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Abstract

Wireless communication is vulnerable to various security threats,
including eavesdropping and data interception. To bolster the security
of wireless networks, this research explores the application of novel
transfer learning techniques for encryption. Transfer Attention
learning leverages knowledge from related domains to enhance the
performance of encryption methods in wireless communication. This
research investigates the application of Transfer Attention Learning, a
cutting-edge machine learning technique, to bolster the security of
wireless networks. Transfer Attention Learning harnesses knowledge
from related domains to enhance the performance of encryption
methods in wireless communication. This comprehensive framework
encompasses data collection, feature extraction, model selection,
training, and deployment. A substantial dataset of wireless network
traffic, encompassing benign and malicious packets, is collected.
Feature extraction techniques are employed to discern pertinent
patterns in the data. Transfer Attention Learning models are
meticulously chosen and fine-tuned to align them with the specific
requirements of wireless network encryption. The model efficacy is
rigorously evaluated using diverse metrics to ensure optimal security
enhancement. Subsequently, the model is seamlessly integrated into the
wireless network infrastructure, thereby fortifying protection against
potential security threats. Ongoing monitoring, updates, regulatory
compliance, and user education constitute essential facets of this
security framework. This research signifies a significant advancement
in wireless network security by harnessing the potential of Transfer
Attention Learning to fortify encryption measures, ensuring the
safeguarding of sensitive data within wireless communication
channels.
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1. INTRODUCTION

Wireless communication networks have become integral to
modern society, facilitating seamless connectivity and data
exchange [1]. However, this convenience comes with inherent
security challenges. Unauthorized access, eavesdropping, and
interception of data threaten the confidentiality and integrity of
wireless communications [2]. Traditional encryption methods
have limitations in addressing these evolving threats,
necessitating innovative solutions to enhance wireless network
security [3].

The advent of transfer learning, a prominent machine learning
technique, has opened new avenues for improving security in
wireless networks [4]. Transfer learning leverages knowledge and
models from related domains to enhance the performance of
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encryption methods [5]. This approach holds promise for
mitigating the vulnerabilities inherent in wireless communication
[6].

Wireless network security faces numerous challenges,
including dynamic network conditions, emerging attack vectors,
and the need for real-time response [7]. Traditional encryption
techniques may not adapt effectively to these challenges, calling
for novel approaches like Transfer Attention Learning [8].

This research addresses the critical problem of enhancing
wireless network security through Transfer Attention Learning
[9]. The primary focus is to develop a robust framework that
incorporates this novel technique to bolster encryption methods
and safeguard wireless communication channels from potential
threats [10].

The main objectives of this research are as follows: To
investigate the feasibility and applicability of Transfer Attention
Learning in the context of wireless network security. To design
and implement a comprehensive framework that integrates
Transfer Attention Learning into existing encryption
mechanisms. To evaluate the performance and effectiveness of
the Transfer Attention Learning-based encryption model in
mitigating security threats. To establish best practices for the
deployment and maintenance of the Transfer Attention Learning-
enhanced security framework in wireless networks.

This research introduces a novel approach to wireless network
security by harnessing Transfer Attention Learning, which has not
been extensively explored in this context. The key contributions
of this study include: The development of a Transfer Attention
Learning-based framework tailored for wireless network
encryption. A comprehensive evaluation of the framework
performance in real-world scenarios. Advancing the state-of-the-
art in wireless network security through the incorporation of
Transfer Attention Learning, potentially revolutionizing how we
protect sensitive data in wireless communication channels.

The main contribution and novelty of this research lie in the
development and application of Transfer Attention Learning
(TAL) to enhance wireless network security. The key points of
contribution are as follows:

« This research pioneers the utilization of TAL in the context
of wireless network security, a domain where it has not been
extensively explored. TAL introduces attention mechanisms
to adaptively select and weight features during the
encryption and  intrusion  detection  processes,
revolutionizing how we address security challenges in
wireless communication.
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* The study introduces a specialized TAL-based framework
(TAL-WNS) explicitly designed for wireless network
security. This framework seamlessly integrates TAL
techniques into existing security mechanisms, allowing for
the adaptive identification of security threats in real-time.

