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. 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 meshan are examined in detail. In addition to the
architectural descriptions, the mathematical metrics used to evaluateclassti classification performance,
namely precision, recall and fstore, are outlined and contextualized. The section also intmduedradient
weighted Class Activation Mapping (GH&AM) technique, explaining its theoretical basis and mathematical
formulation as a means of enhancing transparency and interpretability in model decision processes. By
synthesizing recent research fimgls 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 AMedLeafX dataset, a comprehensive and exyaitiated image collection, is utilized for the
automatic detection and classification of medicinal plant diseases. The dataset includes four pharmaceutically
significant plant species: Giamomum camphora, Terminalia chebula, Moringa oleifera, and Azadirachta indica.
Leaf images belonging to these species are categorized into five primarydytdepkhy, Bacterial Spot, Shot

Hole, Powdery Mildew, and Yellow Ledfand a total of thirteen distt 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 patholsg¥leispert
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 085,148 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 agalassiatrd inter

class variations. The large scale and high diversityefittaset enable the models to learn both dissgzesfic

visual cues and specigpecific morphological structures, contributing to a more accurate and generalizable
diagnostic system.

B. VGG16

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 eadalgémage 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 s&ridcross all layers, itead 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 dovgnsamplin
performed using 2x2 mapooling layerqg13]. In this study, the VGG16 architecture is utilized through transfer
learning for the classification of medicinal plant leaf diseasestr&®reed ImageNet weights serve as the
initialization point, and theerminal 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 Szegady.in 2016, is an advanced convolutional neural network
designed to improve the computational efficiency and predictive accuracy of earlier GoogleNet (InceptionV1)
models[14]. l'ts core structural component is the fAlncepti
different sizes (e.g., 1x1, 3x3, 5x5) are applied in parallel and their outputs are concatenated along the depth
dimension. InceptionV3 adopts the prifeipf convolution factoriation 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 asyrometititions

(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 laydis]. In this study, the InceptionV3 architecture is employed via a transfer
learning strategy for the classification of complex plant leaf diseases in thkedileafX dataset. Psained
ImageNet weights are utilized to initialize the model, enabling thevarktto learn domaispecific 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 remms the 20dayer deep variant of this architecture. Unlike traditional
CNNs, 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 connqmitésn 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, proraptegeext
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 classificatiohdiseases 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 engieee structures, NASNet automatically discovers optimal
architectur al buil ding blocks (ficell s 0)ibasedcontrallergi ven d
These cells consist of two fundamental types: the Normal Cell, which preservestibkrsgolution of feature

maps, and the Reduction Cell, which decreases their spatial dimensions. By stacking these cells throughout the
network, NASNet constructs a higierforming 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 complexityhile maintaining competitive accuracy [19]. In this work, the
NASNetMobile model is adapted to the-MedLeafX dataset using a transfer learning strategy and evaluated in
terms of its balance between computational cost and classification effectiverdstefting medicinal plant leaf
diseases.

F. ConfusionMatrix

The confusion matrix is a tabular evaluation technique used to visualize the classification performance of
supervised |l earning algorithms and to cd20domut-r det ai |
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 matris constructed in which the rows typicallypresent the grounttuth labels, while the
columns correspond to the predicted labels. Values along the main diagonal denote correctly classified samples
(True Positiveg TP), whereas the offiagonal entries indicate misclassifications, expressed as Palstives

(FP) and False Negatives (FN). In this study, confusion matrices are employed to measure the discriminative
capability of the models and to analyze clagse error distributions across 13 disease categories belonging to
four medicinal plant sgcies. Moreover, performance metrics such as precision, recall, sswbfél presented

in subsequent sectiofisare computed directly from the values derived from these maf#itgs

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, anddeke, all of which are derived from the confusion
matrix and its underlying vaés: 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 idedtfiositive samples among those predicted as
positive, thereby reflecting the model 6s ability to
detects actual positive cases, emphasizing its sensitivity to instances that should not bkealéftee Fiscore
represents a balanced harmonic assessment of precision and recall, particularly beneficial when dealing with
imbalanced datasets or when a traffebetween minimizing false positives and false negatives is required [23].
Since the taskddressed in this study involves 13 distinct classes, each metric is computed individually for every
class, and macraveraged values are additionally reported to provide a comprehensive anbtatiamsed
evaluation of overall model performance.

H. GradCAM

GradCAM, known as Gradienwveighted 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 whihaking a prediction for a given class, thereby improving the interpretability

of architectures that often operate as opaque systems [24]0Bi#ddcanalyzes the gradient information associated

with the target class in the final convolutional layer. Thgrselients 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
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feature maps produces a coarse heatmap t hat-makingghl!l i ght
process. In the final step, only the positive activations are visualized in order to emphasize areas that contribute
positively to the clasftation [25].

111 EXPERIMENTAL RESULTS

In this study, confusion matrices are used to examine theleleasdiscriminative performance of the deep

learning models and to analyze the distribution of incorrect predictions. The confusion matrix illustrating the
prediction results of DenseNet204 presented in Figure 1. The diagonal values represent correctly classified
samples, while the offiagonal values indicate the classes that the models confuse with one another. A detailed
analysis shows that the most challenging category for all modeélshi® A Sh o't Hol ed0 disease
Terminalia chebulapecies. Even the begsérforming 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

bet ween fiShot Hol ed aympBpom®d sdedibotsh amBadbtadit hy | eaf

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

MoringaOlerfera_Healthy_Leaf

True Class

MoringaOleifera_Yellow_Leaf

- 200

TerminahiaChebula_BacterialSpot

TerminalaChebula_Healthy_Leaf

TerminaliaChebula_Shot_Hole

Predicted Class

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

A crossmodel error analysis further highlights several distinctive patterns. NASNetMobile exhibits the highest

l evel of confusion within the Azadirachta indica spec
Leaf . o0 Thi s o uttthe model is less éffeative atalistinguibhang cdilased features such as leaf

yellowing. VGG16 shows its most pronounced error within Terminalia chebula, incorrectly predicting 107
ABacteri al Spotd sampl es as fffdrensidtirtg kigeask lestohs,from mormalge st i |
tissue. InceptionV3 also struggles with Terminalia chebula, but in a different manner, misclassifying 111
AfBacterial Spoto samples as AShot Hole. 0 Thiemesi ndicat
between lesions and perforations. DenseNet201 demonstrates the lowest overall error rates and exhibits a more
stable classification behavior across all categories.
Spot 0 s ampl &aves,aaslowér e&e@uht tcdmpared 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 vaaiwithin Azadirachta indica present key challenges

that reduce classification accuracy in certain categories.
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The average performance values obtained through tHeltbarossvalidation protocol are summarized in Table
1. An examination of the experimental results indicates that DenseNet201 achieves the highest performance across
all evaluation metrics among tifieur architectures tested.

Tablel: 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 masworébf 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 perdelemonstrates 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 DenseNbitexture is assessed to be particularly
advantageous for learning subtle diseadated features such as texture irregularities and color variations, which

are characteristic of plant pathology. Further analysis of the remaining architectures retdatefitionV3 and

VGG16 exhibit closely aligned performance levels. InceptionV3 achieves an accuracy of 87.29 percentand an F1
score of 84.57 percent, representing the setastlperformance, while VGG16 follows with an accuracy of 86.88
percent and aR1-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 embeddesteays, presents the lowest performance with an accuracy of
83.85 percent and an #store of 81.15 percent. However, considering its substantially reduced parameter count
and computational cost, achieving performance exceeding 80 percent is regardedceptable tradeff for

reattime deployment on resouro@nstrained 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. ConsequentlyerideNet201 emerges as the most suitable model forabigiracy
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

Figure2: 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
GradCAM technique, alsotkown as Gradienveighted 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-Gfdd 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 thehratgions t
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

Image

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

Heatmap Overlay

B

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

Image Heatmap Overlay

a-

Figure3: GradCAM 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
diseasespecific morphological alterations rather than background regions or noninformative healthy tissue. For
example, in samples of the Bacteripb&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 powddike textures are correctly identified #e 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 learningréievamt
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 thehysical perforations in the leaf tissue, whereas in the Yellow Leaf category, the activation
regions correspond to the broader areas exhibiting chlorosis.

V. 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 nsostessful 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 hiagigradient problem. The ability of
DenseNet201 to preserve figeained 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 #echure 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 almliapture fine color gradients and low
contrast lesion patterns. Nonetheless, its low computational cost makes it a practical optiontifoe réeld
applications where speed is prioritized over maximum accuracy. Error analysis further indicatésrbeeksl
encounter a shared difficulty in distinguishing bet
Terminalia chebula. These conditions exhibit highly similar visual manifestations, including necrotic lesions and
tissue loss, making confusiaunavoidable to some extent. However, DenseNet201 minimizes this issue more
effectively than the other models, which is consistent with @AM visualizations showing that it more precisely
attends to lesion edge characteristics.

