is attributed to the strong visual similarity
between “Shot Hole” symptoms and both “Bacterial Spot” lesions and healthy leaf tissue of the same species.

Azadirachtaindica_Healthy_Leaf

Azadirachtaindica_Powdery_Mildew - 800

Azadirachtaindica_Shot_Hole_Leaf

Azadirachtaindica_Yellow_Leaf

- 600

CinnamomumCamphora_Bacterial_Spot

GinnamomumCamphora_Healthy_Leaf

CinnamomumCamphora_Shot_Holo

- 400
MoringaOleifera_Bacterial Spot

True Class

MoringaOlerfera_Healthy_Leaf

MoringaOleifera_Yellow_Leaf

- 200
TerminakaChebula_Bacterial Spot

TerminaliaChebula_Healthy_Leal

TerminaliaChebula_Shot_Hole

Predicted Class

Figure 1: The confusion matrix illustrating the prediction results of the DenseNet201 model.

A cross-model error analysis further highlights several distinctive patterns. NASNetMobile exhibits the highest
level of confusion within the Azadirachta indica species, misclassifying 110 “Healthy Leaf” samples as “Yellow
Leaf.” This outcome indicates that the model is less effective at distinguishing color-based features such as leaf
yellowing. VGG16 shows its most pronounced error within Terminalia chebula, incorrectly predicting 107
“Bacterial Spot” samples as “Healthy Leaf,” suggesting difficulty in differentiating disease lesions from normal
tissue. InceptionV3 also struggles with Terminalia chebula, but in a different manner, misclassifying 111
“Bacterial Spot” samples as “Shot Hole.” This indicates limitations in detecting subtle morphological differences
between lesions and perforations. DenseNet201 demonstrates the lowest overall error rates and exhibits a more
stable classification behavior across all categories. Its most frequent error involves misclassifying 94 “Bacterial
Spot” samples as healthy leaves, a lower count compared to the error magnitudes observed in the other
architectures. Overall, the confusion matrices reveal that the models perform well in general; however, structural
similarities within Terminalia chebula leaves and color variations within Azadirachta indica present key challenges
that reduce classification accuracy in certain categories.
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The average performance values obtained through the ten-fold cross-validation protocol are summarized in Table
1. An examination of the experimental results indicates that DenseNet201 achieves the highest performance across
all evaluation metrics among the four architectures tested.

Table 1: Comparison of performance metrics of deep learning models

Model Accuracy Precision Recall F1-Score
DenseNet201  91.26%  88.90% 89.45% 88.94%
InceptionV3 87.29% 84.55% 85.32% 84.57%
VGG16 86.88% 84.50% 84.87% 84.45%
NASNetMobile 83.85% 81.22% 81.76% 81.15%

DenseNet201 attains an overall accuracy of 91.26 percent and a macro F1-score of 88.94 percent, making it the
most successful architecture in the classification task. The balance between its precision value of 88.90 percent
and recall value of 89.45 percent demonstrates that both false positives, corresponding to healthy leaves incorrectly
labeled as diseased, and false negatives, referring to diseased samples that are overlooked, are effectively
minimized. The densely connected structure of the DenseNet architecture is assessed to be particularly
advantageous for learning subtle disease-related features such as texture irregularities and color variations, which
are characteristic of plant pathology. Further analysis of the remaining architectures reveals that InceptionV3 and
VGG16 exhibit closely aligned performance levels. InceptionV3 achieves an accuracy of 87.29 percent and an F1-
score of 84.57 percent, representing the second-best performance, while VGG16 follows with an accuracy of 86.88
percent and an F1-score of 84.45 percent. Both models, with recall values near the 85 percent range, demonstrate
reliable capability in disease identification. In contrast, NASNetMobile, which is designed as a lightweight
architecture optimized for mobile and embedded systems, presents the lowest performance with an accuracy of
83.85 percent and an Fl-score of 81.15 percent. However, considering its substantially reduced parameter count
and computational cost, achieving performance exceeding 80 percent is regarded as an acceptable trade-off for
real-time deployment on resource-constrained hardware.

The model comparison visualizations provided in Figure 2 further illustrate that DenseNet201 exhibits a more
stable training process across the ten folds, characterized by lower variance, and demonstrates stronger
generalization capability. Consequently, DenseNet201 emerges as the most suitable model for high-accuracy
agricultural diagnostic applications, whereas NASNetMobile is identified as a viable candidate for field settings
in which computational speed and efficiency are prioritized.

@ NASNetMobile @ VGGI6 @ InceptionV3 DenseNet201

100
91.26

86.88 87.28
83.85

NASNetMobile VGGI16 InceptionV3 DenseNet201

Figure 2: Accuracy comparison of the four CNN models across ten folds.
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The transparency and interpretability of model decisions are of critical importance in sensitive domains such as
the diagnosis of medicinal plant diseases, in addition to achieving high classification accuracy. In this study, the
Grad-CAM technique, also known as Gradient-weighted Class Activation Mapping, is applied to verify the visual
reasoning process of the DenseNet201 architecture, which demonstrated the highest quantitative performance
among the evaluated models. Figure 3 presents Grad-CAM activation maps generated for randomly selected
samples representing several disease categories, including Bacterial Spot, Yellow Leaf, Powdery Mildew, Shot
Hole, and Healthy leaves. In these visualizations, warm colors such as red and yellow highlight the regions that
the model considers most important for its prediction, while cooler colors such as blue indicate areas that contribute
little to the final decision.

Original Image: Predict:
Azadirachta Indica Powdery Mildew Azadirachta Indica Powdery Mildew

Heatmap Overlay

Image

Original Image: Predict:
Moringa Oleifera Bacterial Spot Moringa Oleifera Bacterial Spot

Image Heatmap Overlay

Original Image: Predict:
Terminalia Chebula Healthy Leaf Terminalia Chebula Healthy Leaf

Image Heatmap Overlay

Figure 3: Grad-CAM activation maps for randomly selected samples from different disease categories.
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Examination of the activation maps leads to several key observations. DenseNet201 consistently focuses on
disease-specific morphological alterations rather than background regions or noninformative healthy tissue. For
example, in samples of the Bacterial Spot disease affecting the Terminalia chebula species, the model concentrates
on the dark lesion clusters dispersed across the leaf surface. In the Powdery Mildew category, the white fungal
structures forming powder-like textures are correctly identified as the primary areas of interest. The visualizations
also confirm that the model does not rely on background artifacts or unintended cues. The activation patterns
remain confined within the leaf boundaries, demonstrating that the model avoids learning from irrelevant
environmental noise such as soil or shadows. Furthermore, DenseNet201 is able to capture distinctive visual
characteristics that differentiate similar disease types. In the Shot Hole category, the model highlights the sharp
edges surrounding the physical perforations in the leaf tissue, whereas in the Yellow Leaf category, the activation
regions correspond to the broader areas exhibiting chlorosis.

IV. CONCLUSION AND FUTURE WORK

In this study, four deep learning architectures, namely DenseNet201, InceptionV3, VGG16, and NASNetMobile,
were comparatively evaluated for the automatic detection of leaf diseases in medicinal plants. The findings
demonstrate that DenseNet201 is the most successful architecture, achieving an accuracy of 91.26 percent. This
superior performance can be attributed to the dense connectivity structure of the DenseNet architecture, which
facilitates direct information flow between layers and alleviates the vanishing gradient problem. The ability of
DenseNet201 to preserve fine-grained texture information provides a clear advantage over more sequential
architectures such as VGG16, particularly for species such as Cinnamomum camphora and Terminalia chebula,
which exhibit complex venation patterns and visually similar disease symptoms. In contrast, NASNetMobile,
which is optimized for mobile environments, yielded the lowest performance with an accuracy of 83.85 percent.
Confusion matrix analyses reveal that this architecture struggles particularly with disease categories that rely
heavily on subtle color variations, such as the yellowing symptoms observed in Azadirachta indica. This limitation
is likely due to its reduced parameter count, which restricts its ability to capture fine color gradients and low-
contrast lesion patterns. Nonetheless, its low computational cost makes it a practical option for real-time field
applications where speed is prioritized over maximum accuracy. Error analysis further indicates that all models
encounter a shared difficulty in distinguishing between the “Bacterial Spot” and “Shot Hole” diseases of
Terminalia chebula. These conditions exhibit highly similar visual manifestations, including necrotic lesions and
tissue loss, making confusion unavoidable to some extent. However, DenseNet201 minimizes this issue more
effectively than the other models, which is consistent with Grad-CAM visualizations showing that it more precisely
attends to lesion edge characteristics.

The study presents a comprehensive automated diagnostic system covering four medicinal plant species—
Cinnamomum camphora, Terminalia chebula, Moringa oleifera, and Azadirachta indica—and thirteen disease
categories. The DenseNet201 model, trained through transfer learning, demonstrates high reliability with strong
accuracy and balanced sensitivity values. Moreover, the Grad-CAM analysis reveals that the model not only
achieves statistical success but also learns biologically meaningful disease indicators, confirming the
interpretability and credibility of the proposed approach. This work demonstrates the potential of deep learning
technologies in the domains of precision agriculture and pharmaceutical botany. The proposed system can serve
as a decision-support tool for farmers and collectors in rural areas where expert taxonomists or plant pathologists
may not be available, enabling early disease detection and quality control in medicinal plant production. Future
developments aim to further enhance model performance through the expansion of the dataset to include diverse
lighting conditions, viewpoints, and seasonal variations, the exploration of hybrid architectures integrating
conventional image processing techniques or attention mechanisms, and the optimization of DenseNet201 using
pruning and quantization methods to enable offline real-time deployment in a mobile application suitable for field
environments.
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L INTRODUCTION

The evolution of autonomous driving has advanced from isolated vehicle-level autonomy toward
collective intelligence, where vehicles and roadside infrastructure communicate and cooperate to improve safety,
throughput, and energy efficiency [2-6]. This shift from independent to interdependent decision-making introduces
not only opportunities but also fundamental challenges. Real-world cooperative driving requires reasoning under
uncertainty, maintaining coordination despite imperfect communication, and guaranteeing safety within
dynamically changing traffic environments.

Early autonomous systems relied on deterministic pipelines sensing, planning, and control executed
independently on each vehicle. These approaches were efficient in structured environments but limited in
scalability and adaptability. The introduction of Vehicle-to-Everything (V2X) technologies including V2V and
V21 communication has transformed vehicles into interconnected nodes capable of shared awareness and
cooperative decision-making. Yet, these networks are constrained by latency, bandwidth limitations, and packet
loss, which can lead to suboptimal or unsafe behaviors if agents communicate excessively or unreliably [7-10].

In this context, Multi-Agent Reinforcement Learning (MARL) has emerged as a powerful framework for
learning cooperative policies through interaction. MARL enables multiple agents to jointly optimize long-term
rewards while maintaining local autonomy. Algorithms such as MADDPG [11], QMIX [12], FACMAC [13], and
MAPPO [14] have demonstrated strong performance by adopting the Centralized Training with Decentralized
Execution (CTDE) paradigm, where a centralized critic provides global feedback during training, and each agent
acts locally at deployment. However, most of these methods make idealized assumptions of perfect observability
and stable communication, conditions rarely achievable in real driving environments.

The presence of uncertainty is a defining characteristic of autonomous systems. It arises from various
sources sensor noise, partial observability, unpredictable human drivers, or environmental dynamics. From a
probabilistic perspective, uncertainty can be categorized as epistemic (stemming from incomplete model
knowledge) and aleatoric (due to inherent randomness) [15], [5], [16]. In MARL settings, a third dimension
emerges: communication uncertainty, related to the loss, delay, or degradation of exchanged information between
agents. Failure to account for these uncertainties results in brittle cooperation and narrower safety margins.

Several research efforts have attempted to mitigate uncertainty or improve communication efficiency
independently. Bayesian deep learning and ensemble-based critics capture epistemic uncertainty to improve
exploration and stability [15], [17]. Risk-sensitive learning and control barrier functions (CBFs) enforce safety
constraints through structured optimization [3], [18], [19]. Parallel to this, graph-based communication [20], [21]
attention pooling [22], and event-triggered RL [1], [23] attempt to minimize unnecessary information exchange.
However, these streams of research have largely evolved in isolation: uncertainty quantification, safety, and
communication optimization have not been integrated into a unified framework.

This fragmentation highlights a fundamental research gap regarding how uncertainty can be leveraged to
regulate communication frequency. In this context, understanding how uncertainty can guide communication
mechanisms is crucial for enabling safe and efficient real-time cooperation.

To address this gap, this chapter introduces the Adaptive Communication-Aware Policy Learning
(ACAPL) framework. ACAPL unifies three dimensions uncertainty, communication, and safety within a single
MARL pipeline. Each agent estimates its epistemic uncertainty using an ensemble critic (Eq. 1), communicates
only when uncertainty exceeds a dynamic threshold (Eq. 2), and receives a communication-aware reward that
penalizes excessive messaging (Eq. 3). The result is a system capable of self-regulating communication according
to context, reducing bandwidth consumption while maintaining coordination, accuracy and safety.
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In addition to technical efficiency, ACAPL contributes conceptually to the emerging notion of self-
organizing communication in distributed Al systems. By treating communication as a learnable behavior rather
than a fixed protocol, ACAPL aligns with ongoing efforts to develop scalable, interpretable, and regulation-ready
autonomous systems [24-26].

The key contributions of this chapter are as follows:

1. A unified uncertainty-aware framework (ACAPL) integrating epistemic uncertainty, adaptive
communication, and safety-oriented learning.
2. A dynamic event-triggering mechanism that links uncertainty and message rate via reward
variance.
3. A communication-penalized reward structure encouraging efficient bandwidth utilization.
4. Comprehensive experiments on CARLA 0.9.16/Town 13 validating 53 % collision reduction
and 45 % communication savings.
5. A conceptual bridge connecting probabilistic reasoning, safety assurance, and communication
efficiency.
The remainder of this chapter is organized as follows.
Section II reviews background and related work.
Section III details the ACAPL methodology, including mathematical formulation and algorithmic workflow.
Section IV presents experimental results and analysis.
Section V provides theoretical discussion and implications.
Section VI concludes the study.
Section VII differentiates this chapter from the authors’ prior publications.

II. BACKGROUND AND RELATED WORK

A.  Multi-Agent Reinforcement Learning
In MARL, a system of Nagents operate in a shared environment modeled as a Decentralized Partially
Observable Markov Decision Process (Dec-POMDP) [27], [24]. Each agent ireceives observation o;, executes

action @; € «4;, and obtains a reward 7; . The collective goal is to optimize

N
Jm) =EL) 7' ) winel.

t=0  i=l where m = {m;}denotes the joint policy. Pioneering architectures like MADDPG [11],
QMIX [12], and MAPPO [14] introduced the Centralized Training with Decentralized Execution (CTDE)
paradigm, using a centralized critic and local actors. This approach stabilizes training in non-stationary
environments and remains the foundation of cooperative MARL.

B.  Uncertainty-Aware Reinforcement Learning
Uncertainty estimation is key to ensuring reliability in complex autonomous systems. Bayesian ensemble
critics, and dropout-based inference estimate epistemic uncertainty, while probabilistic critics and hierarchical
uncertainty models improve robustness [15], [17], [4], [5].

Safety-constrained RL integrates control barrier functions (CBFs) [28], [16] and risk-sensitive objectives
[29] to maintain policy stability. Recent studies extend uncertainty estimation to exploration [4] and trajectory
prediction [15], yet they often treat communication as an independent process.

C. Communication-Efficient MARL

Efficient communication remains a bottleneck for scalability. Graph-based message passing [9], [21],
[30], attention pooling [22], and quantization-aware compression [26] mitigate redundancy. Event-triggered
methods [14] [1] dynamically reduce message rates without degrading coordination.

However, these approaches typically rely on fixed thresholds rather than uncertainty-driven mechanisms.
Energy-efficient cooperation [8], attention-aware coordination [22], and distributed policy-sharing strategies [23]
suggest that uncertainty can guide when and what to communicate, paving the way for ACAPL’s adaptive
messaging approach.
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D. Safety, Explainability, and Verification
Ensuring interpretability and safety in MARL remains challenging. Risk-sensitive reinforcement learning
[16], safe exploration [4], and explainable policy evaluation [24] offer partial solutions. Nonetheless, a unified
framework connecting uncertainty quantification, safety enforcement, and adaptive communication remains
largely unexplored a research gap this chapter directly addresses.

1. METHODOLOGY THE ACAPL FRAMEWORK
The ACAPL framework integrates uncertainty estimation, adaptive communication, and policy
optimization under CTDE architecture. The workflow is summarized in Fig. 1, while key hyperparameters
appear in Table 1.

A.  Perception and Uncertainty Estimation
Each agent computes epistemic uncertainty from multiple critic estimates using ensemble variance. As
shown in Eq. (1), this process quantifies the model’s confidence before broadcasting messages:

|1 K
e 1Sy
Y k=1

This uncertainty acts as a gating signal for communication and exploration. High variance indicates lack
of confidence, prompting message exchange to neighboring agents.

B.  Adaptive Communication Controller
The Adaptive Communication Controller (ACC) determines whether to transmit information based on
the dynamic threshold 7. As described in Eq. (2), the threshold is adjusted over time using short-term reward
variance to balance stability and efficiency:

Te41 = T T a(Var(R,_g,) — B) (2)
When environmental uncertainty increases, Tr decreases, prompting higher communication frequency.
This mechanism aligns with adaptive control theory, ensuring real-time responsiveness.

C. Policy Learning with Communication Regularization
The actor—critic pair is optimized using a modified reward function that penalizes redundant
communication (Eq. 3):

r, =1, — A, rate(m,) (3)

This penalty term (4;) ensures that agents minimize bandwidth usage without compromising
cooperative behavior. A balance is maintained between communication efficiency and safety.

D. Implementation Setup

Table 1 lists the simulation setup and hyperparameters used in the experiments. Each experiment was
repeated 10 times with fixed random seeds to ensure statistical reliability (variance < 2%).

Table 1: Simulation and training hyperparameters used in ACAPL experiments

Component / Parameter Description Value / Setting
Simulator & Map Simulation environment CARLA 0.9.16 / Town 13
Number of Agents Cooperative autonomous vehicles 4

Network Model Communication latency and packet loss 50-150 ms latency; 5-10 % loss
Training Episodes Number of complete training episodes 500
Steps per Episode Simulation steps per episode 400
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Discount Factor (y)
Learning Rate

Communication Penalty (A_c)
Threshold Parameters (a, B, H)
Critic Ensemble Size (K)

Replay Buffer Capacity

Batch Size
Update Frequency
Framework / Stack

Random Seeds

Performance Variance

Future reward discount rate
Actor—critic optimizer rate
Weight for message-rate penalty term in
Eqg. (3)

Adaptive threshold gain, reference
variance, and window length in Eq. (2)
Number of Q-function estimators used
for uncertainty in Eq. (1)
Number of stored joint transitions for
CTDE
Number of samples per update
Gradient updates per environment step
Implementation platform
Number of independent runs for
statistical averaging
Standard deviation of metrics across
runs

0.99
(3\times10~ {-4})

0.02
Tuned empirically (H = 50)
5

1x10°

128
Every 10 steps
Python 3.10 / PyTorch 2.0

10 (seeds 1-10)

<2%

E.  Algorithmic Workflow

To operationalize the design in Sections IIL.I-II1.III, this workflow follows CTDE: a centralized critic is
used only during training, while agents act and communicate locally at deployment. At each step, every agent (i)
estimates epistemic uncertainty via Eq. (1), (ii) transmits messages only when the estimate exceeds the adaptive
threshold in Eq. (2), and (iii) receives a communication-aware reward shaped by Eq. (3), which balances safety
and bandwidth. Hyperparameters (y, A_c, a, B, H, K, episodes, steps, batch size) are given in Table 1, and the high-

level dataflow appears in Fig. 1.

Algorithm: ACAPL End-to-End Workflow (CTDE, Event-Triggered Communication)

Inputs: multi-agent simulator; Wagents with actor m;and K-member Q-ensemble; centralized critic;

hyperparameters (Table 1).

Outputs: trained actors {m;}, evaluation threshold 7.5, KPIs.

1. Initialization: set seeds; create replay buffer I'; set T — 75, reward window EW (length H).

2. Training (per episode, per step):
A. Uncertainty: compute &; (Eq. (1)).

B. Messaging: if &; = tsend m;; else m; = 0.

C. Routing: apply latency/loss; receive INCOMING; .

D. Action: select a; = m; (0;, INCOMIN G; ).

E. Step: environment - o; 7. done info.

F. Reward shaping: compute rate; penalty = 4. x rate; #; = —penalty (Eqg. (3)).

G. Store: push joint transition to I (CTDE).

H. Update: periodically update central critic (TD) and all actors on joint batches.
I. Adapt 7: append mean;{# jto RW; if | RW |= Hsett — v+ a(Var(RW) — 8)(Eq. (2)).
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3. Evaluation (decentralized): fix .., ; repeat Step 2A-E (no updates). Aggregate KPIs: collision rate,

average delay, message rate, average reward (Table 2).

F.  Framework Architecture

The overall structure of the proposed ACAPL framework is illustrated in Figure 1. The architecture
integrates perception, decision, and communication processes within a unified MARL loop. At the top level, the
perception and uncertainty modules extract confidence information from sensory inputs, which the adaptive
communication controller uses to determine when message exchange is necessary.

This decision propagates through the communication channel to the actor policy, where local actions are
selected based on both private and received information. At the bottom level, the environment [31] simulates
interactions among multiple autonomous agents, while the centralized critic—used only during training evaluates
joint actions to stabilize learning under the Centralized Training with Decentralized Execution (CTDE) paradigm.

The threshold adaptation module continuously updates the communication sensitivity parameter (t) based
on recent reward variance, forming a closed adaptive loop between learning performance and communication cost.
Overall, ACAPL’s design balances safety, bandwidth efficiency, and interpretability by coupling epistemic
uncertainty estimation (Eq. 1), adaptive communication triggering (Eq. 2), and communication-aware reward
shaping (Eq. 3) into a cohesive, self-regulating architecture. This structure ensures that each agent communicates
only when necessary, reducing redundancy while maintaining cooperative awareness and robust decision-making.

Uncertainty Adaptive Comm.
Perception > Estimation > Controller
(Eq. 1) (Eq.2)
h 4
Central Critic (CTDE, Comm. Channel
training only) (vavival)
A
Y
Environment ‘ | ’
(CARLA) < Threshold Adaptation < Actor Policy

A

Figure 1. ACAPL framework architecture illustrates the interaction between perception, uncertainty
estimation (Eq. 1), adaptive communication control (Eq. 2), communication channel, and actor policy. The bottom
layer represents the environment, centralized critic (CTDE, training only), and threshold adaptation module
forming the feedback loop for adaptive and uncertainty-aware cooperation.

Iv. EXPERIMENTAL RESULTS AND DISCUSSION

A.  Experimental Setup and Baselines

Baselines: MADDPG [11], QMIX [12], MAPPO [14]. Metrics: collision rate, average delay, energy
efficiency, total reward, normalized message rate. All models trained under identical seeds, steps, and noise
processes.
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Table 2: Performance comparison on CARLA 0.9.16 / Town 13

Model Collision (%) Delay (ms) Energy Eff. Reward Msg Rate
MADDPG 12.3 210 0.84 8.1 1.00
QMIX 10.8 180 0.86 8.6 1.00
MAPPO 8.2 160 0.88 9.3 0.78
ACAPL 5.7 140 0.91 10.4 0.55

B.  Comprehensive Analysis and Observations

Across all evaluation metrics, ACAPL demonstrates superior coordination efficiency. Its uncertainty-
driven communication control enables a significant reduction in message rate (45 %) while maintaining stability
in collective reward. The adaptive thresholding in Eq. (2) dynamically increases communication frequency in high-
uncertainty scenarios such as intersections or occlusions whereas in stable cruising conditions, agents reduce
unnecessary messaging. This mechanism leads to emergent cooperative behaviors similar to those observed in
attention-aware MARL [22] and graph-based coordination frameworks [9].

From an energy-efficiency perspective, communication sparsity directly correlates with lower
computation and transmission energy, achieving parity with energy-aware cooperative frameworks [8], [26].
Meanwhile, collision reduction by more than 50 % indicates that uncertainty-guided interaction substantially
enhances safety compared to static communication policies. The reward-level communication penalty (Eq. 3)
introduces a form of regularization, which stabilizes training, reduces non-stationarity, and ensures smoother
convergence than observed in MADDPG and QMIX.

Sensitivity analyses confirm that removing the penalty term (4; = @) results in an explosion of message
frequency and degraded stability validating the necessity of balancing communication cost within the learning
objective. Similarly, replacing adaptive 7r(Eq. 2) with a fixed threshold leads to oscillatory communication,
illustrating the advantage of dynamic adaptation. Ensemble size & = Sprovides an effective trade-off between
computational cost and uncertainty fidelity, with minimal variance (<2%) across seeds.

In qualitative visualization, ACAPL’s message activation map aligns precisely with high-variance
temporal windows, revealing interpretability in decision-making an attribute increasingly emphasized in
explainable MARL research [9], [24], [15], [32], [33]. These findings reinforce the potential of uncertainty-driven
cooperation for real-world vehicular systems where safety and communication costs coexist as first-class design
constraints.

V. DiscUSSION

The results underscore ACAPL’s strength in integrating uncertainty reasoning, communication
regulation, and safety-oriented reinforcement learning into a cohesive architecture. Unlike prior approaches that
treat communication as exogenous or fixed, ACAPL treats it as a learnable control variable, dynamically
modulated by epistemic uncertainty. This self-regulating mechanism enables each agent to balance confidence
against network utilization, thereby optimizing system-wide coordination.

From a theoretical standpoint, ACAPL contributes to the growing literature on communication-efficient
MARL [7], [8], [1], by redefining the message trigger as a function of uncertainty rather than a static threshold.
This design aligns with principles of risk-sensitive reinforcement learning [29] and safe control theory [28],
bridging probabilistic decision-making with safety certification. The introduction of a communication-penalized
reward (Eq. 3) brings MARL closer to constrained optimization formulations, where multiple objectives safety,
efficiency, and resource cost are jointly learned.

Practically, ACAPL enhances scalability: the adaptive threshold mechanism ensures that message
complexity grows sub-linearly with the number of agents, a critical feature for large-scale fleets. Its modular
structure allows seamless integration into existing control stacks or vehicular middleware, as it does not require
architectural changes to the perception or planning subsystems. The framework also lends itself to explainability;
the uncertainty map can serve as a diagnostic tool during testing or certification, identifying when and why agents
choose to communicate.
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Furthermore, the concept of adaptive uncertainty-triggered cooperation opens new avenues in regulatory
and homologation contexts, particularly for EU R155/R156-compliant systems, where secure and traceable
communication logs are mandated. Embedding uncertainty-aware coordination into such systems may support
traceable decision evidence, improving transparency for certification bodies and enhancing public trust in
cooperative autonomy.

VI CONCLUSION

This study introduced the ACAPL framework, which unites epistemic uncertainty estimation, event-
triggered communication, and reward-level bandwidth regularization within a CTDE architecture. The proposed
approach achieved marked improvements in safety, latency, and energy efficiency while reducing network load in
multi-agent driving scenarios.

The findings demonstrate that communication can itself be optimized not merely engineered as part of
the learning process. By linking uncertainty estimation (Eq. 1) and adaptive thresholding (Eq. 2) to communication
control, ACAPL provides a scalable mechanism for real-time cooperation under uncertainty. Moreover,
embedding the communication cost directly into the reward (Eq. 3) translates network efficiency into a learnable
objective, enabling agents to internalize the trade-off between performance and bandwidth.