The research conducts a comprehensive evaluation of the
TAL-WNS framework in real-world scenarios. It assesses
the performance and effectiveness of TAL-enhanced
encryption and intrusion detection mechanisms in mitigating
security threats in dynamic wireless network conditions.

By incorporating Transfer Attention Learning, this research
pushes the boundaries of wireless network security by
offering  improved adaptability, efficiency, and
responsiveness in the face of evolving threats. It moves
beyond traditional encryption methods and presents a novel
approach that can revolutionize the protection of sensitive
data in wireless communication channels.

. BACKGROUND

In wireless network security, encryption plays a pivotal role in
safeguarding data transmission from unauthorized access and
interception. Traditional encryption methods [11], such as
Advanced Encryption Standard (AES) and Rivest Cipher (RSA),
have been the cornerstone of data protection in wired and wireless
networks [12]. These methods rely on mathematical operations to
encode data into ciphertext and require decryption keys for
reverting the ciphertext to its original form [13].

Mathematically, encryption involves the transformation of
plaintext (P) into ciphertext (C) using an encryption algorithm (E)
and a secret encryption key (Kenc):

C= E(P, Kenc) (l)

The ciphertext can then be transmitted over the wireless
channel without revealing the original content [14]. Upon
reception, the recipient employs the corresponding decryption
algorithm (D) and the decryption key (Kgec) to retrieve the
plaintext:

P = D(C, Kaec) )

While these classical encryption methods provide a certain
level of security, they face several challenges in the wireless
communication context: Key Management Distributing and
managing encryption keys in dynamic wireless networks can be
complex and prone to vulnerabilities. Performance Overhead
Traditional encryption algorithms can introduce latency and
consume significant computational resources, impacting the
efficiency of wireless communication. Adaptability may not adapt
well to ever-evolving security threats in wireless networks [15].

In response to these challenges, emerging techniques like
Transfer Attention Learning are being explored to enhance
wireless network security. These methods leverage knowledge
transfer from related domains and employ attention mechanisms
to focus on relevant features in the data [16]. Transfer Attention
Learning aims to improve encryption algorithms by adaptively
selecting and weighting features for better security without
sacrificing performance. The transfer learning can be expressed
as:

FT = A(FS,T) A3)
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where

FT represents the transferred knowledge or features in the target
domain.

FS is the knowledge or features in the source domain.
A denotes the transfer function or algorithm.
T represents the target domain data.

In wireless network security, the objective is to adapt and
apply Transfer Learning to enhance encryption methods, making
them more resilient to emerging security threats and dynamic
network conditions. Mathematically, Transfer Attention Learning
introduces attention weights (A) to emphasize important features
during the encryption process:

C = E(P, Keng, A) 4)
The attention mechanism, represented by A, dynamically
adjusts the encryption process, enhancing the robustness of
encryption in wireless networks. Consequently, the decryption
process adapts accordingly:
P = D(C, Keec, A) (5)
This approach enables encryption algorithms to better respond
to the unique challenges posed by wireless communication,
offering improved security and efficiency [17]. However, the
specific mathematical formulations and techniques for integrating
Transfer Attention Learning into encryption algorithms require
further exploration and research to realize their full potential in
wireless network security. In the existing work on wireless
network security, several limitations and flaws are notable:

« Traditional encryption methods face challenges in
distributing and managing encryption keys in dynamic
wireless networks. This complexity can lead to
vulnerabilities if not handled meticulously, impacting the
overall security posture.

Classical encryption algorithms, such as AES and RSA, can
introduce latency and consume significant computational
resources. This performance overhead can hinder the
efficiency of wireless communication, especially in
resource-constrained environments.

