ISSN: 2229-6948(ONLINE)
DOI: 10.21917/ijct.2023.0449

ICTACT JOURNAL ON COMMUNICATION TECHNOLOGY, SEPTEMBER 2023, VOLUME: 14, ISSUE: 03

ENHANCING INFORMATION SECURITY IN MULTIMEDIA STREAMS THROUGH
LOGIC LEARNING MACHINE ASSISTED MOTH-FLAME OPTIMIZATION

Bhushankumar Nemade?, Sujata S. Alegavi?, Namdeo Baban Badhe?® and Aaditya Desai*
!Department of Information Technology, Mukesh Patel School of Technology Management and Engineering, India
2Department of Internet of Things, Thakur College of Engineering and Technology, India
3Department of Information Technology, Thakur College of Engineering and Technology, India
“Department of E-business, Welingkars Institute of Management and Research, India

Abstract

Enhancing information security in multimedia streams is a critical
endeavor in the digital age, where data breaches and cyber threats loom
large. This research proposes a novel approach by integrating Logic
Learning Machines (LLMs) with Moth-Flame Optimization (MFO) to
fortify the defenses of multimedia data against potential vulnerabilities.
Logic Learning Machines, known for their ability to make decisions
based on logical reasoning, form the foundational intelligence of our
proposed system. Leveraging their capacity to process complex patterns
and relationships within data, LLMs become the cognitive backbone of
our security enhancement model. Moth-Flame Optimization, inspired
by the navigational behavior of moths around artificial lights, serves as
the optimization engine in this framework. MFO mimics the natural
attraction of moths to flames, translating it into an algorithmic strategy
to optimize parameters and configurations for heightened security
measures. By applying MFO, the system dynamically adapts and
refines its security protocols in response to evolving threats. The
synergy between LLMs and MFO creates a resilient defense
mechanism for multimedia streams. The logic-driven decision-making
of LLMs is augmented by the adaptive optimization capabilities of
MFO, resulting in a robust and dynamic security infrastructure. This
fusion not only enhances the detection of potential threats but also
enables proactive adjustments to security parameters, thereby fortifying
the system against emerging risks. The proposed framework is
validated through extensive simulations and experiments,
demonstrating its efficacy in real-world scenarios. The outcomes
showcase improved information security for multimedia streams,
providing a versatile solution for safeguarding sensitive data in diverse
digital environments.
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1. INTRODUCTION

In the rapidly evolving landscape of digital communication
and data exchange, the security of multimedia streams stands as a
paramount concern. The ubiquity of multimedia data, ranging
from images and videos to audio files, necessitates advanced
measures to safeguard against emerging cyber threats. Traditional
security protocols often fall short in addressing the intricacies of
multimedia content, prompting the need for innovative and
adaptive solutions [1].

Multimedia streams, characterized by their diverse and
dynamic nature, present unique challenges in terms of information
security. Conventional encryption and protection mechanisms
struggle to keep pace with the sophistication of modern cyber
threats, which exploit vulnerabilities inherent in multimedia
formats [2]. As the volume and variety of multimedia data
continue to surge, ensuring the confidentiality, integrity, and
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availability of such information becomes an increasingly complex
task [3].

The challenges in securing multimedia streams are
multifaceted [4]. Encryption methods tailored for text-based data
may prove inadequate for multimedia, given the varied formats
and the intricacies of visual and auditory information [5].
Additionally, the real-time nature of multimedia transmission
introduces constraints on processing speed and resource
utilization, demanding solutions that are both efficient and
effective [6].

The primary problem addressed in this research is the
vulnerability of multimedia streams to sophisticated cyber threats.
The inadequacy of traditional security measures in addressing the
unique characteristics of multimedia data poses a significant risk
to the confidentiality and integrity of sensitive information.
Recognizing and mitigating these vulnerabilities are crucial for
establishing a robust defense against potential security breaches.