Beyond empirical performance, ACAPL establishes a conceptual bridge between probabilistic reasoning,
safety-critical control, and communication-efficient MARL. Future work will pursue formal verification of
uncertainty-aware communication strategies [24], the integration of foundation models for cooperative perception
[15], and the use of meta-learning [34] for policy transfer across domains. Extending ACAPL to heterogeneous
fleets combining UAVs, vehicles, and mobile robots could yield the next generation of truly scalable and
interpretable cooperative autonomy.
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L INTRODUCTION

Image steganography aims to conceal digital information within visual content such that the modified (stego)
image remains perceptually indistinguishable from its original cover counterpart. While traditional Least
Significant Bit (LSB) substitution remains the simplest and most widely used technique, it inherently relies on
random or adaptive perturbations that vary across executions. Such stochastic behavior complicates verification,
limits reproducibility, and prevents analytical tracing of individual embedding decisions. These shortcomings
motivate the search for a deterministic framework that can guarantee identical outputs for identical inputs,
establishing reproducibility as a core principle of information hiding.

Recent research has increasingly emphasized optimization and similarity-based approaches to improve
imperceptibility and structural coherence. Methods employing perceptual loss [1, 2] or structural similarity metrics
[3] have shown that embedding guided by image similarity yields more visually stable results than bit-plane or
probabilistic schemes. However, most existing frameworks introduce randomness through stochastic initialization,
adaptive thresholding, or training noise, making them difficult to reproduce exactly. In applications that demand
verifiable or regulatory transparency—such as secure watermarking, medical data protection, and digital evidence
archiving— such non-determinism becomes a critical limitation.

To address this gap, we introduce a Linear Similarity—Driven Deterministic Steganography (LSIM) framework.
Instead of embedding via random selection or adaptive heuristics, LSIM formulates data hiding as a fully
deterministic process governed by a matrix-level linear similarity operator. The operator measures and preserves
a weighted cosine correlation between the cover and stego matrices, where the deterministic weighting field W is
computed directly from the structural statistics of the cover image. Embedding decisions are made by minimizing
the deviation from a target similarity threshold ST, ensuring that each bit modifies the image in a predictable and
analytically reproducible manner.

The key idea is that embedding should not only hide data but also preserve structural fidelity and allow
explainable evaluation of how every bit is placed. By eliminating stochastic seeds and random selection, LSIM
produces identical stego outputs across repeated runs and enables deterministic, cover-synchronous extraction
without auxiliary keys. These properties collectively transform steganography from a probabilistic operation into
a mathematically verifiable mapping between cover, message, and stego domains.

Contributions

The main contributions of this chapter are summarized as follows:

(i) We propose a matrix-based deterministic steganographic framework that employs a weighted linear
similarity operator to control both embedding and verification without any randomization.

(il) We analytically prove that the proposed similarity function is symmetric, bounded, scale-invariant, and
numerically stable, providing a rigorous basis for structure preserving embedding.

(iii) We design two deterministic weighting modes; block-constant and gradient-modulated that enable regional
or local sensitivity control while maintaining full reproducibility.

(iv) We validate the approach on the BOSSBase and BOWS?2 datasets under multiple payload and block
configurations, demonstrating higher Peak Signal to Noise Ratio (PSNR), improved similarity retention,
and bitwise reproducibility compared with classical LSB embedding.

(v) We provide a computational and analytical comparison showing that LSIM achieves linear complexity
O(N), matching classical LSB while offering deterministic explainability.

1I. RELATED WORK

Research on image steganography has progressively advanced from probabilistic embedding strategies toward
deterministic and similarity-preserving formulations that enhance robustness and data capacity while maintaining
visual protection. Modern developments integrate optimization theory, similarity metrics, and deep neural
architectures to minimize perceptual distortion and improve reproducibility in data hiding operations.
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Generative Adversarial Networks (GANs) have become a pivotal mechanism for constructing high-capacity
steganographic systems. [4] introduced a multiscale feature integration framework that leverages hierarchical
representations to embed data across different spatial resolutions, achieving high perceptual quality with increased
payload. Likewise, [1] proposed SteganoGAN, which combines adversarial learning with perceptual optimization
to generate visually coherent stego images. Further refinement was presented by [2], who formulated a multitask
identity-aware embedding model based on minimax optimization, enabling content protection while preserving
identity features. Collectively, these studies illustrate the shift from rule-based embedding toward generative and
optimization-driven modeling that balances capacity and imperceptibility.

A separate line of work investigates style-transfer and feature-domain transformations. [5] demonstrated that
style transfer can serve as an effective medium for high-capacity embedding, allowing artistic transformation of
images while maintaining semantic coherence. Earlier, [6] utilized dynamic blocking and genetic optimization to
select adaptive embedding zones, representing one of the earliest instances of deterministic region control within
classical frameworks. Such adaptive methodologies emphasize the need for localized similarity preservation rather
than global perturbation minimization.

Reversibility and deterministic control have emerged as essential requirements in contemporary steganography.
[7] designed a U-Net-based reversible embedding framework that enables full reconstruction of the cover image,
ensuring data integrity under lossless operations. Extending this principle, [8] developed a deterministic reversible
scheme for encrypted images, demonstrating that precise linear reconstruction can be achieved even in transformed
domains. [9] further refined the concept using prediction error expansion to maintain lossless reversibility while
preserving local structural consistency. Complementing these designs, [10] proposed an optimization-based
adaptive steganography method relying on linear prediction error minimization, bridging deterministic control and
data-dependent adaptivity through analytical optimization.

Although most deterministic approaches operate in the spatial domain, transform domain embedding remains
an important strategy for improving robustness and perceptual stability. [11] introduced a DWT-DCT hybrid
model with adaptive region selection, demonstrating that linear manipulation of transform coefficients can achieve
higher capacity with lower perceptual cost. Such transform-based methods provide an important comparative
context for evaluating spatial-domain models developed under linear similarity constraints.

Hybrid frameworks that combine classical embedding and compression have also evolved to enhance data
efficiency. [12] combined two-bit LSB embedding with Brotli compression and Base64 encoding, showing that
compression-assisted embedding can expand payload capacity while maintaining high structural similarity. These
hybrid models indicate that classical schemes retain their relevance when reformulated with deterministic
optimization or information-theoretic controls.

In parallel, steganalysis research has advanced rapidly, establishing the benchmark frameworks for evaluating
new embedding techniques. [13] proposed the first deep hierarchical convolutional model for spatial-domain
steganalysis, pioneering CNN-based detection of hidden data. Building upon this foundation, [14] introduced the
deep residual SRNet architecture, which remains a reference standard for assessing robustness against data
leakage. [15] later presented Yedroudj-Net, a lightweight CNN that maintains strong detection accuracy while
reducing computational overhead. These detectors have become indispensable for objectively measuring the
detectability and statistical resilience of contemporary steganographic systems.

From a theoretical perspective, the concept of structural similarity formulated by [3] provides the mathematical
foundation for perceptual quality assessment. By quantifying image similarity through weighted local correlations,
Structural Similarity Index Measure (SSIM) has directly inspired similarity-preserving embedding models that
seek to optimize visual coherence rather than simple error minimization. This conceptual alignment forms the
analytical basis for the linear similarity-driven deterministic embedding strategy introduced in this study.

In summary, current research converges on three critical directions:

(i) deterministic and reversible embedding ensuring reproducibility,

(i1) optimization-guided adaptation for improved imperceptibility, and

(iii) similarity-preserving modeling supported by deep and transform-domain analysis.

These developments are motivations for the proposed approach, which approach steganographic embedding as a
linear similarity maximization problem under deterministic constraints.

I1I. PROPOSED APPROACH

A.  Overview

The proposed approach introduces a deterministic embedding framework grounded in a matrix-based linear
similarity model. Unlike probabilistic or adaptive steganographic schemes, the method establishes a reproducible
functional relationship between the cover and stego images by maximizing a weighted similarity measure under
deterministic constraints. Each embedding operation is analytically governed by a linear correlation model,
ensuring bit-exact reversibility, reproducibility, and independence from stochastic variations.

Let the cover image be represented as I € R™*¥ and the stego image as ;. A binary message vector
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m = [m,, m.....m;] with m; € {0.1} is embedded into I, by partitioning the image into non-overlapping blocks
By of size v * c. Each block serves as an independent embedding domain governed by the local similarity metric.
B. Linear Similarity Model
The similarity between a cover block B, and its stego counterpart E; is defined through a weighted Frobenius
correlation:
Z; wi;B. (i, B, )

S(EB..B.) =
(B Bs) w-"E,-J.-w,-J.-Ef{:'.j]: w-"E,-J.-w,-J.-BS{:'._;‘:I:

where w;; denotes the deterministic weight at position (i.j). This formulation preserves local structural
alignment and energy consistency between the two matrices. Two weight configurations are defined:

(i) Block-constant weighting: each block is assigned a uniform weight wy, providing linear sensitivity across
the block.
(il) Gradient-modulated weighting:

. VB ()]
Wi = = (VE.D

where @ controls modulation strength, enhancing similarity stability in edge or high-texture regions.
This weighted structure enables fine-grained local adaptation without introducing randomness, keeping all
computations analytically reproducible.

C. Deterministic Embedding Process

For each block Bj, embedding is performed by adjusting pixel values or coefficients through a minimal
perturbation operator 63 (m;) guided by the similarity constraint:

B, = B, + G;(m;)

where &;;(m;) ensures that the modified block remains as close as possible to a target similarity 5. Specifically,

two candidate versions B; and B, are generated for m; = 0 and m; = 1. Their similarity values 5 and 5~
are computed, and the final block is selected as:

B, =argmin|5"® —5.|, be01}
g

This rule yields a deterministic one-to-one mapping between the embedded bit and the resulting block
transformation, eliminating the need for key-based randomization or probabilistic search.

D. Reversible Extraction

Extraction is achieved by reevaluating the similarity between each stego block and its original cover-domain
reference. For each B;, the extracted bit i, is obtained by comparing its similarity with the target value:

= _[n. if 5(B,.B,) = 5,
: 1, otherwise

Because the weighting and similarity parameters are fixed deterministically, this process allows perfect message
recovery without auxiliary keys or probabilistic estimation.

E.  Algorithmic Representation

The full embedding—extraction procedure is outlined in Algorithm 1. Each stage corresponds directly to the
deterministic mathematical operations defined above.
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Algorithm 1: Deterministic Linear Similarity Embedding and Extraction

Cover image I,.; message m1; block size (r, £ ]; weight parameter w; target similarity 5. Stego image

I, ; extracted message ifi.

Step 1: Partitioning. Divide I into non-overlapping blocks {By} of size r i . 3

Step 2: Weight Initialization. B, Compute |VBy| andsetw;; =1+ ot %

Step 3: Embedding.

fori=1toL do Select block By for m;. Generate B;" and B;*' by deterministic perturbation. Compute:

SI B o_ E'JH-UEEI:E'JI:IHS: E”':i._.lj

——— be{ol
I P Blr. =7
,JEI'_i'H-I'_i'SL'l::'.II-I- 1,'||E|'_i'1""-|'_i'53EJ (e

B— 5|, update I; with B,.

Select B; = ar‘gmiln S
gt

Step 4: Extraction. block B, in I; Compute 5(Bg, B, ; Assign
P I 0. S5(B..B,) =S5,
: 1, otherwise.
Assemble i and output I;.
Step 5: Verification. Confirm the uniquely reversible and deterministic nature of the embedding function, ensuring

that each unique input pair {I..m) produces a single stego output I, and that the inverse mapping precisely recovers

fll.m) =1, fY,.1)=m

1V. COMPUTATIONAL COMPLEXITY AND ANALYTICAL DISCUSSION

A. Determinism and Algorithmic Stability
All operations in the proposed framework are strictly deterministic and reproducible. Given identical inputs

{I..mJ), the embedding function f yields a unique stego image I, satisfying a deterministic and uniquely reversible
mapping:

frU.l)=m

No pseudo-random generator, key scheduling, or adaptive optimization loop is involved; therefore, control
entropy of the algorithm equals zero. This determinism ensures that both embedding and extraction remain
invariant across different runs and computing environments, forming a verifiable foundation for reversible
steganography.

B.  Computational Complexity Analysis
Let the cover image size be M = N, partitioned into K non-overlapping blocks of size r ¢

MxN

rxXc

Each block requires one gradient estimation and one similarity computation. Gradient estimation for weighting
coefficients involves local difference operations:

VB (i.j) =B+ 1.7)-B.i.j) +B.(ij+ 1) —B.(ij)

which scales linearly with the number of pixels in the block. The weighted similarity computation requires two
summations and one normalization step, also 0(r % cJ .

Hence, the total embedding cost for the entire image is:

TIN) = 0K xrxc) =0(N)

identical to the complexity of classical LSB embedding. In contrast, adaptive or optimization-based schemes
such as genetic algorithms or PSO require iterative searches over candidate solutions, leading to O(N lag N} or
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higher complexity. Deep learning—based reversible models (e.g., U-Net, GAN) typically exhibit LN} cost due
to convolutional backpropagation across all pixels. Therefore, the proposed deterministic method achieves linear
scalability while maintaining analytical tractability.

Table 1: Computational complexity and determinism comparison.

Method Complexity Reproducibility Domain
Classical LSB o(N) Low (bit order random) Spatial
Adaptive LSB (GA/PSO) [6] 0(Nlog N) Probabilistic Spatial

U-Net Reversible [7] Di'N:j Non-deterministic (training) Deep (CNN)
SteganoGAN [1] o(N?) Non-deterministic (GAN) Deep (GAN)
Proposed Linear Similarity 0(N) Fully deterministic Matrix / Spatial

C. Analytical Properties of the Similarity Function
The weighted linear similarity operator
Bowy; B i, j) B, )
Jawy; Bl j)? X wi B, )

S(B,.B,) =

exhibits several critical mathematical properties:
Symmetry: 5(B..B,) = 5(B_.B_).
Boundedness: 0 = 5(B..B,) =1,
Scale invariance: S(B..kB;} = 5(B_,B,) for any scalar k = 0.

Continuity: 5{B.,B;) is continuously differentiable with respect to pixel intensity perturbations.
These characteristics guarantee analytical stability: infinitesimal changes in pixel values cause proportionally
small variations in similarity, preventing discontinuous embedding artifacts. Furthermore, the symmetry and

boundedness of S{-) simplify the theoretical verification of reversibility and facilitate closed-form analysis.

D. Complexity Comparison with Existing Methods

Table 1 summarizes the computational behaviours of the steganographic frameworks mentioned previously
relative to the proposed deterministic model.

E.  Analytical Implications

Because each embedding decision is derived from the minimization of |5 L |, the proposed framework
defines a one-to-one linear projection within each block domain. This linearity ensures that global similarity
between I and I; remains bounded by

.

1 (e (k)
st =2 ) 5(87.8%)

k=1

yielding predictable structural fidelity. The deterministic nature of these projections not only guarantees exact
reversibility but also enables closed-form analytical reasoning about embedding distortion, capacity, and gradient
behavior.

In summary, the computational complexity of the proposed system is linear with respect to image size, while its
mathematical structure ensures symmetry, boundedness, and reproducibility—properties that collectively
differentiate it from existing adaptive or stochastic steganographic frameworks.

V. RESULTS AND DISCUSSION

The experimental analyses were conducted on the BOSSBase and BOWS2 datasets, each containing 1000
grayscale images with a resolution of 312 x 312 pixels. Both the proposed LSIM and Classic LSB embedding
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schemes were evaluated under identical payload configurations of {0.1.0.2,0.3,0.4} bpp and two block dimensions

(# = 4and B x 8). All experiments were performed deterministically without any stochastic seed, and all random
modes in the baselines were fixed for reproducibility.

A.  Quantitative Evaluation

Table 2 summarizes the average PSNR, SSIM, linear similarity (SIM), and the proposed Cover Consistency
Index (CCI) values obtained across both datasets.

Table 2: Average performance comparison between LSIM and Classic LSB.

Dataset Algorithm PSNR (dB) SSIM SIM ccl Time (ms)
BOSSBase Classic LSB 57.59 0.999962 0.999984 1.000022 331.1
BOSSBase LSIM (proposed) 57.68 0.999962 0.999986 1.000024 733.8
BOWS2 Classic LSB 57.68 0.999970 0.999996 1.000026 84.3
BOWS2 LSIM (proposed) 57.68 0.999970 0.999997 1.000027 173.5

The proposed LSIM framework consistently achieves higher PSNR and marginally improved SIM compared to
the Classic LSB baseline.

Specifically, LSIM maintains an average PSNR improvement of +0.08dB on BOSSBase and +0.05dB on
BOWS?2, indicating slightly lower distortion for the same payload. SSIM values remain statistically equivalent (

+0.000002), showing that LSIM retains perceptual indistinguishability. The SIM metric, on the other hand,
demonstrates the structural stability of LSIM: despite increasing payload, the linear correlation between cover and
stego matrices remains closer to unity than that of Classic LSB.

B.  Payload Sensitivity and Degradation Analysis

Figure la and Figure 1b illustrate the behavior of PSNR and SSIM with respect to payload (bpp). Both
algorithms exhibit the expected monotonic degradation as embedding density increases. However, LSIM exhibits

a slightly smoother slope, with APSMNE /Abpp = —19.79dB/bit, compared to —19.85dB/bit for the Classic LSB
(Figure 1a). This difference, although small, confirms the reduced sensitivity of LSIM to embedding density due
to its weighted linear-similarity control field. SSIM values (Figure 1b) decrease at an almost identical rate,
indicating that human-perceptual distortion is primarily dominated by overall intensity changes rather than local
similarity weighting.

In contrast, the SIM metric (Figure 1c¢) demonstrates the stability of LSIM’s deterministic structure. For both
block sizes, LSIM maintains ASIM /Abpp & —5 x 107, while the classic approach experiences roughly double
that degradation. This shows that the linear correlation between cover and stego remains more consistent in the
proposed model, regardless of payload level.

In the PSNR—Payload, SIM—Payload, and SSIM—Payload plots presented in Figure 1, the eight configurations
listed in the legend (dataset x algorithm x block size) exhibit only minimal numerical differences. As a result, the
corresponding curves converge along the same trajectory and visually collapse into a single line on the figure. This
convergence creates the impression that some legend entries are overlapped or missing, even though all
configurations are indeed present.
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Figure 1: Variation of PSNR (a), SSIM (b), and SIM(c) with payload (bpp) for Classic LSB and LSIM across both
datasets.

C. Block Size and Locality Effects

The effect of block dimension (4 % 4 vs. 8§ % &) was analyzed through both quantitative and visual comparisons.

Smaller blocks provide more localized weighting, producing slightly higher PSNR (& +0.02dB) and marginally
lower runtime. Larger blocks reduce sensitivity to local texture variation and improve consistency across

homogeneous regions. In both datasets, the variation between block sizes remains under 0.05 dB, demonstrating
the stability of LSIM’s block-weighted formulation.
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D. Correlation and Consistency

A correlation analysis between SSIM and SIM reveals near-perfect linearity: Pssmsna € [0.999,1.000] for all
configurations (Table 3). This confirms that the proposed similarity operator behaves consistently with structural

similarity but remains entirely deterministic and symmetric. CCI, defined as CCI = 5IM /55IM, remains almost
constant around unity across all payloads and blocks (Figure 2), further proving that LSIM preserves perceptual
fidelity and linear correlation simultaneously. In the CCI-Payload plots presented in Figure 2, the eight
configurations listed in the legend (dataset x algorithm X block size) exhibit only minimal numerical differences.
As a result, the corresponding curves converge along the same trajectory and visually collapse into a single line
on the figure. This convergence creates the impression that some legend entries are overlapped or missing, even
though all configurations are indeed present.

Table 3: Correlation and degradation trends of the proposed LSIM compared to Classic LSB.

Dataset Algorithm Block ASPSNR /bpp | ASSIM [bpp p(SSIM.SIM) Trend

BOSSBase Classic 4 -19.78 -0.000062 0.9998 Linear

BOSSBase LSIM 4 -19.81 -0.000055 0.99999 Smoother

BOWS2 Classic 8 -19.85 -0.000014 0.999998 Linear

BOWS2 LSIM 8 -19.79 -0.000014 0.99907 Stable
le=5+1 Correlation Consistency Index (CCl) vs. Payload
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Figure 2: CCI as a function of payload (bpp).
E.  Embedding Impact and Pixel Modifications

The effect of payload on the number of modified pixels is presented in Figure 3. As expected, the number of
pixel flips increases linearly with payload for both algorithms. However, LSIM results in slightly fewer
modifications than Classic LSB, thanks to its deterministic weighting field that prioritizes regions with higher
structural redundancy. This indicates that LSIM embeds information more efficiently, preserving both local texture
and global structure. In the Flips—Payload plots presented in Figure 3, the eight configurations listed in the legend
(dataset x algorithm % block size) exhibit only minimal numerical differences. As a result, the corresponding
curves converge along the same trajectory and visually collapse into a single line on the figure. This convergence
creates the impression that some legend entries are overlapped or missing, even though all configurations are
indeed present.
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Flips vs. Payload (bpp)
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Figure 3: Average number of pixel flips versus payload.
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Figure 4: Runtime (ms) versus payload (bpp) for Classic LSB and LSIM.

Table 4: Comparative efficiency summary of Classic LSB and the proposed LSIM framework. Results averaged across

BOSSBase and BOWS?2 datasets. The percentage change (&) quantifies the relative improvement or cost of LSIM over

Classic LSB.
Metric Classic LSB I(_liz/lposed) AT Observation
PSNR (dB) 57.63 57.68 +0.09 Higher imperceptibility under all payloads
SSIM 0.999966 0.999966 =0 Equivalent perceptual similarity
SIM 0.999990 0.999992 +0.002 Improved linear correlation stability
CCl = SIM/SSIM 1.000024 1.000026 +0.0002 Preserved correlation consistency
Flips (px) 1.000x 0.920x -8.0 Fewer pixel modifications per payload
Runtime (ms) 1.000x 2.210x +121.0 Deterministic overhead due to similarity weighting

F.  Complexity and Reproducibility

Figure 4 shows the computational cost as a function of payload. Runtime increases linearly for both algorithms,
but LSIM requires roughly twice the processing time. This increase originates from the computation and

normalization of the local weighting matrix W. Since these operations are fully deterministic, the embedding
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remains reproducible at bit-level precision, independent of hardware or execution environment. In the Runtime—
Payload plots presented in Figure 4, the eight configurations listed in the legend (dataset x algorithm x block size)
exhibit only minimal numerical differences. As a result, the corresponding curves converge along the same
trajectory and visually collapse into a single line on the figure. This convergence creates the impression that some
legend entries are overlapped or missing, even though all configurations are indeed present.

Importantly, LSIM produces identical stego outputs across repeated runs (hash(stegol identical for all
iterations), while the randomized LSB variant (even with fixed seeds) produces non-reproducible low-order bit
variations. This experimentally verifies LSIM’s deterministic reproducibility property.

Table 4 provides a comparative summary of the average quantitative behavior of Classic LSB and the proposed
LSIM framework. Across both datasets, LSIM consistently yields higher PSNR and SIM values while maintaining
identical SSIM levels, confirming superior imperceptibility and linear similarity preservation. The reduction in
pixel modifications (approximately 8%) demonstrates improved embedding efficiency, whereas the increased

runtime (+121%) represents a predictable and analytically interpretable overhead stemming from the
deterministic similarity weighting process. Overall, the table highlights that LSIM offers measurable gains in
structural fidelity and reproducibility, with a modest computational cost that is justified by its deterministic design.

G. Overall Discussion

The comprehensive results illustrated in Figures 1—4 collectively demonstrate that LSIM achieves:
(i) Higher imperceptibility, reflected by superior PSNR and SIM values (Figures la—lc);
(i1) Stable degradation trends with increasing payload, ensuring predictable quality variation (Fig. 1b);

(iii) Correlation consistency, as CCI remains & 1.000 across all payloads (Figure 2); — Efficient embedding,
achieving lower pixel modifications (Figure 3);

(iv) Deterministic reproducibility, producing bit-identical stego outputs across runs (Figure 4).

In summary, LSIM unifies imperceptibility, reproducibility, and interpretability. Unlike stochastic
steganographic schemes, the proposed deterministic model defines a reproducible similarity field that governs both
embedding and verification, marking a conceptual transition toward fully deterministic, structure-aware
steganography.

H. Conclusion and Future Work

This study presented a deterministic steganographic framework grounded in matrix level linear similarity,
referred to as LSIM. Unlike traditional probabilistic or adaptive LSB approaches, the proposed model
deterministically controls both embedding and verification through a weighted linear similarity function derived
directly from the structural characteristics of the cover image.

Experiments conducted on the BOSSBase and BOWS2 datasets demonstrated that LSIM consistently provides
higher or equivalent imperceptibility compared with the Classic LSB baseline, exhibiting smoother degradation
trends across payloads and block configurations. In particular, LSIM achieved stable PSNR—SIM correlations,
fewer pixel modifications, and bitwise reproducibility under all tested conditions. These findings confirm that
deterministic similarity control can preserve visual quality, structural consistency, and complete reproducibility
simultaneously.

Analytically, the LSIM framework ensures that every embedding operation remains mathematically explainable
and traceable. By replacing random perturbations with deterministic weighting, LSIM yields identical stego
outputs across repeated executions, establishing verifiable and reproducible behavior—an essential feature for
trustworthy information hiding and digital verification systems.

Future Work

Future work will extend LSIM along three complementary directions. First, the deterministic similarity operator
can be generalized to multichannel and color domains, enabling cross-channel correlation modeling in RGB or
YCDbCr spaces. Second, integrating LSIM with deep neural encoders may yield a hybrid deterministic—learned
embedding model that combines structural transparency with adaptive perceptual optimization. Finally, LSIM’s
linear similarity metric can serve as a deterministic reference for explainable steganalysis, offering a reproducible
ground truth for evaluating data-driven detectors.

In conclusion, LSIM establishes a new paradigm of structure-preserving, deterministic, and reproducible
steganography. It bridges the gap between conventional information hiding and mathematically verifiable
embedding, providing both theoretical rigor and practical reproducibility.
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LINTRODUCTION

Towed underwater bodies are structures that are pulled by a ship or a submarine via a cable and contain sensors,
cameras, and acoustic transducers. Their general purpose is to identify military threats such as mines and
submarines. Their depth is controlled by a winch connected to the ship. To achieve maximum system performance,
they must operate at a stable depth where the sound wave profile in the water is most uniform. The variation of
sound waves in water can be illustrated with the figure below:

temperature, *C salinity, %o sound speed, m/s
U ! T T T

depth, km

t) ! 1 ! 1
0 10 20 30 345 35 355 36 1500 1550 1600

Figure 1 Depth — speed of sound relationship [1]

Detecting a torpedo threat on a military platform requires precision in calculations, as the torpedo itself'is a moving
object. For this reason, the depths at which the water velocity is uniform are specified in the system requirements.
The main challenge is to reach this depth in the most efficient way. Having an excessive amount of cable in the
system results in additional loads on the platform, and these loads prevent the platform from maintaining stability,
making it unable to perform acoustic scanning properly or even maneuver. However, having less cable than
required means that the towed acoustic sonar body will not be able to reach the desired depth.

At this point, the use of cable-mounted attachments called “fairings” becomes essential. In the literature, the
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most frequently encountered types of fairings are ribbon, hairy, and hard fairings.

aselsan

Figure 2 Tow body structure devloped by ASELSAN [3]

Ribbon fairings are formed by cutting fabrics into long, continuous strips, while hairy fairings are created by
tying knots around a cable attachment made from various materials. Hard fairings, on the other hand, are also
produced from different materials and rigidly simulate a hydrofoil structure.

-

wr

-

e s

LI A O
- -\\*’l,w{-“_.'
-
 J
"1“"..

> »

S

&y

Ay,

e

o,
. I
A

e,

o’

o, 7 ()

Sesag
[~

s
5y

’
& 4

Figure 3 Ribbon Fairing [4] — Hard Fairing [5]— Hairy Fairing [6]

-30 -



INNOVATION AND APPLICATIONS IN ENGINEERING

II.NON-DIMENSIONAL ANALYSIS

Predicting the depth performance of a cable aims to integrate the cable into the platform at the length at which it
performs optimally, thereby reducing the loads acting on the platform. The loads applied to the cable are
presented below:

Diraction
of Gravity

Exponded View A"

X o  Ditsction of Motion

Figure 4 Schematic view of cable-tow body system [2]

The fundamental forces acting on a cable are the tow body weight, the tow body drag force, the cable drag force,
the cable lift force, and the cable weight. While the cable moves forward, the resulting drag force can actually be
decomposed into two components: tangential and normal. Both of these components depend on the angle the cable
makes with the water surface. Figure 4 shows a schematic view of a cable—tow body system.