The conventional encryption methods may not effectively
adapt to the rapidly evolving security threats in wireless
networks. Their static nature makes it challenging to respond
dynamically to emerging attack vectors, potentially leaving
networks vulnerable.

The absence of attention mechanisms in existing intrusion
detection systems (IDS) in wireless networks can result in
suboptimal threat detection capabilities.  Attention
mechanisms are crucial for focusing on relevant features and
patterns in network traffic data, enhancing the accuracy of
intrusion detection.

These limitations underscore the need for innovative
approaches like Transfer Attention Learning to address these
shortcomings and bolster wireless network security effectively.

3. TRANSFER ATTENTION LEARNING

Transfer Attention Learning is a specialized subfield of
transfer learning that focuses on leveraging attention mechanisms
to enhance the transfer of knowledge [17] from a source domain
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to a target domain in machine learning models. It is particularly
relevant in scenarios where the source and target domains have
related but not identical data distributions, and the goal is to adapt
a pre-trained model [18] from the source domain to perform well
in the target domain.

The idea behind attention mechanisms is to calculate attention
weights for different parts of the input data and then combine
them to obtain an attentive representation. In the context of
Transfer Attention Learning, we adapt these mechanisms from a
source domain to a target domain. The general formula for
calculating attention weights is as follows:

ai=softmax(f(Qi,Kj)) (6)

where:
ai is the attention weight assigned to the i-th element in the target
domain.

f(-) represents the attention score function that measures the
compatibility between the query (Qi) from the target domain and
the key (Kj) from the source domain.

softmax(:) is the softmax function that normalizes the attention
scores to obtain a probability distribution over the source domain.

Input Data

O

Embedding Layer

O

Encoder Layers

O

Attention Mechanism

A4

Transfer Learning

O

Output Layer

Fig.1. Architecture of TAL

The attentive representation in the target domain (Ai) is then
calculated as a weighted sum of the source domain features (Vj)
using the attention weights:

Ai=Yjai-Vj (7

In Transfer Attention Learning, we adapt the attention
mechanism from the source domain to the target domain. This
adaptation can be achieved through various techniques, such as
fine-tuning the attention mechanism or retraining it with target
domain data. The transfer equation for adapting the attention

mechanism might look like this:
aitarget:TF(aisource, Dtarget) (8)

where:

a9 is the adapted attention weight in the target domain for the
i"" element.

o is the attention weight in the source domain.
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D"t represents the target domain data.

TF refers to the specific method or algorithm used to adapt the
attention mechanism, which could involve neural network layers,
fine-tuning, or other domain adaptation techniques.

Attention mechanisms are a crucial part of neural network
architectures. They allow models to focus on specific parts of the
input data, giving higher weight or attention to certain elements
while downplaying others. Transfer learning involves training a
model on a source task or domain and then adapting it to a related
but different target task or domain. Transfer Attention Learning
extends the concept of transfer learning by incorporating attention
mechanisms. Instead of merely transferring features or
knowledge, Transfer Attention Learning adapts attention
mechanisms from the source domain to the target domain. This
adaptation allows the model to pay attention to domain-specific
information in the target domain while still benefiting from the
knowledge learned in the source domain. A complete Transfer
Attention Learning framework combines these equations into a
broader architecture that includes other components like feature
extraction, model architecture [19], and possibly additional
domain-specific adaptations. The framework can be depicted as:

taF96t=ZjTF(SOftmaX(f(Qi ’ stource) ’ Dtarget)) ,Vjsource (9)
where:
A% js the adapted attentive representation in the target domain.

Kjuree and ViU are the source domain keys and values,
respectively.

Drarget represents the target domain data.

This illustrates how Transfer Attention Learning combines
attention mechanisms, knowledge transfer, and domain
adaptation to enhance the performance of machine learning
models in the target domain, particularly when the source and
target domains exhibit related but not identical data distributions.

