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1.Introduction

The Internet of Things (IoT) has experienced explosive growth over the past few years,
interconnecting billions of devices in a wide range of industries like healthcare, smart home,
industrial automation, and transport. The interconnectivity has several advantages, such as greater
efficiency, better productivity, and enhanced user experience. Nevertheless, the ubiquitous
presence of loT devices also raises extraordinary security concerns. The resource-scarce design of
the majority of IoT devices combined with their usually insecure settings and vulnerabilities
exposes them to hostile forces.

Conventional security measures, which are built for central networks in the first place, can often
fall short to cope with the distinctive challenges of the distributed IoT scenario. Most centralized
intrusion detection systems (IDS) depend on sending huge volumes of network traffic information
to a central server for processing. Such a method not only adds considerable communication
overhead but also poses severe privacy concerns since private information from individual IoT
devices becomes exposed.
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Additionally, the diversity of IoT devices and network protocols complicates the creation of an
IDS solution that could be universally applied. The dynamic and adaptive nature of IoT threats
only worsens the issue, such that IDS needs to constantly learn new patterns of attacks. Machine
learning (ML), and more specifically deep learning (DL), has been recognized as a promising
method for creating smart IDS that can identify sophisticated and adaptive threats. Nonetheless,
the centralized training of DL models can be computational and data-intensive, which is
challenging for resource-limited IoT devices.

2.Literature Review

A number of studies have investigated the use of machine learning and deep learning methods in
intrusion detection for loT networks. This section presents a thorough survey of some existing
works, citing their merits and demerits.

Machine Learning-Based Intrusion Detection

Traditional machine learning techniques like Support Vector Machines (SVM), Decision Trees,
and K-Nearest Neighbors (KNN) were the earlier methods used for IoT intrusion detection [1, 2].
For example, Butun et al. [1] described a KNN-based intrusion detection system (IDS) for
sinkhole attack detection in wireless sensor networks (WSNs), which is an important part of most
IoT deployments. They showed that KNN is effective for detecting malicious nodes using routing
data. However, conventional ML algorithms tend to have difficulty with the high dimension and
complexity of network traffic data, restricting their capability to recognize complex attacks.
Additionally, feature engineering plays a key role in obtaining good performance, involving high
domain expertise.

Federated Learning for Intrusion Detection

Federated learning has shown to be a promising framework for the decentralized training of
machine learning models, which solves the privacy and scalability issues of the centralized
method [5, 6]. Hard et al. [5] proposed Federated Averaging (FedAvg), one of the most popular
algorithms used in federated learning, where local models are trained on client data, and the
server combines the model updates to construct a global model. A number of researchers have
investigated the use of federated learning for intrusion detection. As an instance, Ammar et al. [6]
suggested a federated learning-based IDS for smart homes such that every home learns a local
model from its network traffic, and a central server combines the models to provide a global IDS.
The method showed better privacy and scalability compared to centralized methods. Nonetheless,
federated learning is susceptible to adversarial attacks in which adversarial clients can introduce
poisoned data to downgrade the performance of the global model. In addition, data heterogeneity
among different IoT devices can be challenging for model convergence.

Attention Mechanisms for Intrusion Detection

Attention mechanisms have been effectively used in many deep learning applications to learn the
most informative features for prediction [7, 8]. Vaswani et al. [7] proposed the Transformer
model, which uses self-attention mechanisms to learn long-range dependencies in sequential data.
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Several authors have introduced attention mechanisms into deep learning-based IDS to enhance
their capacity to detect covert and sophisticated attacks. For example, Zhang et al. [8] introduced
an attention-based LSTM network for intrusion detection, where the attention mechanism
highlights the most relevant time steps in the sequence of network traffic. Their experiments
showed better detection accuracy than conventional LSTM networks. Nevertheless, the
computational expense of attention mechanisms can be a limitation for resource-limited IoT
devices.

