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Abstract:

The rapid emergence of the Internet of Things (IoT) has introduced tremendous security challenges, particularly in
identifying and preventing cyber-attacks. Traditional intrusion detection systems (IDS) are typically too resource intensive
for IoT devices with low processing capacity. This work proposes a lightweight, artificial intelligence-based intrusion
detection system (LIDS) that employs machine learning (ML) techniques to enhance loT security with low resource
consumption.

Objective: The primary of this research is to design an efficient IDS tailored to loT networks that is well-balanced in terms
of security, precision, and computational complexity.

Methodology: The proposed LIDS utilizes a hybrid machine learning approach based on feature selection techniques and
light-weight classifiers. We tested various ML models, including decision trees, support vector machines, and deep
learning-based anomaly detection. We trained and tested the system on a benchmark IoT dataset, measuring its detection
accuracy, false-positive rate, and processing overhead.

Results: The experimental results indicate that the proposed Al-based IDS boasts high detection efficiency (>95%) with
low false-positive rates and low computational overhead, and hence the system is feasible to implement in IoT devices
with resource constraints.

Conclusion: This work validates the feasibility of a lightweight, Al-based intrusion detection technique for loT networks.
Feature selection optimization and computationally light ML models, our approach offers enhanced security with no loss
of IoT device performance. Real-time deployment and adaptive learning for improved immunity against constantly
evolving cyber-attacks will be the focus of future research.

1. Introduction

In recent times, the Internet of Things (IoT) has become a major innovation, transforming the way technology interacts
with and supports our daily activities. It encompasses a vast network of interconnected devices—ranging from simple
sensors to complex embedded systems—enabling real-time data exchange and automation across diverse domains such
as smart homes, healthcare, agriculture, transportation, and industrial manufacturing. By facilitating seamless
communication among billions of devices, loT has significantly improved operational efficiency and opened avenues for
innovative service. Still, the fast expansion has raised serious concerns about security and privacy.

IoT networks are inherently decentralized, heterogeneous, and often resource-constrained, making them particularly
susceptible to a wide array of cyber threats. Common attack vectors include Denial-of-Service (DoS) attacks, man-in-
the-middle exploits, spoofing, and various forms of malware intrusion. Unlike traditional computing environments, loT
devices typically operate with limited processing capabilities, minimal memory, and constrained power resources. These
limitations render conventional security mechanisms—such as firewalls, antivirus programs, and standard Intrusion
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Detection Systems (IDS)—ineffective or impractical for IoT ecosystems.

To address these challenges, the research community has increasingly focused on Artificial Intelligence (Al), and more
specifically, Machine Learning (ML), as a promising solution for developing intelligent and adaptive IDS for loT
networks. ML-based IDS can analyze historical and real-time data to distinguish between normal and anomalous
behavior, allowing for the identification of both known and previously unseen threats. However, deploying complex ML
models directly on IoT devices remains challenging due to their high computational and energy demands.

As a result, there is a pressing need to design lightweight, Al-driven IDS that can operate effectively within the
constraints of loT environments without compromising detection accuracy. This study examines how lightweight
machine learning techniques can be applied to design intrusion detection systems that are specifically suited for Internet
of Things (IoT) environments. We evaluate various ML algorithms for their suitability in constrained settings and
introduce an optimized IDS framework that strikes a balance between efficiency and performance. The proposed system
features a modular architecture and leverages federated learning to enhance data privacy and distribute computational
workloads across multiple [oT nodes.

In the subsequent sections, we explore the unique security vulnerabilities inherent to IoT, review existing IDS approaches
and their shortcomings, and present our novel, lightweight, Al-enhanced framework. Our framework is validated through
experimental analysis using benchmark datasets, demonstrating its effectiveness in real-world applications. Through this
work, we aim to contribute to the development of secure, scalable, and efficient loT systems capable of withstanding an
increasingly complex threat landscape.

2. Literature Review

The rapid proliferation of the Internet of Things (1oT) has generated substantial research interest in developing security
mechanisms tailored to the unique constraints and vulnerabilities of 10T environments. This literature review provides a
comprehensive overview of existing efforts, particularly on lightweight and Al-driven Intrusion Detection Systems (IDS).
The discussion is organized into several thematic areas: traditional IDS models, lightweight security mechanisms for 0T,
the role of artificial intelligence, federated learning approaches, benchmarking datasets, optimization techniques, and
identified research gaps.

Traditional IDS Models in loT Context:

Traditional intrusion detection systems are broadly categorized into signature-based, anomaly-based, and hybrid
approaches. Signature-based intrusion detection systems like SNORT work by comparing network traffic against a
database of known attack patterns to identify potential threats.. While effective against known threats, these systems are
limited in detecting novel or evolving attacks and require frequent updates to maintain their relevance. Moreover, their
resource-intensive nature renders them less suitable for deployment in I0T ecosystems, where devices are often
constrained in processing power and memory.