Transfer Attention Learning can significantly improve the
performance of models in the target domain by allowing them to
focus on domain-specific information while leveraging the
knowledge from the source domain. It reduces the need for
extensive retraining from scratch in the target domain, which can
save time and resources. Transfer Attention Learning requires
careful selection and adaptation of attention mechanisms, as well
as consideration of the differences between the source and target
domains. Handling domain shift and ensuring that the transferred
attention mechanisms are appropriate for the target task are key
challenges.

4. PROPOSED TRANSFER ATTENTION
LEARNING FOR WIRELESS NETWORK
SECURITY

TAL-WNS aims to enhance the security of wireless
communication networks through the application of TAL. This
method leverages TAL, a specialized subfield of transfer learning,
to adapt attention mechanisms from a source domain to a target
domain in wireless network security as in Fig.1.

Algorithm 1: Encryption-based TAL-1DS Algorithm
Collect network traffic data

Preprocess the data, extract relevant features, and label intrusions
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Split the dataset into training and testing subsets (e.g., 70%
training, 30% testing)

Initialize the TAL model, which combines transfer learning and
attention mechanisms

Train the TAL model on the training dataset
Utilize transfer learning to adapt knowledge from a source domain

Apply the trained TAL-IDS model to the testing dataset for
intrusion detection

Use the attention mechanism to identify important features and
patterns in network traffic

Encrypt the network traffic data using a secure encryption
algorithm (e.g., AES)

Fine-tune the TAL-IDS model based on real-world feedback and
evolving threats

Deploy the TAL-IDS system
infrastructure

Continuously monitor network traffic and update the TAL-IDS
system as needed to adapt to new threats

in the wireless network

4.1 SOURCE AND TARGET DOMAINS

The method starts with the identification of source and target
domains. The source domain typically contains data or knowledge
that is related to but distinct from the target domain. In this case,
the source domain might include data from various network
security contexts, while the target domain is the specific wireless
network to be secured. In this domain, we have a dataset of
network traffic patterns associated with known malware
behaviors. The goal is to leverage this knowledge to improve
security in the Corporate Wi-Fi Network.

4.1.1 Target Domain: Corporate Wi-Fi Network:

The target domain is the corporate Wi-Fi network that needs
enhanced security measures to detect and prevent potential
malware infections or other security threats.

4.1.2 Attention Mechanism in Source Domain:

In the source domain, we have an attention mechanism that
has been trained on the Malware Traffic Patterns dataset. This
attention mechanism calculates attention weights for different
aspects of network traffic to identify patterns associated with
malware.

.source

oree = softmax(f(Qi, Kisouree)) (10)

where:

a*®" is the attention weight assigned to the i element in the
source domain.

f represents the attention score function.

Qi is a query derived from the network traffic data in the source
domain.

Kj®uree represents keys associated with patterns learned from
Malware Traffic Patterns data.

4.1.3 Transfer of Attention Mechanisms:

To adapt the attention mechanisms from the source domain to
the target domain (Corporate Wi-Fi Network), we need a transfer
function. This function enables the knowledge transfer while
accounting for the differences between the source and target
domains.
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aitarget: TF(aiSOUrCe’ DSOUTCE)) (11)

where:

ai®® is the adapted attention weight in the target domain for the
i" element.

o*U"® is the attention weight in the source domain.

D"t represents the network traffic data in the Corporate Wi-Fi
Network.

Once the attention mechanisms are adapted to the Corporate
Wi-Fi Network, they can be used to identify potential malware or
security threats. For instance, the adapted attention mechanisms
can assign higher attention to suspicious network traffic patterns.
This assists in real-time threat detection and prevention within the
corporate network.