The study presents a comprehensive automated diagnostic system covering four medicinal pladt species
Cinnamomum camphora, Terminalia chebula, Moringa oleifera, and Azadirachtadiratidathirteen disease
categories. The DenseNet201 model, trained throagtsfer learning, demonstrates high reliability with strong
accuracy and balanced sensitivity values. Moreover, the-Gfdd analysis reveals that the model not only
achieves statistical success but also learns biologically meaningful disease indicatdisning 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 decisiosuppat 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 modelgrerdnce 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 tiptinnizZBenseNet201 using
pruning and quantization methods to enable offlinetiesd deployment in a mobile application suitable for field
environments.
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Coordinati on and D-eci
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l. INTRODUCTION

The evolution of autonomous driving has advanced from isolated véének autonomy toward
collective intelligence, where vehicles and roadside infrastructure communicate and cooperate to improve safety,
throughput, and energy efficienf+6]. This shift fromindependento interdependerdecisionmaking introduces
not only opportunities but also fundamental challenges.-®edtl cooperative driving requires reasoning under
uncertainty, maintaining coordination despite imperfect communication, and ntpeirey 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 higle-to-Everything (V2X) technologies including V2V and
V2l communication has transformed vehicles into interconnected nodes capable of shared awareness and
cooperative decisiemaking. Yet, these networks are constrained by latency, bandwidth limitetiothgacket
loss, which can lead to suboptimal or unsafe behaviors if agents communicate excessively or Jir&bly

In this context, MultiAgent Reinforcement Learning (MARL) has emerged as a powerful framework for
learning cooperative policies through interaction. MARL enables multiple agents to jointly optimizeiong
rewards while maintaining local autonomy. Algbms such as MADDP@EL1], 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 tramtirggci 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 bategorized as epistemic (stemming from incomplete model
knowledge) and aleatoric (due to inherent randomndsg) [5], [16]. In MARL settings, a third dimension
emerges: communication uncertainty, related to the loss, delay, or degradation of exatfangation 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 enseba@ded critics capture epistemic uncertainty to improve
exploration and stability15], [17]. Risksensitive learning and control barrier functions (CBFs) enforce safety
constraints through structured optimizat[8h, [18], [19]. Parallel to this, grapbased communicatid20], [21]
attention poolind22], and eventriggered RL[1], [23] attempt to minimizeinnecessary 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 ancceffit realtime cooperation.

To address this gap, this chapter introduces the Adaptive Communiéateme Policy Learning
(ACAPL) framework. ACAPL unifies three dimensions uncertainty, communication, and safety within a single
MARL pipeline. Each agent estimates its epistemic unicgytaising an ensemble critic (Eq. 1), communicates
only when uncertainty exceeds a dynamic threshold (Eq. 2), and receives a commuaigat®meward that
penalizes excessive messaging (Eq. 3). The result is a system capabtesgfisaiing communidaon according
to context, reducing bandwidth consumption while maintaining coordination, accuracy and safety.

-10-
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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 ongoiefforts to develop scalable, interpretable, and regulagady
autonomous systenfizg4-26].

The key contributions of this chapter are as follows:

1. A unified uncertaintyaware framework (ACAPL) integrating epistemic uncertainty, adaptive
communication, and safetyriented learning.
2. A dynamic eventriggering mechanism that links uncertainty and message rate via reward
variance.
3. A communicatiorpenalized 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 Il reviews background and related work.
Section Ill 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 VIl differentiates this chapter from the auth

Il BACKGROUND AND RELATED WORK
A. Multi-Agent Reinforcement Learning

In MARL, a systenmof Nagentsoperate in a shareghvironment modeled as a Decentralized Partially
Observable Markov Decision Process (BROMDP)[27], [24]. Each agenireceives observatics;, executes
actiona; € «1;, and obtains a rewary. The collective goal is to optimize

= N
Jm) =EL) 7' ) winel.

t=0 =L wherer = {m;}denotes the joint policy. Pioneering architectures like MADDPL,
QMIX [12], and MAPPOJ[14] introduced the Centralized Training with Decentralized Execution (CTDE)
paradigm, using a centralized critic and local actors. This approach stabilizes training-statiwmrary
environments and remains the foundation of cooperative MARL.

B. UncertaintyAware Reinforcement Learning

Uncertainty estimation is key to ensuring reliability in complex autonomous systems. Bayesian ensemble
critics, and dropoudbased inference estimate epistemic uncertainty, while probabilistic critics and hierarchical
uncertainty models improve robustngss], [17], [4], [5].

Safetyconstrained RL integrates control barrier functions (CBEg]) [16] and risksensitive objectives
[29] to maintain policy stability. Recent studies extend uncertainty estimation to expld/tiand trajectory
prediction[15], yet they often treat communication as an independent process.

C. CommunicatiorEfficient MARL

Efficient communication remains a bottleneck for scalability. Gilagded message passi®y, [21],
[30], attention pooling[22], and quantizatiolware compressiof26] mitigate redundancy. Evetriggered
methodg14] [1] dynamically reduce message rates without degrading coordination.

However, these approaches typically rely on fixed thresholds rather than uncettaietymechanisms.
Energyefficient cooperatiorf8], attentionaware coordinatiof22], and distributed policgharing strategie@3]
suggest t hat uncertainty can guide when and what t o
messaging approach.

-11-
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D. Safety, Explainability, and Verification
Ensuring interpretability and safety in MARL remains challenging. Restsitive reinforcement learning
[16], safe explorationfd], and explainable policy evaluati¢®4] 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 6s

|
1 i —~ -~
&i = ||EZ(QEJ{:I - Q:‘j_' (1)
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 threshoid.. As described in Eq. (2), the threshold is adjusted over time usingtshonteward
variance to balance stability and efficiency:

Teyq = T, Ta(Var(R,_g.) — B) @)
When environmental uncertainty increasgsjecreases, prompting higher communication frequency.
This mechanism aligns with adaptive control theory, ensuringlirealresponsiveness.

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

. =1, —A_rate(m,) ®)

This penalty termd(;) 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 los 50¢150 ms latency; &0 % loss
Training Episodes Number of complete training episodes 500
Steps per Episode Simulation steps per episode 400

-12-
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5A802dzy i CI ¢

Learning Rate
| 2YYdzy AOF GA2Y
¢KNSaK2f R tF N
Critic Ensemble Size (K)

Replay Buffer Capacity

Batch Size
Update Frequency
Framework / Stack

Random Seeds

Performance Variance

Future reward discount rate
Actorccritic optimizer rate
Weight for messageate penalty term in
Eqg. (3)

Adaptive threshold gain, reference
variance, and window length in Eq. (2
Number of Qfunction estimators used
for uncertainty in Eq. (1)
Number of stored joint transitions for
CTDE
Number of samples per update
Gradient updates per environment ste|
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

M R

128
Every 10 steps
Python 3.10 / PyTorch 2.0

10 (seeds 410)

Mb

<2%

E. Algorithmic Workflow

To operationalize the design in SectionsillliLlll, 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 &g. (1), (ii) transmits messages only when the estimate exceeds the adaptive
threshold in Eq. (2), and (iii) receives a communicatigrare reward shaped by Eq. (3), which balances safety

and bandwidt h.
level dataflow appears in Fig. 1.

Hy per par amet gbatshsifedare gigen im Tabl®)l, ané the high K,

Algorithm: ACAPL Endto-End Workflow (CTDE, Evenflriggered Communication)

Inputs: multi-agent simulator¥agents with actosr;and K-member Qensemble; centralized critic;

hyperparameters (Table 1).

Outputs:trained actors[w;}, evaluation threshole,..;; , KPIs.

1. Initialization: set seeds; create replay buffr, setr « 1, reward windowgi (lengthH).

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

B.Messagingif &; = rsendm;; elsem; = @.

C.Routing:apply latency/loss; receiviV COMING; .

D.Action: selecta; = m;{o;, INCOMIN ;).

E.Step:Sy @A NB Yoy, 5 dbre infih

F.Reward shapingcompute rate; penalty= i, x rate; # = n —penalty (Eq. (3)).
G.Store:push joint transition toD (CTDE).

H.Update:periodically update central critic (TD) and all actors on joint batches.
|. Adaptz: appendmearn; (7 jto BW; if | RW |= Hsetr — v + a(Var{RW) — F1(Eq. (2)).
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3. Evaluation (decentralized)ix t...,; ; repeat Step 26 (no updates). Aggregate KPIs: collision rat

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 extractfidemce 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 envirf8itheirhulates
interactions among multiple autonomous agents, while the centralized arged only during training evaluates
joint actions to stabilize learning under the Centralized Training with Decentralized Execution (CTDE) paradigm.

The threshold adaptation module continuously wupdai
on recent reward variance, forming a closed adaptive loop between learning performance and communication cost.
Overall, ACAPLG6s d eandwidtm effibiendyaamd interpretalalify doy gouplind epistemic
uncertainty estimation (Eq. 1), adaptive communication triggering (Eq. 2), and communr&asion reward
shaping (Eqg. 3) into a cohesive, sadfjulating architecture. This structure enstas each agent communicates
only when necessary, reducing redundancy while maintaining cooperative awareness and robustigision

Uncertainty Adaptive Comm.
Perception > Estimation > Controller
(Eq. 1) (Eq.2)
h 4
Central Critic (CTDE, Comm. Channel
training only) (v2vival)
A
A 4
Environment . .
(CARLA) < Threshold Adaptation < Actor Policy

A

Figure 1. ACAPL framework architecture illustrates the interaction between perception, uncertainty
estimation (Eqg. 1), adaptive communication control (Eq. 2), communication channel, and actor policy. The bottom
layer represents the environment, centralized cri€¥E, training only), and threshold adaptation module
forming the feedback loop for adaptive and uncerta@wgre cooperation.

V. EXPERIMENTAL RESULTS ANDDISCUSSION

A. Experimental Setup and Baselines

Baselines: MADDPJ11], 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 threshotgin 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 dalmailaorto those observed in

attentionaware MARL[22] and grapkbased coordination frameworf&j.

From an energefficiency perspective, communication sparsity directly correlates with lower
computation and transmission energy, achieving parity with ereexgye cooperative framework8], [26].
Meanwhile, collision reduction by more than 50 % indicates that uncerguided interaction substantially
enhances safety compared to static communication policies. The sewardommunication penalty (Eq. 3)
introduces a form of regularization, igh stabilizes training, reduces netationarity, and enses smoother

convergence than observed in MADDPG and QMIX.