Critical Analysis of Existing Work

Although current work has contributed significantly to IoT intrusion detection, there are still
some shortcomings. Most methods are based on data collection in centralized forms, which leads
to privacy issues and scalability limitations. Federated learning is a possible approach to solve
these limitations but is prone to adversarial attacks and lacks handling of data heterogeneity. High
accuracy can be attained by deep learning models, but they usually demand large volumes of
labeled data and are computationally intensive. Attention mechanisms may enhance the model's
capability to recognize informative features but may also add to computational complexity. Thus,
there is a requirement for a hybrid method that unifies the strengths of federated learning, deep
learning, and attention mechanisms to develop a robust and privacy-preserving IDS for IoT
networks. This paper fills this gap by presenting an innovative hybrid approach combining these
methods for the purpose of obtaining improved intrusion detection performance.

3.Methodology

This section outlines the method used to design and test the suggested hybrid deep learning
framework for improved intrusion detection in IoT networks. The framework combines federated
learning, a Convolutional Neural Network (CNN), and an attention mechanism.

Framework Architecture
The proposed framework consists of the following components:

1. IoT Devices (Clients): Each IoT device acts as a client in the federated learning process. These
devices collect network traffic data, preprocess it, and train a local CNN model with an attention
mechanism.

2. CNN with Attention Mechanism: Each client employs a CNN with an attention mechanism to
learn patterns from the network traffic data. The CNN extracts features from the data, and the
attention mechanism focuses on the most relevant features for anomaly detection.

3. Intrusion Detection Module: The intrusion detection module uses the trained model to classify
network traffic as normal or malicious.
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Data Preprocessing

The collected network traffic data from the IoT devices is preprocessed prior to inputting it into
the CNN model. Preprocessing involves:

1. Data Cleaning: Deletion of unnecessary or noisy data.

2. Feature Extraction: Relevance feature extraction from the network traffic data. This is the
process of picking out most important attributes from network packets, e.g., protocol type, source
and destination IP address, port number, packet length, and different flags. We use tools such as
Wireshark and Scapy to analyze network packets and extract features.

3. Normalization: Scaling the features to a standard range in order to avoid features with larger
values from overwhelming the learning process. We employ min-max scaling to bring the features
into the range [0, 1].

Federated Learning Process

The federated learning process is as follows:

1. Initialization: The server starts the global model with random weights.
2. Distribution: The server sends the global model to the clients.

3. Local Training: Every client trains the local CNN model with the attention mechanism on its
local data. The clients update the model weights using stochastic gradient descent (SGD).

4. Model Update: Every client shares the updated model weights with the server.

5. Aggregation: The server sums up the model updates from the clients and generates a new
global model. We aggregate the model updates using Federated Averaging (FedAvg). FedAvg
computes the weighted average of the model weights across the clients, where the weights are
proportional to the amount of data samples per client.

6. Iteration: The server iterates steps 2-5 for a pre-specified number of iterations.
Dataset

The suggested framework is tested on the NSL-KDD dataset, a common benchmark dataset for
intrusion detection. Although outdated, it offers a controlled environment for preliminary
experimentation and comparison.

The NSL-KDD dataset includes network traffic data with many types of attacks, such as Denial
of Service (DoS), User to Root (U2R), Root to Local (R2L), and probing attacks. We divide the
dataset into training and test sets. The training set is utilized to train the local models on the
clients, while the testing set is utilized to test the performance of the global model.
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Experimental Setup

The experiments were carried out using a simulated federated learning environment of 10 client
devices. Every client device was allocated a subset of the training data. Federated learning was
performed for 100 iterations. The learning rate of the SGD optimizer was 0.01. The batch size
was fixed to 32. The number of convolutional layers in the CNN model was fixed to 3. The
number of filters present in every convolutional layer was fixed to 64. The convolutional filter
size was fixed to 3x3. The pooling layer size was fixed to 2x2. The number of fully connected
layers was 2. The number of neurons in the fully connected layers was 128.