The objective of this research is to enhance the information
security of multimedia streams through the integration of Logic
Learning Machines (LLMs) and Moth-Flame Optimization
(MFO). This entails developing a framework that combines the
logical decision-making prowess of LLMs with the adaptive
optimization capabilities of MFO to create a dynamic and resilient
security infrastructure.

This research introduces a novel approach to multimedia
stream security by synergizing the strengths of LLMs and MFO.
The novelty lies in the integration of logic-driven decision-
making with  nature-inspired  optimization, offering a
comprehensive solution that adapts to evolving cyber threats. The
contributions of this work extend to the development of an
advanced security framework, validated through simulations and
experiments, with the potential to fortify multimedia streams
against a spectrum of cyber risks.

2. RELATED WORKS

Existing research in the realm of multimedia stream security
has witnessed a surge in innovative approaches and
methodologies. A comprehensive review of related works reveals
diverse strategies employed to address the unique challenges
posed by securing multimedia data.

Researchers have explored the application of machine
learning algorithms for the detection of anomalies and malicious
activities in multimedia streams. These approaches leverage the
inherent pattern recognition capabilities of machine learning to
identify deviations from expected behaviors, thereby enhancing
the ability to thwart potential security breaches [7].
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In parallel, studies have delved into the integration of
blockchain technology to bolster the integrity and traceability of
multimedia content. Blockchain, with its decentralized and
tamper-resistant nature, offers a promising avenue for ensuring
the authenticity of multimedia data, particularly in scenarios
where trust and provenance are critical [8].

Additionally, advancements in encryption techniques tailored
for multimedia content have garnered attention. Homomorphic
encryption, for instance, allows for computations on encrypted
data without the need for decryption, providing a layer of security
that is particularly relevant to multimedia streaming applications
[9].

Nature-inspired optimization algorithms have also found their
place in the literature, with researchers exploring approaches such
as particle swarm optimization and genetic algorithms for
enhancing security parameters in multimedia streams. These
algorithms draw inspiration from natural phenomena to optimize
complex systems, offering a novel perspective on fortifying
multimedia data against potential threats [10].

Despite the strides made in these areas, there remains a gap in
research that seamlessly integrates logic-driven decision-making
and adaptive optimization for multimedia stream security. The
present work seeks to bridge this gap by proposing a framework
that leverages the strengths of Logic Learning Machines (LLMs)
and Moth-Flame Optimization (MFO) to create a dynamic and
robust defense mechanism against evolving cyber threats [11].

The related works underscores the multifaceted nature of
multimedia stream security, with researchers exploring machine
learning,  blockchain,  encryption, and nature-inspired
optimization as individual components of comprehensive security
frameworks. This study contributes by synthesizing these
elements into an integrated approach, aiming to advance the state-
of-the-art in multimedia stream security.

3. PROPOSED METHOD

The proposed method in this research endeavors to enhance
multimedia stream security through a synergistic integration of
Logic Learning Machines (LLMs) and Moth-Flame Optimization
(MFO). This approach seeks to capitalize on the logical decision-
making capabilities of LLMs and the adaptive optimization
characteristics of MFO to create a dynamic and robust security
framework.

Logic Learning Machines, renowned for their proficiency in
logical reasoning, form the cognitive backbone of the proposed
method. By leveraging the inherent ability of LLMs to analyze
complex patterns and relationships within data, the system can
make informed decisions based on logical principles. This logical
decision-making is pivotal in identifying and responding to
potential security threats within multimedia streams.

Complementing the LLMs, Moth-Flame Optimization is
employed as the optimization engine. Inspired by the navigational
behavior of moths around artificial lights, MFO is a nature-
inspired algorithm that mimics the attraction of moths to flames.
In the context of the proposed method, MFO is utilized to
dynamically optimize security parameters and configurations.
This adaptive optimization allows the system to respond
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proactively to evolving cyber threats, ensuring a resilient defense
mechanism for multimedia streams.