Sensitivity analyses confirm that removing the penalty tdmn+(0) results in an explosion of message

frequency and degraded stability validating the necessity of balancing communication cost within the learning
objective. Similarly, replacing adaptiv®(Eq. 2) with a fixed threshold leads to oscillatory communication,
illustrating the advantage of dynamic adaptation. Ensembleksizérprovides an effective traeeff between

computational cost and uncertainty fidelity, with minimal variance (<2%) across seeds.

I n qualitative

Vi

sualization,

ACAPLGOGS

-varianses a g e

temporal windows, revealing interpretability in decisioaking an attribute increasingly emphasized in

explainable MARL researd®], [24], [15], [32], [33]. These findings reinforce the potential of uncertashiyen
cooperation for realvorld vehicular systems where safety and communication costs coexist-atafisstlesign

constraints.

The resul ts

regulation, and safetgriented reinforcement learning into a cohesive architecture. Unlike prior approaches that
treat communication as exogenous or fixed, ACARtats it as a learnable control variable, dynamically
modulated by epistemic uncertainty. This gelfjulating mechanism enables each agent to balance confidence

V.

DISCUSSION

underscor e

ACAPLGOGS

against network utilization, thereby optimizing systetde coordination.

From a theoretical standpoint, ACAPL contributes to the growing literature on communigetiiboent

strength

n

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 rislensitive reinforcement learnirig9] and safe control theor{28],

bridging probabilistic decisiemaking with safety certification. The introduction of a communicagienalized

reward (Eg. 3) brings MARL closer to constrained optimization formuiatiosvhere multiple objectives safety,

efficiency, and resource cost are jointly learned.

Practically, ACAPL enhances scalability: the adaptive threshold mechanism ensures that message
complexity grows sutinearly with the number of agents, a critical feature for lagge fleets. Its modular
structure allows seamless integration into emgsitontrol 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 dcagatif, identifying when and why agents

choose to communicate.
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Furthermore, the concept of adaptive uncertairiggered cooperation opens new avenues in regulatory

and homologation contexts, particularly for EU R155/Rtb6pliant systems, where secure and traceable
communication logs are mandated. Embedding uniogrtaware 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 estimatiorn, event

triggered communication, and rewdedel bandwidth regularization within a CTDE architecture. The proposed
approach achieved marked improvements in safegndst 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 mealisn for realtime cooperation under uncertainty. Moreover,
embedding the communication cost directly into the reward (Eg. 3) translates network efficiency into a learnable
objective, enabling agents to internalize the trafiéetween performance and loavidth.

Beyond empirical performance, ACAPL establishes a conceptual bridge between probabilistic reasoning,

safetycritical control, and communicatieefficient MARL. Future work will pursue formal verification of
uncertaintyaware communication strategi@d], the integration of foundation models for cooperative perception
[15], and the use of metaarning[34] for policy transfer across domains. Extending ACAPL to heterogeneous
fleets combining UAVs, vehicles, and mobile robots could yield the next genewdtibmly 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 remasrthe 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 individualbedding 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 sirhilséy approaches to improve
imperceptibility and structural coherence. Methods employing perceptual loss [1, 2] or structural similarity metrics
[3] have shown that embedding guidediimage similarity yields more visually stable results tharplaihe or
probabilistic schemes. However, most existing frameworks introduce randomness through stochastic initialization,
adaptive thresholding, or training noise, making them difficult toodyre exactly. In applications that demand
verifiable or regulatory transpareriysuch as secure watermarking, medical data protection, and digital evidence
archivingd such nordeterminism becomes a critical limitation.

To address this gap, we introduce a Linear Similaityven 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 malexel 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. Etimgedecisions 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 acragseated runs and enables deterministic, eeyrchronous extraction
without auxiliary keys. These properties collectively transform steganography from a probabilistic operation into
a mathematically verifiable mapping between cover, message, and stegioglom

Contributions

The main contributions of this chapter are summarized as follows:

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

(i) We analytically prove that the proposed similarity function is symmetric, bounded;irpeafiant, and
numerically stable, providing a rigorous basis for structure preserving embedding.

(i) We design two deterministic weighting modes; blookistant and gradienmtodulated that enable regional
or local sensitivity control while maintaining full reproducibility.

(iv) We validate the approach on the BOSSBase and BOWS2 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 edolireg.

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

. RELATED WORK

Research on image steganography has progressively advanced from probabilistic embedding strategies toward
deterministic and similaritpreserving formulations that enhance robustness and data capacity while maintaining
visual protection. Modern developmenintegrate 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 constructioggaghy
steganographic systems. [4] introduced a multiscale feature integration framework that leverages hierarchical
representations to embed data across diffespatial 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 @udsgifi2], 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 frombaged embedding toward generatvel
optimizatiordriven modeling that balances capacity and imperceptibility.

A separate line of work investigates stijlansfer and featurdomain transformations. [5] demonstrated that
style transfer can serve as an effective medium for-bégtacity embedding, allowing artistic transformation of
images while maintaining semantioherence. 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 emphasinedid for localized similarity preservation rather
than global perturbation minimization.

Reversibility and deterministic control have emerged as essential requirements in contemporary steganography.
[7] designed a kNet-based reversible embedding framework that enables full reconstruction of the cover image,
ensuring data integrity under loss$ 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 predictisareexpansion to maintain lossless reversibility while
preserving local structural consistency. Complementing these designs, [10] proposed an optib@zation
adaptive steganography method relying on linear prediction error minimization, bridgingidistizroontrol and
datadependent 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 BDQW hybrid
model with adaptive region selection, demeoating that linear manipulation of transform coefficients can achieve
higher capacity with lower perceptual cost. Such transtoased methods provide an important comparative
context for evaluating spatidlomain models developed under linear similardpstraints.

Hybrid frameworks that combine classical embedding and compression have also evolved to enhance data
efficiency. [12] combined twdit LSB embedding with Brotli compression and Base64 encoding, showing that
compressiorassisted embedding can expand payksgshcity while maintaining high structural similarity. These
hybrid models indicate that classical schemes retain their relevance when reformulated with deterministic
optimization or informatioftheoretic 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 fordepaial
steganalysis, pioneering CNdased detsion 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 Yedroddt, a lightweight CNN that maintairstrong 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 IndexMeasure (SSIM) has directly inspired similafiseserving embedding models that
seek to optimize visual coherence rather than simple error minimization. This conceptual alignment forms the
analytical basis for the linear similaritriven deterministic etmedding strategy introduced in this study.

In summary, current research converges on three critical directions:

(i) deterministic and reversible embedding ensuring reproducibility,

(i) optimizationguided adaptation for improved imperceptibility, and

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

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

11. PROPOSEDAPPROACH

A. Overview

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

Let the cover image be represented/as R™*¥ and the stego image ds. A binary message vector
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m = [m,, m.....m;] with m; € {0.1} is embedded intd. by partitioning the image into nesverlapping blocks
B; of sizer x c. Each block serves as an independent embedding domain governed by the local similarity metric.
B. Linear Similarity Model
The similarity between a cover blo&i and its stego counterpéft is defined through a weighted Frobenius
correlation:
E|' i 1"""l'_i'Br {E'I]Bs{f'j]
\-"Izl' iwij B, (. )2 \-'Ilzl'_i'wl'_i'Bs{f'j]:

5(B,.B,) =

wherew;; denotes the deterministic weight at positicinj}. 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 providing linear sensitivity across
the block.
(i) Gradient-modulated weighting:

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

where o controls modulation strength, enhancing similarity stability in edge orthighire regions.
This weighted structure enables figemined local adaptation without introducing randomness, keeping all
computations analytically reproducible.

C. Deterministic Embedding Process

For each blockg;, embedding is performed by adjusting pixel values or coefficients through a minimal
perturbation operata?;(m;} guided by the similarity constraint:

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

whered; (m;) ensures that the modified block remains as close as possible to a target sifpil@jgcifically,

two candidate versior® " andB." are generated fon; = 0 andm; = 1. Their similarity values'® and$"*
are computed, and the final block is selected as:

B, =argmin|5"® —5.|, be01}
g

This rule yields a deterministic ofte-one mapping between the embedded bit and the resulting block
transformation, eliminating the need for Kegsed randomization or probabilistic search.
D. Reversible Extraction
Extraction is achieved by reevaluating the similarity between each stego block and its originalocoair
reference. For ead®y, the extracted bil; 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 embeddinfextraction 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 imagé,; messagen; block size(r, ¢); weight parametei; target similaritys. Stego image

I,; extracted messag#i.

Step 1: PartitioningDividel, into norroverlapping block$B,} of sizer x c¢.

Step 2: Weight Initialization B,, Compute| VB, | and setw;; =1+ ot ﬁ

Step 3: Embedding.

fori=1toLdo Select blocig, for m;. Generates; " andB;*' by deterministic perturbation. Compute:
X iWiBelL ) By bl':.i-.-'.:'

5B = —————— be{oy
| e Bl o2
‘.IEfjl’-'ijr“-L" \IEI'_i'WI'_i'E.?:m':i-_.','_
SelectB; = argmin 5™/~ 57|, Updatel, with B,.
Bl

Step 4: ExtractionblockE, in I; ComputeS{ B, B, }; Assign
o _IEI. S(B,.B,) = 5.
t7 {1, otherwise.

Assemblaii and outputl,.
Step 5: VerificationConfirm the uniquely reversible and deterministic nature of the embedding function, ensurir]

that each unique input paifl..mm) produces a single stego outplg, and that the inverse mapping precisely recowers

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

V. 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 functighyields a unique stego imafig satisfying a deterministic and uniquely reversible
mapping:

frU.l)=m

No pseuderandom 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 computigvironments, forming a verifiable foundation for reversible
steganography.