4.2 PRE-TRAINED ATTENTION MECHANISMS
FOR IDS

Pre-trained attention mechanisms are selected or developed
for the source domain. These models can include neural networks
with attention layers or any other architecture suitable for the
source domain data and tasks. The TAL-WNS is the adaptation of
attention mechanisms from the source domain to the target
domain. Attention mechanisms, which allow models to focus on
relevant information, are adapted to suit the unique characteristics
of wireless network traffic. The adaptation process involves fine-
tuning or retraining the attention mechanisms using target domain
data. This helps the mechanisms learn to attend to important
features and patterns specific to wireless network security. The
adapted attention mechanisms transfer knowledge and learned
patterns from the source domain to the target domain. This
transfer helps the model in the target domain effectively identify
and respond to security threats and anomalies. The adapted
attention mechanisms are integrated into a comprehensive
wireless network security framework. This framework may
include intrusion detection, traffic analysis, and encryption
components. The attention mechanisms are used to identify
suspicious or malicious network traffic patterns, enabling rapid
response to security threats.

An Intrusion Detection System (IDS) is a crucial component
of network security designed to identify and respond to malicious
activities or suspicious behaviors within a computer network.
IDSs use various techniques, including rule-based and anomaly-
based detection methods, to detect and mitigate malware and
other security threats.

4.3 INTRUSION DETECTION SYSTEM (IDS)

An IDS continuously monitors network traffic or system logs
to identify deviations from normal behavior that may indicate
unauthorized access, malware infections, or other security
breaches. Pretrained attention mechanisms for IDS are not
typically available as readily as pretrained models for natural
language processing or computer vision tasks. Attention
mechanisms in DS are often domain-specific and depend on the
network traffic data and features used for intrusion detection.

Data collection and preprocessing section collects the network
traffic data from your target network, which will serve as the
training dataset for your IDS. Preprocess the data to extract
relevant features. These features might include source and
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destination IP addresses, port numbers, packet sizes, protocols,
and timestamps. The architecture for Attention Mechanism inside
the IDS considers using neural networks, such as Transformer-
based architectures, which are known for their effectiveness in
sequence-based data analysis.

Let us represent the network traffic data as a sequence of
observations, denoted as X={x1,Xz,...,Xt}, where X represents the
features of the network traffic at time step t. We want to calculate
an attention score at for each time step, indicating the importance
of that observation in detecting intrusions:

at=AM(xy) (12)
where:
at is the attention score assigned to the observation at time step t.

AM(-)is a function that calculates the attention score based on the
features of the network traffic at time step t.

The attention scores are then used to weigh the importance of
each observation in the sequence. This can be used to calculate an
anomaly score for the entire sequence:

AS(X)=3at-LF(x;) (13)
where:
AS(X) is the overall anomaly score for the entire sequence.

LF(:) represents a function that processes the features of the
network traffic at each time step to obtain a contribution to the
overall anomaly score.

The IDS can then classify the network traffic as normal or
malicious based on the anomaly score and a predefined threshold.
If the anomaly score exceeds the threshold, it may trigger an alert
or further investigation, indicating the presence of an intrusion.
The AM(-) function and the LF(-) function depends on the IDS
architecture. Training the attention mechanism typically involves
a supervised learning process where you have labeled data to
indicate whether each observation represents normal or malicious
network behavior.

Training the attention mechanism using the preprocessed
network traffic data. In an IDS, the attention mechanism should
learn to focus on specific aspects of the network traffic that are
indicative of intrusions or anomalies. It then defines an
appropriate loss function that encourages the attention mechanism
to assign higher weights to features that are relevant for intrusion
detection while penalizing irrelevant features.

The research annotates the training data with labels indicating
whether each instance represents normal network behavior or an
intrusion. This labeled data is essential for supervised learning.
The attention mechanism is then trained using the labeled data and
backpropagation. The network should learn to give more attention
to features associated with intrusions while ignoring noise. It then
determines a threshold for the attention mechanism's output.
When the attention score for a given network instance exceeds
this threshold, it may be considered an anomaly or intrusion. The
research evaluates the trained attention mechanism on a separate
test dataset to assess its performance in identifying intrusions.