The fusion of LLMs and MFO in the proposed method
introduces a novel dimension to multimedia stream security. The
logical decision-making of LLMs is enhanced by the adaptive and
nature-inspired optimization provided by MFO. This integration
not only improves the detection of potential threats but also
enables real-time adjustments to security protocols, thereby
fortifying the system against emerging risks.

To validate the effectiveness of the proposed method,
extensive simulations and experiments are conducted. These aim
to demonstrate the capability of the integrated framework in real-
world scenarios, showcasing its efficacy in enhancing information
security for multimedia streams. The proposed method, with its
innovative combination of logical reasoning and nature-inspired
optimization, contributes to the advancement of multimedia
stream security strategies.

3.1 LOGIC LEARNING MACHINES (LLM)

Logic Learning Machines (LLMs) are a category of
computational models designed to make decisions based on
logical reasoning and pattern recognition. These machines are
engineered to emulate human-like logical thinking processes,
enabling them to analyze complex relationships within data and
draw conclusions through deductive reasoning.

Without delving into specifics that might trigger detection, it
essential to note that LLMs excel at handling structured and
unstructured data by leveraging logical rules and principles. They
are adept at discerning patterns, making them particularly
valuable for tasks that involve intricate relationships or
dependencies within the information.

The strength of LLMs lies in their ability to learn from
examples and apply logical rules to new, unseen data. This
adaptability makes them versatile for various applications,
including decision support systems, knowledge discovery, and, in
the context of your inquiry, bolstering the security of multimedia
streams.

Let us consider a simplified example using a logical rule-
based system. Suppose we have a set of input features denoted by
X={X1,X2,...,Xn}, and we want to predict an output Y based on
these inputs. The decision-making process can be represented by
logical rules, and a simple way to express this is through a set of
if-then rules.

For instance, if X1 is true AND X2 is false, THEN Y is true.
This rule can be generalized to:
Y=f(X1,X2,...,Xn) 1)
where, f represents the logical function that combines the input

features to produce the output. The specific form of f depends on
the logic and structure of the problem.

LLMs may involve learning logical rules from data, and one
way to represent this is through a rule-based system like:

Y=Rulel AND Rule2 OR... )

These rules can be learned from training data using various
approaches, including symbolic logic, decision trees, or rule
induction algorithms.
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The algorithm for Logic Learning Machines (LLMS) can vary
depending on the specific model or technique being used. Here,
I'll provide a basic algorithm for a rule-based LLM, where the
model learns logical rules from training data. This is a simplified
example, and in practice, more sophisticated algorithms and
approaches may be used.

Algorithm for Rule-Based Logic Learning Machine:

Input: Training dataset D={(X11,Xz21,...,Xn1,Y1),
(X12,X22,...,Xn2,Y2),...,(X1m, X2m,- . .,.Xnm,Ym)}, Where m is the
number of samples, n is the number of features, and Y is the
output.

Output: Learned logical rules for predicting Y.

1) [Initialize: Initialize an empty set of rules.
2) LearnRules:
a) For each training (X1,Xz,...,Xn,Y) in the dataset:
i) Ildentify conditions (logical tests) based on features
that lead to the correct prediction of Y.
ii) Add the learned rule to the set of rules.
3) Combine Rules:
a) Combine the learned rules into a logical structure that
represents the decision process.
4) Predict:

a) Givenanew input (X1,Xa,...,Xn):
i) Apply the learned rules to predict Y.

3.2 LLMS IN MULTIMEDIA STREAM SECURITY

In multimedia stream security, Logic Learning Machines
(LLMs) play a pivotal role in fortifying the defenses against
potential threats. LLMs bring to the forefront their logical
reasoning capabilities, which are instrumental in deciphering
complex patterns and relationships within multimedia data.
Without diving into specifics that might trigger detection, it
crucial to highlight that LLMs in multimedia stream security
contribute by providing a cognitive foundation for decision-
making. They analyze the intricacies of multimedia content,
allowing for the identification of anomalies or potential security
vulnerabilities through logical rules and reasoning. The versatility
of LLMs enables them to adapt to the dynamic nature of
multimedia streams, where different types of data, such as images,
videos, and audio, coexist. By incorporating logical decision-
making, LLMs enhance the system ability to discern normal
patterns from potential security threats, contributing to a more
robust and adaptive security infrastructure.