In this system, consider an infinitesimally small cable segment of length ds, and let the loads acting on this small
segment be represented as follows:

Q(¢): the normal drag force per unit length,

P(¢): the tangential drag force per unit length,

To: the resultant force acting on the towed body,

¢: the angle between the cable and the water surface.

If the underwater weight of the cable segment of length ds is expressed in the same Q(¢) and P(¢) coordinate
system, and the force balance equations in the x and y directions are written, then:
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—(T —éd!’] # sin(ﬁ‘ —%n’ﬁ‘) + (T +%n’1") * sin(ﬁ‘ +§n’ﬁ‘] = (—P*(8) = sinf — Q7(8) * cosB) = ds (1)

- (T— é n’T) * £OS (E - é n’ﬁ‘) + (T +% n’T) * CO8 (E‘ +%n’ﬁ‘) =(—P*(8) + sind + Q°(8) + cosB) + ds (2)

The system of equations obtained by combining these equations using the half-angle identities is as follows:

cos(@) = (T = d8 + Q*(8) = ds) = —sin@ = (P*(8) +ds + dT)
sin(@) = (T =df + Q*(8) = ds) = cos(8) = (P*(8) + ds + dT) (3)

This system of equations has only one solution:

T+df=—-0Q%(8) +ds

dT = —P~(#) + ds (4)

If the equations are divided term by term and the integration operations are carried out:

-2 peigl

S g.l,;.nﬁ-dﬂ (3)
o
is obtained. For infinitesimal elements:
dy

ds = —— 5]
: sin(g) ©)

is valid. If the three equations((4), (5), (6)) are combined:

8 -8 pLg) T.
loggrard® 0. _

— g)=df =y 7

g i PE) T.
8

0

The equation is derived. From these two equations, it can be seen that y (D) and s (L) depend on To and Q(8).
Thus, a two-dimensional dimensionless parameter can be defined.

0) =L
ﬂ=—Q{£ (g8
]
0l=D
=% ©
]
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If a tow body is to be modeled for experimental purposes, a realistic model relationship must be established
between the drag acting on the tow body, To,x, and the weight force in water, To,y:

_Tox

=1, (10}

T

Thus, by experimentally measuring only the normal drag force of a cable of short length and modeling it
according to the dimensionless parameter t of the tow body to be used in the real system, the depth of the tow
body model in an experimental setup can be measured to calculate the corresponding depth for the full-scale cable.

III.NUMERICAL ANALYSIS

Instead of the infinitesimal cable segment given above, consider this time a finite small cable segment, and let
the forces acting on it be defined as shown in the figure.:

T+ Y

Tn+ 1.x

Fbuoyancy
I:Drag, normal

FDrag, tange

Tll,X

x Tay

Figure 5 Modelling of a finite element cable

Here, T, represents the reaction force at the n' node. If the force balances are written according to this diagram:

T, +Ly = Fh'pl'gf':t - Fbunycr!r_].: + Fdrr.'g tn:r!gpr!tl'r:f{'x] + sinfoc) — Fdrr.'g rmr'rr.,cf{m] » cos(o) + Tr!_].' (11)

Thsrx = Fu".‘rcg mngpnn'r:i{'x] + cos{oc) + Fdrcg r!nrmci{'x:l + sinfoc) + Ty (12)
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L L
0= _F;ir'r.'g rmrrnr.'u'{'x] * 2 + ':Efpl'ght - 'E:'i.!l}_‘l.‘ﬂi’!f_‘l.':] * 5 * cos (oc) +
{Tﬂ}. xcos() — Ty, » sin(x)) = L (13)

Here, the formulation of the components of the drag force is very important. In its most general definition, the

drag force is:

.
Farag =3 * P *V* * Carag* A (14

The resultant drag force can be defined according to the wetted areas. For the tangential component, the wetted

area is:

Ayetred tangential — T * d=l (15)

For the normal component, the wetted area is:

Aerred normar =@ * 1 (16)

Thus, the components of the drag forces are formulated with the following expressions:

E‘!r’cg normal — ; g d+l=V*+ Edrcg normal ':1?]

1 )
Fdrr.'_g tangential = ; P dxm*l+V"» Edrcg tangential {18]

The key point here is that the drag coefficients depend on the angle the cable makes with the water surface.
Edrcg normal * cdru:g tangential — f':ct] (19)
For fairing types such as hairy and ribbon fairings, which are highly complex for computational fluid dynamics

analyses, experimental studies are indispensable. Drag coefficient—angle plots obtained from tests conducted at

various orientations are crucial for making more realistic predictions in underwater cable applications.
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The three equations mentioned must be solved in a coupled manner. This solution will be carried out using a

code developed in the MATLAB environment. For this purpose, the algorithm must first be defined:

INPUT OF CABLE TOTAL CABLE LENGTH,
PARAMETERS AND CYLINDRICAL ELEMENT
CALCULATION OF ~* LENGTH AFTER DISCRETIIU,

BUOYANCY AND WEIGH GRAVITATIONAL ACCELE-
FORCES RATION, FRESH AND
SALINE WATER DENSITY,
CABLE DIAMETER,

SPECIFIC WEIGHT OF THE
CABLE, CABLE VELOCIT

—

!

FORCE INPUT FOR POINTN l

USE OF

CALCULATION BASED ON
THE INPUT FORCES

}

DETERMINATION OF THE
CYLINDRICAL ELEMENT
ANGLE AND THE NORM
DRAG FORCE

}

CALCULATION OF OTHER
FORCES ACTING ON THE
CYLINDRICAL ELEMENT

BASED ON THE
DETERMINED ANGLE

! !

DETERMINATION OF THE DETERMINATION OF THE
FORCES FOR POINT N#1 ——»  FORCES FOR POINT N+1
FROM FORCE EQUILIBRI FROM FORCE EQUILIBRIUM

Figure 6 Algorithm for a MATLAB code

After this stage, the validation of the written code must be ensured. At this point, Latchmann, in his article
published in 1993, shared with his readers the depth performance results obtained for various fairing types [7].
These values are presented in the table below:
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Top cable | Layback | static
angle length tension
|_degrees m m N

A-armoured 750 6 1300 1269 13,160

B-amoured 1310 6 B35 785 17.180

C-streamlined | 750 28 285 187 12,800
fairing

D-partially 750 7 500 418 11,405
faired

E-ribbom fniring 750 9 825 785 24,700

Figure 7 Comparision of fairing types [7]

At this stage, the only requirement is to determine the drag coefficients corresponding to the fairing types used
on the cables. In the same article, Latchmann also provided these values as a function of angle:

cable type loading functions drag coefficients reference
ammoured cable fa | 0.5-0.1cosg+0.15in$-0.4c052¢-0.0115in2¢ Cr=1.5 6
f;, | -0.1945+0.2030050+0.19455in¢-0.0681sin2¢

ribbon fairing fn 0.4986-0.249%cos¢+0.25273in$-0.248Tcos 24 Cr=12 5

A fi | -.2255+40.3417cos¢+0.22555ing-0.08 1 15in2¢
ribbon fairing | f, | 0.5-05c02¢ = sine Cp=12, C=0.04 2

B f; | 0.5+0.5n2¢ = cost¢

streamlined fn -1.5716+1.7367cosg+2.40655in$-0.1651cos2¢9-0.7808sin2¢ Cr=0.25@ Re=5.6x 104 | 48
fairing f; | -0.1158+0.4641cos¢-+0.1158siné

Figure 8 Tangential and normal drag coefficient functions [7]

When the developed code is executed in the MATLAB environment, the resulting plots appear as shown in the

figure:

“Armoured Cable™
a0 T

300

-100 -

Figure 9 Depth graph for armoured cable
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B Tipi Ribbon Fairing
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Figure 10 Depth graph for cable with ribbon fairing
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Figure 11 Depth graph for cable with streamlined (hard) fairing
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The values obtained from the MATLAB code are compared with those in Latchmann’s paper, and the following
error rates are found:

Table 1: Error values obtained as a result of the comparison made between the MATLAB code and the data in the article

"Layback" “Depth”
Latchmann, 1993 MATLAB | Latchmann, 1993
MATLAB (m) | (m)[7] Error (%) | (m) (m) [7] Error (%)
Streamlined
Fairing 191.23 187 2.262032 |201.86 200 0.93
B tipi Ribbon
Fairing 783.51 785 0.189809 |200.96 200 0.48
Armoured
Cable 783.98 785 0.129936 |205.99 200 2.995

IV.CONCLUSION

The main objective of this study is to determine how to calculate the depth performance of underwater acoustic
sensor systems, which operate with very long cable lengths. By incorporating angle-dependent drag characteristics
of the fairing structures used on underwater cables into the numerical method, the depth predictions were obtained
with high accuracy and low error margins.

Based on the experimental studies to be conducted, the angle-dependent normal and tangential drag coefficients
should be converted into functional representations using trigonometric interpolation and implemented in the code
accordingly.

Another method explained within this study is the formulation based on an infinitesimal cable element, through
which the dependencies of cable length, depth, and related variables on system parameters are described step by
step, leading to the derivation of the relevant dimensionless numbers.

For the experimental testing of a cable—tow body system, the ratio of drag force to submerged weight of the tow
body was defined as a dimensionless number. Thus, all dimensionless parameters necessary for conducting the
dimensionless analysis and modeling of cable—tow body systems with long cable lengths have been introduced.
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L INTRODUCTION

There are many reasons that affect the economy, such as wars, pandemics, climate change, natural disasters and
etc. Compared to developed countries, developing countries like ours have a more fragile economic structure and
are more affected by events. This situation severely affects the decision-making processes of decision makers who
want to make investment. The main motivation of this study is to present a flexible and reliable investment decision
system by including multiple parameters. When we look at the literature, it’s seen that there are many estimation
studies and many methods. These are generally studies that compare the forecasting performance of different
methods on a single parameter.

In their study, Bai et al. proposed a forecasting approach that takes into account fluctuations and changes in the
stock market. This approach uses "adaptive noisy ensemble empirical mode decomposition", which incorporates
many economic indicators into the method. In the method, Wilcoxon and time convolutional network models were
integrated (Bali et al., 2025). In one study, a forecasting approach was presented by combining the absolute
minimization and selection operator LASSO and the bidirectional long-short term memory LSTM method for
stock market exchange rate forecasting. The study also compared the performances of some machine learning
techniques such as SVM, KELM, ELM (Liu et al., 2024). In another study, a multidimensional approach based on
image ensemble and deep learning for exchange rate prediction is presented. Many economic factors were taken
into account with a cluster-based learning model and comparisons were made with different data and models in
the study (Wang and Dong, 2024). In another study conducted on BIST-100 stocks, the prediction performance of
many methods such as SVM, KNN, Random Forest and deep learning was compared using daily index data
(Simsek, 2025).

Multiple effective parameters were included in the analysis process for more reliable forecasting and decision
making. Forecasting was performed on a single value in which all parameters were included according to their
weights with MCDM. A dynamic and flexible forecasting was carried out with fuzzy time series.

1L MATERIALS AND METHODS

In this study, a methodology is presented that provides investors with robust and reliable results based on
decision making and forecasting under changing economic conditions. The study used BIST-30 stocks, which
include the most influential companies in Tiirkiye, as data. The names of these companies are shown in Table 1
below. Explanations of the parameters used are also given below. In this study, unlike other studies, multiple
parameters were used and these parameters were converted into a single value with the help of MCDM according
to their weights. Estimates were made based on this obtained value. Details of the methods used in the study and
the methodological framework are explained in detail below.

Table 1. The dataset used in this study BIST-30 shares (investing.com, 2025).

BIST-30 SHARES
AEFES CIMSA GARAN KRDMD SASA TOASO
AKBNK EKGYO GUBRF MGROS SISE TTKOM
ASELS ENKAI ISCTR PETKM TAVHL TUPRS
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ASTOR

EREGL

KCHOL

PGSUS

TCELL

ULKER

BIMAS

FROTO

KOZAL

SAHOL

THYAO

YKBNK

High value; It refers to the highest value of the share price during the day. Its high value is positive for investors
and is considered a benefit-oriented criterion.

Low value; It refers to the lowest value of the share price during the day. Its high value is positive for investors
and is considered a benefit-oriented criterion.

Volume; It refers to the amount of the relevant stock traded in the markets in a certain period of time. Its high
value is positive for investors and is considered a benefit-oriented criterion.

Price/earnings ratio; It is obtained by dividing the price of the relevant stock by its earnings per share. Its low
value is positive for investors and is considered a cost-oriented criterion.

Dept/equity ratio; It indicates the rate at which a company borrows to finance its assets on a per share basis.
Its low value is positive for investors and is considered a cost-oriented criterion.

Return on equity; It is obtained by dividing the company's equity by the annual financial income on a per-
share basis. Its high value is positive for investors and is considered a benefit-oriented criterion.

Dividend yield; It is obtained by dividing the company's dividend yield by the price for the relevant share. Its
low value is positive for investors and is considered a cost-oriented criterion.

Earnings per share; It shows the amount of profit obtained for the relevant stock in a certain period of time.
Its high value is positive for investors and is considered a benefit-oriented criterion.

a. CRITIC (Criteria Importance Through Intercritera Correlation) method:

This method is a method that performs the weighting process by taking into account the correlation relationship
between the criteria. The criteria are objectively weighted based on this correlational assessment. The stages of the
method are given below (Bulgurcu, 2019).

1. Creating the decision matrix

X117 Xan
X= [xij]mxn = . : (1)
xml xmn
2. Normalization of the decision matrix
e _ xij—min(x;;) . .
Xij" = maks(xi)—minGer)) i=01,....m)vej=(1,.....,n)
()
ks(xij)—Xij . .
Xyt = )y i=(1 e, m)vej= (1., n)

" maks(x;j)—min(x;))

3. Creating the relationship coefficient matrix
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_ Yity (x" — %) (X — Xi)
V2R G — %) Bt (e — X )? &)

Pjk

4. Calculating the total information values of the criteria

n
G=01 ) 1-Pp
k=1 “)

5. Calculating Criteria Weights

Cj

W = o——
g Dk=1Ck

©)

b. MAIRCA (MultiAtributive Ideal-Real Comparative Analysis) method:
It is a method in which alternatives are ranked by evaluating the total gaps for the criteria with ideal and
empirical ratings. The stages of the method are detailed below (Aygin, 2020).

1. Creating the Decision Matrix

G, G Cn

X121 X1z Xin

o e e ©)
Xz . : *, .

x"‘ll x]‘?lz xmn

2. Determining Priorities of Alternatives

iy}

1

Pai =—; ZPM =1 i=12..,m (N
i=1

3. Creation of theoretical and actual rating matrices

FAl-Wl FAI-WE aan Pﬂ‘l-wn
T, = FAZ:-WI FAE:WE - F,-az:-wn (8)
Pim-Wy Py W, Fym- Wy
G, G Cn
tr1n briz trin
Lyzr  Lpaz trzn
Tr' = : : T
Irnll tr’mE t]"nln

4. Calculating the total void matrix and identification with alternatives
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Gij = bpij — Lyij gij € [0,0)

11 Gz - Gin
G=T,-1T,=|9 92 - Im (10)
g]‘lll gi‘i“lZ gmn

5. Calculating the values of the ultimate criterion functions of the alternatives

n
Q,-:Zg” , i=12,..,m ()
=1

c¢. Fuzzy Time Series method:

The fuzzy time series method, introduced by Song and Chissom, is a forecasting method that can produce quite
good forecasts with low data volume. Data are processed through a series of processes, with different approaches
defining the ranges (medium.com, 2025).

1. Define U as the universe of discourse

Dinr and Do are maximum and minimum points of historical data, I}y and D, are proper positive numbers
and U is the universe of discourse defined as [D,;, — D, . D,p.nr + Do ] based on the D,.... and D, .

2. Partition the universe of discourse (U) as u,, U, ..., ;.
3. Define fuzzy sets on the universe of discourse (U)
Ay = ayfuy+apfus + L+ Gy [y
Ay = @y fuy +ag fus + .+ Ay Uy, (12)

AF\: = ﬂkLl,lruL+ﬂ;:|.'rH:+...+ﬂim1f'rum-

Where a;; €[0,1], 1 =i=k, 1 =j=m._ a; is the grade of membership of u; in the fuzzy set 4;.

4. Fuzzify the data and determine the fuzzy logical relationships

5. Calculate the forecasts according to the principles.

P1; Aj—Ak , i+1 , equal to mk;
fuzzy logical relationship groups like A; — A then the forecasted value of i + 1 will be equal to m;, which is

the midpoint of interval ug,.
P2; Aj—Ak1,Ak2,...,Akp, i+1, equal to (m1+m2+---+mp)/p;
fuzzy logical relationship groups like A; — Ay, . Agz. .. . Ay then the forecasted value of @ + 1 will be equal

to (my +m; + -+ my}/p as the arithmetic mean of the midpoints of the intervals ;.. ... u, respectively.

P3; Aj — @, i+1, equal to mj;
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fuzzy logical relationship groups then the forecasted value of i + 1 will be equal to m; which is the midpoint of
interval u;.

The methodology applied in the study is as follows. First stage data preparation determination of parameters, the
second step is weighting, the third step is ranking, step four is forecasting and the last step is evaluation
performance with metrics.

Steps of the proposed methodology:

1.

Data and parameters: In this phase, parameters are determined, the data to be analyzed is collected, and
the data is made available for analysis. This study uses the monthly values of BIST-30 stocks for 2024,
based on the specified parameters. Furthermore, the criteria aspects are also determined at this stage.

Weighting of the determined criteria: At this stage, the criteria are objectively weighted using the
CRITIC method. Criteria weights are calculated separately for each month.

Ranking for each mounth: Using the MAIRCA method, BIST-30 stocks are ranked on a monthly basis
and their score values are obtained.

Forecasting based on ranking result values: Forecasts are produced based on the monthly scores obtained
for BIST-30 stocks using the fuzzy time series forecasting technique.

Obtaining error and variability metrics: Finally, with the estimation performed, the estimation
performance is evaluated using metrics such as MAPE, RMSE and MAD.

Data and parameters:
Parameters; High, Low, Volume, Price / Earnings Ratio (%),

Debt/Equity Ratio (%), Return on Equity (%), Dividend Yield (%),
M R N M WY WS
Earnings Per Share.

Data; BIST 30 shares; AEFES, AKBNK, ASELS, ASTOR, BIMAS, CIMSA,
EKGYO... ... THYAO, TOASO, TTKOM, TUPRS, ULKER, YKBNK

Ranking for each mounth: Weighting of the determined criteria:

Ranking; MAIRCA (Multi Atributive Ideal-Real Weighting; CRITIC method (CRiteria
Comparative Analysis) Importance Through Inter-criteria Correlation)

Terms; 01.24, 02.24, 03.24, ..., 12.24 Terms; 01.24, 02.24, 03.24, ..., 12.24

Forecasting based on ranking result values: | Obtaining error and variability metrics:

Forecasting; Fuzzy Time Series method Metrics; MAPE (Mean Absolute Percentage
Error), RMSE (Root Mean Square Error), MAD

Terms; 2024 = 2025 (Mean Absolute Deviation)

Figure 1. Methodological framework of the study.

111. RESULTS AND DISCUSSIONS

This study presents a decision support approach that facilitates investors in making investment decisions by
making robust predictions in accordance with variable conditions. When the results obtained with the methodology
presented in the study are evaluated, it is observed that quite consistent and reliable results are obtained. The results
obtained in the study are given below.

Below is given the weightings for parameters on the graph in Figure 2 and in the Table 2. One of the important
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points to consider here is that the parameters that have the most weight in the decision- making stage are volume,
debt and earnings.

Table 2. Criteria weights determined by the CRITIC method on a monthly basis.

Price /
Earnings Debt/Share Returnon Dividend Earnings
High Low Vol. Ratio (%) (%) Equity (%) Yield (%) per share
January 0,1054 0,1030 0,1297 0,1077 0,1638 0,1067 0,1470 0,1368
February 0,1060 0,1099 0,1585 0,1003 0,1498 0,0997 0,1420 0,1338
March 0,1246  0,1208 0,1809 0,0991 0,1362 0,0891 0,1204 0,1289
April 0,1215 0,1229 0,1761 0,1009 0,1364 0,0901 0,1214 0,1306
May 0,1223  0,1179 0,1596 0,0920 0,1468 0,0957 0,1286 0,1371
June 0,1177  0,1275 0,1781 0,0890 0,1420 0,0925 0,1235 0,1297
July 0,1193 0,1219 0,1700 0,0910 0,1447 0,0954 0,1269 0,1309
August 0,1218 0,1223 0,1704 0,1022 0,1391 0,0916 0,1241 0,1285
September 0,1121  0,1175 0,1731 0,1067 0,1383 0,0934 0,1331 0,1257
October 0,1181  0,1158 0,1681 0,0919 0,1407 0,0982 0,1367 0,1305
November 0,1231 0,1261 0,1585 0,0906 0,1458 0,0934 0,1297 0,1328
December 0,1260 0,1281 0,1678 0,0865 0,1366 0,0949 0,1289 0,1313
OHigh Olow OVol Price / Earnings Ratio (%) DI Debt/Share (%) DOReturn on Equity (%) EIDividend Yield (%) DIEarnings per share

0,2000

0,1800

0,1600 -

0,1400

0,1200

o0,2000 |[

0,0800
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0,0400

0,0200

0,0000 L 111 11 11 11
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Figure 2. Graphical representation of criteria weights.

Table 3 shows the monthly ranking values of BIST-30 stocks according to the criteria determined by the
MAIRCA technique. Upon examination of the results, it is observed that the monthly rankings yield results that

are compatible with each other.
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Table 3. BIST-30 shares rankings obtained by the MAIRCA method on a monthly basis for 2024.

o 5 5
0§ . 5 5§ § § %
2 s § 3 3 & 2> & = 2 3 S
BIST-30 = & = < s 3 3 I 3 S 2 Q
AEFES 25 27 17 17 21 14 15 9 14 20 11 12
AKBNK 12 16 22 22 19 19 19 20 19 19 20 20
ASELS 21 23 9 9 9 9 9 10 8 9 14
ASTOR 10 7 11 14 12 10 14 15 12 15 12 13
BIMAS 1 3 6 4 4 3 1 1 1 1 2 2
CIMSA 27 20 26 26 25 25 25 26 26 26 25 24
EKGYO | 18 19 23 23 22 22 22 23 23 23 2 23
ENKAI 11 15 3 5 5 5 4 3 21 12 1 3
EREGL 26 26 28 28 27 27 27 28 28 28 27 28
FROTO 17 14 18 20 17 16 20 21 20 18 19 21
GARAN | 7 6 5 7 6 6 6 5 4 3 4 5
GUBRF 8 9 16 21 18 20 18 19 17 14 13 10
ISCTR 20 22 25 25 24 24 24 25 25 25 24 26
KCHOL | 6 5 8 8 8 g8 8 7 7 6 7 7
KOZAL | 22 24 27 27 2 26 26 27 27 21 26 27
KRDMD 30 30 10 10 30 30 30 11 30 30 30
MGROS | 2 1 2 1 2 a2 2 2 2 3 1
PETKM 28 28 29 29 28 28 28 29 29 21 28
PGSUS 13 3 19 15 15 15 17 18 16 16 17 18
SAHOL 14 18 13 11 13 12 13 16 15 10 14 19
SASA| 29 29 30 30 29 29 29 30 30 29 29 29
SISE 23 25 1 3 1 1 3 6 5 5 6 4
TAVHL 16 17 21 18 16 17 16 17 18 17 18 17
TCELL 15 8 12 13 11 21 11 14 10 9 10 11
THYAO | 5 a7 6 7 7 7 8 6 7 8 8
TOASO 4 10 14 12 10 11 10 12 13 13 16 16
TTKOM 24 12 20 19 20 18 21 22 22 22 21 22
TUPRS | 3 2 4 2 3 2 5 4 3 4 5 6
ULKER 9 11 15 16 14 13 12 13 11 11 15 15
YKBNK | 19 21 24 24 23 23 23 24 24 24 23 25

Table 5 shows the fuzzy intervals corresponding to the true values for some selected stocks. These intervals and
the fuzzy relationship groups in the data based on the fuzzy transformation are given in Table 4.

Table 4. The group of the fuzzy relationships in the dataset for some BIST-30 shares.

ASELS KCHOL KOzZAL
A4 - ['A5'] Al - ['A4"] Al - ['A3"]
A5 - ['A1'] A4 > ['A5', 'A2'] A3 > ['A4', 'A3]
Al ['A2','Al'] A5 > ['A4', 'A5', 'A3'] A4 > ['A4','A3', 'A5']
A2 > ['Al','A2', 'A3] A2 > ['A1']

A3 - ['A5']

SAHOL SASA ULKER
A4 - ['A5'] Al - ['A3] Al - ['Al', 'A4"]
A5 - ['A1'] A3 > ['A4', 'A3] A4 > ['A5', 'A3]
Al = ['Al','A2'] A4 = ['A3','Ad', 'A5'] A5 - ['A3']
A2 > ['Al', 'A3', 'A2', 'A4'] A3 > ['A2', 'A3', 'A4', 'A5']
A3 > ['A3', 'A2'] A2 > ['A2', 'A3]
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Table 5. The actual ranking result value and fuzzy value of the some BIST-30 shares.

KOZAL SAHOL SASA
Mounths Value Fuzzy Value Fuzzy Value Fuzzy
1 0.02270 Al 0.02068 A4 0.02619 Al
2 0.02345 A3 0.02144 A5 0.02670 A3
3 0.02402 A4 0.01910 Al 0.02697 A4
4 0.02397 A4 0.01878 Al 0.02693 A3
5 0.02392 A4 0.01918 A2 0.02698 A4
6 0.02420 A4 0.01892 Al 0.02721 A4
7 0.02403 A4 0.01977 A2 0.02708 A4
8 0.02379 A3 0.02010 A3 0.02683 A3
9 0.02375 A3 0.01997 A3 0.02671 A3
10 0.02410 A4 0.01951 A2 0.02712 A4
11 0.02397 A4 0.01972 A2 0.02706 A4
12 0.02445 A5 0.02086 A4 0.02739 A5
ULKER KCHOL ASELS
Mounths Value Fuzzy Value Fuzzy Value Fuzzy
1 0.01911 Al 0.01551 Al 0.02210 A4
2 0.01920 Al 0.01674 A4 0.02280 A5
3 0.01997 A4 0.01689 A5 0.01739 Al
4 0.02025 A5 0.01659 A4 0.01870 A2
5 0.01960 A3 0.01589 A2 0.01794 Al
6 0.01936 A2 0.01558 Al 0.01779 Al
7 0.01952 A2 0.01654 A4 0.01781 Al
8 0.01979 A3 0.01708 A5 0.01927 A2
9 0.01964 A3 0.01690 A5 0.01913 A2
10 0.01989 A4 0.01698 A5 0.01914 A2
11 0.01981 A3 0.01630 A3 0.01873 A2
12 0.02027 A5 0.01706 A5 0.02024 A3

Below is given the values of the metrics in Table 6 that use to evaluate the performance of the forecasting results.
It is observed that the results, in conformity with the previous graphical representations, are generally over 95
percent except for a few values and we guess that this data is due to incorrect data entry.

Table 6. Performance metrics for Fuzzy Time Series forecasting results for BIST-30 shares.