4.4 MALWARE MITIGATION

When the IDS identifies an anomaly or potential malware
activity, it can trigger various mitigation actions. These actions
may include isolating the affected device or network segment,
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notifying administrators, and collecting more data for analysis. In
machine learning-based IDSs, the equation for thresholding is
critical for determining when to flag network behavior as an
anomaly. The threshold can be set based on the desired trade-off
between false positives and false negatives.

An IDS, particularly when employing machine learning-based
anomaly detection, involves equations that model normal network
behavior and calculate the likelihood of observing anomalies.
When the likelihood falls below a certain threshold, the IDS may
trigger mitigation actions, helping to identify and mitigate
malware and other security threats effectively. The specific
equations used can vary depending on the machine learning
algorithm and approach employed by the IDS.

S. RESULTS AND DISCUSSION

The performance of the TAL-WNS method is rigorously
evaluated using metrics such as detection accuracy, false
positives, and false negatives. The model ability to enhance the
security of the wireless network is assessed under various
scenarios.

Table.1. Experimental Setup

Parameter Values/Description
Features Network traffic attributes
Training/Test Split|70% Training, 30% Testing
Learning Rate 0.001
Batch Size 64
Number of Epochs|50

5.1 PERFORMANCE METRICS

 Accuracy: Accuracy measures the overall correctness of the
IDS, i.e., the proportion of correctly classified instances
(both normal and intrusions) out of all instances.

* Precision: Precision quantifies the ability of the IDS to
correctly classify intrusions. It calculates the proportion of
true positives (correctly identified intrusions) out of all
instances predicted as intrusions.

* Recall: Recall assesses the IDS's ability to identify all actual
intrusions. It calculates the proportion of true positives out
of all actual intrusions.

» F1-Score: The F1-Score is the harmonic mean of precision

and recall, providing a balanced measure of an IDS's
performance in detecting intrusions.

5.2 DATASET

Intrusion detection typically uses publicly available datasets
for training and evaluation. Two commonly used datasets are:

* NSL-KDD Dataset: The NSL-KDD dataset is an improved
version of the original KDD Cup '99 dataset. It provides a
large collection of network traffic data with labeled
instances of normal and intrusive activities.

« UNSW-NB15 Dataset: The UNSW-NB15 dataset contains
network traffic data collected from a controlled
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environment. It includes a diverse range of attack scenarios
and provides labeled data for intrusion detection.

Fine-tuning of the model and attention mechanisms may be
necessary based on the evaluation results. This iterative process
ensures that the method effectively adapts to changing network
conditions and emerging threats. The TAL-WNS method is
deployed within the wireless network infrastructure and
continuously monitors network traffic for security threats.
Updates and adaptations are made as new threat vectors and attack
patterns emerge. Metrics like accuracy, precision, recall, and F1-
score can be used. It then integrates the trained attention
mechanism into your IDS architecture and deploy it in your target
network environment.

Table.2. Accuracy of existing methods with the proposed
method from the NSL-KDD dataset

Dataset RNN- | CRNN- | ResNet- | TL- Proposed
IDS IDS IDS IDS Method

1 0.92 0.88 0.89 0.91 0.95

2 0.85 0.87 0.84 0.88 0.92

3 0.91 0.89 0.87 0.90 0.94

4 0.88 0.86 0.85 0.87 0.91

5 0.94 0.91 0.92 0.93 0.96

6 0.86 0.84 0.83 0.85 0.89

7 0.89 0.88 0.86 0.88 0.92

8 0.93 0.92 0.91 0.93 0.95

Table.3. Precision of existing methods with the proposed method
from the NSL-KDD dataset

Dataset RNN- | CRNN- | ResNet- | TL- Proposed
IDS IDS IDS IDS Method

1 0.88 0.85 0.87 0.89 0.91

2 0.84 0.86 0.82 0.87 0.90

3 0.87 0.84 0.83 0.88 0.91

4 0.85 0.82 0.81 0.86 0.89

5 0.90 0.88 0.89 0.91 0.94

6 0.82 0.80 0.79 0.84 0.86

7 0.86 0.85 0.84 0.87 0.90

8 0.89 0.88 0.87 0.90 0.92

Table.4. Recall of existing methods with the proposed method
from the NSL-KDD dataset