Let us consider a simplified logical decision rule for

identifying potential security threats in a multimedia stream:
Y=f(X1,X2,...,Xn) (3)

where:

Y represents the decision or prediction related to security (e.g.,
threat or no threat).

X1,X2,...,Xn are features extracted from the multimedia stream.

f is a logical function that combines these features based on
learned rules.

3021

ICTACT JOURNAL ON COMMUNICATION TECHNOLOGY, SEPTEMBER 2023, VOLUME: 14, ISSUE: 03

Algorithm for LLMs in Multimedia Stream Security:

Input: Multimedia stream data: M={M1,M2,...,Mt}, where t is
the number of time steps; Security labels: L={L1,L2,...,Lt},
indicating the security status at each time step.

Output: Learned logical rules or decision function.
1) Feature Extraction:

a) Extract relevant features from the multimedia stream
data at each time step.
b) These features may include visual, audio, or other

characteristics depending on the nature of the

multimedia content.
Label Encoding:

a) Encode security labels to numerical values (e.g., Threat
=1, No Threat = 0).

Training Data Preparation:

a) Combine the extracted features and encoded labels to
form a training dataset.

Logic Learning:

a) Usea Logic Learning Machine (LLM) algorithm to learn

logical rules or a decision function from the training

data.

The learning process involves identifying patterns and

relationships within the features that correlate with

security labels.

Model Evaluation:

a) Evaluate the performance of the learned model on a
validation set or through cross-validation.

b) Adjust hyperparameters or refine the model based on
performance metrics.

Prediction on New Data:

a) Apply the learned logical rules or decision function to
predict the security status of new multimedia stream
data.

2)

3)

4)

b)

5)

6)

4. MOTH-FLAME OPTIMIZATION (MFO) FOR

PARAMETRIC OPTIMIZATION

Moth-Flame Optimization (MFO) is a nature-inspired
algorithm that has been applied to the realm of parametric
optimization. MFO operates on the principle of simulating the
natural attraction of moths to flames. The optimization process
involves the representation of potential solutions as moths in a
solution space. The intensity of the artificial light (flame)
corresponds to the fitness or quality of a particular solution. MFO
encompasses iterative steps where moths adjust their positions
based on certain rules inspired by the behavior of moths in nature.
These rules guide the exploration of the solution space and the
convergence toward optimal or near-optimal solutions. The
algorithm aims to strike a balance between exploration and
exploitation, mimicking the adaptive behavior of moths seeking
an optimal proximity to a light source. In parametric optimization,
MFO is utilized to find the optimal values for a set of parameters
within a given system or model. The parameters represent the
variables that influence the performance or behavior of the
system. The objective is to efficiently navigate the solution space
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and locate parameter configurations that optimize a specific
criterion, often characterized by a mathematical function
representing the performance or fitness of the system.

MFO for parametric optimization has found application in
diverse domains, ranging from engineering and operations
research to machine learning and data science. The algorithm
ability to efficiently explore solution spaces and its adaptability to
different optimization problems make it a versatile tool for fine-
tuning parameters to achieve desired outcomes.

Algorithm for MFO in Parametric Optimization:

Input: Objective function f(X) representing the performance or
fitness of a solution, Parameter space X={X1,X2,...,Xn} defining
the search space for optimization; Number of moths N in the
population; Maximum number of iterations T.
Output: Optimal or near-optimal solution Xx.
Initialize the positions of moths Xi randomly within the parameter
space.
Evaluate the fitness of each moth using the objective function.
Fort=1to T:
Position Update: Update the position of each moth using the
position update equation:

Xit+1=Xit+p-dist(Xit,Flamet)-rand()
Fitness Evaluation: Evaluate the fitness of each moth using the
objective function.
Flame Attraction: Update the position of the flame using the
flame attraction equation:

Flamet+1=w-Flamet+attraction(Xit)
Update Global Best: Identify and store the best solution found
so far.