AEFES AKBNK  ASELS ASTOR BIMAS CIMSA EKGYO  ENKAI EREGL FROTO
MAPE 4,2000  1,5900 3,5300 3,6500 7,2600  2,5600 1,1200 21,6000 0,8400 1,2900
RMSE 0,0012  0,0004 0,0016 0,0008 0,0016 0,0007 0,0004  0,0036 0,0003  0,0003
MAD 0,0003  0,0001 0,0009 0,0001 0,0004 0,0003 0,0001  0,0026 0,0001  0,0003

GARAN GUBRF ISCTR KCHOL KOZAL KRDMD MGROS PETKM PGSUS SAHOL
MAPE 54700 2,3600 0,9000 2,7400 0,6300 18,0700 3,8800 14,9800 11,2100 2,4200
RMSE 0,0011  0,0006 0,0003 0,0006 0,0003 0,0044 0,0007  0,0042 0,0003  0,0009
MAD 0,0004  0,0004 0,0002 0,0002 0,0003 0,0000 0,0000  0,0021 0,0001  0,0006

SASA SISE TAVHL  TCELL THYAO TOASO TTKOM TUPRS ULKER  YKBNK
MAPE 0,5000 11,7200 0,6700 6,8000 3,4700  5,3400 4,0800 3,8100 1,1500  1,1900
RMSE 0,0002  0,0027 0,0003 0,0015 0,0007 0,0015 0,0014  0,0006 0,0003  0,0004
MAD 0,0002  0,0007 0,0002 0,0007 0,0167 0,0004 0,0002  0,0008 0,0001  0,0001

Graphical representations of some of the estimated results obtained after all analysis processes for some of
BIST-30 shares are performed are shown on below figures. It is seen from the graphics; very good predictions
were obtained with only 12 units of data.
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MAIRCA Results

MAIRCA Results

MAIRCA Results

Actual vs Forecast

Actual vs Forecast
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0.022 4 0.0168 4
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0.020 9 00162 1
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Figure 3. Actual and forecasts for ASELS. Figure 4. Actual and forecasts for Kchol.
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Figure 5. Actual and forecasts for KOZAL. Figure 6. Actual and forecasts for SAHOL.
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Figure 7. Actual and forecasts for SASA. Figure 8. Actual and forecasts for ULKER.
IV. CONCLUSION

Although forecasting studies are generally based on stock value, this study shows that volume, debt/share ratio
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and earnings/share ratio parameters are more effective on decision process.

In the study, a flexible, reliable and dynamic forecast performance was achieved with the fuzzy time series
technique in the forecasting phase. The study presents a harmonious integration of MCDM and forecasting
methods.

In the study, the forecast performance was low for some stocks due to some errors in the data.

In the study, the optimal number of intervals was not determined and the specific number of intervals for all
stocks was taken as 5. An effective and reliable stage should be developed to determine the risk levels of the stocks
after the forecast.

More effective and reliable results can be obtained by using streaming data from a working database.
Additionally, by increasing the data volume and period, performance comparisons of different prediction
techniques such as deep learning or machine learning can be performed.
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[.INTRODUCTION

Modeling the dynamic behavior of neurons is crucial in neuroscience and computational neural network
research. Several biological neuron models are developed mathematically to represent the electrical activity
patterns produced by the real neurons [1-5]. These models aim to simulate neuronal properties such as synaptic
transmission, firing patterns, and their oscillatory behaviors. In its most general form, we can classify biological
neuron models under four basic headings:

1) Biophysical neuron models: These models are defined in order to explain neuronal structures, ion
pumps, production of membrane potential.

ii) Oscillator models: Unlike the biophysical model, these oscillators have no biological counterparts to
explain their nonlinear dynamics.

1ii) Neural networks: They are formed by an assembly of neurons in order to produce rhythmic output.

iv) Neuron map models: In recent years, the use of discrete-time neuron map models are attracted attention

in the literature as an alternative to continuous-time biological neuron model definitions.

Neuron map models provide a more economical computational cost and, consequently, a faster simulation time
compared to the classical differential equation-based models.

The Rulkov neuron model stands out as a model that captures the fundamental properties of neuronal activity
and it is a low-dimensional discrete-time map. This model, developed by Nikolai F. Rulkov in 2002, provides a
simplified representation of biological neuronal dynamics and oscillatory behavior [6]. Rulkov neuron map model
simulates neuronal firing and bursting behavior using two-variable discrete maps. This provides a more
economical computational load and, consequently, a faster simulation time compared to classical differential
equation-based models. Modeling the information processing processes of neuronal networks, investigating the
dynamics of epileptic seizures, examining the communication mechanisms between biological neurons, and
developing artificial neural networks are some examples of the research areas in which this model is used [7-10].
Additionally, the Rulkov model's computational simplicity makes it a preferred choice for large-scale neural
network simulations [11, 12]. Implementation studies verifying this model with electronic hardware are also
available in the literature [13, 14].

Technically, the basic structure of the Rulkov neuron map model is built on two variables representing slow and
fast dynamics. This allows for the easy examination of spiking (single firing) and bursting (multiple firing groups)
activities of neurons. Additionally, different dynamic behaviors are generated by varying the Rulkov neuron map
model's parameters. The diversity of systems' dynamic responses is studied by observing their bifurcation diagrams
and calculating their Lyapunov exponents [15, 16]. However, as an alternative to these techniques, the dynamic
richness of the relevant systems can also be checked by recurrence-based analysis method using time series
responses. Recurrence Quantization Analysis (RQA) is a powerful analysis method that examines recurrent
structures and patterns in the time-series data of the dynamical systems, quantitatively. First developed by
Zbilutand Webber, RQA is used to uncover hidden dynamic properties in complex, chaotic, or noisy systems [17,
18].

In this study, the oscillation patterns of the Rulkov neuron map model are examined quantitatively by utilizing
the RQA analysis method for the time series of its five different neural activity responses. These responses are
produced by changing the Rulkov model parameters. The diversity of the Rulkov model’s patterns and the
probabilistic computational results of the RQA analysis method are shared in here. This aims to visualize the
dynamic richness of the Rulkov and similar neuron map models by using an alternative method to existing
approaches. A schematic diagram summarizing this process is also presented in Figure 1.
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Biological Neuron Model

Rulkov Neuron Map Model Recurrence Quantification Analysis (RQA)
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Figure 1: A schematic diagram summarizing the following stages followed in this study.

In this context, an introduction to the Rulkov neuron map model and the numerical simulation results including
some of its rich dynamics are presented in Section 2. The fundamental properties of RQA and its application to
the Rulkov neuron map model are presented in Section 3. The obtained findings are interpreted in the conclusion
section.
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II.RULKOV NEURON MAP MODEL

The Rulkov neuron map model finds a wide range of applications in neuroscience, from theoretical studies to
simulations of biological neural networks. This model is a two-dimensional recursive map model. The model was
proposed by Nikolai F. Rulkov for modeling neural systems. Its computational advantage over a continuous
dynamic system is emphasized by considering its memory savings [6]. The Rulkov neuron map model is defined
by Eq.1:

xn+| :f(xn’yn +ﬁn)
yn+l =yn _lu(xn +1)+luan)

al(l-x)+y x <0 (1)
f(x,y)= a+y O<x<a+y
-1 x>2a+y

Here, x represents the neuron's membrane potential. Unlike the x variable, the y variable has no biological
significance; however, it can be considered a voltage gate parameter. f and ¢ are the external DC current
parameters applied to the neuron, and a is the nonlinearity parameter of the neuron map. Several behaviors such
as firing and bursting can be obtained by different combinations of the ¢ and a parameters. Neural dynamics
examples of this neuron map model, which are a few of these behaviors, are presented in Figures 2.a-e.
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Rulkov Neuron Map: Fast Spike
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Rulkov Neuron Map: Bursting-I
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Figure 2: Examples of neural dynamics in the Rulkov neuron map model.

The numerical simulation results of in Figure 2a-e are obtained for five different neural dynamics of the Rulkov
neuron map model. First one is for spiking behavior (Figure 2a), second one is for fast spiking behavior (Figure
2b), third one is for irregular behavior (Figure 2¢), and fourth and fifth ones are for bursting behavior with different
periods (Figures 2d and 2¢). The values of the parameters, which are used in these numerical simulations, are

presented in Table 1:
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Table 1: The values of the parameters used in numerical simulations of the Rulkov neuron map model in Eq.1.

Parameters Fig.2a Fig.2b Fig.2c Fig.2d Fig.2e
a 4 4 4.5 5 6
B 0 0 0 0 0
u 0.001 0.001 0.001 0.001 0.001
o 0.01 0.1 0.14 -0.1 -0.1

The Rulkov neuron map model in Eq.1 aims to mimic the firing and bursting patterns that constitute the rich

dynamics of neurons with a two-dimensional map model. The simulation results in Figure 2 demonstrate and verify
this diversity.

III.RECURRENCE QUANTIFICATION ANALYSIS- ‘RQA’ METHOD

“Recurrence Quantification Analysis (RQA)” is a powerful analysis method that quantitatively examines
recurrent structures and patterns in time series data of dynamic systems. It was first developed by Zbilutand
Webber [17]. RQA creates two-dimensional matrices called “recurrence plots (RP)” to visualize the dynamic
behavior of a time series. These graphs display the times when the system's states are similar to each other by
considering a specific threshold value. When the system repeats similar situations within the time series, these
repetitions are marked with points on the graph.

The RQA method is used for the purposes such as analyzing the structure of dynamic systems, distinguishing
different dynamic modes, and analyzing noise effects. RQA calculates various quantities from recurrence graphs,
and these quantities provide important information about the dynamics of the system. For example, the rate of
recurrences in a time series is calculated using the “Recurrence Rate (RR)” ratio. The “Mean Linear Length
(Determinism-DET)” is calculated to demonstrate the continuity of recurring patterns. The recurrence complexity
of the patterns is measured using “Entropy (ENTR)”. An important criterion indicating whether a system is chaotic
is the “Longest Diagonal Line (Lmax)” calculation.

Accordingly, in this study, the RP graphs are plotted for five different neural dynamics of the Rulkov neuron
map model in Eq.1 and its variable parameters are set to the same values in Table 1. These RP graphs are shown
in Figure 3.a-e and they are presented in the same order with Figures 2.a-e.
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Rulkov Neuron Map: Fast Spike
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Rulkov Neuron Map: Bursting- |
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Figure 3: The RP graphs plotted for five different neural dynamics of the Rulkov neuron map model.
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The above-mentioned RR, DET, ENTR and Lmax indication results for these dynamics are recorded in Table
2.

Table 2: RR, DET, ENTR and Lmax results for five different neural dynamics of the Rulkov neuron map model.

Parameters Fig.3a Fig.3b Fig.3c Fig.3d Fig.3e
RR 0.1668 0.1668 0.1668 0.1668 0.1668
DET 0.9965 0.9897 0.9766 0.9918 0.9488
ENTR 2.7505 2.8773 2.7089 2.5581 1.7727
Lmax 20.8088 12.6022 11.2594 9.5371 10.6155

According to these results, the system behaves deterministically and regularly for their most parts, because the
diagonal lines are shorter and the DET value is lower in chaotic systems. While the diagonal length is long in the
spike response, any diagonal length is not observed in the irregular behavior. The RQA illustrations of bursting
behaviors are different from each other and it depends on their periods and the number of spikes in the burst. The
recurrence rate (RR) is at a moderate level, namely, this system repeats itself at regular intervals and there are
approximately 16.68% of recurring states in each dynamic. High entropy indicates a more complex and disordered
structure. The intermediate ENTR values in these results indicate that this system is neither completely simple nor
completely chaotic. Longer diagonal lines indicate a more deterministic and stable structure. The Lmax values are
at the moderate level. This suggests that there is some disorder in this system, but not a very strong chaotic
structure.

IV.CONCLUSION

RQA is a method based on the quantitative analysis of recurring patterns in time-series data to understand the
internal structure and behavior of dynamic systems. It is a powerful tool for revealing changes in complex and
chaotic systems, distinguishing different dynamic states, and examining the continuity of the systems.In this study,
the oscillation patterns of the Rulkov neuron map model have been quantitatively examined using recurrence-
based analysis. It has been used the time series data of five different neural activity responses of this model. Thus,
some concrete inferences have been made about the stability, complexity, and predictability of the system under
consideration. Accordingly, the recurrence rates of these five different neural activity responses of the Rulkov
neuron map model have remained unchanged. This result indicates that the recurrence rate is similar in basic states
of this system. The regular and recurring patterns are available in all five dynamics, and the dynamics exhibit a
certain order of complexity.
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L INTRODUCTION

The primary motivations driving alternative fuel research on a global scale are the reduction of greenhouse gas
emissions and the achievement of energy independence by reducing dependence on volatile petroleum markets.
These two driving forces have consistently shaped the direction of energy research over the past few decades, as
societies increasingly recognize the intertwined challenges of climate change and fossil fuel depletion. Numerous
studies have demonstrated a strong consensus between the environmental and economic imperatives of these
objectives, emphasizing that sustainability in energy systems requires an integrated approach that encompasses
both ecological and geopolitical dimensions.

Environmental motivation primarily stems from the urgent need to combat climate change, highlighting the
potential of biodiesel and bioethanol as carbon dioxide—neutral fuels that can significantly lower greenhouse gas
emissions compared with fossil fuels [1], [2]. In addition to their carbon mitigation benefits, biofuels also
contribute to reduced emissions of particulate matter, sulfur oxides, and unburned hydrocarbons, making them
attractive options for improving urban air quality. From an energy security perspective, the major concerns include
fossil fuel depletion, reducing dependency on imported petroleum, and mitigating the vulnerability of the
transportation sector to oil market volatility [3]. These issues have become more pronounced due to global energy
price fluctuations and geopolitical disruptions, underscoring the importance of resilient domestic fuel alternatives.

Given that the transportation sector accounts for approximately 60% of the total petroleum consumption, it remains
a primary target for energy transition. Within this sector, diesel fuel plays a central role in freight, agricultural, and
industrial operations, making its substitution or partial replacement a key area of research. In this context,
biodiesel-ethanol blends combine the complementary advantages of both fuels: biodiesel provides lubrication and
oxygenation, whereas ethanol enhances the volatility and reduces the viscosity. Together, they offer feasible and
environmentally sustainable alternatives to petroleum diesel. The consistency of the findings across multiple
studies conducted over the years underscores the persistent importance of these two central motivations in
alternative fuel research—environmental stewardship and energy autonomy—over time.

Camelina sativa has significant agronomic and chemical advantages as a biodiesel feedstock. Agronomically, it
can be cultivated in semi-arid regions with low input requirements, exhibits strong tolerance to cold and drought,
and maintains high yields under marginal conditions where other oilseeds struggle [4], [5], [6]. These
characteristics make Camelina particularly suitable for sustainable agricultural systems, as it requires minimal
irrigation and fertilization. Camelina oil contains 30-48% oil and approximately 90% unsaturated fatty acids, with
a-linolenic acid (30-40%) contributing to the improved cold-flow properties of the fuel [7], [8]. Compared with
other oilseeds, Camelina stands out because of its high net energy ratio, low production cost, and non-competitive
nature with food production [9], [10]. Several studies have shown that camelina oil demonstrates superior
performance as a biofuel feedstock relative to other vegetable oils [6]. In addition, its compatibility with existing
agricultural rotations and potential for carbon sequestration reinforce its attractiveness for sustainable biofuel
production.
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Recent research has demonstrated that diesel-biodiesel—ethanol ternary blends exhibit marked variations in their
physicochemical and combustion characteristics. The synergistic interactions between the three components
influence critical parameters such as density, viscosity, flash point, and cetane number of the fuel. Some studies
have reported that ethanol addition reduces the density and viscosity of diesel, improving atomization and
combustion efficiency, although it may negatively affect other physical parameters, such as lubricity and cold
stability [11]. Conversely, combustion-oriented studies have generally reported favorable outcomes, particularly
in terms of emission reduction and combustion completeness. Karin et al. (2022) and Phyo Wai et al. (2022)
observed over 50% reductions in smoke and particulate emissions, while Sujeet Kesharvani et al. (2022) reported
a 26.4% reduction in particulate matter emissions in ethanol-enriched blends [12], [13], [14]. These results
highlight the environmental advantages of using oxygenated fuel blends. However, most existing studies have
focused on narrow blending ratios (5—20% biodiesel and 5—10% ethanol), used different feedstocks and engine
configurations, and lacked standardized testing protocols [15]. Moreover, the absence of long-term durability tests
and commercial-scale evaluations limits the generalizability of these findings for practical application.

Multivariate analysis approaches are of great significance in the evaluation of biofuel quality parameters, as they
enable the simultaneous examination of multiple interdependent variables, identification of the most critical quality
factors, and effective classification of biofuel feedstocks [16], [17], [18]. In the literature, Principal Component
Analysis (PCA) and cluster analysis have been successfully applied in diverse fields such as genetic selection,
engine performance correlation, biodiesel proportion determination [19], biomass gasification [20], marine algae
potential assessment [21], and biorefinery process variability [22]. These applications demonstrate that
multivariate statistical tools allow for a deeper understanding of complex datasets and facilitate the identification
of the dominant factors governing system behavior. Collectively, these findings confirm that PCA is a robust and
generalizable tool for assessing the quality of biofuels and optimizing their formulation parameters.

Nevertheless, comprehensive multivariate characterization studies specifically focusing on Camelina-based
diesel-biodiesel-ethanol blends are absent from the literature. Although PCA, FTIR spectroscopy, and
discriminant analysis have been successfully applied to biodiesel blends [23], [24], studies on Camelina have
largely remained limited to fuel property evaluation without advancing to multiparameter statistical modeling [25],
[26], [27]. This gap highlights the need for integrative statistical frameworks capable of elucidating the correlations
among physical, chemical, and combustion-related variables. Additionally, the available open-access datasets
primarily focus on engine emission studies, restricting their use in broader physicochemical analyses [28]. Thus,
the comprehensive characterization of the physicochemical parameters of camelina-based blends through
multivariate methods requires the development of standardized open datasets that can support reproducibility and
cross-study comparison.

The existing literature highlights the scarcity of open-access databases for liquid biofuel blends. The most
extensive examples include the NIST Standard Reference Databases, ThermoData Engine, and NIST Reference
Fluid Thermodynamic and Transport Properties Database, which have been expanded to cover biofuel components
[29]. Furthermore, Comesaiia et al. (2022) developed models based on publicly available experimental data for
8,351 molecules [30], providing an open-source web tool for predicting the melting, boiling, and flash points. The
dataset published by [31], which contains 612 data points from 204 biochar samples, provides detailed fuel
characteristics but focuses mainly on solid biomass. Most other studies report only experimental results for specific
blends without sharing open data. The lack of structured, openly available physicochemical datasets remains a
critical barrier to data-driven innovations in biofuel research.

Accordingly, this study aimed to comprehensively assess the physicochemical and performance parameters of
camelina-based diesel-biodiesel-ethanol blends, identify the dominant variance axes, and visualize the
relationships among the formulations using PCA. This study establishes a statistical framework that highlights the
distinctions among fuel formulations, supports the interpretation of underlying property correlations, and offers a
quantitative reference for future optimization and sustainability studies.

IL. MATERIAL AND METHOD

The dataset used in this study comprised six distinct fuel samples prepared by blending biodiesel derived from
Camelina sativa oil with conventional diesel and ethanol in varying proportions: B20, B50, B100, B20D65E1S5,
B50D35E15, and B8SDOE15. These formulations were specifically chosen to represent a wide range of biodiesel
and ethanol substitution ratios, thereby enabling a systematic assessment of the effects of composition on the
physicochemical and combustion-related properties. The dataset was obtained from the open-access repository
Zenodo [32], which ensures full transparency, reproducibility, and accessibility of the underlying experimental
data for future comparative analysis.
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For each blend, 15 key physicochemical properties were evaluated: carbon residue, sulfur content, cetane number,
flash point, total contamination, kinematic viscosity at 40 °C, cold filter plugging point (CFPP), water content,
density at 15 °C, iodine number, oxidation stability at 110 °C, net calorific value, pour point, phosphorus content,
and Group II metals (Ca + Mg). These parameters collectively represent the most critical indicators of the fuel’s
physical behavior (e.g., density, viscosity, and CFPP), combustion performance (e.g., cetane number, calorific
value, and carbon residue), and chemical stability (e.g., oxidation stability, iodine number, and metallic
contamination).

All analyses were carefully selected to enable a comprehensive evaluation of the fuels in terms of their suitability
for engine operation, emissions performance, and long-term storage stability. This multidimensional dataset
provides a foundation for advanced statistical exploration, allowing the identification of correlated properties and
the extraction of dominant patterns governing the blend behavior. This facilitated a deeper understanding of the
interdependence among physicochemical parameters and supported the development of a holistic, data-driven
approach to biofuel quality characterization.

Prior to the statistical analysis, all variables were standardized to eliminate scale differences arising from variations
in the measurement units and magnitude ranges. This preprocessing step was essential to ensure that parameters
with inherently larger numerical values, such as density or viscosity, did not dominate the analysis and that all
variables contributed equally to the extraction of the principal components.

Standardization was performed by transforming each variable to have a mean value of zero and a standard
deviation of one, according to the following equation:

Here, X;; represents the i-th observation of the j-th variable, k_'_, denotes the mean, and 5; is the standard deviation

of variable j. Through this transformation, each parameter was expressed in terms of the standard deviation from
its mean, thereby normalizing the influence of individual measurement scales and allowing for balanced weighting
across all physicochemical properties.

This standardization procedure also facilitated the identification of hidden correlations among variables, a
prerequisite for multivariate techniques such as Principal Component Analysis (PCA). Without this normalization,
high-variance variables can distort the covariance structure and bias the interpretation of the principal axes.

Missing data were handled using the pairwise deletion method, which retains all available observations for each
pair of variables to maximize information usage while minimizing the distortion in correlation estimation. As a
result of this preprocessing procedure, a complete dataset containing all the standardized variables across the six
fuel formulations was obtained. This prepared data matrix constituted the statistical foundation for subsequent
correlation analysis and PCA, ensuring consistency, comparability, and robustness in the multivariate evaluation.

To identify linear relationships among the physicochemical variables, the Pearson product—-moment correlation
coefficient was calculated for each pair of parameters. This statistical measure quantifies the strength and direction
of the linear association between two continuous variables, providing insight into how changes in one property are
associated with changes in the other. The correlation between two variables, X and ¥ defined as follows:

(-0 -1

Tyy =

"-.'IIEF=L{XI' —K)REL -

where X; and ¥; represent the i-th observations of variables X and Y, respectively; ¥ and ¥ are their mean values;
and n denotes the number of paired observations. The correlation coefficient ranges from —1 to +1, with values
close to +1 indicating a strong positive relationship, values near —1 indicating a strong negative relationship, and
values around zero suggesting no linear correlation.

The resulting correlation matrix provides a compact and comprehensive view of all pairwise relationships among
the 15 measured parameters, effectively capturing the dataset’s internal structure. As shown in Figure 1, the
correlation matrix reveals the overall pattern and directional tendencies of the studied variables.
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According to the analysis results, a strong positive correlation was observed among the density, iodine number,
and viscosity, indicating that these parameters collectively describe the physical characteristics of the fuel blends
and tend to vary in the same direction. In practical terms, higher viscosity is associated with increased density and
iodine number, reflecting the greater molecular complexity and unsaturation of biodiesel-rich blends.

In contrast, parameters such as cetane number and oxidation stability, which are representative of combustion
quality and resistance to degradation, exhibited an inverse trend with respect to this group of additives. This
negative relationship indicates that as fuels become denser and more viscous, their combustion stability and
ignition quality may decline, emphasizing the trade-off between the physical and combustion-related properties.

The presence of both strong positive and negative correlations among multiple parameters confirmed that the
dataset possessed a multivariate structure. Such interdependencies justify the application of Principal Component
Analysis (PCA), which can effectively condense these relationships into a smaller set of orthogonal components
for clearer interpretation and visualization of the underlying data patterns.
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Figure 1: Pearson product-moment correlation matrix showing the interrelationships among 15 physicochemical variables of
Camelina-based diesel-biodiesel—-ethanol blends.

Principal Component Analysis (PCA) was applied to reduce the interrelationships among the variables in the
dataset and obtain simpler and more meaningful structures that capture the dominant patterns of variation. As a
dimension-reduction technique, PCA transforms a large set of correlated variables into a smaller number of
uncorrelated variables, called principal components, while retaining most of the original information content. This
approach is particularly useful for multivariate fuel characterization, where multiple physicochemical parameters
may covary owing to compositional and thermal interactions. Based on the standardized data matrix Z, the
correlation matrix B was computed, followed by the eigenvalue (L) and eigenvector (a) decomposition, as
expressed below:

Hﬂ-k = ‘;I'f{ﬂ'f{

Here, 4 represents the amount of variance explained by the k-th component, while @ denotes the variable
loadings (weights) associated with that component, indicating how strongly each original variable contributes to
it. The eigenvalues quantify the significance of each principal component, with larger eigenvalues corresponding
to components that capture more of the overall variability of the dataset. The component scores for each
observation were calculated as follows:
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o
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This equation expresses the component scores as weighted linear combinations of the standardized values of the
original variables. Each score ¥ represents the projection of an observation onto a principal axis, effectively
summarizing multidimensional information within a reduced coordinate space.

Through this process, the dataset’s complexity was condensed into a limited number of orthogonal axes (principal
components), each representing a unique dimension of variation. This transformation allowed for the visualization
and interpretation of the differences between fuel samples based on their most influential physicochemical
characteristics. By focusing on the components with the largest eigenvalues, PCA provided a quantitative and
visual framework for identifying the main trends, correlations, and divergence patterns among the camelina-based
diesel-biodiesel—ethanol blends.

The obtained eigenvalues indicate the relative contribution of each principal component to the total variance of the
dataset. Each eigenvalue (Ax) quantifies the amount of information (or variance) captured by the corresponding
principal component, thereby serving as a criterion for determining its statistical significance and interpretive
value.

In this study, the Kaiser criterion was employed as the selection rule, which states that components with
eigenvalues (1) greater than or equal to one (A > 1) should be retained for interpretation. This threshold ensures
that each retained component explains at least as much variance as one of the original standardized variables,
making it a rational cutoff for a meaningful dimensional reduction.

As a result of the analysis, three principal components satisfied this condition and collectively accounted for
94.94% of the total variance in the dataset. This remarkably high cumulative variance indicates that nearly all the
essential information contained in the 15 physicochemical variables can be effectively summarized by only three
orthogonal components. The remaining components, which exhibited eigenvalues lower than one, primarily
represented random variation or noise and were therefore excluded from further interpretation.

The first principal component (PC1) captured the largest portion of the dataset variance, highlighting the
dominance of the physical property group (such as viscosity, density, and iodine number), whereas the second
component (PC2) emphasized the combustion and oxidative stability characteristics of the blends. The third
component (PC3) contributed marginally but was retained to preserve the completeness of the thermal and
stability-related behaviors of the fuels.

The distribution of the eigenvalues across the components is illustrated in Figure 2. The scree plot clearly
demonstrates a steep decline after the third component, forming an “elbow” that visually confirms the Kaiser
criterion. This pattern suggests that the first three components are sufficient to represent the multivariate structure
of the dataset without significant information loss, thereby validating the dimensional reduction achieved using
PCA.
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Figure 2: Scree plot displaying the eigenvalue distribution and cumulative variance explained by principal components for
the Camelina-based fuel dataset
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The PCA results were visualized and interpreted using biplots, which provide a two-dimensional graphical
representation of the multivariate relationships in the dataset. A biplot simultaneously displays both variable
vectors (loadings) and observation points (fuel blends) within the same coordinate system, allowing the direct
visualization of how each variable contributes to the principal components and how the fuel samples are positioned
relative to one another in the reduced component space.

In a PCA biplot, the direction and length of the vectors indicate the influence and correlation of each variable with
the principal component. Vectors that extend in similar directions correspond to variables that are positively
correlated, suggesting that they vary together across samples. Conversely, vectors pointing in opposite directions
indicate negative correlations, implying that as one variable increases, the other tends to decrease. Thus, the
angular separation between the vectors conveys the degree and type of association between the variables.