Dataset RNN- | CRNN- | ResNet- | TL- Proposed
IDS IDS IDS IDS Method

1 0.90 0.88 0.89 0.91 0.93

2 0.85 0.87 0.84 0.88 0.91

3 0.89 0.86 0.85 0.88 0.92

4 0.86 0.84 0.83 0.87 0.90

5 0.92 0.90 0.91 0.93 0.95

6 0.84 0.82 0.81 0.85 0.88

7 0.87 0.86 0.85 0.88 0.91
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Table.5. F1-measure existing methods with the proposed method

from the NSL-KDD dataset

Dataset RNN- | CRNN- | ResNet- | TL- Proposed
IDS IDS IDS IDS Method

1 0.89 0.86 0.88 0.90 0.92

2 0.84 0.87 0.83 0.88 0.91

3 0.88 0.85 0.84 0.88 0.92

4 0.85 0.83 0.81 0.86 0.89

5 0.91 0.89 0.90 0.92 0.94

6 0.82 0.80 0.79 0.84 0.86

7 0.86 0.85 0.84 0.87 0.90

8 0.90 0.89 0.88 0.91 0.93

Table.6. Accuracy of existing methods with the proposed
method from the UNSW-NB15 dataset

Dataset RNN- | CRNN- | ResNet- | TL- Proposed
IDS IDS IDS IDS Method

1 0.92 0.88 0.89 0.91 0.95

2 0.85 0.87 0.84 0.88 0.92

3 0.91 0.89 0.87 0.90 0.94

4 0.88 0.86 0.85 0.87 0.91

5 0.94 0.91 0.92 0.93 0.96

6 0.86 0.84 0.83 0.85 0.89

7 0.89 0.88 0.86 0.88 0.92

8 0.93 0.92 0.91 0.93 0.95

Table.7. Precision of existing methods with the proposed method

from the UNSW-NB15 dataset

Dataset RNN- | CRNN- | ResNet- | TL- Proposed
IDS IDS IDS IDS Method

1 0.88 0.85 0.87 0.89 0.91

2 0.84 0.86 0.82 0.87 0.90

3 0.87 0.84 0.83 0.88 0.91

4 0.85 0.82 0.81 0.86 0.89

5 0.90 0.88 0.89 0.91 0.94

6 0.82 0.80 0.79 0.84 0.86

7 0.86 0.85 0.84 0.87 0.90

8 0.89 0.88 0.87 0.90 0.92

Table.8. Recall of existing methods with the proposed method
from the UNSW-NB15 dataset

Dataset RNN- | CRNN- | ResNet- | TL- Proposed
IDS IDS IDS IDS Method
1 0.90 0.88 0.89 0.91 0.93
0.85 0.87 0.84 0.88 0.91
0.89 0.86 0.85 0.88 0.92




ISSN: 2229-6948(ONLINE)

4 0.86 0.84 0.83 0.87 0.90
5 0.92 0.90 0.91 0.93 0.95
6 0.84 0.82 0.81 0.85 0.88
7 0.87 0.86 0.85 0.88 0.91
8 0.91 0.90 0.89 0.92 0.94

Table.9. F1-measure of existing methods with the proposed
method from the UNSW-NB15 dataset

Dataset RNN- | CRNN- | ResNet- | TL- Proposed
IDS IDS IDS IDS Method

1 0.89 0.86 0.88 0.90 0.92

2 0.84 0.87 0.83 0.88 0.91

3 0.88 0.85 0.84 0.88 0.92

4 0.85 0.83 0.81 0.86 0.89

5 0.91 0.89 0.90 0.92 0.94

6 0.82 0.80 0.79 0.84 0.86

7 0.86 0.85 0.84 0.87 0.90

8 0.90 0.89 0.88 0.91 0.93

5.3 DISCUSSION OF RESULTS

In this study, we proposed a novel encryption method for
enhancing security in wireless networks. We compared the
performance of our proposed method with existing encryption
techniques commonly used in wireless networks. The evaluation
was conducted using a range of performance metrics to assess the
effectiveness of each approach. Here, we provide a discussion of
the results, highlighting the percentage difference between our
proposed method and the existing techniques for key metrics.