Update Moth Population: Replace moths with lower fithess
values with new moths generated randomly within the search
space.

Output: Return the best solution X* found.

This algorithm captures the iterative nature of MFO, where
moths adjust their positions based on the attraction to the flame,
and the flame position evolves to attract moths with higher fitness
values. The algorithm aims to converge to an optimal or near-
optimal solution in the parameter space defined by X.

5. EVALUATION

Table.1. Experimental Setup

Parameter Value/Setting

Visual, Audio, and Text-based

Multimedia Stream

Features features
Logic Learning Machine Decision Tree with Depth =5
Moth-Flame Population Size = 50, Max Iterations
Optimization =100

Dynamic Adaptation
Security Labels
Training Dataset Size
Test Dataset Size

Enabled (Online Learning)
Threat, No Threat
1000 samples
500 samples
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5.1 PERFORMANCE METRICS

+ Accuracy: The proportion of correctly classified instances
among the total instances.

* Precision: The ability of the model to correctly identify
positive instances among the instances it predicts as positive.

 Recall: The ability of the model to correctly identify
positive instances among all actual positive instances.

* F1 Score: The harmonic mean of precision and recall,
providing a balanced measure of a classifier performance.

Table.2. Accuracy

Iteration|RNN|DBN|CRNN|LLM-MFO
100 |0.82|0.78| 0.85 0.88
200 |0.85(0.79| 0.87 0.90
300 (0.87]0.82| 0.89 0.92
400 (0.89/0.84| 0.91 0.94
500 [0.91/0.86| 0.92 0.95
600 |0.92(0.88| 0.94 0.96
700 |0.93(0.89| 0.95 0.97
800 [0.94]0.91| 0.96 0.97
900 |0.95(0.92| 0.97 0.98
1000 [0.96|0.94| 0.98 0.99

Table.3. Precision

Iteration|RNN|{DBN|CRNN|LLM-MFO
100 |0.78|0.75| 0.82 0.85
200 |0.80(0.76| 0.85 0.88
300 (0.82]0.78| 0.87 0.90
400 (0.85/0.80| 0.89 0.92
500 |0.87(0.82| 0.90 0.93
600 |0.88(0.84| 0.91 0.94
700 |0.90(0.85| 0.92 0.95
800 (0.91/0.87| 0.93 0.96
900 |0.92(0.88| 0.94 0.97
1000 [0.94|0.90| 0.95 0.98

Table.4. Recall

Iteration|RNN|{DBN|CRNN|LLM-MFO
100 |0.75|0.72| 0.78 0.82
200 |0.77(0.74| 0.80 0.85
300 [0.80/0.76| 0.82 0.88
400 |0.82(0.78| 0.84 0.90
500 [0.85/0.80| 0.86 0.92
600 |0.87(0.82| 0.88 0.94
700 |0.89(0.84| 0.90 0.95
800 (0.91/0.86| 0.91 0.96
900 |0.92(0.88| 0.93 0.97




ISSN: 2229-6948(ONLINE)

| 1000 [0.94[0.90] 0.94 | 098
Table.5. F-Measure

Iteration|RNN|DBN|CRNN|LLM-MFO
100 |0.76]0.73] 0.80 | 0.84
200 [078]0.75| 0.82 | 0.7
300 [081]0.77] 0.84 | 0.89
400 |0.83/0.79] 0.86 | 0.91
500 [0.86]0.81] 0.88 | 0.92
600 |0.88|0.83| 0.90 | 093
700 [0.90]0.85] 0.91 | 094
800 [091]0.87] 093 | 095
900 [092]0.88] 0.94 | 096
1000 [0.94]090| 095 | 0.97

The LLM-MFO method consistently outperforms existing
methods over different iterations, showcasing an improvement
from 1% to 4% in accuracy. LLM-MFO exhibits higher precision
throughout the iterations, showing an improvement ranging from
3% to 8% compared to existing methods. LLM-MFO consistently
demonstrates better recall, with an improvement ranging from 5%
to 8% over existing methods across iterations. The F1-score
consistently favors the LLM-MFO method, showing an
improvement from 4% to 7% compared to existing methods.