Performance Evaluation
The performance of the proposed framework was evaluated in terms of accuracy, precision,
recall, F1-score, and communication overhead. The results are summarized in Table 1.
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Table 1: Performance Comparison of Different Intrusion Detection Approaches

As shown in Table 1, the proposed federated CNN with attention mechanism achieves the highest
accuracy (0.985), precision (0.982), recall (0.988), and F1-score (0.985) compared to the other
approaches. The centralized CNN achieves slightly lower performance due to the limited amount
of training data. The federated averaging (FedAvg) approach achieves lower performance
compared to the proposed framework due to the lack of attention mechanism. The CNN without
attention mechanism also achieves lower performance compared to the proposed framework,
highlighting the importance of the attention mechanism in focusing on the most relevant features.
The communication overhead of the federated learning approaches is the same (55.2 MB), as they
both involve transmitting model updates between the clients and the server.
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Impact of Attention Mechanism

To further investigate the impact of the attention mechanism, we visualized the attention weights
assigned to different features in the network traffic data. The visualization showed that the
attention mechanism focuses on the most relevant features for anomaly detection, such as the
protocol type, source and destination IP addresses, port numbers, and various flags. This confirms
that the attention mechanism helps the model to identify subtle and complex attack patterns.

Ablation Studies

We performed ablation studies to assess the individual contributions of federated learning and the
attention mechanism. We compared the performance of the proposed framework with the
following baselines:

1. Centralized CNN: A CNN model trained on a centralized dataset.

2. Federated Averaging (FedAvg): A federated learning approach without the attention
mechanism.

3. CNN without Attention: A CNN model without the attention mechanism trained within the
federated learning framework.

4.Discussion

The experimental results prove the efficacy of the suggested hybrid deep learning framework for
improved intrusion detection in IoT networks. The framework attains high accuracy, precision,
recall, and Fl-score compared to current state-of-the-art techniques. The framework also
minimizes communication overhead and improves privacy over conventional centralized
techniques.

The federated learning integration makes the framework deployable on distributed loT devices
without exposing sensitive information. sophisticated and subtle patterns of attack. This is
important for detecting advanced persistent threats (APTs) that could escape standard
signature-based detection techniques.

The ablation study findings validate that both federated learning and the attention mechanism are
responsible for the performance of the proposed framework. thus ensuring privacy and decreasing
communication overhead. The attention mechanism assists the model in paying attention to the
most informative features for anomaly detection, enhancing the model's capacity to detect subtle
and sophisticated attack patterns.

The presented framework overcomes some of the limitations of current intrusion detection
methods for [oT networks. It offers a scalable and privacy-enhancing solution to be employed on
distributed IoT devices. It harnesses the strength of deep learning to detect complex and changing
attacks. It includes an attention mechanism to pay attention to the most useful features for
anomaly detection.

27



JANOLI International Journals of Artificial Intelligence and its Applications (JIJAIA)

The findings from this study have major implications for the creation of privacy-respecting and
resilient security solutions for the fast-growing IoT environment. The formulated framework can
be employed to design smart IDS that is capable of identifying and countering an extensive array
of attacks in IoT networks.

5.Conclusion

This paper has introduced a new hybrid deep learning model that couples federated learning and
attention mechanisms for improved intrusion detection in IoT networks. The model takes
advantage of the distributed nature of federated learning to collectively train a global model
across [oT devices without exchanging sensitive information. Attention mechanisms are
embedded in the deep learning model to concentrate on the most critical features for effective
anomaly detection.

Experimental results indicate that the suggested framework presents notable performance gains in
terms of detection accuracy, communication overheads, and privacy against current
state-of-the-art techniques. The outcomes reflect the versatility of this hybrid methodology in
developing robust and privacy-safe security solutions for the fast-growing IoT environment.
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