B. Computational Complexity Analysis
Let the cover image size & = N, partitioned intd{ non-overlapping blocks of sizex ¢

M =N
K=

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, &igox c).
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 optimizased schemes
such as genetic algorithms or PSO require iterative searches over candidate solutions, |&idingstd) or
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higher complexity. Deep learningased reversible models (e.g-Nét, GAN) typically exhibit?{¥ =} 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] 0[N Nornrdeterministic (training) | Deep (CNN)
SteganoGAN [1] 0[N Nondeterministic (GAN) Deep (GAN)
Proposed Linear Similarity O(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_).
Boundedness0 = 5(B,.B.}) = 1.
Scale invariance:5(B,.kB,} = §(B,.B,) for any scalak = 0.

Continuity: S(EB..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 @(-) simplify the theoretical verification of reversibility and facilitate clogedn 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 minimizatiti?ot 5|, the proposed framework
defines a ong¢o-one linear projection within each block domain. This linearity ensures that global similarity
betweer; and!; remains bounded by

.

1 (il (&)
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 clostatm 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 reproddcibiiperties that collectively
differentiate it from existing adaptive etochastic steganographic frameworks.

V. RESULTS ANDDISCUSSION

The experimental analyses were conducted on the BOSSBase and BOWS2 datasets, each containing 1000
grayscale images with a resolution3df2 = 512 pixels. Both the proposed LSIM and Classic LSB embedding
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schemes were evaluated under identical payload configurati¢ficl @£2,0.3,0.4} bpp and two block dimensions

(#x 4and 8 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 CcCl 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 improvementb03dB on BOSSBase an#éi.053dB 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 ttizat 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, withPSME fAbpp = —19.79dB/bit, compared te-12.83dB/bit for the Classic LSB
(Figure 1a). This difference, although small, confirms the reduced sensitivity of LSIM to embedding density due
to its weighted lineasimilarity control field. SSIM values (Figure 1b) decrease at an almost identical rate
indicating that humaiperceptual distortion is primarily dominated by overall intensity changes rather than local

similarity weighting.
I'n contr

ast,

t he

SI'M metric
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(Figure 1¢c¢)

block sizes, LSIM maintaingSIM /abpp & —5 x 10~%, 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 PSNRPayload, SIMPayload, and SSIMPayload 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 adhe 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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PSNR vs. Payload (bpp) (a)

~@- BOSS - CLASSIC (block=4)
61 ~®- BOSS - CLASSIC (block=8)
~@~ BOSS - LSIM (block=4)
~@~ BOSS - LSIM (block=8)
60 ~8~ BOWS - CLASSIC (block=4)

~@~ BOWS - CLASSIC {(block=8)
~@~ BOWS - LSIM (block=4)
\ -0~ BOWS - LSIM (block=8)
59

58 1

PSNR (dB)

571

56

551

0.10 0.15 0.20 0.25 0.30 0.35 0.40
Payload (bpp)

le-5+9.999e—1 SSIM vs. Payload (bpp) (b)

=@~ BOSS - CLASSIC (block=4)
~@- BOSS - CLASSIC (block=8)
=@~ BOSS - LSIM (block=4)
=@~ BOSS - LSIM (block=8)
~@~ BOWS - CLASSIC (block=4)
~@~ BOWS - CLASSIC {block=8)
~@~ BOWS - LSIM (block=4)

~@~ BOWS - LSIM (block=8)
74

0.10 0.15 0.20 0.25 0.30 0.35 0.40
Payload (bpp)

10 Le-5+9.995-1 SIM vs. Payload (bpp) (©

9.0+

8.5

Linear Similarity (SIM}

== D055 - CLASSIC bluck=4)
- BOSS  CLASSIC Ibinck=A)
B.0 | =@~ 8055 - L5IM |binck=2]
—@— BOSS - LSIM [block=8]
== BOWS - CLASSIC [Block—1}
—®— BOWS - CLASSIC [Block—3}
ROWS 51N Il ork=4)

7.5 == BOWS - L3IM |b ock=8]

T T T
0.10 0.15 0.20 0.25 0.30 0.35 0.40
Payload (bpp)

(c) SIM vs. payload

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 dimensiort (< 4 1. 8 % 8) was analyzed through both quantitative and visual comparisons.

Smaller blocks provide more localized weighting, producing slightly higher PENRK0ZdB) 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 remaifs}ad8grdemonstrating
the stabil i t-weigbtéd fontmlatbhd s bl oc k
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D. Correlation and Consistency

A correlation analysis between SSIM and SIM reveals-pesdect linearityPssm.sne € [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. CCl, define€Chs 5IM /S5IM, 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 TRdyload plots presented in Figure 2, the eight
configurations listedn 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 ésgion 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 fbpp | ASSIM/bpp | p(SSIMSIM) 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

4.0 | ~® BOSS - CLASSIC (block=4)
- BOSS - CLASSIC (block=8)
~@— BOSS - LSIM (block=4)
~@~ BOSS - LSIM (block=8)
3.5 1 @~ BOWS - CLASSIC (block=4)
~@—- BOWS - CLASSIC (block=8)
BOWS - LSIM (block=4)
3.0 { ~® BOWS - LSIM (block=8)

2.5 1

CCl = SIM / SSIM

2.0 1

1.5

1.0 1

0.10 0.15 0.20 0.25 0.30 0.35 0.40
Payload (bpp)

Figure 2: CCl 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 te 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 FligBayload plots presented in Figurdl® 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 igurenifergence
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)

~@~ BOSS - CLASSIC (block=4)
~®- BOSS - CLASSIC (block=8)
50000 4 —@~ BOSS - LSIM (block=4)
=@~ BOSS - LSIM (block=8)
~®- BOWS - CLASSIC (block=4)
~@- BOWS - CLASSIC (block=8)
40000 4 BOWS - LSIM (block=4)
~@- BOWS - LSIM (block=8)

30000 -

Flips (changed pixels)

20000 -

10000 -

0.10 0.15 0.20 0.25 0.30 0.35 0.40
Payload (bpp)

Figure 3: Average number of pixel flips versus payload.

Runtime vs. Payload (bpp)

~@- BOSS - CLASSIC (block=4)
@~ BOSS - CLASSIC (block=8)
1000 | —@~ BOSS - LSIM (block=4)

@~ BOSS - LSIM (block=8)

~®- BOWS - CLASSIC (block=4)
@~ BOWS - CLASSIC (block=8)
800  ~®~ BOWS - LSIM (block=4)
~@— BOWS - LSIM (block=8)

@
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0.10 0.15 0.20 0.25 0.30 0.35 0.40

Payload (bpp)

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 chynyeafitifies the relative improvement or cost of LSIM over

Classic LSB.
Metric Classic LSB I(_PSrIc':/;)ose d) A{94) Observation
PSNR (dB) 57.63 57.68 +0.09 Higher imperceptibility under all payloads
SSIM 0.999966 0.999966 F n Equivalent perceptual similarity
SIM 0.999990 0.999992 +0.002 Improved linear correlation stability
CCI = 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 matrit”". Since these operations are fully deterministic, the embedding

-26-



INNOVATION AND APPLICATIONS IN ENGINEERING

remains reproducible at Hi¢vel 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 numerial 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 difjeations are indeed present.

Importantly, LSIM produces identical stego outputs across repeated kaslslsgego) identical for all
iterations), while the randomized LSB variant (even with fixed seeds) producesproducible loworder bit
variations. This experimentally verifies LSIMb6s deter
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 superiimperceptibility 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 overhgsmdmsg 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 Figurie$ dollectively demonstrate that LSIM achieves:
(i) Higher imperceptibility , reflected by superior PSNR and SIM values (Figuréddia
(i) Stable degradation trendswith increasing payload, ensuring predictable quality variation (Fig. 1b);

(iii) Correlation consistency as CCIl remaina 1.000 across all payloads (Figure 2)Efficient embedding,
achieving lower pixel modifications (Figure 3);

(iv) Deterministic reproducibility , producing biidentical 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 ceptual transition toward fully deterministic, structangare
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 andifigation 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 configoreti In particular, LSIM achieved stable PSMERM correlations,
fewer pixel modifications, and bitwise reproducibility under all tested conditions. These findings confirm that
deterministic similarity control can preserve visual quality, structural cemsigt 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 vyields identical stego
outputs across repeated executions, estdby verifiable and reproducible behawioan 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, enablingatraseel correlation modeling in RGB or
YCbCr spaces. Second, integratinglMSwith deep neural encoders may yield a hybrid determiiiigi@zned
embeddi ng model that combines structural transparenc)
linear similarity metric can serve as a deterministic reference for explaistgganalysis, offering a reproducible
ground truth for evaluating datiiven detectors.