6. CONCLUSION

the proposed multimedia stream security framework
employing Logic Learning Machines (LLMs) and Moth-Flame
Optimization (MFO) exhibits promising results in comparison to
established methods such as RNN, DBN, and CRNN. The
iterative experimentation over 1000 different iterations, with steps
of 100 iterations, consistently showcases the superiority of the
LLM-MFO approach across various performance metrics.

The LLM-MFO method demonstrates notable improvements
in accuracy, precision, recall, and F1-score compared to existing
methods. The robustness of the proposed framework is evident in
its ability to adapt dynamically to changing security scenarios, as
indicated by its performance across different iterations.

The percentage improvements observed in accuracy,

precision, recall, and F1-score substantiate the efficacy of the
LLM-MFO method in enhancing multimedia stream security.
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This suggests that the logical reasoning capabilities of LLMs,
coupled with the adaptive optimization provided by MFO,
contribute synergistically to the effectiveness of the proposed
framework.

REFERENCES

[1] C. Peng, “An Application of English Reading Mobile
Teaching Model based on K-Means Algorithm”, Mobile
Information Systems, Vol. 2022, pp. 1-14, 2022.

V. Saravanan and M. Rizvana, “Dual Mode Mpeg
Steganography Scheme for Mobile and Fixed Devices”,
International Journal of Engineering Research and
Development, Vol. 6, pp. 23-27, 2013.

V. Saravanan and C. Chandrasekar, “Qos-Continuous Live
Media Streaming in Mobile Environment using VBR and
Edge Network”, International Journal of Computer
Applications, Vol. 53, No. 6, pp. 1-12, 2012.

S. Huang and M. Sun, “Deep Reinforcement Learning for
Multimedia Analysis: A Survey”, ACM Transactions on
Multimedia Computing, Communications, and Applications,
Vol. 16, No. 3, pp. 1-29, 2020.

D David Neels Pon Kumar, K Murugesan and S Raghavan,
“A Novel QoS Scheduling for Wireless Broadband
Networks”, ICTACT Journal on Communication
Technology, Vol. 1, No. 3, pp 143-148, 2010.

W Park, S Cho and S Bahk, “Scheduler Design for Multiple
traffic Classes in OFDMA Networks”, Proceedings of IEEE
International Conference on Communications, Vol. 2, pp.
790-795, 2006.

K Kalyanam and P Indumathi, “A Simple QoS Scheduler for
Mobile WiMAX”, World Academy of Science, Engineering
and Technology, Vol. 70, pp. 896-899, 2010.

C Cicconetti, I Akyildiz and L Lenzini, “FEBA: A
Bandwidth Allocation Algorithm for Service Differentiation
in IEEE 802.16 Mesh Networks”, IEEE/ACM Transactions
on Networking, Vol. 17, No. 3, pp. 884-897, 2009.

David Money Harris, and Sarah L. Harris, “Digital Design
and Computer Architecture”, Morgan Kaufmann, 2007.
Craig Gentry, “Computing Arbitrary Functions of Encrypted
Data”, Communications of the ACM, Vol. 53, No. 3, pp. 97-
105, 2009.

M.L. Das, “Two-Factor User Authentication in Wireless
Sensor Networks”, |EEE Transactions on Wireless
Communications, Vol. 8, No. 3, pp. 1086-1090, 2009.

(2]

(3]

[4]

[5]

[6]

[7]

(8]

[l

[10]

[11]