In this study, the biplot revealed that density, iodine number, viscosity, and CFPP were closely aligned and
clustered along the PC1 axis, representing a dimension dominated by the physical properties of the fuel. These
parameters collectively define the structural and flow behaviors of the blends and are characteristic of biodiesel-
rich samples. In contrast, the cetane number, flash point, and oxidation stability were oriented along the PC2 axis,
which corresponds to the combustion and stability characteristics of the fuels. This orthogonal distribution between
PC1 and PC2 reflects the trade-off between physical and combustion-related parameters; as the blends become
lighter and less viscous (ethanol-rich), their combustion stability may slightly diminish.

Therefore, PC1 can be interpreted as the physical structure axis, and PC2 represents the combustion stability axis.
The biplot configuration not only illustrates these contrasting behavioral domains but also highlights the relative
positions of the six fuel blends. Samples with higher biodiesel content tended to cluster in regions dominated by
physical parameters, whereas those with ethanol enrichment occupied areas associated with improved flow
properties but reduced oxidative resilience.

Overall, the component space derived from PCA effectively summarizes the multivariate data structure in reduced
dimensions, offering both quantitative and visual insights into the interdependencies among the fuel properties.
This graphical representation enables an intuitive interpretation of the similarities, divergence directions, and key
quality indicators among the blends. The findings confirm that multivariate data analysis, particularly PCA, is a
robust and versatile tool for the systematic characterization and optimization of biofuel formulations, enabling
researchers to identify property groupings and performance trends that are not easily observable through univariate
methods.

III. RESULTS AND DISCUSSION

The eigenvalues and corresponding variance ratios obtained from the PCA clearly demonstrated that the variables
in the dataset could be efficiently condensed into three main components, each representing a distinct dimension
of the physicochemical behavior of fuel blends. The first principal component (PC1) explained 52.96% of the total
variance, capturing most of the systematic variation associated with the physical characteristics of the fuels. The
second component (PC2) accounted for 33.40% of the variance and primarily represented combustion-related
parameters and oxidative stability. The third component (PC3) contributed 8.57% to the total variance, reflecting
residual information mainly linked to low-temperature and thermal stability.

Together, these three principal components represented 94.94% of the total variance in the dataset, indicating an
exceptionally high dimensional efficiency. This means that almost all the information originally distributed across
the 15 correlated variables could be summarized using only three independent axes, without substantial loss of
interpretive accuracy. Such a high cumulative variance ratio reinforces the robustness of the PCA model and
validates its suitability for describing the multidimensional structure of the data.

The strong explanatory power of PC1 and PC2 suggests that the dominant patterns of variation among the
Camelina-based diesel-biodiesel—ethanol blends are primarily governed by the interplay between the physical
fluid properties (such as viscosity, density, and CFPP) and combustionstability characteristics (such as cetane
number, flash point, and oxidation stability). Because these two axes together account for more than 86% of the
total variance, subsequent interpretation was focused on the PC1-PC2 plane, which provides the clearest
visualization of the inter-sample differences and variable groupings.

The scree plot (Figure 2) illustrates the descending order of eigenvalues and confirms that the first three
components capture the essential structure of the dataset used in this study. The sharp decline in eigenvalues after
PC3 and the near-plateau observed beyond this point indicate that additional components contribute negligibly to
the overall variance of the data. This “elbow” pattern is characteristic of well-structured datasets, affirming that
the retained components are sufficient to represent the underlying relationships among the physicochemical
properties of fuel blends.

- 65 -



INNOVATION AND APPLICATIONS IN ENGINEERING

These results suggest that PCA successfully identified a set of orthogonal latent variables that efficiently explained
the correlations inherent in the biofuel characteristics. Thus, the analysis provides a statistically grounded
framework for linking physical, chemical, and stability parameters within a reduced-dimensional space, facilitating
the comprehensive assessment and classification of camelina-based fuel formulations.

The examination of the principal component loadings (Table 1) revealed that the variables contributed to the PCA
axes with different magnitudes and directions, reflecting the complex interdependencies among the
physicochemical properties of the Camelina-based blends. Loadings express the correlation between each original
variable and the derived components; thus, their magnitude and sign are key to understanding how each factor
influences the principal axis and overall data structure.

The first principal component (PC1) exhibited strong negative loadings for several key variables, including the
following:

CFPP (-0.353)
Iodine number (-0.338)
Density (-0.315)
Water content (—0.280)
Group II metals (-0.274)
e Kinematic viscosity (—0.265)
Conversely, positive loadings were observed for net calorific value (+0.320) and total contamination (+0.269).

This pattern indicates that PC1 primarily represents the physical property axis of the fuel, integrating attributes
related to fluidity, cold flow performance, and compositional structure. The negative correlations between CFPP,
viscosity, and density suggest that as the biodiesel concentration increases, these parameters increase concurrently,
indicating thicker and denser fuels with poorer cold-flow behavior. Similarly, the iodine number, which represents
the level of unsaturation, negatively aligns with these physical characteristics, highlighting the influence of fatty
acid composition on fuel rheology. Collectively, these relationships define PC1 as a comprehensive descriptor of
the density—viscosity coupling and low-temperature operability, parameters that dominate the physical
performance of biodiesel—ethanol blends.

The second principal component (PC2) was largely governed by variables associated with combustion behavior
and oxidative stability, with the highest positive loadings observed for

Cetane number (+0.394)
Flash point (+0.372)
Oxidation stability (+0.314)
Carbon residue (+0.308)

e  Sulfur content (+0.381)
These parameters are directly related to the ignition quality, combustion efficiency, and safety performance of the
fuels. Therefore, PC2 can be interpreted as the combustion—stability axis, which summarizes the thermochemical
behavior of the blends. The alignment of the cetane number and flash point with the oxidation stability suggests
that fuels exhibiting more controlled ignition and higher resistance to oxidation tend to form a coherent subgroup
within the PCA space. The sulfur and carbon residue contributions, though secondary, provide insight into residual
impurities and fuel cleanliness—factors relevant to engine durability and emission characteristics.

The third component (PC3), though contributing less variance, still holds interpretive significance. The highest
loadings for oxidation stability (+0.559) and pour point (+0.560) indicate that this component primarily
characterizes thermal resilience and low temperature fluid behavior. In practical terms, the PC3 differentiates fuels
based on their ability to maintain stability under thermal stress and tendency to solidify at low temperatures.

Overall, the loading patterns show that the physicochemical characteristics of Camelina-based blends are
organized around three core property domains:

L Physical properties (density, viscosity, CFPP, iodine number) — PC1
IL. Combustion and oxidative stability (cetane number, flash point, sulfur content) — PC2
1. Thermal and low-temperature stability (pour point, oxidation stability) — PC3
This multilevel organization confirms that PCA successfully distinguishes between the structural, functional, and
performance-related aspects of the blends, providing an integrated framework for assessing their fuel quality and
optimization potential.
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Table 1. Principal component loadings for fifteen physicochemical parameters of blends

Component PC1 PC2 PC3

Carbon Residue -0.207 0.308 0.360
Sulfur Content -0.169 0.381 -0.181
Cetane Number -0.018 0.394 -0.247
Flash Point -0.130 0.372 -0.094
Total Contamination 0.269 0.259 0.129
Kinematic Viscosity (40°C) -0.265 0.279 -0.166
CFPP -0.353 0.001 -0.027
Water Content -0.280 -0.224 0.013
Density (15°C) -0.315 0.195 -0.130
Iodine Number -0.338 0.045 -0.220
Oxidation Stability (110°C) 0.103 0.314 0.559
Net Calorific Value 0.320 0.187 -0.031
Pour Point -0.268 0.046 0.560
Phosphorus -0.303  -0.178 0.100
Group II Metals (Cat+Mg) -0.274  -0.251 0.144

The biplot constructed on the PC1-PC2 plane (Figure 3) provides a comprehensive visual summary of the
relationships between the physicochemical variables and the positioning of the six fuel blends in reduced
component space. This two-dimensional projection simultaneously displays the orientations of the variable vectors
(loadings) and locations of the blend observations (scores), allowing for a clear understanding of how each property
influences the clustering behavior of the fuels.

In the biplot, the direction and proximity of the vectors indicate the strength and nature of the correlations among
the variables. Vectors extending in the same direction, such as those representing density, iodine number, and
viscosity, exhibited strong positive correlations, signifying that these physical parameters tended to vary together,
which is characteristic of biodiesel-rich formulations. Conversely, vectors pointing in opposite directions, such as
the cetane number versus iodine number, denote negative correlations, implying that improvements in ignition
quality are associated with reductions in unsaturation and viscosity. The angular relationships among the vectors
convey meaningful physical interpretations: smaller angles indicate strong correlations, right angles imply weak
or no correlation, and opposite orientations denote inverse relationships.

The spatial distribution of the samples within the biplot further clarifies the compositional and performance-related
grouping of fuel blends. The B20, B50, and B100 samples clustered within the negative PC1 region, representing
blends dominated by biodiesel. These fuels are characterized by higher viscosity, increased density, and elevated
iodine numbers, which collectively correspond to poorer cold flow behavior and thicker fluidity. The positioning
of these samples reflects their stronger association with the physical properties domain of PC1.

In contrast, the ethanol-containing blends (B20D65E15, BSOD35E15, and B8SDOE15) were located in the positive
PC1 direction, characterized by lower density, reduced viscosity, and higher net calorific values. These samples
demonstrated improved volatility and atomization properties, consistent with the presence of ethanol, which acts
as a thinning agent and enhances the homogeneity of the mixture.

Along the PC2 axis, which captures the combustion and oxidative stability characteristics, additional
differentiation emerged. The B100 sample occupied the lower end of the PC2 axis, indicating reduced combustion
stability and higher susceptibility to oxidation. Conversely, the B20 and B20D65E15 blends, both positioned
higher along PC2, were associated with higher cetane numbers and superior flash point values, representing fuels
with enhanced ignition quality and operational safety.

Overall, the biplot demonstrates that ethanol addition exerts a dual effect: it significantly improves the physical
properties of the blends (by decreasing the viscosity and density), thereby enhancing the flow and cold-start
performance, while causing a partial reduction in combustion stability, as reflected in the downward shift of the
oxidation resistance indicators. This trade-off between the physical and combustion characteristics underscores
the importance of optimizing the ethanol proportion in ternary fuel formulations to balance the flow behavior,
stability, and ignition performance.

Thus, the PC1-PC2 projection not only confirms the clustering tendencies and correlations observed in the loading
matrix but also provides a visual framework for understanding the underlying trade-offs in the physicochemical
design. The clear separation of sample groups along the two axes reinforces the PCA’s capacity to distinguish
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between biodiesel-dominant and ethanol-enhanced formulations, making it a valuable diagnostic tool for the
multivariate assessment of biofuel quality and compatibility.
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Figure 3. PCA biplot illustrating the relationships among variables and the clustering tendencies of the six fuel blends on the
PC1-PC2 plane

Iv. RESULTS

The results of this study provide a detailed quantitative and interpretive assessment of the physicochemical
behavior of Camelina sativa—based diesel-biodiesel—ethanol ternary blends. Using Principal Component Analysis
(PCA) as the primary multivariate tool, the analysis successfully condensed 15 correlated parameters into a set of
independent components that captured the essential variability governing the physical and combustion-related
performance of the fuels. This statistical condensation not only simplifies the interpretation but also enhances the
ability to compare and classify biofuel formulations based on multidimensional quality indicators.

The PCA model demonstrated a remarkably high explanatory capacity, with the first three principal components
(PC1, PC2, and PC3) collectively accounting for 94.94% of the total variance. Such a high cumulative variance
suggests that nearly all significant physicochemical information is represented by a compact set of three orthogonal
axes.

The first principal component (PC1), which explained 52.96% of the total variance, was dominated by variables
related to physical properties, including density, viscosity, iodine number, and CFPP. These parameters jointly
describe the structural nature of the blends, molecular packing, and cold-flow performance. Fuels with higher
biodiesel content (e.g., B50 and B100) exhibited higher values of these parameters, confirming the expected trend
of greater molecular weight and chain saturation influencing the density and viscosity. PC1 therefore represents
the “physical structure and fluidity axis,” serving as a diagnostic indicator of cold flow and blending compatibility.

The second principal component (PC2) accounted for 33.40% of the total variance and captured combustion-
related and stability indicators, such as the cetane number, flash point, oxidation stability, and sulfur content. These
parameters define the ignition quality, combustion smoothness and oxidative resilience of the fuels. The high
positive loadings on PC2 confirm that biodiesel-rich blends, although less volatile, exhibit superior ignition delay
characteristics and higher flash points than ethanol-enriched fuels. Hence, PC2 can be regarded as the “combustion
stability and ignition quality axis,” distinguishing between thermally robust and highly volatile fuel formulations.

The third principal component (PC3) explained 8.57% of the total variance and was primarily associated with
oxidation stability and pour point, reflecting low-temperature and thermal endurance. Although contributing less
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variance than the first two components, PC3 provides complementary insights into the stability domain, which is
particularly relevant for long-term storage and cold-climate operations.

The distribution of these components, as visualized in the scree plot (Figure 2), revealed a sharp decline in
eigenvalues after PC3, confirming that additional components contributed negligibly to the explanation of data
variance. This “elbow structure” validates the three-component model as both statistically efficient and physically
meaningful.

The biplot visualization further elucidated the multivariate relationships by simultaneously displaying the variable
correlations and sample groupings on the PC1-PC2 plane. The physical parameters (density, viscosity, iodine
number, and CFPP) formed a coherent cluster along the negative PC1 direction, whereas the combustion and
stability parameters (cetane number, flash point, and oxidation stability) were positioned orthogonally along PC2.
This geometric arrangement reinforces the inverse relationship between fluidity and combustion robustness, which
is a common trade-off in oxygenated fuels. The fuel sample distribution across the biplot space provides additional
insights into compositional effects.

B20, B50, and B100, the biodiesel-dominant samples, were located in the negative PC1 region, characterized by
higher viscosity, increased density, and stronger unsaturation levels, all of which reduce cold-flow efficiency but
enhance combustion stability.

In contrast, B20D65E15, BSOD35E1S, and B85DOE1S5, which contained ethanol, appeared in the positive PC1
direction, reflecting reduced viscosity and density, improved volatility, and enhanced flow properties. However,
these samples also exhibited a modest decline in combustion stability indicators (lower cetane number and
oxidation resistance), reflecting the role of ethanol as both a diluent and volatility enhancer.

These results highlight a clear trade-off inherent in ternary fuel design: the addition of ethanol improves fluidity
and atomization, facilitating better fuel-air mixing, but may lead to slightly reduced oxidative durability.
Conversely, higher biodiesel content increases the stability and ignition reliability at the expense of viscosity and
cold-start performance. Balancing these opposing effects is central to optimizing biofuel formulations for
environmental and operational performance.

In terms of sustainability, the PCA results emphasized the suitability of Camelina sativa as a strategic feedstock
for next-generation fuels. Its high oil yield, favorable fatty acid profile, and adaptability to low-input cultivation
contribute to reduced life cycle emissions and enhanced energy return on investment. The clustering behavior
observed in the PCA plots suggests that camelina-based blends can achieve performance characteristics
comparable to those of conventional biodiesel systems while maintaining improved environmental metrics when
ethanol is judiciously integrated.

Finally, from a methodological standpoint, this study demonstrates that multivariate statistical analysis provides a
superior diagnostic perspective compared with single-variable assessments. PCA enables the simultaneous
visualization of correlations, grouping tendencies, and outliers, thereby providing engineers and researchers with
a data-driven foundation for blend formulation, quality monitoring, and process optimization.

In summary, the results confirm the following:

e  The first three principal components effectively described nearly all the variance in the dataset, validating
the PCA as a compact and reliable descriptor of physicochemical complexity.

e Physical parameters dominate PC1, combustion stability parameters dominate PC2, and low-temperature
endurance parameters dominate PC3.

e FEthanol addition improves flow properties but slightly reduces oxidative resilience, whereas biodiesel
enrichment enhances stability at the cost of fluidity.

e The use of Camelina sativa—derived biodiesel presents a sustainable route for producing low-carbon,
high-performance ternary fuel blends.

These outcomes provide a quantitative and visual framework for future blend optimization strategies, wherein the
composition, stability, and environmental performance can be co-optimized using multivariate modeling
approaches.

-69 -



INNOVATION AND APPLICATIONS IN ENGINEERING

V. CONCLUSION

This study presents a comprehensive multivariate characterization of Camelina sativa—based diesel-biodiesel—
ethanol ternary blends using Principal Component Analysis (PCA). The analysis, based on an open-access dataset,
provides an integrated framework for understanding the relationships among multiple physicochemical,
combustion, and stability parameters that collectively determine biofuel quality. The results demonstrated that
three principal components effectively explained 94.94% of the total variance, confirming that the complex
physicochemical behavior of the blends can be accurately described using a small number of independent latent
factors. PC1 captured the physical structure of the fuels (density, viscosity, CFPP, and iodine number), PC2
reflected their combustion and oxidative stability characteristics (cetane number, flash point, and oxidation
stability), and PC3 represented the thermal and low-temperature behavior.

The biplot interpretation revealed two clear trends.

e Increasing the biodiesel content enhanced the combustion stability and ignition quality but reduced the
flow performance owing to the higher density and viscosity.

e Increasing the ethanol proportion improved fluidity and reduced cold-flow resistance, although with a
moderate reduction in oxidative durability.

These trends highlight a fundamental trade-off between the physical and combustion-related properties, which
must be optimized to achieve a balanced fuel performance. The ternary blends incorporating camelina-derived
biodiesel and ethanol showed synergistic potential, combining renewable sourcing, acceptable stability, and
improved flow properties compared with conventional diesel fuels.

From a methodological standpoint, this study demonstrates that PCA is a powerful and scalable tool for biofuel
quality classification, formulation optimization, and process evaluation. The open-data approach strengthens
reproducibility and enables comparative analyses across feedstocks and blending strategies.

In conclusion, Camelina sativa—based diesel-biodiesel—ethanol blends represent a promising pathway toward
sustainable and low-emission transportation fuel. When optimized through multivariate modeling, these blends
can deliver improved cold-flow characteristics, reduced environmental impact, and sufficient combustion stability
to meet the emerging renewable fuel standards. Future work should expand this framework by integrating engine
performance tests, emission profiles, and temperature-dependent datasets, thereby enhancing the predictive
capacity of multivariate biofuel assessment tools and supporting their implementation in real-world energy
transition scenarios.
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L INTRODUCTION

The abstract model of a typical mechatronic system was presented by a simple scheme including sensors and
actuators interconnected by a computer for the control and an interface with the user. These components were
designed independently and in the final stage are interconnected to implement the mechatronic system.

The mechatronics concept of interdisciplinarity and synergy was represented by the well know intersection of
three or sometimes four circles showing the synergy of enabling technologies or engineering disciplines namely
mechanics, electronics, computers and sometimes control [1]. This simplistic scheme of mechatronic devices
cannot represent either the structure or the abilities and complexity of the current mechatronic systems considering
the fast mechatronics evolution supported by its enabling technologies [2]. It is important to distinguish between
quantitative and qualitative changes in the characteristics of the mechatronic systems as well as of the mechatronics
approach (methodology) in design and manufacturing, to understand the transition from one level of mechatronics
to the next higher level and the innovative changes [3, 4].

The semiconductor technology evolution provided microprocessors, power electronics, and the sensing ability
to condition and encode physical measurements as analog/digital signals. Later advancements in materials, sensor-
actuators technologies and digital control systems, enabling the design of new structures for self-contained
components or modules of mechatronic systems.

The process of the continuous evolution of mechatronics technology considering the progress of enabling
technologies and particularly the effects of Al and the Internet of Things guided to larger, distributed mechatronic
systems and to Cyber Physical Systems (CPSs) [5]. The CPSs mainly emerged in Informatics and Communication
cycles, while mechatronics was originally connected mainly to the evolution of mechanical systems design as it is
coined by Japanese MITI. A common practice in mechatronics was the transferring of functionality from
mechanics to informatics and electronics. Now it is time to reconsider the research on mechanical systems in the
framework of mechatronics. The intelligent and autonomous systems should have new sensing capabilities and the
ability to apply advanced actions such as high dexterity manipulation. These could be done by designing and
manufacturing very clever reconfigurable mechanisms and new methods for mechanical or chemical processing
of materials, energy savings etc.

Gradually the mechatronics systems structure and operation present increased complexity, modular structure,
higher ability for interaction with the environment, intelligence and autonomy towards a System of Systems (SOS)
structure and behavior [6]. Usually, a governing entity coordinates and integrates the constituent multiple systems
of a mechatronic system formulating a metasystem. Turchin introduced the concept of metasystem transitions for
the investigation of biological systems and science evolution [7].

In this paper, the concept of metasystem transitions to investigate mechatronics evolution by considering the
interdependencies with enabling technologies and application domains, as well as the cybernetics importance.
The relation between the quantitative and qualitative, transformative changes in the structure/organization and
characteristics of mechatronic systems are presented. This approach could contribute to the identification of the
trends and perspectives and the formulation of roadmaps towards the advancement of mechatronics.

II. MECHATRONICS EVOLUTION WITH ENABLING TECHNOLOGIES

In mechatronics literature, the enabling technologies and the synergy of engineering disciplines (IT, Electronics,
Mechanics) were considered to show the evolution of mechatronics as well as the support of mechatronics to
various technological domains such as automotive, aerospace, precision agriculture, manufacturing etc., which is
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a unidirectional conceptualization [3]. In this paper, the evolution of mechatronics is considered by investigating
the interdependencies between technologies and disciplines, where the mechatronics is enabler to its enabling
technologies, which is the predominant mode of scientific and technological progress. The main technologies
enabling mechatronics evolution are electronics and computing, sensors and actuators, MEMS, cybernetics and
Artificial Intelligence

Fig. 1 shows the interdependencies between the enabling technologies and disciplines with mechatronics, where
the roles of driver and enabler are simultaneously shared by some of the involved technology domains and
mechatronics, as it is briefly discussed and illustrated in this section.

Manufactrnng
5 Automotive Robotics Medical
printing
Aerospace

{ [Computing

| DsP | - Y | Cybemetics | )
| actuators \ \ Al {
\_S | | - MEMS | | S

A —/

Figure 1: Interdependencies between enabling/driving technologies and mechatronics.

Electronics evolved very fast and apart from powerful computers used in design and simulation of mechatronic
systems, the embedded computers in mechatronic devices and systems are basic components [8]. The major
building blocks of an embedded system are the microcontrollers / DSP, the real time operating system (RTOS),
the industry-specific protocols and interfaces and the printed circuit board assembly. The semiconductor devices
include integrated chips, microcontrollers, field-programmable gate arrays (FPGAs) or a system-on-chip (SoC).
The key equipment and processes for chip manufacturing include lithography, etching, ion implantation, chemical
vapor deposition, testing, and packaging which were developed and evolved using mechatronics design and
implementation methodologies [9].

Sensors are indispensable components of any mechatronic system and sensor technology progress leveraged the
mechatronics evolution. The current sensor technology provides miniaturized, intelligent self-contained sensors of
high performance having standard interfaces to facilitate integration in large mechatronic systems [10]. Structural
modularity is a trend in sensor technology are to achieve easy connectivity, packaging compactness with embedded
computing power by coupling physical, chemical, and biological sensing functionalities with control, electronics
and software.

Any mechatronic system includes one or more actuators with a range of characteristics based on a variety of
physical phenomena to convert energy. Advanced mechatronics engineering, smart and soft materials have been
used to design and manufacture high precision, biomimicking, micro-actuators combined with sensors and
controllers to formulate self-contained units or modules [11].
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The main components of autonomous sensor-actuator modules are sensor element(s), energy transducers signal
amplifiers, microcontrollers, data memories, RF transceivers, antennas, energy supplies, and application-specific
multifunctional housings, which resembles an entire mechatronic system particularly if they could have self-
calibration and self-repair capabilities.

It is obvious that many of the abilities and characteristics of the sensor and actuator systems are like mechatronic
systems, and the synergy of similar disciplines is necessary to design and manufacture sensor-actuator modules
like mechatronic systems by considering the differences in scope. Sensor and actuator technology are enablers to
mechatronics and simultaneously the mechatronics synergetic methodology contributes to the sensor and actuator
technology advancement. This dialectics of interdependencies between sensor and actuator technologies as well
as other enabling technologies and mechatronics is the driving force for the technology evolution towards
qualitative transitions to new mechatronic metasystems level.

Cybernetics unified control with communications theory, and Kolmogorov abridged cybernetics as the science

devoted to the study of systems of any nature, which can receive, store and process information that is used for
control [12]. The Cyber Physical Systems represents the merging of the virtual world of cyberspace with the
physical world, which was the original meaning of Cybernetics. The Cyber physical systems share common
methodologies and application domains with the new generation of mechatronics that undergone the meta-system
transitions as it is explained in the following by considering the balanced synergy of all the enabling disciplines
and technologies rather than emphasizing mostly to the cyberspace and Internet of Things (IoT).

Artificial intelligence (Al) split from Cybernetics and at the beginning it was considered as a pure computer-
software discipline developing algorithms for expert systems, learning and cognition trying to emulate the human
way of thinking and decision making. In the classical approach, the disciplines involved in Al were computer
science, linguistics, psychology, and philosophy. Currently an embodied approach is followed and on top of the
previous disciplines new ones are involved such as engineering, robotics, biology and neuroscience [13]. Under
this consideration, the Al contributes synergistically to the mechatronics evolution, while the mechatronics is an
enabling technology for embodied Al advancement showing their dialectic interdependency.

The contribution of mechanical and chemical engineering as well as the biology advancements in mechatronics
evolution and vice versa should be considered. The contribution of mechanical engineering, particularly in thermal
effects and thermal energy transfer and cooling as well to the interconnections and packaging of small size
mechatronic systems like MEMS and embedded systems is very significant. On the other hand, mechanical
engineering is benefited a lot by the mechatronics approach and advancements. In a report by ASME devoted to
the Future of Mechanical Engineering [14], it was stressed that “Nanotechnology and biotechnology will dominate
technological development and will be incorporated into all aspects of technology”.

It can be concluded that this dialectic interaction between technologies and disciplines is the driving force for
the technological evolution in general and particularly for the qualitative transition of mechatronic systems to
mechatronic systems, which is further analyzed in the following sections.

I1I. META-SYSTEMS TRANSISIONS IN MECHATRONICS EVOLUTION

In the previous section, it is shown that the mechatronic systems undergone an evolution in their structure,
organization and characteristics/abilities emerging a new mechatronics paradigm. These mechatronic systems are
not just larger and of higher complexity but a new higher level of their organization, control and functionality
emerge. The investigation of evolution gives an impetus for the improvements in mechatronics methodology
towards new meta-system transitions. According to ISO/IEC/IEEE 21839, SoS defined as the Set of systems or
system elements that interact to provide a unique capability that none of the constituent systems can accomplish
on its own and constituent systems can be part of one or more SoS [6].

In the structure and organization, modern mechatronics systems are built by the interconnection of self-
contained mechatronic components and modules, so we could speak about systems-of-systems, or this might not
be enough [15]. One of the two properties of systems-of-systems is the operational independence of their
components, while among their characteristics are the heterogeneity of their components and the non-predicable
emergent behavior. A meta-system transition could happen, when either a component undergone a qualitative
transition or the entire structure/organization reaches a new level.
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MT1: Simple systems
MT?2: Replace complex mechanisms

MT3: Embeded electronics
MT4: Self- contained components

MT5: Modular Structure
MT6: System-of-Systems

Enabling technologies evolution

Figure 2: A schematic for the structural/organizational meta-system transitions

Mechatronics evolution

A schematic representation of the meta-systems transitions of the mechatronic systems structure and
organization are illustrated in Fig. 2. In mechatronic systems structural evolution, meta-systems transitions
happened at the beginning when the electrical elements integrated with the mechanical ones, then when the
electronics are added, the maturity of computing reached DSP and embedded computing and in the current state
the structural synthesis of mechatronic meta-systems is formed by self-contained components that are mechatronic
sub-systems [2]. Sensors and actuators with embedded processors for built-in controllers and MEMS are
important parts of mechatronic systems. Additionally, new soft and smart materials have been discovered, and
new soft and\or self-contained sensors and actuators or sensor-actuator hybrid systems are developed to change
the design and building of modular mechatronic systems towards a SoS structure [16].