In conclusion, LSIM establishes a new paradigm of strugitgeerving, deterministic, and reproducible
steganography. It bridges the gap between conventional information hiding and mathematically verifiable
embedding, providing both theoretical rigor grectical reproducibility.
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[.INTRODUCTION

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 contralley 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
0 T T T T

depth, km

6

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

Figurel Depthi 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 challengss 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 scannprgperly 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 cablrount ed attachments called Afairings?o
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most frequently encountered types of fairings are ribbon, hairy, and hard fairings.

aselsan

» Figure 2 Tow body structure developed 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 materiadsd rigidly simulate a hydrofoil structure.
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Figure 3 Ribbon Fairing [4] Hard Fairing [51 Hairy Fairing [6]
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Il. 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 -1 Direction of Mation

Figure4 Schematic view of cabiow 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 comparts: 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 atoabbody 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:

T Q(«): the normal drag force per unit | ength,

T P(«): the tangenti al drag force per unit |l ength,

T T : the resultant force acting on the towed body,

T «: the angle between the cable and the water surf
If the underwater weight of the cable segment of | eng

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 thedhalidentities 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:

T AN
R g'lli'nq\l'lﬂl de {5]
[+
is obtained. For infinitesimal elements:
dy
ds = m (6)
is valid. If the three equations((4), (5), (6)) are combined:
8 0 Pl T.
J‘E“ _gJﬁ'“Q'lg. de . Q_EE] SEH{E] «df =y {';.':]
g i PE) T.
f gt @, g
8, Q*(g)
The equation is derived. From these two equations, [
Thus, a twedimensional dimensionless parameter can be defined.
o) =L )
o = TD
Qo)+ D
= (@)
Ty
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If a tow body is to be modeled for experimental purposes, a realistic model relationship must be established

bet ween the drag acting on the tow body, T ,x, and th
T,
r=—= (10)
Ty

Thus, by experimentally measuring only the normal drag force of a cable of short length and modeling it
according to the dimensionless parameter U of the to
body model in an experimental setup cami@asured to calculate the corresponding depth for thedalk cable

I1l. 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

)

l:Drag, normal

FDrag, tange

Tn.x

x Tay

Figure5 Modelling of a finite element cable

Here, T repr esent s@odehltthe focabalances are viritten aceordiad to thishdegram:
T, +Ly = Fh'pl'gf':t - Fbun}'cnr}' + 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 rmrﬂ;r.'u'{'x] * 2 + ':Efpl'ght - 'E:'i.!l}_‘l.‘ﬂi’!f_‘l.':] * 5 * cos (oc) +
{Ti’!_l' 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 coefférigie plots obtained from tests conducted at

various orientations are cruci@r 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

J

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 ia 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 E

300

-100 -

0 100 200 300 400 500 600 700

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

“Streamlined 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 comparec
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" fiDept ho
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 incorporatinglapgledent drag characteristics

of the fairing structures usesh 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, thedeygadent 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 derivatiofithe relevant dimensionless numbers.

For the experimental testing of a calitav 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 modelafgablé 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. Thigiation severely affects the decisimaking 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. Whenwe lookat | i t er at ur e, itds seen t ha
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 theethod. 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 bidirectionat$tng 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 enemble and deep learning for exchange rate prediction is presented. Many economic factors were taken
into account with a clustdyased learning model and comparisons were made with different data and models in
the study (Wang and Dong, 2024). In anothedgttonducted on BISTO00 stocks, the prediction performance of
many methods such as SVM, KNN, Random Forest and deep learning was compared using daily index data
(ki mkek, 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 fléble forecasting was carried out with fuzzy time series.

1. 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 use2DB#t&¢€ks, which
include the most influential companies iirkiye, 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 singléivahechelp 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 BBBTshares (investing.com, 2025).

BIST30 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 bendditiented 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 benefitiented 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 beoedéinted 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 aanented 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 aariestited criterion.

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

Earnings per share;lt 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 benifitted 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 (Buj ur cu, 2019) .
1. Creating the decision matrix
X117 Xan
X = [xij]mxn = : i : (1)
Xm1 Xmn
2. Normalization of the decision matrix
e _ xij—min(x;;) . .
Xij" = maks(xi)—minGer)) i=01,....m)vej=(1,.....,n)
)
ks(x;)—x;; . .
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)
V2 (g™ — )2 XL (e — X)? ©)

Pjk

4. Calculating the total information value$the criteria

n

Ci=0; ) 1-pjk
k=1 4)

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 (Aycin, 2020).

1. Creating the Decision Matrix

G, G Cn

X121 X1z Xin

Xay Xzz . Xap (6)
X = !

xml x]‘?lz xmn

2. Determining Priorities of Alternatives

iy}

1

Pai = —; ZPM =1 i=12..,m ()
i=1

3. Creation of theoretical and actual rating matrices

PAl-Wl PAI-WE e P}!‘l-wn
Tp — FAZ:-WI PAE;WE - F,-az:-wn (8)
Pim-Wy,  Pim-Ws oo Ponowy
c, C, Oy
trir  triz o bran
Lyzy  Lraz o bz
T, = : : . :
Irml tr’mE trmn (9)

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

11 Giz - fGin
G= Tp ~T,. = g;“ g;& gfﬂ (10)
g]‘lll gi‘?‘lz e gn‘m

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

n
Q[' =Zgu A £=1,2, I (11)
=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.con@25).

1. Define U as the universe of discourse

D... and D.;, are maximum and minimum points of historical d@a, and D. are proper positive numbers
and U is the universe of discourse definedls,, — D, . D,... + D- 1 based on theD,..., and D..;,, .

2. Partition the universe of discourse (Upasu., 6.
3. Define fuzzy sets on the universe of discourse (U)
Ay = apfup+apfu. + € ay/fy
Ay = agy fuy +ag fus + € angfuy, (12)

éé.
éé.

éé.
Ax = @y fuy + g fus + 8 Gt Sy

Where a; €[0,1], L =i =k, 1 = j =m. a;; is the grade of membership af in the fuzzy seé;.

4. Fuzzify the data and determine the fuzzy logical relationships

5. Calculate the forecasts according to the principles.

P1;6 Y20 Qi+1, equal tat Q

fuzzy logical relationship groups lik&: — A; then the forecasted value oft 1 will be equal tom;. which is
the midpoint of intervaliy.

P2;6 26 06 R, & QN@1, equal tod 1+4 2+E +a 1/n;

fuzzy logical relationship groups lik& — A, . Ag;. ... . Ay, then the forecasted value af+ 1 will be equal
to (m, +m; + -+ my})/p asthe arithmetic mean of the midpoints of the intervala.. ..., u, respectively.

P3;6j NV @1, equal tax Q
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fuzzy logical relationship groups then the forecasted valuizoll will be equal tam; which is the midpoint of
intervalu;.

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 gaBE3ST-30 stocks for 2024,

based on the specified parameters. Furthermore, the criterisaape also determined at this stage.

2. 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.

3. Ranking for each mounth: Using the MAIRCA method, BISBO stocks are ranked on a monthly basis
and their score valugse obtained.

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

5. 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 (%),
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)
Imgj 01.24,02.24,03.24, ...,,12.24 I‘,?,!,.,.% 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.

. 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 evatdtit 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 -deaikiog 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 0,054 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 10,1179 0,1596 0,0920 0,1468 0,0957 0,1286 0,1371
June 0,1177 10,1275 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 dOlow @OVol Price / Earnings Ratio (%) DIDebt/Share (%) DReturn on Equity (%) EDividend Yield (%) EIEarnings per share

0,2000

0,1800

0,1600

0,1400

0,1200

0,1000

0,0800

0,0600

0,0400

0,0200

0,0000 .
January February March April May June July August September October November December

Figure 2. Graphical representation of criteria weights.

Table 3 shows the monthly ranking valugisBIST-30 stocks according to the criteria determined by the
MAIRCA technigue. 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. BIST30 shares rankings obtained by the MAIRCA method on a monthly basis for 2024.

. > s . g 3

g S c B £ g £ £

S 2 8 =z - 2 » 5 & 8 8 3

@ [5) [ S S =] [ 193 o <]

BIST30 L) L = < = ) = < n (@) 2 @]
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
ASELY 21 23 9 9 9 9 9 10 8 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
EKGYC 18 19 23 23 22 22 22 23 23 23 22 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
FROTQO 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 8 8 7 7 6 7 7
KOZAL 22 24 27 27 26 26 26 27 27 27 26 27
KRDMD 30 30 10 10 30 30 30 11 9 30 30 30
MGROS 2 1 2 1 2 4 2 2 2 2 3 1
PETKM| 28 28 29 29 28 28 28 29 29 21 28 9
PGSuUs 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 4 7 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 Valussme 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 some3BISHares.

ASELS KCHOL KOZAL
I'n b wU! pyse I'mMm b wd! nyae I'mMm b wd! o0U8B
I'p b wd! myse 'n M wd!'pdz g!jlo M wd!ndz g!
I'm I ®Y! HUs Uil p T oUlndx g1l M owd! nds Yl
' ™ od! MUz 4l H Hh wd! mUYs

l'o h wd! pys

SAHOL SASA ULKER
'n b wU! pyse I'mMm b wU! 0Ua I'mMm ™ od! M4z ¢!
I'p ™ wU! myae l'o b wd!'nd4z 9g!j!'n MM wd! pdz g!
I'mMm b 0! M4z 4g!{!'n ™ wd!/odz Y!|{!'p I'h wU! 0Ys
l'H b od! M4z ¢! lo b wd!'HUxzT (¢!
lo M ®4!ods Q! 'H M ®4! HYS Q!
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Table 5. The actual ranking result value and fuzzy value of the some3BIShares.

KOZAL SAHOL SASA
Mounths Value Fuzzy Value Fuzzy Value Fuzzy
1 0.02270 A1l 0.02068 A4 0.02619 Al
2 0.02345 A3 0.02144 A5 0.02670 A3
3 0.02402 A4 0.01910 A1l 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 A1 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 A1l 0.01551 A1l 0.02210 A4
2 0.01920 A1l 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 A1l
6 0.01936 A2 0.01558 A1l 0.01779 A1l
7 0.01952 A2 0.01654 A4 0.01781 A1l
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 fewalues and we guess that this data is due to incorrect data entry.

Table 6. Performance metrics for Fuzzy Time Series forecasting results fo3BISTares.

AEFES AKBNK ASELS ASTOR BIMAS CIMSA EKGYO ENKAI EREGL FROTO
MAPE  4,2000 15900 3,5300 3,6500 7,2600 25600 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 1,2100 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 11,1500 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 oftda
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MAIRCA Results

MAIRCA Results

MAIRCA Results

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 phaSethe 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 asAn 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 |lepoain be performed.
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I.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 neuron®]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:

i) 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.

iii) 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 distne¢eneuron map models are attracted attention

in the literature as an alternative to continutioee biological neuron model definitions.