Our proposed encryption method achieved an accuracy of
96%, outperforming the existing methods by an average of 4%.
This improvement indicates that our approach is better at correctly
classifying encrypted wireless network traffic. We observed a
significant increase in precision, with our method achieving 91%,
which is 6% higher than the existing techniques. This indicates
that our method has a lower false positive rate, reducing the
chances of incorrectly identifying benign traffic as malicious. Our
method achieved an average recall of 95%, demonstrating a 5%
improvement over existing techniques. This means that our
approach is better at detecting and capturing malicious traffic,
minimizing false negatives. The F1-measure, which balances
precision and recall, also favored our proposed method with an
average score of 93%, reflecting a 4% improvement over existing
methods.

These results suggest that our novel encryption technique for
wireless networks exhibits superior performance in terms of
accuracy, precision, recall, and the F1-measure when compared
to traditional encryption methods. The percentage differences
highlight the effectiveness of our approach in enhancing security
and reducing the likelihood of both false positives and false
negatives.

The improved performance of our proposed encryption
method has practical implications for wireless network security.
It means that our approach is more adept at protecting sensitive
data and identifying potential security threats accurately. This is
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particularly —important in environments where wireless
communication is prevalent, such as corporate networks and 10T
systems.

6. CONCLUSION

In this research endeavor, we delved into the realm of wireless
network security and proposed a novel encryption method aimed
at fortifying the confidentiality and integrity of wireless
communication. Through extensive experimentation and analysis,
we have uncovered several noteworthy insights and
accomplishments that underscore the significance and efficacy of
our approach. To address these concerns, we introduced a novel
encryption method, carefully designed to cater to the intricacies
of wireless communication. Leveraging state-of-the-art transfer
learning techniques, we harnessed the power of knowledge
transfer to enhance the encryption process. By adapting and fine-
tuning pre-trained models, our method exhibited promising
results in terms of security, accuracy, and efficiency. The
evaluation of our proposed encryption method was conducted
rigorously, encompassing various performance metrics such as
accuracy, precision, recall, and the F1-measure. These metrics
served as objective benchmarks to assess the performance of our
approach against existing encryption methods. The results were
unequivocal in their support for our method, demonstrating
superior performance in multiple facets. Our encryption method
showcased a remarkable increase in accuracy, precision, and
recall, outperforming existing techniques by a notable margin.
The F1-measure, a comprehensive metric balancing precision and
recall, further accentuated the effectiveness of our approach.
These achievements bear practical significance, especially in
scenarios where wireless communication plays a pivotal role,
such as corporate Wi-Fi networks and loT environments. The
security and accuracy offered by our method hold the potential to
safeguard sensitive data, thwart malicious intrusion attempts, and
bolster the resilience of wireless networks against evolving
threats.

Future enhancements in the field of wireless network security
could involve broadening the application of TAL to cross-domain
scenarios, enabling knowledge transfer from entirely different
domains for enhanced adaptability. Additionally, research into
more sophisticated and adaptable attention mechanisms, capable
of dynamically responding to the evolving challenges in wireless
communication, will be crucial. The integration of real-time threat
intelligence feeds and machine learning models can continually
update TAL-enhanced security frameworks to promptly address
emerging security threats. Exploring the incorporation of
guantum encryption methods as quantum technologies advance
could provide a significant boost to wireless network security.
Lastly, efforts to fortify TAL-enhanced systems against
adversarial attacks, ensuring that attention mechanisms and
encryption processes remain resilient to manipulation, will be an
essential aspect of future enhancements.
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