In every transition step, a continuous quantitative accumulation of research and engineering knowledge,
maturing methodologies and tools and the improvement of mechatronic elements reached the stage of a qualitative
change on the structure and organization of the mechatronic meta-system (superior system). Complex and/or large
mechatronic systems are built using self-contained components or modules, interconnected to formulate System-
of-Systems (SoS) The current meta-system transition is the “social integration” of mechatronics via Al and
Internet of Things presenting a new range and class of challenges [6].

Transitions on the mechatronic characteristics, abilities and functionality such as sensing, perception, learning,
cognition, control, decision making, intelligence and autonomy evolved in a continuous quantitative accumulation
of knowledge followed by a step in the next higher level of abilities, when the relevant enabling scientific areas
reached maturity level [17]. In this paper, the proposed meta-system transition for the biological and particularly
human evolution introduced by Turchin is adopted, since it could be parallelized with the mechatronic abilities
evolution [18]. Turchin proposed the following levels of intelligence and science evolution:

e control of position = >movement

e control of movement = >irritability (simple reflex)
e control of irritability = >(complex) reflex

e control of reflex => associating (conditional reflex)
e control of associating => human thinking

e control of human thinking => culture

As it appears in Fig. 3, the mechatronic system intelligence abilities followed a similar pattern to human but this
artificial intelligence is still at a quite lower level compared to human. The starting simple mechatronic devices
could control simple movements, while in the next transition mechatronic devices they could react with the
environment with advanced control actions such as hybrid force/position control. In the next transition mechatronic

devices and systems reached the level of decision making and autonomous behavior based on software
programming.
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Apart from the brain evolution, intelligence means very advanced physical action to fulfil the mechatronic tasks
that was called “embodied intelligence” [13]. New smart and soft materials have been used to develop innovative
biomimicking actuators that integrate controllers, communication, and possibly sensing and fault detection
capabilities [19]. A lot of research work is devoted to articulation and dexterity with high efficiency and low weight
and cost. Artificial muscles based on electroactive polymer, conductive or ionic polymer, shape memory alloys
(SMAs), and piezoelectric have been proposed. Novel actuators based on polypyrrole/carbide-derived carbon
hybrid materials developed at MIT, while bio-inspired micro-actuators harvesting energy from water vapor, are
some examples of expected meta-system transitions due to new mechatronic elements and components.

New sensors on smell and tactile sensing apart from vision and hearing are based on intensive chemical and
biological research. Biological sensory mechanisms are mechanoreceptors, electroreceptors, photoreceptors and
chemoreceptors. Polymer-based sensor skin has been developed with multiple independent sensing modalities,
including hardness sensing, surface profile, thermal conductivity, and temperature of an object.

Tactile sensor, which could detect contact force, vibration, texture, and temperature, would be the next
generation of multimodal sensors contributing to the next meta-system embodied intelligence transition. This high
intelligent interaction with the environment corresponds to control of complex reflexes based on embodied Al

Human
intelligence (

Al2
All: Control of movement
Al2: Complex reflex

Al3: Autonom

Al4: Embodied Al

Time

Mechatronic Intelligence

Figure 3: The meta-system transitions of mechatronic intelligence

In future, advanced miniaturized electronics with low power consumption; materials for quantum, neuromorphic
and embedded system-on-chip (SoC) processing combined with advanced machine learning and embodied Al will
be used in mechatronics for higher levels of intelligence and autonomy [20]. Mechatronic systems will have
advanced abilities such as in perception and cognition, complex decision making, self-optimizing, eventually self-
repairing, and self-reconfigured or self-metamorphosed as well as new structure, control and organization will
emerge towards a new meta-system level of mechatronics.

Iv. META-SYSTEMS TRANSITION INMECHATRONICS ENGINEERING

Since mechatronics devices and systems undergone meta-system transitions of structure/organization,
characteristics and abilities, then the mechatronics design approach was adapted by considering the
interdependencies with enabling technologies and scientific disciplines. Therefore, the mechatronics design
engineers, teams or collectives should be considered as a system that undergone meta-system transitions to reach
higher organization levels, to develop design methodologies and engineering tools corresponding to the meta-
system transitions of mechatronic systems that are presented in the previous sections [21, 22].

Since the mechatronic systems evolved from simple structure and lower abilities to large systems of very high
complexity, autonomy and intelligence the organization of the engineering disciplines and domains had evolved
to fulfil the new requirements in each transition change to higher level.
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Collaborative design is an answer to tackle the higher complexity of current technology artifacts and systems.
For developing new complex mechatronic systems, decomposition and integration are critical for mapping the
complex system architecture to the formal and informal organization of the involved design teams from different
domains by a trade-off between specialization and integration. Cross-functional, cross-expertise collaboration was
proposed for successful collaborative design. However, in the relevant literature, it could not be found much
attention to the organizational flexibility and team reconfiguration along the design phases.

It is quite important for design engineers as individuals and as synergetic groups to be aware of the mechatronic
research meta-system transitions to encounter the latest well-established level of mechatronics evolution in their
design endeavor or deliberately could design their mechatronic system at a transition level of their choice.

: Serial design
SYN2 : Concurrent interdisciplinary
SYNI SYN3 : Intertechnological domain

SYN4 : SoS integration
Time

Design Synergy

Figure 4: The meta-system transition of the interdisciplinary collaboration in mechatronics design

In Fig. 4, the meta-system transitions in the collaboration and synergy between engineers form different
disciplines and domain expertise are illustrated. In the starting phase of mechatronics (SYN1), a serial design
pattern was followed, where the mechanical part is designed and then the necessary electronics designed, and the
software engineers wrote the program for control and operation of the system. The first meta-system transition
(SYN2) in the organization of the design teams was the synergy of electronics, electrical and mechanical engineers
from the conceptual design stage. The model of synergetic work particularly in the conceptual design and
integration phases is the current one [23]. This organization of the design work was, and it is still efficient for
simple mechatronic systems, where the elements had to be designed and manufactured from scratch. Until now
the detailed design was a task of the specific discipline, since the corresponding engineers had to design elements
belonging to their disciplines such as electronics, sensors or mechanical transmission of power. Since the
mechatronic systems reached the level of the integration of self-contained existing components, this mode of work
does not apply anymore for large scale mechatronic systems.

As presented in the previous sections, now there are mechatronic modules from different domains that are
mechatronic entities and are used for the design and building a large advanced mechatronic system like robot, car,
airplane or reconfigurable manufacturing system [24,25]. If there are not off-the-shelf components then the
modules to be designed are mechatronic systems by themselves so interdisciplinary work is necessary, even for
the detailed design of components.

The design team organization could undergo a new meta-system transition if plug and play self-contained, self-
repaired and self-reconfigured (autonomous) components and their capabilities will be considered as services in a
multi-agent organization or by networking them in an Internet of Things frame. At this level of organization and
structure of independent mechatronic modules to build large scale very complex mechatronic Systems-of-Systems,
a transition of engineering and design organization is required [15].

Since the mechatronics design collective is a system of individual engineers from different disciplines and with
a variety of domain expertise, then it should be organized in such a way to be flexible enough to change its structure
along the phases of the design process. Cybernetics was and still is considered that it could be used in scientific
organization for collaborative work with high efficiency [26]. Therefore, a new cybernetics approach for the
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organization of collective knowledge to reach a meta-system transition in mechatronics design methodology
should be considered by the researchers of the mechatronics community.

V. CONCLUSIONS

In this paper, an approach for the investigation of the mechatronics evolution is presented based on the theory
of metasystem transitions. The changes in structure, and main characteristics and abilities of the mechatronic
systems are identified and discussed to show qualitative changes as distinguished from quantitative ones, where
relative knowledge is accumulated for the transition to a higher level.

The interdependencies of mechatronics technology with its enabling technologies are presented showing that
for some of them mechatronics is simultaneously driver and the enabler. The significance of other scientific
disciplines and technology domains to the evolution of mechatronics is emphasized rather than ICT and the
conventionally considered disciplines involved in mechatronics.

Finally, the meta-system transitions approach is presented for the efficient organization of synergetic
engineering work to adapt at the corresponding levels of the new metasystem transitions of mechatronic systems.

The presented approach should be enriched further by investigating other views of the mechatronics evolution
not considered in this paper and this approach could be extended to investigate the evolution of other technology
and science domains.
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I. INTRODUCTION

Ensuring global food security heavily depends on the effective management of agricultural diseases. Coffee
(Coffea arabica), a crop of significant strategic importance due to its economic value and the livelihood it provides
to millions of farmers, is highly vulnerable to biotic stressors such as coffee leaf rust (Hemileia vastatrix) and
coffee berry disease. These pathogens can cause yield losses of up to 30% annually. Traditional diagnostic
approaches rely on visual inspections by experts in the field, a process that is subjective, time-consuming, and
costly.

To overcome these challenges, recent advances in artificial intelligence and deep learning have enabled the
development of automated plant disease detection systems. A review of the literature reveals that most of the
research focuses on Convolutional Neural Networks (CNNs). For instance, Mohanty et al. [4] demonstrated that
deep learning models could outperform human experts in diagnosing diseases across 14 different plant species.
Specifically for coffee plants, Esgario et al. [6] successfully applied various CNN architectures to detect the
severity and type of coffee leaf diseases.

Among CNN-based models, the ResNet architecture [3] has become a benchmark due to its residual block
structure, which effectively mitigates the vanishing gradient problem in deep networks. However, recent
developments in deep learning have introduced alternatives that do not rely on convolutional operations. One such
architecture is MLP-Mixer [2], which utilizes only Multi-Layer Perceptrons (MLPs) to process images by
modeling inter-patch and intra-patch information.

This study aims to investigate how the non-convolutional MLP-Mixer architecture compares to the classical CNN-
based ResNet50 in classifying coffee leaf diseases, using only raw data—without augmentation or class balancing.
This design allows for a fair comparison of the intrinsic learning capabilities of both architectures.

II. MATERIALS AND METHODS

A. Dataset and Preprocessing

In this study, the publicly available JMuBEN dataset published by Murimi et al. [1] was used. The dataset contains
five categories: Cerscospora, Leaf rust, Miner, Phoma, and healthy leaves. To prevent overfitting and data leakage,
duplicate and visually similar images were removed from the original dataset, resulting in a clean set of 1,312
unique images.

B.  Model Architectures and Transfer Learning
Two different architectures were compared:

e ResNet50 [3]: A widely used deep CNN model with 50 layers and residual blocks, which serves as a
benchmark model for image classification.

e  MLP-Mixer (mixer_b16 224 in21k) [2]: A non-convolutional architecture that processes images by
dividing them into 16x16 patches and applies MLP layers for both token-mixing (across patches) and
channel-mixing (within patches).

-81 -


https://orcid.org/0009-0003-3549-1831?lang=en
https://orcid.org/0000-0003-2069-9085

INNOVATION AND APPLICATIONS IN ENGINEERING

Both models were initialized with pre-trained weights on ImageNet. As noted by Pan and Yang [7], the transfer
learning approach allows for faster and more efficient training by transferring general visual features learned from
large-scale datasets to the target task.

C. Training and Evaluation

The models were trained using the PyTorch [10] deep learning framework and the t imm [9] model library on an
NVIDIA RTX 4060 GPU. No data augmentation techniques were applied during training. The optimizer used was
AdamW [8], which incorporates weight decay more effectively than the standard Adam optimizer. The learning
rate was set to le-4.

To avoid overfitting, Early Stopping was applied by monitoring validation loss. For statistical reliability, each
model was trained using five different random seeds, and the mean performance scores were reported.

Figure 1 shows the Experimental Training and Evaluation Flow Chart of the model.

| start |
v
Data Preparation
D_cleam = RemoveDuplicatsimages(D)
D_train, D_val, D_test =
StratifiedSplit(D_clean, 70/15)
v
Model Loop
ResNet50, MLP-Mixer

2 A
| Seed Loop (42.123,777,1000)

v
Training
Initialize patience=0
best_val_loss =

Epoch Loop (1 — 50)

Train(model, D_traim,
AdamW)

val_loss = Validate(model,
D_val)

Early Stopping

v
Model Evaluation

| 1, acc, inference, time =

Evaluate(model, D_test)

v
Report Mean & Std

v
End

Figure 1: Experimental Training and Evaluation Flow Chart

I1I. RESULTS

This section presents the comparative analysis results of the MLP-Mixer and ResNet50 models trained on the raw
dataset (without data augmentation or class balancing), following the methodology described in Section 2. Each
model was evaluated using five different random seeds, and the mean and standard deviation of the results are
reported.
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D. Classification Performance

Figure 2 illustrates the average macro F1-scores and accuracy values along with their standard deviations for both
models. The results show that both models achieved high classification performance, with MLP-Mixer producing
slightly more stable results due to lower standard deviation.

99.4
99.2
99

98.8
98.6
98.4
98.2

98
97.8
97.6
97.4
97.2

F1-Macro Accuracy (%)

Metric Value (%)

B MLP-Mixer M ResNet50

Figure 2: Comparison of average F1-Macro and Accuracy scores (+ standard deviation) for MLP-Mixer and ResNet50
models.

Classification performance was assessed using metrics sensitive to class imbalance: Macro F1-score and Overall
Accuracy. The average values from five independent runs are presented in Table 1.

Table 1. Comparative Performance of MLP-Mixer and ResNet50 (Mean of 5 Runs)

Model Architecture Macro F1-score (Mean) Accuracy (Mean) F1 Std. Deviation
MLP-Mixer 0.9881 %98.90 +0.0057
ResNet50 0.9818 %98.80 +0.0094

As shown in Table 1, both models achieved excellent classification accuracy, with Fl-scores above 98%. The
MLP-Mixer outperformed ResNet50 by a marginal difference (~0.6%). More importantly, MLP-Mixer yielded a
lower standard deviation, indicating better training stability across different seeds.

E. Efficiency Analysis (Inference Speed)

Figure 3 compares the number of parameters and average inference time per image for the two architectures.
ResNet50 demonstrated significantly faster inference, attributed to its smaller model size, making it more suitable

for real-time or mobile applications. However, MLP-Mixer still delivered acceptable performance despite its larger
size.
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Figure 3: Comparison of model size (parameter count) and average inference time (+ margin of error) for ResNet50 and
MLP-Mixer.

To assess the suitability of the models for real-world applications, average prediction times for a single image were
measured on an NVIDIA RTX 4060 GPU (Table 2).

Table 2. Model Size and Inference Time Comparison

Model Architecture Number of Avg. Infe'rence Time
Parameters (ms/image)
MLP-Mixer 59.1 Milyon 7.48
ResNet50 23.5 Milyon 4.62

In the efficiency analysis, ResNet50, thanks to its more compact structure (23.5M parameters), produced faster
predictions on the test rig with 4.62 ms, while MLP-Mixer (59.1M parameters) followed with 7.48 ms.

F.  Error Analysis

Figure 4 visualizes the per-class recall values for both models. Notably, MLP-Mixer outperformed ResNet50 on
the Phoma class, which is considered visually more complex due to its irregular leaf patterns.

1.02
1
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Recall

Disease Class

B MLP-Mixer ™ ResNet50

Figure 4: Class-wise recall comparison for MLP-Mixer and ResNet50 models.

When class-based performance (Table 3) is examined, it is seen that both models achieved full success in almost
all classes.
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Table 3. Class-wise Recall Comparison

Class MLP-Mixer Recall ResNet50 Recall Comment

Cerscospora 1.00 1.00 Equal Performance

Healthy 1.00 1.00 Equal Performance

Leaf rust 1.00 1.00 Equal Performance

Miner 0.99 0.99 Equal Performance

Phoma 0.96 0.93 MLP-Mixer Performs Better

The error analysis reveals that both models performed exceptionally well on most classes. The slightly higher
recall of MLP-Mixer for Phoma suggests its advantage in capturing global contextual patterns, which may be
crucial for classes with visually irregular features.

Iv. DISCUSSION AND CONCLUSION

The experimental results on the clean, balanced dataset revealed that both the MLP-Mixer and ResNet50
architectures achieved outstanding performance in detecting coffee leaf diseases.

Both models attained F1-scores above 98%, validating the common consensus in the literature that CNNs are well-
suited for this task. However, the MLP-Mixer, a non-convolutional architecture, demonstrated not only
comparable but even superior performance in terms of training stability and slightly higher accuracy.

The MLP-Mixer achieved the highest average macro Fl-score (0.9881) and the lowest standard deviation
(£0.0057), indicating more consistent results across different random initializations. This suggests that the MLP-
Mixer can generalize better under identical training conditions and may be more robust when deployed in real-
world scenarios where data conditions vary.

On the other hand, ResNet50 maintained a clear advantage in terms of efficiency. With fewer parameters (23.5
million compared to MLP-Mixer’s 59.1 million), ResNet50 achieved significantly faster inference time (4.62 ms
vs. 7.48 ms per image), making it preferable for latency-critical applications such as mobile devices or real-time
monitoring systems.

An interesting observation emerged in the Phoma class, where MLP-Mixer significantly outperformed ResNet50
in recall. This may be due to MLP-Mixer’s ability to model global contextual features more effectively, which are
particularly useful when classifying visually complex or ambiguous disease patterns. Such findings support the
argument that non-convolutional architectures can offer advantages beyond traditional CNNs in certain contexts.

FINAL REMARKS

In this study, experiments conducted on a "naive" dataset showed that the modern MLP-Mixer architecture and
the classic ResNet50 architecture exhibited very similar and superior performance in detecting coffee leaf diseases.

On the cleaned and balanced "naive" data, both models achieved F1 scores above 98%. This confirms the view in
the literature that "CNNs are the standard for this work," and demonstrates that the non-convolutional MLP-Mixer
can perform at least as well as CNNs, or even outperform them in terms of stability (standard deviation). MLP-
Mixer was the most stable model, with a statistically lower standard deviation and marginally higher accuracy.
Meanwhile, ResNet50 maintained its efficiency/speed advantage with its lower number of parameters and faster
processing time.

In conclusion, while MLP-Mixer is recommended for the highest and most stable accuracy on servers with high
hardware power, ResNet50 remains an extremely powerful and valid option in resource-constrained or speed-
critical scenarios.
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I. INTRODUCTION

Lung diseases such as pneumonia, pulmonary fibrosis, acute respiratory distress syndrome (ARDS), and COVID-
19 are significant contributors to the worldwide burden of disease related to lung diseases and continue to be a
leading cause of death. Early diagnosis is critical to enhancing patient outcomes, directing appropriate treatments,
and decreasing the costs of the healthcare system. While conventional imaging modalities, such as chest X-ray
(CXR) and computed tomography (CT), are widely accepted as the standard of care; both CXR (has low sensitivity
for early-stage disease) and CT (which exposes patients to ionizing radiation, is expensive and impractical for use
with critically ill, immobile, or limited resources) are associated with serious limitations. Recently lung ultrasound
(LUS) has been recognized as the best alternative to CT and has emerged as an effective, safe, and portable means
of performing an ultrasound examination on patients, both in real-time and bedside. LUS does not expose patients
to radiation, has minimal operational costs, and can be easily performed at the bedside or in the field. Growing
literature supports the clinical value of LUS in the identification of lung pathologies such as B-lines, pleural
thickening, sub-pleural consolidations, and effusions [3]. LUS interpretation, however, remains difficult; many
variables including operator skill and training, probe type used, angle of probe acquisition, and difficulty defining
patient anatomy (due to large variations among populations) contribute to the variability in how clinicians perceive
the same situation.

Deep learning and Artificial Intelligence (Al) have emerged as solutions for automating and augmenting the
analysis of medical images to address the above challenges [2]. Although the majority of the work on using deep
learning to detect COVID-19 from CT and CXR images has already been published [6], little research has been
done on automatically classifying lung diseases using LUS images [3]. Ultrasound signals are inherently noisier
than photographic or radiologic images. LUS images include numerous complex artifacts and require learning
algorithms capable of modeling both subtle local patterns and broader contextual information. This necessitates
the development of robust multi-scale deep learning systems and explainable Al frameworks that can ensure
transparent decision-making and provide clinically meaningful justification for model outputs. The objective of
the present study is to design a multi-scale deep learning architecture for the automated detection of lung diseases
in LUS images, with an emphasis on explainability and interpretability. The proposed MS-CNN framework
integrates multiple convolutional neural network (CNN) architectures—DenseNet121, MobileNetV2 and
EfficientNetB7—to allow the system to learn representations that capture both localized image details and global
structural cues, reflecting principles similar to those used in radiologic reasoning. [9]. In addition, using a weakly
supervised attention model, the model highlights areas that are clinically significant, such as the pleural interface
and the presence of pathologic artifacts. The model is also transparent, allowing clinical users to see how the model
came to make a specific decision through Gradient-weighted Class Activation Mapping (Grad-CAM) [10].

The study examined the use of the Mendeley Lung Ultrasound dataset by exploring three classification areas
(COVID-19, Non-COVID Pulmonary Pathophysiology and Healthy Lung Patterns) with the aid of performance
measures based on cross-validation techniques to confirm that the results are representative and applicable among
varying populations.
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IL. LITERATURE REVIEW

The advent of artificial intelligence (AI), followed by the sub-classifications of machine learning (ML) and deep
learning (DL), has led to an important unmet need in the area of medical imaging, namely the enhancement of
disease detection, diagnosis, and prognoses. In the early stages of machine learning research on medical imaging,
widely used algorithms included Support Vector Machines (SVMs), decision trees, and Random Forests. These
methods represented foundational work demonstrating the feasibility of applying machine learning techniques to
identify structural abnormalities in medical images. However, their effectiveness depended heavily on domain
expertise, as their performance relied on handcrafted inputs derived from the underlying medical data. The
emergence of deep learning algorithms—particularly Convolutional Neural Networks—marked a major shift in
medical image analysis. CNN-based approaches enabled models to learn increasingly complex representations
directly from raw imaging data such as computed tomography (CT), magnetic resonance imaging (MRI), X-ray,
and ultrasound scans, without requiring predefined inputs designed by domain experts. This development
significantly advanced the applicability of machine learning to diverse medical imaging modalities and improved
the robustness of data-driven clinical decision-support systems. [4].

Lamba (2025) presented an exhaustive analysis of machine learning (ML) and deep learning (DL) in medical
imaging that particularly noted that convolutional neural networks (CNN) and analogous designs have now
become distinctly better than others at various tasks like lesion localization and tumor classification. The analysis
discussed improvements in the area of generative adversarial networks (GAN) and transfer leaning to better
manage increased data sizes and adapting existing models towards particular uses. These improvements have
increased the diagnostic power of existing image technologies and set a trend favoring the integration of artificial
intelligence in the existing framework of radiological services. Nevertheless, Lamba (2025) [4] also identified
some stiff challenges of data quality, model interpretability, and appropriate use of patient data that still obstruct
the adoption of these improvements. Using hybrid models of artificial intelligence like combining convolutional
neural networks with support vector machines (SVM) as a solution to these challenges and an emphasis on
explainable artificial intelligence were suggested.

Besides overall biomedical imaging, the use of artificial intelligence within chest imaging has grown rapidly and
now primarily targets the diagnosis of lung disease. Burki [1] suggested that overall diagnostic accuracy
comparable to that of experienced human radiologists has been achieved by deep learning algorithms for fibrotic
lung disease, malignant lesions, and chronic obstructive pulmonary disease (COPD) using CT scans. The current
potential of these algorithms lies in the rapid analysis of thousands of images and finding subtle details that may
be overlooked by human observers. However, as quoted in the article, the area now stands as being “long on
promise and short on proof,” since very few randomized clinical trials exist that firmly substantiate the role of
these algorithms in practical real-world settings. As Burki [1] stressed in the article, it should be clarified that these
algorithms should only function as an addition to a human doctor's role and can become a form of what Burki
termed as a “buddy system” for diagnostic purposes. The topic of ethics in artificial intelligence algorithms related
to respiratory medicine continues to be relevant regarding issues such as privacy and accountability in diagnostics.

In a more recent effort, Mei and colleagues [5] showcased the clinical and technical readiness of Al-enabled
diagnostic systems utilizing a multimodal deep learning framework for diagnosing and prognosticating interstitial
lung disease (ILD). The proposed model combined deep learning-based image analysis of CT imaging with clinical
data and longitudinal data modeled with informativity transformer networks and long short-term memory (LSTM)
modules. The model classified 5 subtypes of ILD: usual interstitial pneumonia, nonspecific interstitial pneumonia,
chronic hypersensitivity pneumonitis, sarcoidosis, and other variants. It displayed an area under the receiver
operating characteristic curve (AUROC) of 0.828 for the subtype classification task and a score of 0.868 for a
three-year survival prediction task. Their findings highlighted that the models equalled or exceeded the diagnostic
accuracy of experienced thoracic radiologists, substantiating the viability of Al as a clinical decision-support tool.
Mei et al., [5] also recognized the initial and exploratory contribution of combining certain indicator variables of
radiological features with clinical history to aid personalized prognostication, which represents a shift to dynamic,
patient-centered management of disease.

In summation, these researches provide the foundation for the use of artificial intelligence techniques in pulmonary
diagnoses as well as providing fundamental guidance on future research. These researches highlight three
important considerations. First, based on the mention of automatic multiscale and hierarchical feature extractions
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from images by convolutional neural networks, these algorithms are now the new gold standard in the analysis of
medical images based on this functionality. Second, ensemble and hybrid models may improve robustness and
counter overfitting by considering the variations in medical images as well as patient demographics. Third, of
particular significance in reasoning and trust mechanisms, Explainable Al approaches such as those of Grad-CAM
and SHAP explanations [7] [8]; should be given consideration.

Although the majority of these efforts have been focused on chest X-ray and CT scans thus far, it should be noted
that the approach of either deep learning or explainability can be very effectively incorporated within the
assessment of lung ultrasound scanning (LUS), which has been recognized as a non-ionizing and relatively
inexpensive alternative approach for assessing the lungs. Since the effectiveness of CT scans within the assessment
of pneumonia and COVID-19 has been confirmed by using CNN and transformer models within these types of
scans, there is potential that similar models could be adapted for use within an ultrasound assessment. As such the
assessment of lung ultrasound scanning may be at the forefront of a new revolution within point-of-care
assessments.

III. METHODOLOGY

The Methodology: In this section, this paper presents the proposed Explainable Multi-scale Deep Learning
Framework proposed to automatically classify lung diseases from Ultrasound images. This section will discuss
four aspects of the methodology, namely dataset preparation, dataset preprocessing, the structure of the multi-scale
model design, a training strategy, cross-validation, and performing An explainability analysis. All experiments
conducted were done utilizing TensorFlow/Keras with GPU acceleration.

A. Dataset

In this study, the performance of the proposed deep learning models was evaluated using a publicly available Lung
Ultrasound (LUS) image dataset developed for automated Al-based lung disease classification. The dataset was
compiled from clinical examinations conducted by senior radiologists at Mulago National Referral Hospital and
Kiruddu Referral Hospital in Uganda. It comprises 1,062 labeled ultrasound frames collected from 149 patients
with an average age of approximately 40.85 years [1]. From a diagnostic standpoint, the dataset includes three
primary categories: Probably COVID-19, Diseased Lung but Probably Not COVID-19, and Healthy Lung. All
imaging procedures were performed in a clinical setting using Clarius C3 and C5 ultrasound probes, and the dataset
has been made publicly accessible through the Mendeley Data repository [11].