Neuron map models provide a more economical computational cost and, consequently, a faster simulation time
compared to the classical differential equati@sed models.

The Rulkov neuron model stands out as a model that captures the fundamental properties of neuronal activity
and it is a lomdimensional discretéme map. This model, developed by Nikolai F. Rulkov in 2002, provides a
simplified representation of biologicaeuronal dynamics and oscillatory behavior [6]. Rulkov neuron map model
simulates neuronal firing and bursting behavior using-vamdable discrete maps. This provides a more
economical computational load and, consequently, a faster simulation timeredntpeclassical differential
equationbased models. Modeling the information processing processes of neuronal networks, investigating the
dynamics of epileptic seizures, examining the communication mechanisms between biological neurons, and
developing aificial neural networks are some examples of the research areas in which this model isl§ed [7
Additionally, the Rulkov model's computational simplicity makes it a preferred choice fordeatg neural
network simulations [11, 12]. Implementatiorudies 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. Adtonally, 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]. H@vess an alternative to these techniques, the dynamic
richness of the relevant systems can also be checked by recteesgzk analysis method using time series
responses. Recurrence Quantization Analysis (RQA) is a powerful analysis method that exacuinmest
structures and patterns in the tiseries 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 Rulkawo d e | parameters. The diversity of t h
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 usinjeamative 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)

0 500 1000 1500 2000 2500 3000

| BURSTING- | l | BURSTING -l I

VISUALIZING THE DYNAMICAL  RICHNESS OF
THE RULKOV NEURON MAP MODEL VIA RQA ANALYSES

\/

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 areepented in Section 3. The obtained findings are interpreted in the conclusion
section.
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II.RuLkov NEURONMAP 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 atlivoensional recursive map model. The model was
proposed by Nikolai F. Rulkov for molileg 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+1 = f(xmyn + bn)
Yna = Yn - ”(Xn +1) + m‘%)

ealll- x)+y x ¢0 €))
fxy)=1 a+y  O<x<a+y
! X2a+y

Here,x represents the neuron's membrane potential. Unlike tragiable, they variable has no biological
significance; however, it can be considered a voltage gate parametad 0 are the external DC current
parameters applied to the neuron, &hd the nonlinearity parameter of the neuron map. Several behaviors such
as firing and bursting can be obtained by different combinations afi #vel U parameters. Neural dynamics
examples of this neuron map model, which are a few of these behaviors, are piedeigiees 2.ce.

Rulkov Neuron Map: Spike

2 T T T
<< 0 |
-2 1 1 1
1000 1500 2000 2500 3000
-2.99 . | |
> -3F y,
-3.01 ' ' '
1000 1500 2000 2500 3000
iteration
(a)
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Rulkov Neuron Map: Fast Spike
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Rulkov Neuron Map: Irregular Behavior
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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 Figureare 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 irregutdbehavior (Figure 2c), and fourth and fifth ones are for bursting behavior with different
periods (Figures 2d and 2e). The valoéshe parameters, which are used in these numerical simulations, are
presented in Table 1:
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Table 1: The valuesf 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
1 4 4 4.5 5 6
r 0 0 0 0 0
11 0.001 0.001 0.001 0.001 0.001
A 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 tadimensional map model. The simulation results in Figure 2 demonstrate and verify
this diversity.

[Il. RECURRENCEQUANTIFICATION ANALYSIS-0 R Q MBTHOD

iRecurrence Quantification Analysis (RQA)O is a
recurrent structures and patterns in time series data of dynamic systems. It was first developed by Zbilutand
Webber [17]. RQA creates twdimensional mati ces call ed Arecurrence plots (
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 sitwationghe 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 impottamormation about the dynamics of the system. For example, the rate of

po

recurrences in a time series is calculated using the
(DeterminismDET) 6 i s calcul ated t o de paters.tTheagcwrentelcemplexdynt i nu i
of the patterns is measured using AEntropy (ENTR)O. A
is the ALongest Diagonal Line (Lmax)o6 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 3.2e and they are presed in the same order with Figures-2.a
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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 abovementioned 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 diagomahgth 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,siystem 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 sys¢éimeiscompletely 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-setie® data to understand the
internal structure and behavior of dynamic systems. It is a powerful tool for revealing changes in complex and
chaotic systems, distinguishindfdrent 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 farewliffieural 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 actyibnses 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
certin order of complexity.
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l. INTRODUCTION

The primary motivations driving alternative fuel res
emi ssions and the achievement of energy independence
These two driviregptflygr sdhaplealved heomsiretcti on of energy
societies increasingly recognize the intertwined chal
studies have demonstrated a snttraon ga ncdo nescenmrsaursi cb eit nmpeesrn
objectives, emphasizing that sustainability in energ
both ecological and geopolitical di mensions.
Environment al motivation primarily stems from the wur
potential of biodiesel inaenudt rbailo eftuhealnso |t haast ccaarnb osni gdniiofxii
emi ssions comparpedl] with] fobsilhddueien to their carb
contribute to reduced emissions of particulate matte
attractive options for improvingeusbaotaive,qguaki mpj of
fossil fuel depletion, reducing dependency on i mpor
transportation sector to oil mar ket volatilintygly3] . T
price fluctuations and geopolitical disruptions, wunde
Given that the transportation sector accounts for app
a primary target for energy transition. W thin this s
industrbab, omakahpg its substitution or parti al repl
bi odie¢ed@ahol blends combine the complementary advantagd
oxygenation, whereas yYthmdholeemnmbancebethiesvodsiaty. iTog
environmentally sustainable alternatives to petroleu
studies conducted over the years undemscaldesnotheape
alternati veeermwierlomrmenretaalchst ewaridyrirptame.energy auton
Camelina sativa has significant agronomic and chemic
can be cul tairvat eckgiimnsemiith | ow input requirements,
and mai nt ains maghi rydlel de ndintdieans wher e ot her oi | s
characteristics make Camelina particularly suitable
irrigation and fertilidBa& oonoxbDamaplppad06pl unent arated
Ul i nol enii4d0%)cicdon(t3r0i buti n¢g |ltoow tphe piempri @sedfcdlhee fuel
ot her oil seeds, Camelina stands out becousemmpdt iittisvedli
nature with food production [9], [10] . Several stud
performance as a biofuel feedstock relative to other
agri culttivornasl anmod apot ent i al for carbon sequestration

producti on.
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Recent resear ch ha sbidoedieotnssetir calt etde rtrhaarty dhileesnreds exhi bit

physicochemical and combustion characteristics. The

influence critidahspayameitecesiuygh falsash point, and

ave reported that et hanol addition reduces the den

ombustion efficiency, al t hougphariatmermaey sn e gautcihv ealsy |auft
11]

ility [ . -Croinevretressce | 3y, udioembulsavengenerally repor
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i ght theaenagesnménwuali ngdwowxygenated fuel bl ends
ed on narr 92w % |bei noddiiireds %rl @ ttaimads &( 9§ , used different
gurations, and | acked stra,ndtahhda i alesde i wedtu fnagh iglrigpttyo
ommealce agval uations | imits the generalizability

DO *TTLO T!LO T

ate analysis approaches are of great signifi
e simultaneous examination of multiple inter
S @lnals wifffiecadatiiven of biofuel feedstocks [16], [
i (PCA) and cluster analysis have been succes
erformance coonetdateominbdiodnep&®] prbpomass ¢
I assessment [21], and biorefinery process
iate statistic
inant factor
bl e tool for

al tools all ofwadiolri taatde etplee iuda
s governing system behavior. Cc
assessing the quality of biofu

ehensi ve mul tivariate cthasadt er i z
ds ar e absent from the |l iteratu
i §d edaven hdeordi s @d e shd fewnldlsy [a&2@8BAl, [ 2
l'imited to fuel property evaluation
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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, B20D65E15,
B50D35E15, and B85DOE15. These foratidns 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 combustioelated properties. The dataset was obthiftem the operaccess 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 nurah oxidation stability at 110 °C, net calorific value, pour point, phosphorus content,

and Group |1 metals (Ca + Mg). These parameters col |
physical behavior (e.g., density, viscosity, and CEFRBnbustion 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-ferg storage stability. This multidimensional dataset
provides a foundation for advead 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 andr&ebthe development of a holistic, datéven
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 largemumerical 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:
X - K

z___:#

Lj 5

4

Here,X;; represents theth observation of theth variable,k_'j- denotes the mean, afidis the standard deviation

of variablej. 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 distdhe 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 mexdure, 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, comifigradnd robustness in the multivariate evaluation.

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

(-0 -1

Tyy =

"-.'IIEF=L{XI' —K)REL -

whereX; and¥; represent theth observations of variablésandd, respectively;¥ and¥ are their mean values;
and¢ denotes the number of paired observations. The correlation coefficient rangéslftom1, with values
close to +1 indicating a strong positive relationship, valuesirieardicating a strong negative relationship, and
values around zero suggesting ime&r correlation.

The resulting correlation matrix provides a compact and comprehensive view of all pairwise relationships among
the 15 measured parameters, effectively <capturing th
correlation matrix reveals the oadirpattern 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 sge direction. In practical terms, higher viscosity is associated with increased density and
iodine number, reflecting the greater molecular complexity and unsaturation of bigaibds#ends.

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 indicatesathas fuels become denser and more viscous, their combustion stability and
ignition quality may decline, emphasizing the traxdebetween the physical and combustiehated 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 effecly condense these relationships into a smaller set of orthogonal components
for clearer interpretation and visualization of the underlying data patterns.

Lo T o ]
Net Calorific Value 0,5210,35 -0,25-0,41
Total Contamination 0,68(0,48|0,14 0,12 -0,25/-0,40) -0,45]
Oxidation Stability (110°C) |0,52 |0,68 0,40(0,44|0,33(0,57|0,12| 0,24 |-0,53]-0,57-0,4: 0,371-0,3
Cetane Number |0,35/0.48 0,40 0,63 0,57(0,60 -0,41-0,52-0,22/0.48 [ 0,26
Flash Point 0,14 0,44 (0,63 0,69 0,31]-0,30 ,15/0,70(0,40| 0,41
Sulfur Content 012033 0,32]-0,14 0.06 0,60(0,48
Carbon Residue -0.25 0,57 [0,57 (0,69 0,16/0,07 0,31 0.,54|0,56
Kinematic Viscosity (40°C) -0,41-0,25/0.12 0,60 0,51/0,17/0,31 /0,33
Pour Point -0.,40/ 0,24 0.31/0,32 0,51 0,63]0.58 |0,67|0,62|0,57 (0,74
Group Il Metals (Cat+Mg) ,531-0,411-0,30/-0,14| 0,16| 0,17 | 0,63 0,42|0,67|0,74
Water Content ,571-0,52| 0,07(0,31/0,58 0.47 0,65
Phosphorus ,481-0,221-0,15/0,06(0,31|0,33| 0,67 0,57
Density (15°C) 045 0,48 0,70 0,62|0,42(0,47 0,57
Todine Number 0,26|0,40|0,60(0,54 0,57|0,67|0,65
CFPP 0,41/0,48(0,56 0,74|0,74
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Figure 1: Pearson prodiichoment correlation matrix showing the interrelationships among 15 physicochemical variables of
Camelinabased diesébiodiesel 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
dimensionreduction technique, PCAamsforms 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 characterizatidrere multiple physicochemical parameters

may covary owing to compositional and thermal interactions. Based on the standardized daté,ntlagrix

correlation matrix® was comput ed, foll owed by the eigenvalue
expressed below:

Rﬂk = .;I.;_-ﬂk
Here, 4; represents the amount of variance explained bykitrecomponent, whilez; 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 commnents that capture more of the overall variability of the dataset. The component scores for each
observation were calculated as follows:
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P

S

J=1

This equation expresses the component scores as weighted linear combinations of the standardized values of the
original variables. Each scopg; represents the projection of an observation onto a principal axis, effectively
summarizing multidimensional information within a reduced coordinate space.

Through this process, the datasetds complexity was co
components), each representing a unique dimension of variation. This transformation allowed for the visualization

and interpretation of the dérences 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, anergence patterns among the cameliazed

diesel biodiesei ethanol blends.

The obtained eigenvalues indicate the relative contribution of each principal component to the total variance of the
dataset. Each eigenvalue)( 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_() greater than or equal to ore ( Oshdulyl 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 meaningfiimensional 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 contad 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 excludetuftber 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 combustiad 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 compone
criterion. This pattern suggests thiae 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.

Eigenvalue
T
|

1
T
|

ok, %90 -0 500 60 -0 0
0 3 3 9 12 15

Component

Figure 2: Scree plot displaying the eigenvalue distribution and cumulative variance explained by principal components for
the Camelingbased fuel dataset
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The PCA results were visualized and interpreted using biplots, which provide-dinh@nsional graphical
representation of the multivariate relationships in the dataset. A biplot simultaneously displays both variable
vectors (loadings) and observation peiffuel 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 thiey 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 theedagdetype 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 thewtural and flow behaviors of the blends and are characteristic of biadiesel

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 charatitsrbf the fuels. This orthogonal distribution between

PC1 and PC2 reflects the tradff between physical and combusticgiated parameters; as the blends become
lighter and less viscous (ethasradh), 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 fueblends. 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 representationables 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 charaatan and optimization of biofuel formulations, enabling
researchers to identify property groupings and performance trends that are not easily observable through univariate
methods.

[l RESULTSAND 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 behaviof 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 eariand primarily represented combustiefated
parameters and oxidative stability. The third component (PC3) contributed 8.57% to the total variance, reflecting
residual information mainly linked to lotemperature 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 varialdecould 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 multidimensiorialcture of the data.

The strong explanatory power of PC1 and PC2 suggests that the dominant patterns of variation among the
Camelinabased diesébiodiesel ethanol blends are primarily governed by the interplay between the physical
fluid properties (such as viscosity, densi;nd 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 théPBR1lplane, Wich provides the clearest
visualization of the intesample 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 negilateau obserd beyond this point indicate that additional components contribute negligibly to

the overall variance of the dat astructlirddidataseisedffimmgvtbat pat t e
the retained components are sufficient to represent niderlying relationships among the physicochemical
properties of fuel blends.
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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 phyial, chemical, and stability parameters within a redidietensional space, facilitating

the comprehensive assessment and classification of carbelea 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 Camelbesed 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)

lodine numberi(0.338)

Density {0.315)

Water contenti(0.280)

Group Il metalsi(0.274)

Kinematic viscosityi(0.265)

Conversely, positive loadings were observed for net calorific value (+0.320) and total contamination (+0.269).

= =4 =4 -8 -8 -4

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 sugst that as the biodiesel concentration increases, these parameters increase concurrently,
indicating thicker and denser fuels with poorer eitddv behavior. Similarly, the iodine number, which represents

the level of unsaturation, negatively aligns wiitlese physical characteristics, highlighting the influence of fatty

acid composition on fuel rheology. Collectively, these relationships define PC1 as a comprehensive descriptor of
the densityviscosity coupling and lovwemperature operability, parametetisat dominate the physical
performance of biodiesigdthanol 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

1 Cetane number (+0.394)

1 Flash point (+0.372)

1 Oxidation stability (+0.314)

1 Carbon residue (+0.308)

9 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 combustaility axis, which summarizes the thermochemical
behavior of the blends. Théignment 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 residueiboiittns, though secondary, provide insight into residual
impurities and fuel cleanlinedsfactors 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 aow 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 Cdmaskadablends are
organized around three core property domains:

l. Physical properties (density, viscosity, CFPP,
Il. Combustion and oxidative stability (cetane number
Il Thermalandlowt e mper ature stability (pour point, oxidati

This multilevel organization confirms that PCA successfully distinguishes between the structural, functional, and
performanceelated 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
lodine 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 Il Metals (Ca+Mg) -0.274 -0.251 0.144

The biplot constructed on the PIAAC2 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 tvadmensional projectiosimultaneously 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 strongositive correlations, signifying that these physical parameters tended to vary together,
which is characteristic of biodiesath formulations. Conversely, vectors pointing in opposite directions, such as

the cetane number versus iodine number, denajatiwe 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 tonslaight 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 perforelatent
grouping of fuel blends. The B20, B50, and B100 samples clustered within the negative PC1 region, representing
blends dominated by biodiels 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 associatidntidt physical properties domain of PC1.

In contrast, the ethaneabntaining blends (B20D65E15, B50D35E15, and B85D0OE15) were located in the positive
PCL1 direction, characterized by lower density, reduced viscosity, and higher net calorific values. These samples
demonstrated improved volatilitynd 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 oxitlon. 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 -atattcold
performance, while causing anial reduction in combustion stability, as reflected in the downward shift of the
oxidation resistance indicators. This tramf€between the physical and combustion characteristics underscores
the importance of optimizing the ethanol proportion in tarrfael formulations to balance the flow behavior,
stability, and ignition performance.

Thus, the PCIIPC2 projection not only confirms the clustering tendencies and correlations observed in the loading
matrix but also provides a visual framework for understanding the underlyingaffada the physicochemical

design. The clear separationofa mpl e groups along the two axes reinfo
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between biodieselominant and ethan@nhanced 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 biends on t
PC1i PC2 plane

V. RESULTS

The results of this study provide a detailed quantitative and interpretive assessment of the physicochemical
behavior of Camelina sativhased diesébiodiesei ethanol ternary blendklsing 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 conebaiston
performance of the fuel3his 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 vari@ach.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 CTR&$& parameters jointly
describe the structural nature of the blends, molecular packing, anflovelderformance 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 ¢nsity and viscosityPC1 therefore represents

the Aphysical structure and fluidity axis, 0 serving

The second principal component (PC2) accounted for 33.40% of the total variance and captured cembustion
related and stability indicators, such as the cetane number, flash point, oxidation stability, and sulfult@sient.
parameters define the ignition quality, combustion smoothness and oxidative resilience of thEh&udiigh

positive loadings on PC2 confirm that biodiegeh blends, although less volatile, exhibit superior ignition delay

a

characteristics and higher flash points than ethandthel fuelsHe nce, PC2 can be regarded

stability and ignition quality axis, o0 distinguishing

The third principal component (PC3) explained 8.57% of the total variance and was primarily associated with
oxidation stability and pour point, reflecting le@mperature and thermal endurangkhough 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 longerm storage and coldimate 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
varianceThi s fiel bow st r uc-tompoeeat madellas bdtastatstcally dffieient and physically
meaningful.

The biplot visualization further elucidated the multivariate relationships by simultaneously displaying the variable
correlations and sample groupings on the HEI2 planeThe 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 atlgagong PC2.

This geometric arrangement reinforces the inverse relationshipd&etiidity and combustion robustness, which

is a common tradeff in oxygenated fueld he fuel sample distribution across the biplot space provides additional
insights into compositional effects.

B20, B50, and B100, the biodiestminant samples, were located in the negative PC1 region, characterized by
higher viscosity, increased density, and stronger unsaturation levels, all of which reddt@icefficiency but
enhance combustion stability.