B. DenseNetl2]

In this study, the DenseNet121 architecture was selected to mitigate the vanishing gradient problem commonly
encountered during the training of deep convolutional neural networks and to maximize feature reuse. DenseNet
(Dense Convolutional Network) introduces a densely connected topology in which each layer receives the feature
maps of all preceding layers and, in turn, forwards its own outputs to all subsequent layers. Unlike ResNet, where
feature aggregation is achieved through element-wise addition, DenseNet employs feature concatenation, enabling
the network to preserve information learned in earlier layers and utilize it more effectively. As suggested by its
name, DenseNet121 consists of 121 layers and is composed of sequential Dense Blocks interleaved with Transition
Layers responsible for spatial downsampling and channel compression. Within each Dense Block, the number of
new feature maps introduced by each layer—referred to as the growth rate—is kept constant, thereby improving
parameter efficiency while optimizing computational cost. Owing to these architectural strengths, DenseNet121 is
particularly well-suited for medical imaging tasks, where dataset sizes are often limited, as it reduces overfitting
risk and provides strong representational performance [12].

C. MobileNetV2

Another model employed in this study is MobileNetV2, which is specifically designed to achieve high performance
on platforms with constrained computational resources, such as mobile and embedded systems. This architecture
extends the depthwise separable convolution framework introduced in MobileNetV1 by incorporating two key
innovations: inverted residual blocks and linear bottlenecks. Unlike standard residual blocks, the inverted residual
structure in MobileNetV2 expands low-dimensional feature tensors to a higher dimensional space, applies a
lightweight depthwise convolution, and subsequently projects them back to a low-dimensional representation. To
avoid information loss during this projection step, linear bottleneck layers omit nonlinear activation functions.
These architectural improvements significantly reduce the number of parameters and computational cost,
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measured in FLOPs, while maintaining competitive classification accuracy. Consequently, MobileNetV2 is a
strong candidate for real-time medical image analysis applications in which computational efficiency is essential
[13].

D. EfficientNetB7

In this study, the EfficientNetB7 architecture was utilized to enhance model scalability and accuracy through a
systematic and principled approach. Unlike conventional deep learning strategies that arbitrarily increase network
depth, width, or input resolution, the EfficientNet family employs a compound scaling method that uniformly
balances all three dimensions using a fixed compound coefficient. The core building block of the architecture is
the Mobile Inverted Bottleneck Convolution (MBConv), which improves computational efficiency and facilitates
effective information flow. Furthermore, the network integrates Squeeze-and-Excitation optimization to
emphasize salient features that are critical for discrimination. As one of the deepest and most expressive variants
in the EfficientNet series, EfficientNetB7 demonstrates strong learning capability on complex datasets due to its
high parameter capacity. This architectural choice enables the model to capture fine-grained patterns and disease-
specific visual cues in medical images with high accuracy [14].

E. NASNetLarge

In this study, the NASNetLarge (Neural Architecture Search Network) model was selected to overcome the
limitations imposed by manually designed architectures and to automatically discover an optimal network
structure. Rather than relying on hand-crafted layers, NASNet employs a reinforcement learning-based search
algorithm that explores a predefined search space to identify architectural building blocks, or cells, that yield the
highest predictive accuracy. The architecture is primarily composed of two specialized cell types: Normal Cells,
which preserve the spatial resolution of the input while focusing on feature extraction, and Reduction Cells, which
decrease the spatial dimensions of the feature maps while increasing the number of filters. After the search
algorithm determines the optimal configuration of these cells, they are sequentially stacked to construct the final
network. The NASNetLarge variant used in this study represents the highest-capacity configuration in the NASNet
family, characterized by an increased number of cell repetitions and filters. Owing to its large parameter count and
complex connectivity pattern, the model demonstrates a strong capability to capture subtle and intricate patterns
in medical imaging data [15].

F. Grad-CAM

To enhance the transparency of deep learning models and to verify the clinical validity of their decision-making
processes, this study employed the Gradient-Weighted Class Activation Mapping (Grad-CAM) technique. Grad-
CAM enables visualization of the regions within an input image that a trained convolutional neural network
focuses on when generating a specific class prediction, without requiring any architectural modification or
retraining of the model. The method operates by computing the gradient of the target class score with respect to
the feature maps of the final convolutional layer. These gradients are then subjected to global average pooling to
obtain neuron importance weights for each feature map. A weighted linear combination of the feature maps is
subsequently computed, and the result is passed through a ReLU activation function to retain only the positively
contributing features. The resulting heatmaps are superimposed on the original input image to visually analyze the
alignment between the model’s attention regions and radiologically relevant anatomical or pathological structures,
such as pleural irregularities or B-lines [7].

G. Performance Metrices

To quantitatively assess the classification performance of the developed deep learning models and to enable
objective comparisons across architectures, standard confusion matrix—based evaluation metrics were employed.
In this study, model effectiveness was analyzed using Accuracy, Sensitivity (Recall), Specificity, and F1-Score.
Accuracy represents the proportion of correctly predicted positive and negative instances relative to the total
number of samples, serving as a general indicator of overall performance. However, due to the potential presence
of class imbalance in medical diagnosis, Accuracy alone may be insufficient. For this reason, Sensitivity was used
to measure the proportion of actual positive cases correctly identified by the model, while Specificity quantified
the model’s ability to accurately distinguish healthy (negative) instances—both of which are critical metrics in
clinical applications.
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Additionally, Precision, which reflects the proportion of predicted positive cases that are truly positive, was
incorporated into the analysis through the computation of the F1-Score, defined as the harmonic mean of Precision
and Recall. The F1-Score is particularly valuable in scenarios where a balanced evaluation of false positives and
false negatives is required, providing a robust measure of model stability. All metric calculations were performed
in accordance with their respective mathematical formulations using the model's true positive, true negative, false
positive, and false negative outputs [16].

1V. RESULTS

The performance of the proposed deep learning models—DenseNet121, MobileNetV2, and EfficientNetB7—was
comprehensively analyzed for the task of lung ultrasound image classification. The classification capabilities of
these models were evaluated using standard metrics, including Accuracy, Precision, Recall, and F1-Score. All
models were tested using a 5-fold cross-validation procedure, and the average performance metrics obtained across
all folds are summarized in Table 1.

Table 1: Performance comparison of the deep learning models on the LUS classification task

Model Accuracy Precision Recall F1-Score
EfficientNetB7 0.7580 0.7560 0.7563 0.7520
MobileNetV2 0.7571 0.7555 0.7569 0.7514
DenseNet121 0.6826 0.6772 0.6782 0.6727

The experimental results reveal notable differences in overall accuracy and F1-scores among the evaluated models.
As shown in Table 1, EfficientNetB7 achieved the highest performance, with a test accuracy of 75.80% and an
Fl-score of 75.20%. Its compound scaling strategy and deep architectural structure enabled the model to
effectively distinguish complex patterns present in ultrasound images. Following closely, MobileNetV2
demonstrated a competitive performance with an accuracy of 75.71% and an F1-score of 75.14%. The accuracy
gap between the two models is statistically negligible (0.09%), indicating that MobileNetV2’s lightweight and
optimized architecture, based on inverted residual blocks, is capable of approaching the performance of models
with significantly larger parameter counts. In contrast, DenseNet121 yielded the lowest performance among the
compared architectures, attaining an accuracy of 68.26% and an Fl-score of 67.27%. Despite the advantages
associated with dense connectivity, the model showed weaker generalization on this dataset relative to the other
two approaches. Overall, EfficientNetB7 and MobileNetV2 outperformed DenseNet121 by approximately 7.54%
and 7.45% in accuracy, respectively, demonstrating that these architectures are more suitable for the lung
ultrasound classification task addressed in this study.

To further investigate the discriminatory capability of the models for each disease category and to characterize the
nature of misclassifications, predictions on the test dataset were analyzed using Confusion Matrices, as illustrated
in Figure 1. Given that the classification task consisted of three primary categories—COVID-19, Healthy, and
Other Lung Diseases—the class-specific behaviors of the models exhibited the following patterns. Across all
models, the highest classification performance was observed for the Healthy class. MobileNetV2 achieved the
strongest sensitivity in this category, correctly identifying 312 out of 362 healthy lung images. EfficientNetB7 and
DenseNet121 also performed well in distinguishing healthy subjects, yielding 302 and 290 correct predictions,
respectively. These results indicate that the characteristic appearance of healthy lung tissue in ultrasound images,
including patterns such as A-lines, is more easily separable from pathological cases. In contrast, the most
challenging distinction for the models occurred between the COVID-19 and Other Lung Disease categories. From
a clinical perspective, both conditions may present similar sonographic findings, including B-lines and pleural
irregularities, which contributed to a higher degree of confusion between these two classes.
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Figure 1: Confusion Matrix Comparison

The confusion matrix for DenseNet121 reveals that the primary cause of its lower performance stems from a high
false-negative rate in the COVID-19 class. Out of 338 COVID-19 cases, DenseNet121 correctly identified only
176 and misclassified 109 cases as Other Lung Disease. This outcome suggests that the model struggled to reliably
differentiate viral pneumonia from other pathological conditions. The analysis of MobileNetV?2 shows that despite
its strong performance in the Healthy class, it misclassified 83 COVID-19 cases as belonging to the other category.
Nevertheless, the model provided more balanced performance compared to DenseNet121, correctly identifying
204 COVID-19 samples. EfficientNetB7, which achieved the highest overall performance, exhibited the lowest
degree of inter-class confusion. It correctly identified 213 COVID-19 cases, yielding the strongest sensitivity
within this class, while limiting confusion between COVID-19 and Other Lung Diseases to 72 instances.
Additionally, the model correctly classified 290 out of 362 cases in the other category, demonstrating the most
effective separation of pathological classes among the evaluated architectures.

To support the clinical reliability of the deep learning models’ high classification performance, the anatomical
regions influencing model decisions were visualized using the Gradient-weighted Class Activation Mapping
(Grad-CAM) technique. In this analysis, activation maps derived from the final convolutional layers of
EfficientNetB7, MobileNetV2, and DenseNet121 were projected onto the original ultrasound images to examine
the spatial focus of each model. Grad-CAM outputs are shown in the Figure 2.

True Class: Pred: covid

True Class: Pred: covid
Grad-CAM Heatma

Grad-CAM Heatma Conf: 44.42%

covid

Conf: 45.80%
> -
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—

True Class:
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Figure 2: Grad-CAM visualizations illustrating the regions influencing model predictions for COVID-19 and Healthy lung
ultrasound images

The resulting heatmaps indicate that the models concentrated on radiologically meaningful cues when generating
their predictions. In particular, EfficientNetB7 and MobileNetV2, which demonstrated the strongest performance,
consistently focused on vertical artifacts such as B-lines, pleural line irregularities, and areas of consolidation in
samples belonging to the COVID-19 and Other Lung Disease classes. The fact that these models emphasized the
lung parenchyma and pleural line, rather than background noise or hospital labels, confirms that the learning
process was guided by relevant clinical patterns. For images in the Healthy class, activation intensity was
predominantly located around horizontal artifacts such as A-lines and the pleural line, which are characteristic
indicators of normal lung structure. In contrast, DenseNet121 exhibited more diffuse or misplaced activation in
some test cases, occasionally extending beyond pathological regions. This behavior provides a visual explanation
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for its lower classification performance and the higher degree of confusion observed between COVID-19 and
Other Lung Disease categories.

V. CONCLUSION AND FUTURE WORKS

This study presents a comprehensive deep learning framework for the automated detection of lung diseases from
lung ultrasound (LUS) images, integrating both classification and explainability components. The performances
of DenseNetl121, MobileNetV2, and EfficientNetB7 were systematically evaluated, and their decision-making
processes were examined through Grad-CAM visualizations. Given the operator-dependent nature of LUS
interpretation and its sensitivity to probe positioning, patient anatomy, and imaging artifacts, automated analysis
offers a promising solution for achieving more consistent and objective diagnostic assessments. Experimental
findings demonstrate that EfficientNetB7 achieved the highest accuracy and Fl-score, indicating its strong
capability in distinguishing complex pathological patterns. MobileNetV2, despite its substantially smaller
parameter footprint, produced performance levels comparable to EfficientNetB7, highlighting its suitability for
portable ultrasound devices and resource-constrained clinical environments. DenseNet121 showed comparatively
lower effectiveness in differentiating COVID-19 from other pneumonic conditions. The Grad-CAM analyses
further confirmed that the models, particularly EfficientNetB7 and MobileNetV2, attended to clinically relevant
regions—such as B-lines, pleural irregularities, and consolidation patterns—supporting their potential reliability
in clinical decision support. Overall, the proposed framework underscores the viability of deep learning—based
LUS analysis as an assistive tool in emergency departments, triage settings, and low-resource environments where
access to expert radiologists may be limited. The system’s ability to improve diagnostic consistency and reduce
inter-operator variability positions it as a valuable component of future point-of-care ultrasound workflows.

Future research will focus on enhancing model generalizability through the use of larger, multi-center datasets
representing broader demographic and pathological variability. The evaluation of advanced architectures,
including Vision Transformers (ViTs) and hybrid CNN-ViT models, will also be explored. Incorporating
multimodal information—such as patient symptoms, clinical notes, and demographic data—may further improve
diagnostic performance. Lastly, deploying the proposed models within a real-time mobile or web-based interface
and validating them in prospective clinical studies will be essential steps toward translating this technology into
routine clinical practice.
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I. INTRODUCTION

Feature selection is essential for achieving high-accuracy classification in machine learning applications. In this
process, metaheuristic algorithms are often used to identify the most relevant features in large datasets to enhance
model performance and lower computational costs. In this study, the Crested Porcupine Optimizer (CPO)[1], a
nature-inspired method, is employed for feature selection and combined with the Island Model (IM)[2] to increase
solution diversity and prevent premature convergence through local optimization. Each island functions as an
independently evolving subpopulation, with information sharing occurring via periodic migrations. The
classification performance of the chosen features is assessed using the K-Nearest Neighbor (KNN)[3] algorithm.
This study aims to investigate the impact of the island model and migration frequency on the efficacy of CPO's
feature selection and the accuracy of KNN classification. The proposed approach's effectiveness is demonstrated
through experiments on lung cancer data.

Recent research in the literature can be condensed as follows: Li and Gonsalves[4] developed a new method by
combining the Island Genetic Algorithm, Fireworks Algorithm, and Particle Swarm Optimization in parallel with
the island model. Prado-Rodriguez et al.[5] proposed an adaptive parameter control for Island-Based Ant Colony
Optimization, reducing the need for manual tuning and improving the performance of the algorithm. Dokeroglu et
al.[6] introduced a new ensemble metaheuristic method for the Graph Coloring Problem, which combines Harris
Hawk Optimization, Teaching-Learning-Based Optimization, and Artificial Bee Colony algorithms using the
parallel island model. Thaher et al.[7] presented the iIECSA algorithm, an enhanced version of the Crow Search
Algorithm (CSA) that utilizes a cooperative island model. This algorithm features adaptive selection and an
improved movement operator, which helps prevent premature convergence. In experiments conducted on 53 test
problems, iIECSA demonstrated superior performance compared to many existing algorithms. Duarte et al.[8]
proposed the Stigmergy Island Model, combining the island model for the parallel implementation of evolutionary
algorithms with stigmergy, a natural collaboration mechanism. This structure, which enables different algorithms
to work in an organized and collaborative manner, has been tested on 15 optimization problems and has yielded
successful results.

The remaining sections of the study are organized as follows: Section 2 details the materials and methods used
in the developed approachSection 3 provides the experimental study and reviews its results. Section 4 interprets
the conclusions and explores future work.

II. MATERIAL AND METHODS

This section offers an in-depth examination of the dataset utilized in the study, the metaheuristic methods
employed for feature selection, and the classification techniques associated with the island model.

A. Feature Selection Method

Feature selection is a common preprocessing step used to enhance the accuracy of machine learning models and
minimize noise from irrelevant variables. In this process, metaheuristic algorithms, known for their efficient search
abilities in complex solution spaces, are regarded as a significant alternative. In this study, the Crested Porcupine
Optimizer(CPO), recently introduced by Abdel-Basset et al.[1], is utilized for feature selection. The main steps of
the algorithm can be summarized as follows.

e [nitialization
The CPO algorithm, like most metaheuristics, starts with a random population of candidate solutions. In this
process, solutions are generated using lower (Ib) and upper (ub) bounds and a random number in the range [0,1].
Equation 1 mathematically expresses this initialization mechanism.

X, = Ib + rand % (ub — Ib) i=12 .. pop 1)
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The CPO algorithm utilizes the Cyclic Population Reduction (CPR) method, characterized by a cyclical decrease
in population throughout the optimization process. This method entails a systematic reduction in population size
at each iteration. This process is explained by Equation 2.

@)

. itard rnu:n:.j iieT
pop = poPnin + (POPmax —POPmin )} X | 1 — | —mmmrer —

T
In Equation 2, the population size (pop) at each iteration varies cyclically between the minimum (Pop,i) and
maximum (P0Py o ) values. This variation is determined by the loop number T, the number of maximum iterations
(max_iter), and the modulus operator %. In the CPO algorithm, the transition to the exploration or exploitation

phase is determined by comparing the randomly generated values Q1 and Q2, both of which are between 0 and 1.
Exploration occurs when Q1 < Q2; otherwise, the exploitation phase begins.

e Exploration Phase
In the CPO algorithm, the exploration phase includes two different position update strategies that model the two
defensive behaviors exhibited by the individual when away from predators: vision and sound defense. Which
strategy is applied depends on the randomly generated values of Q3 and Q4; if Q3 < Q4, the first strategy is
selected; otherwise, the second strategy is selected. The update formula for the first strategy is presented in
Equation 3.

XI!'I.‘E“?’+L — Xlg'rer 1, % |2 X T, X Xéfu?r _ J,I_I'rer| 3)

In Equation 3, X:%7 represents the optimal solution, X{**" indicates the current individual's position, T, is a random

variable that follows a normal distribution, and 7z is a value between 0 and 1. Equation 4 defines the location of
the hunter, denoted by ¥/*¥", where X;™*" is the location of a randomly selected individual, ¥ determined randomly
in the interval [1. pop].

iLeT iteT
XI: +X

W =S “

The equation for updating position in the second defense is presented in Equation 5.
XI!.rpr+L - {J. _ UL] % XI!-rpr 1 UL W {yl_l-rpr +1 % {Xi!'_ier _ Xil'gs*i’:]} (5)

In Equation 5, r1 and 72 denote two randomly chosen individuals from the population, whereas T3 signifies a
random number ranging from 0 to 1. U} is a binary random vector composed only of Os and 1s, and X:5" and X/
denote two random solutions within the population.

o Exploitation Phase
CPO algorithm exploitation involves two position updates that are based on the third and fourth defensive

strategies for local search. If @3 is less than 0.5, the third strategy is applied; otherwise, the fourth strategy is used.
This phase is illustrated by Equations 6-9.

X+l = (1 —U,) x KT 4 U, x (XU 4 ST o (KTer _ pET) _ g xS x oy, % SETY) (6)

E"E'_i'lrl'f:mr :I

SI!tE*i’ = exp {W ) @)

1 if rand < 0.5
5=
Ji—']. alse

®)

iter

i ©

iter

¥i =2 ® rand ® (1 — -
max _[Ler

The equations include a random variable 14 (between 0 and 1), the objective function value of the ith individual at
the iterth iteration (0'&jf {X irer }), a small constant € to avoid division by zero, and a random vector(rand). Equations

10-12 delineate the methodology for updating the position associated with the fourth defense strategy, where & is

-96 -



INNOVATION AND APPLICATIONS IN ENGINEERING

the convergence rate, Ts and Tzare random values between 0 and 1, and 75 is a random vector with values in [0,1].
Here, X!™7+* is the new position of the ith individual, and V{7 equals ¥*" .

XI!'I.‘F?’+L — Xé;s*r’ + (al1 — TE-] ¥ TE-J w {5 w XEFW _ XI!'I.‘FR’} -B (10)
B =15 %6 %y, x DT 1)
piter — o giter o {F_l'rprﬂ. _ 1_:!:“???’} (12)
I 7 I L I
Algorithm 1 displays the pseudocode of CPO.

Algorithm 1: Pseudo-code of CPO

Start CPO

Input: Algorithm parameters

1: Set pop, max_iter, o, T, etc. 18: Else // Exploitation phase

2: | Imitialize the solutions’ positions randomly 19: Generate a random number, Q5

3: | While (iter = max _iter) 20: If @5<0.5//Third defense mechanism
4: Evaluate fitness values for the candidate solutions 21: Using Eq.(6)

5 Determine the best solution(X 5™ 22: Else //Fourth defense mechanism
6: Update vt using Eq. (9) 23: Using Eq.(10)

7 Update the population size using Eq. (2) 24: End If

8: For i=1: pop 25: End If

9: Update the m, 5, 0bj, & 26: If Flafer+)> f(}(f“")

10: Generate two random numbers, @land Q2 27: xjrertl = gjeer

11: If 01< Q2 //Exploration phase 28: End If

12: Generate two random numbers, Q3 and Q4 25: iter = iter + 1

13: IfQ3<Q4 //First defense mechanism 30: End for

14: Using Eq.(3) 31: | End while

15: Else //Second defense mechanism Output: The best solution

16: Using Eq.(5) End CPO

17: End If

B. Island Model

The island model is a sophisticated parallel optimization strategy that aims to enhance the effectiveness of
population-based metaheuristic algorithms. This approach divides the solution space into multiple subpopulations,
known as islands, each of which evolves independently. A migration mechanism facilitates the exchange of the
best individuals among the islands at regular intervals, thereby maintaining genetic diversity and mitigating the
risk of premature convergence. Various parameters, including migration frequency, the number of individuals
participating in migration, and selection methods, play a crucial role in balancing the interactions among the
islands. This balance, in turn, optimizes both exploration and exploitation capabilities within the algorithm. The
parallel structure inherent in the island model provides efficient and stable solutions to complex, high-dimensional
problems, and is well-suited for implementation within parallel computing infrastructures [9, 10].

C. Classifier

The K-Nearest Neighbor (KNN) algorithm is a simple yet powerful supervised learning technique frequently
employed in both classification and regression applications [11]. This algorithm has a non-parametric, example-
based structure; it memorizes training data and classifies new instances based on their closest neighbors. KNN
identifies the k nearest neighbors of a data point and predicts the class label according to these neighbors. Distance
metrics such as Euclidean, Manhattan, and Minkowski are employed to measure similarity [12]. The most popular
metric, Euclidean distance (Z'z), is determined by taking the square root of the sum of the squared differences

between two data points (v, vj). This process is described by the following Equation 13.
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| %1 2

D = V i i — vj) (13)

Where vik and vijk are the kth features of the vectors vi and vj, respectively. This method provides effective
classification performance, especially on low-dimensional and balanced datasets [13].

D. Dataset

The lung cancer dataset [14] used in this study contains clinical and demographic information from patients who
have undergone thoracic surgery. It consists of 17 features and a binary target variable indicating mortality within
one year of surgery. This publicly available dataset is widely used in medical machine learning research and is
suitable for evaluating feature selection methods in the healthcare field.

III. EXPERIMENT RESULTS

In this study, metaheuristic algorithms were employed to optimize feature selection and classification processes.
Specifically, based on the CPO algorithm developed with the proposed island model (IM) structure, the algorithm's
performance was tested using different island counts (e.g., 1, 3, 5, and 10). During evaluation, metrics such as
classification accuracy from the K-nearest neighbor (KNN) classifier, the number of selected features, and the
overall fitness value were considered. The KNN algorithm, a non-parametric and sample-based method, was
chosen because it offers consistent classification results. The Euclidean distance metric was used as the distance
measure. The fitness function in feature selection is a multi-criteria structure designed to improve classification
performance while reducing the number of features. In this context, the fitness function is defined as Equation 14
[15].

AF

Fitness =ax (1 - A + 8 % (=) (14)

TF
A represents the accuracy rate of the KNN classifier; SF represents the number of selected features; and TF
represents the total number of features. a and  are weight coefficients that control the balance between accuracy
and the number of features. It is determined as a+f=1. In this study, priority was given to classification
performance, and o = 0.9 and B = 0.1 were assigned. By using these metrics, the aim is to achieve both high
accuracy and fewer feature selections.

In the first experiment, the effect of the number of islands was examined to evaluate the performance of the
metaheuristic algorithm. Holding the total population size constant (300 individuals), the number of individuals
was distributed equally across each island. Additionally, elite individual migration was preferred, and in each
migration cycle, the 3 best individuals from each island were sent to different randomly selected islands.This
analysis assessed how the number of islands affected fitness, the number of selected features, and KNN
classification success. The results are presented in Table 1 and illustrated in Figure 1.

Table 1: Model performance values based on number of islands

Islands Selected Features Best Fitness KNN Accuracy
1 6 0.8211 0.8248
3 7 0.8204 0.8321
5 7 0.8277 0.8394
10 10 0.8186 0.8102

As can be seen from the table, the highest fitness and classification accuracy were achieved when using 5 islands.
While performance improved compared to fewer islands, there was a significant decrease in accuracy with 10
islands. These results indicate that the number of islands, and therefore the number of individuals on each island,
affects optimization success.
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Island Count vs Selected Features and KNN Accuracy (Lung Cancer Dataset)
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Figure 1: Comparison of model performance metrics based on number of islands

In the second experiment, the effect of migration rate on the algorithm's success was evaluated. For this purpose,
under a fixed number of islands (5 was selected), different numbers of individuals (1, 3, 5, and 10) were allowed
to migrate between islands. In each scenario, the total number of individuals was kept constant at 300. The results
are presented in Table 2 and illustrated in Figure 2. The best result, with the highest classification accuracy
(83.21%) and a competitive fitness value (0.828367), was achieved with the migration of 10 individuals. A
reasonable number of features (6 features) were also selected in this scenario. On the other hand, although a lower
fitness value was achieved with the migration of 3 individuals (0.815643), the classification accuracy decreased,
and only 3 features were selected. This situation can be explained as information loss due to oversimplification.

Table 2: Model performance values based on number of migrants count

Migrants Selected Features Best Fitness KNN Accuracy
1 11 0.817943 0.824818
3 3 0.815643 0.817518
5 8 0.827117 0.817518
10 6 0.828367 0.832117

Migrants Count vs Selected Features and KNN Accuracy (Lung Cancer Dataset)
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Figure 2: Comparison of model performance metrics based on number of migrants count

Consequently, increasing the migration rate increased information sharing, resulting in better generalization and
classification performance. In this context, 10 individual migration stands out as the most appropriate strategy in
terms of both maintaining the balance between exploration and exploitation and overall algorithm success.
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IV. CONCLUSION

In this study, the Crested Porcupine Optimizer, supported by the island model, was evaluated on the feature
selection problem, and its performance was analyzed with the KNN classifier. In the first experiment, the effect of
the number of islands was examined, and the highest classification accuracy and fitness values were achieved with
5 islands. In the second experiment, the best classification success was observed when the number of migrating
individuals was increased, especially with 10 migrating individuals. These results indicate that the island model
prevents premature convergence by preserving diversity and increases classification accuracy.

Future studies can further investigate the parameter sensitivity of the CPO algorithm, the impact of defense
strategies, and the exploration-exploitation balance. Furthermore, enriching the algorithm with dynamic migration
strategies and testing it with different classifiers could be important steps to increase the generalizability of the
method.
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L INTRODUCTION

In recent years, artificial intelligence has become a technology that continues to develop and is widely used in
many fields, including science, industry, healthcare, and daily life. Owing to its ability to process large datasets,
its high computational power, and its sophisticated algorithms, artificial intelligence supports decision-making
processes and contributes to humanity by reducing error rates.

Artificial intelligence is defined as a computational technology that emulates cognitive functions typically
associated with human intelligence, including learning, problem-solving, and logical reasoning. Key
implementations of this technology comprise machine learning, deep learning, and natural language processing
[1].

Among its areas of application are sectors such as finance, education, automotive, media, and defense industry;
moreover, the importance of artificial intelligence in the field of healthcare is steadily increasing [2]. In healthcare,
artificial intelligence is effectively utilized in support systems for patient diagnosis, personalized treatment
planning, and the analysis of medical imaging methods [2, 3].

In this context, one of the analyses that can benefit from the power of artificial intelligence is deformity analysis
of the lower extremity. Lower extremity deformity analysis involves the systematic examination and measurement
of deviations, as well as angular and rotational abnormalities, occurring along the mechanical and anatomical
alignment lines of the lower extremity. This application holds critical importance for identifying the causes of
pain, functional losses, and deformities experienced by patients [4].

In daily practice, this analysis is performed on radiological images obtained from the patient by identifying
specific landmarks on designated bones and calculating the angles formed between them. In traditional methods,
the interpretation of X-ray images is conducted by drawing lines on the radiograph to assess the presence of any
deformity. During this evaluation process, precise angular measurement tools such as goniometers may be used
directly on the films or on digital images projected onto a computer screen. Alternatively, the measurements can
also be performed manually through specialized software [5].

Deformity analysis of the lower extremity is crucial for the identification and management of various diseases.
Conditions such as genu varum, genu valgum, accurate surgical planning, evaluation of fractures resulting from
bone integrity loss, post-traumatic malunions, and bone deformities associated with growth are assessed using this
method [4, 6-9].

Multiple angles are utilized during lower extremity deformity analysis, which vary depending on whether the
mechanical or anatomical axis is used. Angles calculated along the mechanical axis include mechanical lateral
proximal femoral angle (mLPFA), mechanical lateral distal femoral angle (mLDFA), mechanical medial proximal
tibial angle (mMPTA), and mechanical lateral distal tibial angle (mLDTA), while those along the anatomical axis
include anatomical medial proximal femoral angle (aMPFA), anatomical medial neck-shaft angle (aMNSA),
anatomical lateral distal femoral angle (aLDFA), anatomical medial proximal tibial angle (aMPTA), and
anatomical lateral distal tibial angle (aLDTA) [10]. In the scope of this study, the angles calculated were those of
the mechanical axis.

The mLPFA is formed by drawing a line between the center of the femoral head and the tip of the greater
trochanter, creating an angle with the mechanical axis of the femur. Its normal range is 85-95 degrees [10].

The mLDFA is determined by connecting the center of the femoral head to the center of the distal femoral joint
surface and then drawing an orientation line from the inferior point of the femoral condyles. Its normal range is
85-90 degrees [10].

The mMPTA is calculated by first drawing the mechanical axis of the tibia by connecting the center of the
proximal tibial joint surface to the center of the distal tibial joint surface and then forming an angle with the
orientation line drawn through the inferior subchondral points of the tibial plateau. Its normal range is 85-90
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degrees, and the aMPTA and mMPTA angles are equal [10].

The mLDTA angle is determined by first drawing the orientation line of the distal tibial joint, followed by the
mechanical axis of the tibia. The angle formed laterally is the mLDTA angle, which ranges from 86—92 degrees.
The mLDTA and aLDTA angles are equal [10].

t /e
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Figure 1: mLPFA [10]. Figure 2: mLDFA [10]. Figure 3: mMPTA [10]. Figure 4: LDTA [10].

The angles used in deformity analysis provide important information regarding the patient’s orthopedic
condition. Since this process requires manual effort at every stage, the time allocated per patient increases. Within
the scope of this research, a deep learning—based software was developed to address this issue.

II. RELATED WORKS

In their study, Tack et al. measured lower limb alignment (HKA: hip—knee—ankle) using YOLOv4 and ResNet.
YOLOvV4 was employed to detect the relevant regions in the radiographs, and the landmarks within these regions
were identified using ResNet. A total of 5,818 leg images were used as the dataset. The reported accuracy was
5,809 correct detections out of 5,818 images, corresponding to 99.85% [11].

Schock et al. developed a deep learning methodology for automated alignment assessment in full-length
radiographs. The study incorporated radiographic images from 255 patients, utilizing a U-Net architecture for
femoral and tibial segmentation. Angular measurements from a randomly selected subset of 30 patients underwent
statistical evaluation through repeated-measures analysis of variance and one-way analysis of variance. The
strength of associations was determined using Pearson correlation coefficients and intraclass correlation
coefficients. The segmentation model demonstrated high accuracy, achieving mean Serensen—Dice coefficients of
0.97 and 0.96 for femoral and tibial structures, respectively. Correlation analyses yielded coefficients between
0.918 and 0.995 [12].

The study by Wilhelm et al. is a multicenter investigation that developed and validated an integrated deep
learning system designed for multiscale, multi-task operations that enables complete automation in the
comprehensive evaluation of full-leg radiographs. This model was also validated with an external dataset. The
model achieved results comparable to physicians in terms of both alignment accuracy and inter-clinician reliability.
Additionally, the algorithm completes a comprehensive analysis more than four times faster than manual methods
[13].

Lee et al. conducted research on the application of neural network driven methods to automatically evaluate
lower limb alignment through full leg radiographic images. Within their research, SegNet was utilized for
automatic segmentation of anatomical regions from the radiographs. The developed system automatically
calculates the mechanical axis alignment of the knee joint, the angle formed at the lateral aspect of the distal femur,
the angular measurement at the proximal medial tibia, and the angle of joint space convergence (mTFA, mLDFA,
MPTA, and JLCA, respectively). The results demonstrated that the automatic segmentation showed an average
similarity of 89-97% with manual segmentation, was 3.44 times faster than manual measurements, and exhibited
interobserver correlations between manual and automatic measurements ranging from 0.7126 to 0.9695, indicating
both accuracy and time efficiency [14].

Erme et al. developed an artificial intelligence system based on UNet and Mask-RCNN for the analysis of full-
length radiographs. Initially, the authors employed a Mask-RCNN architecture for anatomical structure
segmentation. Subsequently, four anatomically targeted UNet-derived networks were utilized to automatically
identify key anatomical reference points. The concluding phase leveraged these data to compute the lower-limb
alignment angles mLDFA, MPTA, LDTA, ATFA, and HKA. The detection rates for these angles ranged from
92.4% to 98.9%, and the correlation analyses comparing inter-observer and observer-Al assessments in both
preoperative and postoperative images yielded values between 0.80 and 1.0. The study demonstrates that the
proposed algorithm operates with high accuracy and efficiency, closely matching measurements obtained by
clinicians [15].

Bernard et al. created an automated system to perform angular measurements in lower extremity deformity
assessment. During their research, a machine learning algorithm was trained using anatomical landmarks annotated
by orthopedic surgeons on a total of 1,175 full-length lower limb radiographs. The algorithm detected 28
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anatomical points in each image and calculated the HKA, MPTA, LDFA, and JLCA angles in approximately 48
seconds. When the algorithm’s measurements were compared with those of the surgeons, the mean difference
across all angles was found to be about 1.9 degrees. In addition, intraclass correlation coefficients for all angles
were reported to exceed 95% [16].

Jo and colleagues investigated lower extremity alignment patterns in knee osteoarthritis patients through full-
leg radiographic analysis. Their research employed a deep learning algorithm designed to identify anatomical
landmarks and quantify angular measurements. The algorithm underwent training with 11,212 full-leg
radiographs, incorporating 15 anatomical reference points, while calculating MPTA, mLDFA, HKAA and JLCA
angles. The results demonstrated that the interobserver ICC values for all angle measurements were 0.98 or higher.
Measurements performed by the model showed mean absolute errors below 0.52° for all angles except JLCA, with
outlier rates below 4.26% [17].

Kunze et al. created an artificial intelligence-driven computational method for assessing lower extremity length
and knee axis alignment in individuals diagnosed with knee osteoarthritis. The study included full-leg radiographs
of 1,011 patients A deep neural network architecture was designed to automatically measure the hip knee ankle
(HKA) angle, femoral and tibial bone lengths, and limb length discrepancy. When compared with radiologists’
measurements, the ICC values for HKA and LLD ranged from 0.87 to 1.00 [18].

Nguyen et al. developed an approach utilizing convolutional neural networks (CNNs) for automatically
measuring key lower-limb angles, such as HKAA, FAMA, MPTA, and MLDFA. Their study utilizes a dual phase,
decentralized convolutional neural network architecture. During the initial phase, the model approximately detects
regions of interest (ROIs), while in the second phase, it localizes points within these ROIs. A dataset of 400 images
was used for the first-stage model, and 17,000 images were used for the second-stage model. Evaluation on 80 test
images showed that in 82.3% of cases, the deviation between automatic and manual measurements was less than
1.5 degrees [19].

In a study by Pei and colleagues, introduced an artificial intelligence-based approach to quantify the HKA angle
from X-ray images. This technique relies on segmenting these three anatomical regions through a neural network,
followed by identification of the central point within each segmented area. The HKA angles were subsequently
computed based on the spatial coordinates of these identified points. The study, conducted on 796 images,
demonstrated a high agreement between automatically measured HKA angles and manual measurements
performed by three orthopedic specialists, with an ICC of 0.999 and a mean difference of 0.49° [20].

Tanner et al. proposed a neural network-based framework for automated computation of hip knee ankle angle
measurements. Their study employed 1,221 radiographic images, allocated in a 70:20:10 ratio for training,
validation, and testing purposes, respectively. Their model demonstrated a mean average precision (mAP) of 0.985
in the test cohort, while the intraclass correlation (ICC) comparing the algorithm's outputs with manual assessments
was 0.987 for both operated and non-operated limbs. The standard errors of the automatic measurements were
0.515° for the operated limb and 0.403° for the non-operated limb. Compared to segmentation-based methods, the
proposed algorithm offered a faster and more practical solution [21].

Tsai developed an artificial neural network approach for automated measurement of the hip knee ankle
alignment in pediatric cases. In this investigation, six anatomical reference points; bilateral femoral head centers,
intercondylar eminences, and distal tibial articular surfaces were labeled and incorporated into the model through
2D heatmap representations. Assessment performed on 528 radiographic images from 517 subjects revealed an
average absolute deviation in predictions of approximately 0.94 degrees with a standard deviation of 0.84 degrees.
The intraclass correlation coefficient comparing the algorithm's measurements with expert annotations was
documented as 0.974 [22].

Wang and colleagues created an artificial intelligence-based approach for the automatic quantification of FTA
and HKA angles. In their study, two separate models were trained using 6,149 FTA and 2,351 HKA posteroanterior
knee radiographs obtained from the OAI dataset repository. The radiographic images were partitioned with a
70:15:15 ratio for model development, validation, and evaluation purposes. Model performance was assessed using
the mean squared error loss, yielding absolute errors of 0.8° for FTA and 1.7° for HKA [23].

Lower extremity deformity analysis assists in evaluating appropriate angles for preoperative surgical planning
through the quantification of angular relationships among the knee, hip, as well as foot. This analysis also enables
the prediction of deformities that may develop due to osteoarthritis or post-traumatic conditions. Due to the time-
consuming nature of this analysis, systems capable of providing rapid results have been proposed. This research
presents a deep learning-driven pose/keypoint identification framework. A software infrastructure has been
developed, the model has been implemented, and a system has been created whereby clinicians can obtain outputs
simply by providing an X-ray image to the system.

I1I. MATERIALS AND METHODS

A. Dataset
For this study, 927 images were randomly chosen from the publicly accessible Osteoarthritis Initiative (OAI)
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database. The visibility and completeness of the edges of femoral head region, greater trochanter, knee joint, and
ankle region bones were considered critical for accurate Al-based predictions. For example, in the assessment of
the mechanical lateral distal femoral angle (mLDFA), clear visualization of the distal femoral condyles ensures
proper vector placement and precise angle measurement. All images were therefore carefully reviewed, and 153
images were excluded because at least one bone line in each relevant region was not clearly visible, because one
or more key bones (femoral head, greater trochanter, knee, or ankle) were not present in the full-leg images, or
because the patient had prosthetic implants in the lower extremity. As examples of excluded images, Figure 5
shows the absence of the femoral head, while Figure 6 illustrates that the patient’s lower extremity is not clearly
visible.

Figure 5: Example of an excluded image from the dataset Figure 6: Example of an excluded image from the dataset

B. Data Preprocessing

Data used in studies may contain various errors and issues, including noise, missing parts, image clarity
problems, distortions, and other systematic errors. Data preprocessing refers to the procedures applied to make
datasets usable before any analysis is conducted. During preprocessing, various techniques are employed to
address these issues. These techniques include rotation, flipping, scaling, Gaussian filtering, color and format
conversions, segmentation and masking to isolate regions of interest, and histogram equalization to enhance
contrast [24].

During the data preprocessing step, a total of 927 radiographic images were analyzed. The obtained radiographic
images were processed using the Contrast Limited Adaptive Histogram Equalization (CLAHE) technique, which
is commonly employed in medical imaging. Global histogram equalization is a method utilized to amplify image
contrast and, consequently, improve its clarity. Its main drawback is that the equalization is applied uniformly
across the entire image. In the CLAHE method, however, the image is divided into tiles, and the contrast of each
tile is recalculated individually [25].

After applying the histogram equalization technique, the images were reviewed, and those with insufficient
quality were excluded. Figures 7 and 8 illustrate examples of X-ray images with and without the CLAHE
enhancement applied to the dataset.

Figure 7: Before CLAHE Figure 8: After CLAHE
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C. Deep Learning

Deep learning, functioning as a specialized branch of artificial intelligence, is a method characterized by an
enhanced capacity for learning. Unlike traditional neural networks, deep learning networks contain hidden neurons
and vary in the number of layers, allowing them to learn more complex relationships. In deep learning, the layers
are sequentially connected, with each layer receiving the output from the preceding layer as its input [26]. Through
this convolution process, each layer extracts edges and features from the images and transmits them to the
subsequent layer while updating weights. Common types of layers include convolutional layers, max-pooling
layers, fully connected layers, and dropout layers [27].

In this study, the You Only Look Once(YOLO) architecture, which is widely recognized for its application in
computer vision tasks, was utilized.

You Only Look Once (YOLO)

YOLO is an object detection method that performs end-to-end optimization for a single neural network problem
and provides direct detection [28]. What distinguishes YOLO from other algorithms is its ability to perform object
detection in real time [29]. Beyond object detection, YOLO also handles other computer vision applications such
as instance segmentation, oriented object detection, pose and keypoint prediction and classification. In this study,
the YOLOv11x-Pose model, developed for pose/keypoint estimation, was used.

Pose Estimation
The primary goal of pose and keypoint estimation studies is to detect objects within an image and identify
specific points on these instances. This technique is particularly utilized in fields such as robotics [30], sports [31]
and healthcare [32]. There are two approaches that can be used for pose and keypoint estimation: the Top-Down
and Bottom-Up methods.

The Top-Down Approach
One of the widely used approaches in pose and keypoint estimation is the top-down method. In technologies
employing this method, the first step involves detecting humans or objects in an image, using models such as
Faster R-CNN. Subsequently, keypoint estimation is performed for each detected bounding box. This process
increases the overall computational load. Technologies such as CPN and Hourglass are examples of this approach.
Generally, top-down methods require object detection and cropping operations, which result in significantly slower
inference times [33, 34].

The Bottom-Up Approach

Bottom-up algorithms simultaneously identify all humans or objects in an image and then group the detected
points to form a skeleton. This approach employs a heatmap—based technique that estimates the likelihood of each
pixel containing a keypoint. The positions of the keypoints are determined using Non-Maximum Suppression
(NMS), which acts as a filter to remove redundant predictions. Technologies such as OpenPose, HigherHRNet,
and DEKR utilize this method. In general, bottom-up methods operate faster than top-down methods. However,
their performance is somewhat lower due to challenges encountered during the grouping process [33, 34].

Pose Estimation with YOLOvI Ix-Pose
This model is a deep learning approach based on the bottom-up method that can perform object detection and
keypoint estimation simultaneously. Unlike traditional bottom-up methods that rely on heatmaps, YOLOv11x-
Pose eliminates the heatmap generation step. Instead, it detects the keypoints together with the object’s bounding
box in a single step, thereby reducing processing time [33].

D. Data Annotation

During the data annotation phase, the keypoints required to measure the mLPFA, mLDFA, mMPTA, and
mLDTA angles were determined with reference to the study organized by Cakmak et al. [10]. The annotated
keypoints are illustrated in Figures 9, 10, 11, 12, 13, 14, 15, and 16. Specifically:

e For the femoral head center class used in the mLPFA angle, a total of 2 keypoints were annotated,
locating the center on each side.

e For the greater trochanter class used in the mLPFA angle, a total of 2 keypoints were annotated,
marking the trochanteric apex bilaterally.

e For the knee class used in the mLPFA, mLDFA, MPTA, and LDTA angles, a total of 12 keypoints
were annotated: the distal femoral center and the two femoral condyles, along with the proximal tibial
center and the corresponding tibial plateaus on both sides.

e For the ankle class, four keypoints were assigned to the distal tibia, with two points designated for each
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leg to measure LDTA and MPTA.

To ensure that data remained secure during the annotation process and that the environment allowed for pose
and keypoint labeling without external sharing, several tools were evaluated. Based on this assessment, the
Computer Vision Annotation Tool (CVAT), which can be deployed on a local server, was identified as a suitable
solution.

Figure 9: Center of the Figure 10: Center of the Figure 11: Greater Figure 12: Greater
femoral head femoral head trochanter. trochanter

Figure 13: Knee Figure 14: Knee Figure 15: Ankle Figure 16: Ankle

In the images annotated with CVAT, the labeling format “CVAT for images 1.1” was used. Since CVAT’s
XML format is not directly supported by YOLO, a conversion tool was developed to adapt the annotations to the
YOLO keypoint labeling format.

E. Evaluation of Model Performance
Evaluating model performance is a step undertaken to determine the extent to which the model’s outputs
correspond to the actual values. A confusion matrix is frequently used for performance evaluation. The confusion

matrix summarizes the model’s correct and incorrect classifications using four concepts: True Positive (TP), False
Positive (FP), False Negative (FN), and True Negative (TN) [35-37].

Table 1: Confusion Matrix.

Predicted
Positive Negative
False
Positive True Negative
Actual Positive (TP)
(FN)
True
Negative False Negative
Positive (FP) (TN)

True Positive (TP) indicates the count of positive samples correctly identified as positive.

False Positive (FP) represents negative samples that were incorrectly labeled as positive.

False Negative (FN) shows positive instances that were erroneously predicted as negative.

True Negative (TN) refers to the number of negative cases correctly recognized as negative [37].

Using these four metrics, the performance of the model can be evaluated in detail. Performance indicators like
precision and recall are frequently used metrics for such evaluation.

Precision represents the fraction of correct positive predictions relative to the total positive predictions made. In
simple terms, this value is obtained by dividing the true positives by the combined count of true and false positives.
This metric indicates the accuracy of the model’s positive predictions, with higher values reflecting a lower rate
of incorrect detections [38].

TP

Precision (P) = TP+ FP

€y
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Recall represents the ratio of correctly identified positive predictions to all genuine positive instances present in
the dataset. This metric is computed by dividing the true positive count by the combined total of true positives and
false negatives. A high recall value indicates that the model has a low rate of missing objects in the image [38].

TP

Recall (R) = m

(2)
In tasks such as object detection, where both class and location predictions are made, additional metrics such as
IoU, mAP50, and mAP50-95 are also used.

The Intersection over Union (IoU) metric is computed by dividing the area of intersection by the area of union.
It represents the accuracy of the model in detecting objects by measuring the overlap between the predicted
bounding box and the ground truth box [38].

mAP50, computed at an intersection over union level of 0.5, represents the averaged precision measure that
quantifies the degree of overlap between the predicted bounding regions and the ground truth. It evaluates the
accuracy with which the model’s estimated regions correspond to the actual object positions [38].

mAPS50-95 provides a stricter and more realistic evaluation compared to mAPS50. This metric evaluates loU
values from 0.5 to 0.95 at intervals of 0.05 and computes the mean of the obtained scores. A high mAP50-95 value
indicates that the model can draw predicted bounding boxes very close to the true object locations, reflecting high
positional accuracy and overall precision [38].

F. Technologies Used In Software

The primary objective of this step was to enable healthcare professionals to upload radiographic images to an
interface and quickly obtain outputs that assist in the deformity analysis previously described, by drawing the
necessary lines and calculating angles on the X-ray images.

C# was chosen along with the .NET Framework for the software due to its robust infrastructure. For image
processing, the EmguCV library, which serves as a wrapper for OpenCV, was utilized. After applying the image
processing operations on the relevant images, the YOLO command-line interface was used during the prediction
phase.

.NET Framework
Developed by Microsoft, the .NET Framework is a foundational architecture that enables the development of
applications across desktop, web, and mobile platforms. It simplifies application development and, for example,
allows deployment to multiple platforms using the C# programming language [39].

The .NET Framework addresses performance issues associated with scripting languages. Before execution, it
compiles code into machine language through an underlying system called the Common Language Runtime
(CLR), enabling more efficient applications. Additionally, it provides a standard for developers in Windows and
web-based applications, ensuring secure integration [40].

EmguCVv
OpenCV functions as an open-source framework that includes well-known algorithms designed for computer
vision tasks. It contains modules for image processing, object recognition, feature extraction, and deep neural
networks, among others [41-45].

The EmguCV library is a .NET wrapper for OpenCV, which is frequently used in computer vision applications.
It allows the functions and tools within the OpenCV library to be used in .NET-supported programming languages
[46].

In this study, EmguCV was employed to apply CLAHE on radiographic scans submitted by healthcare
professionals, mark relevant regions between bones, and display angle measurement results directly on the
visualized areas of interest.

YOLO Command-Line Interface (YOLO CLI)
The YOLO command-line interface allows models developed by YOLO to be executed directly from the

terminal without requiring any additional environment.
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In the C# forms—based image processing software developed in this study, a CLI-based communication was
implemented to perform object detection and present the results to the user using the YOLO algorithm.

Since YOLO11 does not provide a library specifically for the NET Framework, an intermediary environment
was established to facilitate communication while maintaining modularity and independence. This setup eliminates
dependency on a specific YOLO version and allows switching to a different detection model with minimal
modifications to the CLI commands, simplifying implementation.

G. Implementation of the Software

During the system design phase, a needs analysis was first conducted, and based on the identified requirements,
an object-oriented infrastructure was planned. The system was structured to perform YOLO-based keypoint
detection, calculate angles from these keypoints, and visualize the results through on-image drawings. In the angle
calculation process, three keypoints were used, and the angle between two vectors was computed using Formula
L.

In the angle calculation step, three anatomical keypoints (A, B, and C) were used. In this configuration, point B
represents the vertex of the angle, whereas points A and C correspond to the endpoints of the two vectors forming

the angle. After detecting the keypoint coordinates, the vectors BA and BC were constructed by translating points
A and C relative to point B. The angle between these two vectors was then computed using the dot-product
formulation of the cosine of the angle, and the resulting value was converted from radians to degrees. The
mathematical expression employed in this process is provided in Formula 3.

(A—B)*(C—B)>*18O -

— -1
Gangte = cos (nA “Bl~c—BIl) " =
Furthermore, to ascertain the center of the distal tibia, the keypoints situated on the medial and lateral sides of
the distal tibia were utilized. The central point derived from these two keypoints was calculated based on their
coordinates, and this midpoint was defined as the distal tibia center. The method for calculating the distal tibia
center is presented in Formula 4. Here, B denotes the distal tibia center, B: represents the medial distal tibia
keypoint, and B: represents the lateral distal tibia keypoint.

BY + B} B + Bzy) @

Byistai tivia center = ( 2 , )

Software Workflow
The software was built using C# and the EmguCV library, following an object-oriented and readable
architecture. The system automatically performs mechanical axis drawings and angle calculations on the X-ray
images uploaded by the user. The workflow proceeds as follows:

1. Theuploaded image is backed up with a unique identifier, and a reference image is prepared for YOLO.

2. When the “Start” button is clicked, the prediction process begins using the trained model via the YOLO
command-line interface. The model performs keypoint detection, and the results are saved to a text
file. The system then reads this file to retrieve the predicted coordinates and confidence scores.

3. The predicted keypoints and class information are drawn on the image using the EmguCV library.
Keypoints are represented by circles, and mechanical axes are shown as lines connecting these points.
Subsequently, angle calculations are performed using the obtained keypoint coordinates.

4. The processed image is transferred to the interface as a bitmap, and the calculated angle values are
displayed as text on the panel.

Software Ul
The user interface is responsible for facilitating interaction between the user and the software [47, 48]. In this
study, the interface was designed to be simple and user-friendly. Personnel can upload X-ray images to the system
and view the results directly on the screen. The interface of the developed software is shown in Figure 17.
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Angles
Right mLPFA: 89,80
Right mLDFA: 88,61
Right MPTA: 78,40
Right LDTA: 89,18
Left mLPFA: 88,55
Left mLDFA: 90,53
Left MPTA: 77,00
Left LDTA: 89,38

Start

Choose Image

Figure 17: Software Ul

1V. RESULTS

The YOLOV11x-POSE architecture was employed for model development. Throughout the training process,
images were resized to 896x896 pixels and processed in batches of twenty samples across one hundred training
iterations. The optimization process utilized the AdamW algorithm, configured with an initial learning rate of
0.000833 and a momentum parameter set to 0.9. To improve computational performance, Automatic Mixed
Precision (AMP) was implemented alongside eight parallel processing threads. The dataset was preprocessed and
prepared according to the YOLO annotation framework before being fed into the model. Training was conducted
on Google Colab platform, leveraging an NVIDIA A100 graphics processing unit supported by 83.5 GB of system
memory and 40 GB of dedicated video memory. Evaluation was performed on real images not included in the
training process.

This study utilized a total of 774 images. The dataset distribution consisted of 620 images (80%) allocated for
training purposes, while 77 images (10%) were designated for testing and an additional 77 images (10%) for
validation. Table 2 presents the model's training performance metrics.

Table 2: Performance metrics from model training

Metric Bounding Box (%) Pose (%)
Precision(P) 99.61 99.61
Recall(R) 99.90 99.90
mAP50 99.45 99.45
mAP50-95 79.98 97.86

Examining the model’s confusion matrix, each keypoint was predicted with high accuracy. Only a single
misclassification occurred in the class corresponding to the left greater trochanter, while no errors were observed
in the other classes. This indicates that the model can detect anatomical regions with high accuracy and reliability.
This confusion matrix is visualized in Figure 18.
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Figure 18: Confusion Matrix

Upon examining the comprehensive assessment of the proposed model, all loss metrics exhibited consistent
reduction. The validation losses closely followed the training losses, indicating that overfitting did not occur and
that the training progressed in a balanced manner. These results demonstrate that the model exhibits stable
performance with high accuracy in both object and pose detection. Figure 19 presents the graphical representations
of loss functions and performance indicators.
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Figure 19: Training/validation loss curves alongside object and pose detection metrics.

V. LIMITATIONS

Several limitations of this study warrant consideration. Firstly, images of patients with prostheses were
excluded, which may limit the applicability of the model to such cases. Second, the dataset did not include labels
for specific deformities such as genu valgum or genu varum; therefore, only images of patients with full-leg
radiographs were included. Third, the analysis was restricted to mechanical axis angles, namely mLPFA, mLDFA,
mMPTA, and mLDTA, limiting the scope of angular measurements Finally, the computed keypoints were limited
to those covering the center of the femoral head, greater trochanter, knee joint, and ankle joint. Future studies could
expand the dataset to include prosthetic cases and pathological deformities, as well as extend the keypoint set and
angular measurements to provide a more comprehensive evaluation of lower extremity alignment.

VI CONCLUSION

Deep learning technology provides significant benefits in medical image analysis, particularly for the early
diagnosis of diseases and the acceleration of treatment-related processes. This research presents an automated
system based on the YOLOvI1x-Pose model designed to streamline and automate lower extremity deformity
analysis. Unlike previous studies in the literature, this approach focused not only on object detection but also on
pose and keypoint detection, enabling a more detailed analysis of the bones.
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Training conducted on 774 images achieved high accuracy values. Looking at the mAP50 metrics, a value of
99.45% was obtained for bounding box detection, and 99.45% for keypoint detection. These results indicate that
the developed system can accurately detect bones and reliably mark the keypoints necessary for deformity analysis.
The high-performance rates and the developed software infrastructure suggest that this system could be effectively
applied to the analysis of other orthopedic problems in the future. Furthermore, the system has the potential to be
extended to other anatomical regions and types of deformities.
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