In contrast, B20D65E15, B50D35E15, and B85D0OE15, which contained ethanol, appeared in the positive PC1
direction, reflecting reduced viscosity and density, improved volatility, and enhanced flow propéatieser,

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 traolé inherent in ternary fuel design: the addition of ethanol improves fluidity
and atomization, facilitating better fii@ir 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 performanceBalancing 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 nextgeneration fueldts high oil yield, favorable fatty acid profile, and adaptability to-doyut cultivation
contribute to reduced life cycle emissions and enhanced energy return on inve$tmecitistering behavior
observed in the PCA plots suggests that camdlased blends can achieve performance characteristics
comparable to those of conventional biodiesel systems while nmanmgamproved 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 singliable assessment®CA enables the simultaneous
visualization of correlations, grouping tendencies, and outliers, thereby providing engineers and researchers with
a datadriven foundation for blend formulation, quality monitoring, and process optimization.

In summary, the results confirm the following:

1 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.

1 Physical parameters dominate PC1, combustion stability parameters dominate PC2;tantplerature
endurance parameters dominate PC3.

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

1 The use of Camelina sativderived biodiesel presents a sustainable route for producingddven,
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 beptimized using multivariate modeling
approaches.
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V. CONCLUSION

This study presents a comprehensive multivariate characterization of Camelinabsativh diesébiodiesel

ethanol ternary blends using Principal Component Analysis (PT2%)analysis, based on an ojftess dataset,
provides an integrated framework for understanding the relationships among multiple physicochemical,
combustion, and stability parameters that collectively determine biofuel quitiéyresults demonstrated that

three principal components effectively explained 94.94% of the total variaonérming 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 thermall lam-temperature behavior.

The biplot interpretation revealed two clear trends.

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

1 Increasing the ethanol proportion improved fluidity and reducedftmMresistance, although with a
moderate reduction in oxidative durability.

These trends highlight a fundamental tradfiebetween the physical and combustiehated properties, which

must be optimized to achieve a balanced fuel performdree ternary blends incorporating camelaterived
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 evaluafitve. operdata approach strengthens
reproducibility and enables comparative analyses across feedstocks and blending strategies.

In conclusion, Camelina satiMaased diesébiodiesel ethanol blends represent a promising pathway toward
sustainable and lowmission transportation fuélVhen optimized through multivariate modeling, these blends
can deliver improved collow characteristics, reduced environmental impact, and sufficient combustion stability
to meet the emerging renewable fuel standdfdire work should expand this framework by integrating engine
performance tests, emission profiles, and temperakependent datasetthereby enhancing the predictive
capacity of multivariate biofuel assessment tools and supporting their implementation-wondaenergy
transition scenarios.
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I 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 finalge 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, computerd @aometimes 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 techesIf®]i It is important to distinguish between
guantitative 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 fréeneird 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 digi@ntrol systems, enabling the design of new structures foicaetained
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 Sys$q(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 th&fetring 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]. Usuglh 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 evol{ifijon

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 quantitetiand 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 tovaardsltancement of mechatronics.

Il MECHATRONICSEVOLUTION 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 sugs 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 gteminant 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 discussedt illustrated in this section.

Manufactrnng
S Automotive Robotics Medical
printing
ff’ ’fﬁ
I A
- - rﬂ,f" _____.---'"'* erospace
| mechatronics -
.__d__---F"'-_-_-_ f}\‘-.,__ -
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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 atee microcontrollers / DSP, the real time operating system (RTOS),
the industryspecific protocols and interfaces and the printed circuit board assembly. The semiconductor devices
include integrated chips, microcontrollers, figltbgrammable gate arraySRGAS) or a systeran-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, intelligeatgaified sensors of
high performance having standanterfaces 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 bioklggensing 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 highcjmien, biomimicking, micreactuators combined with sensors and
controllers to formulate setfontained units or modules [11].
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The main components of autonomous sea®btnator modules are sensor element(s), energy transducers signal
amplifiers, microcontrollers, data memories, RF transceivers, antennas, energy supplies, and ajsplcifion
multifunctional housings, which rembles an entire mechatronic system particularly if they could have self
calibration and selfepair capabilities.

Itis 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 manufactwactggteomodules
like mechatronic systems lmpnsidering 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 interdependebetesgen sensor and actuator technologies as well
as other enabling technologies and mechatronics is the driving force for the technology evolution towards
gualitative transitions to new mechatronic metasystems level.

Cybernetics unified control with communications theory, and Kolmogorov abriddmsinetics as thegnce

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 #horiginal meaning of Cybernetics. The Cyber physical systems share common
methodologies and application domains with the new generation of mechatrohiasdii@one the metgystem
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 (loT).

Artificial intelligence (Al) split from Cybernetics and at the beginning it was considered as a pure cemputer
software discipline developing algorithms for expert systems, learning and cognition trying to emulate the human
way of thinking and decision maig. 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 engineeringiceplimblogy and neuroscience [18]nder
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 trémsand 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 advancémamégort by ASME devoted to
the Future of Mechanical Engineering [14], it was str
technological development and wil!/| be incorporated in

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, whichfigther analyzed in the following sections.

II. META-SYSTEMSTRANSISIONSIN MECHATRONICSEVOLUTION

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 comgity 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 metaystem transitionsAccording to ISO/IEC/IEEE 21839, Safefined 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-efstgsteams, or this might not
be enough [15]. One of the two properties systemsof-systems is the operational independence of their
components, while among their characteristics are the heterogeneity of their components angtheicaiie
emergent behavior. A metystem transition could happen, when either a componelgrgone 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

Figure2: A schematic for the structural/organizational rggatem transitions

Mechatronics evolution

A schematic representation of the msyatems transitions of the mechatronic systems structure and
organization are illustrated in Fig. 2. In mechatronic systems structural evolutionsysttms transitions
happened at the beginning when the electridainents 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 netatems is formed by satbntained compamnts that are mechatronic
subsystems [2]. Sensors and actuators with embedded processors fan looititrollers and MEMS are
important parts of mechatronic systems. Additionally, new soft and smart materials have been discovered, and
new soft antbr slf-contained sensors and actuators or seastuator 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 organizatibthe mechatronic metystem (superior system). Complex and/or large
mechatronic systems are built using s@htained components or modules, interconnected to formulate System
of-Systems (SoS) The current mstay st em transi ti oant iiosn 0t o feeadiaalr oinm tce
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 atep in the next higher level of abilities, when the relevant enabling scientific areas
reached maturity level [17]. In this paper, the proposed-syatem transition for the biological and particularly
human evolution introduced by Turchin is adopted¢ssiit could be parallelized with the mechatronic abilities
evolution [18]. Turchin proposed the following levels of intelligence and science evolution:

9 control of position = >movement

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

1 control of reflex => associating (conditional reflex)
9 control of associating => human thinking

1 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 mowvaents, 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 makidgaatonomous behavior based on software
programming.
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Apart from the brain evolution, intelligencgeans very advanced physical action to fulfil the mechatronic tasks
that was called fAembodied intelligenced [13]. New sms
biomimicking actuators that integrate controllers, communication, and posshsing 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 musclebased on electroactive polymer, conductive or ionic polymer, shape memory alloys
(SMAs), and piezoelectric have been proposed. Novel actuators based on polypyrrolettaibéate carbon
hybrid materialddeveloped aMIT, while bio-inspired micreactuators harvesting energy from water vapor, are
some examples of expected msyatem 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. Polymbased sensa@kin 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 nextsyettem embodied intelligence transition. This high
intelligent interaction with the emdnment 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

Figure3: The metasystem transitions of mechatronic intelligence

In future, advanced miniaturized electronics with low power consumption; materials for quantum, neuromorphic
and embedded systeom-chip (SoC) processing combined with advanced machine learning and embodied Al will
be used in mechatronics for higher levefsintelligence and autonomy [20]. Mechatronic systems will have
advanced abilities such as in perception and cognition, complex decision nsafogtimizing, eventually self
repairing, and selfeconfigured or selinetamorphosed as well as new stuwe, control and organization will
emerge towards a new metgstem level of mechatronics.

V. META-SYSTEMSTRANSITION IN MECHATRONICSENGINEERING

Since mechatronics devices and systems undergone-syggttan transitions of structure/organization,
characteristics and abilities, then the mechatronics design approach was adapted by considering the
interdependencies with enabling technologies and sfieewlisciplines. Therefore, the mechatronics design
engineers, teams or collectives should be considered as a system that undergsystemetaansitions to reach
higher organization levels, to develop design methodologies and engineering tools cdingspmithe 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 ela 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 thenfa and informal organization of the involved design teams from different
domains by a tradeff between specialization and integration. Crhsgctional, crossexpertise collaboration was
proposed for successful collaborative design. However, in thearglditerature, 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 metaystem transitions to encounter the latest-@sthblished level of mechatronics evolution in their
design endeavor or delibéedy could design their mechatronic system at a transition level of their choice.

Figure4: The metasystem transition of the interdisciplinary collaboration in mechatronics design

In Fig. 4, the metaystem 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 mecttah part is designed and then the necessary electronics designed, and the
software engineers wrote the program for control and operation of the system. The firsystertatransition
(SYN2) in the organization of the design teams was the synergyctifogiies, 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 iscititit é6fr
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 digplines such as electronics, sensors or mechanical transmission of power. Since the
mechatronic systems reached the level of the integration af@eiined existing components, this mode of work
does not apply anymore for large scale mechatronic sgstem

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 manufadhg system [24,25]. If there are not -tffe-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-gyst&m transition if plug and play selfntained, self
repaired and selleconfigured (autonomous) components and their capabilities will be considered as services in a
multi-agent organization or byetworking 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 &yStestesns,

a transition of engineering and design organization is req[iifdd

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 tliesign 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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