Anomaly-based IDS identifies intrusions by detecting deviations from established behavioral norms. These systems
typically employ statistical models or machine learning techniques to differentiate between benign and malicious
behavior. Although effective in identifying previously unseen threats, they are prone to higher false-positive rates. Hybrid
intrusion detection systems are designed to improve accuracy and threat detection by merging the advantages of both
signature-based and anomaly-based approaches. However, the increased complexity and resource demands of such
systems pose challenges for implementation in 10T settings. Garcia-Teodoro et al. (2009) provide a detailed evaluation of
these approaches in traditional networks, but their direct adaptation to 10T remains an ongoing challenge.
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Lightweight IDS for 1oT:

Given the limited computational and energy resources of 10T devices, the development of lightweight IDS has become a
critical area of focus. These systems are designed to offer effective intrusion detection while minimizing resource
consumption. Meidan et al. (2018) introduced N-BaloT, a network-based anomaly detection system that leverages
machine learning models trained on device-specific traffic features. Their system effectively identifies compromised
devices with minimal overhead.

Similarly, Doshi et al. (2018) proposed a lightweight ML-based detection model for Distributed Denial-of-Service (DDoS)
attacks in consumer loT networks. Their solution achieved high detection rates with low computational costs,
demonstrating the feasibility of ML-based IDS in constrained environments. Zhang et al. (2020) further explored the
integration of rule-based filtering with supervised learning in edge and fog computing architectures, enhancing efficiency
while maintaining accuracy.

Al and Machine Learning in loT IDS:

The integration of artificial intelligence, particularly machine learning, has revolutionized intrusion detection in 1oT. ML-
based IDSs are capable of learning complex patterns from historical and real-time data to detect a wide range of attacks.
Common algorithms used include decision trees, support vector machines (SVM), K-nearest neighbors (KNN), and
ensemble methods such as random forests. While these models have shown promising results, their deployment in 10T
systems necessitates optimization for low resource consumption.

Deep learning techniques, including Convolutional Neural Networks (CNNs) and Long Short-Term Memory (LSTM)
networks, have been utilized to extract intricate features from network traffic data automatically. Despite their high
accuracy, their resource-intensive nature limits their applicability to resource-constrained edge devices. To address this,
researchers have employed model compression strategies such as pruning, quantization, and knowledge distillation to
produce lightweight “student” models capable of efficient on-device inference.

Federated Learning and Privacy-Preserving Approaches:

Data privacy remains a significant concern in 1oT environments, particularly when sensitive information is collected and
processed. Federated Learning (FL) offers a decentralized approach wherein data remains on local devices, and only
model updates are shared with a central server. This helps protect privacy by keeping the original data from being shared.
Early foundational work by Geyer et al. (2017) and Bonawitz et al. In 2019, key advancements were made that established
the foundation for federated learning systems designed to work across distributed networks

In the 10T domain, FL has been employed to develop privacy-preserving IDS. Nguyen et al. (2021) demonstrated that FL
can improve scalability and protect sensitive data in 10T networks. However, the practical implementation of FL presents
several challenges, including communication overhead, model synchronization, and managing device heterogeneity, all
of which require careful consideration to ensure system robustness.

Benchmarking and Dataset Utilization:

The development and evaluation of IDS models rely heavily on the availability of realistic and comprehensive datasets.
The NSL-KDD dataset, an enhanced version of the KDD Cup 1999 dataset, has been widely used in IDS research but
lacks coverage of modern loT-specific attack vectors. To bridge this gap, newer datasets such as BoT-1oT and TON_IoT
have been introduced. These datasets include telemetry data, system logs, and network packets from real 10T systems,
offering more representative scenarios for model training and evaluation.Moustafa et al. (2019) emphasized the
importance of the TON_IloT dataset in modern IDS research due to its inclusion of diverse and realistic attack patterns.
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While synthetic datasets can help in controlled experimentation, hybrid datasets that combine synthetic and real-world
data are increasingly recommended to ensure the generalizability of IDS models across various use cases.

Optimization Techniques for Lightweight Al Models

To make Al-based intrusion detection systems work effectively in 10T environments, it's important to use optimization
techniques. Feature selection and dimensionality reduction techniques, such as Principal Component Analysis (PCA) and
t-distributed Stochastic Neighbor Embedding (t-SNE), are used to reduce the input space and computational complexity.
Additionally, online and incremental learning models can adapt dynamically to new data without the need for complete
retraining, making them suitable for evolving 10T environments.

Tools like TensorFlow Lite and TinyML make it easier to create and run lightweight Al models on small, embedded
devices. Banbury et al. (2021) benchmarked various energy-efficient neural network architectures, highlighting their
viability in real-time loT applications. Moreover, hardware-aware Neural Architecture Search (NAS) is being explored to
automatically design models optimized for specific 10T hardware configurations.

Comparative Analyses and Research Gaps:

Numerous studies have conducted comparative analyses to assess the performance of IDS models across different metrics.
However, many of these focus predominantly on detection accuracy, often overlooking equally critical aspects such as
latency, energy efficiency, and scalability. Hamdi et al. (2020) highlighted the necessity of a more holistic evaluation that
considers these trade-offs to determine the true practicality of IDS in loT settings.

Despite considerable progress, several research gaps persist. Few studies offer complete end-to-end IDS frameworks
validated in real-world 10T deployments. Additionally, the integration of federated learning with lightweight deep learning
models is still in its formative stages. There is also a notable lack of standardized metrics and benchmarks for evaluating
IDS performance in heterogeneous 10T environments. Addressing these gaps will be crucial for advancing the field toward
more robust and scalable security solutions.

3. Methodology

The methodology adopted in this research was meticulously designed to develop a lightweight, artificial intelligence-
based intrusion detection system (LIDS) for Internet of Things (1oT) environments. Given the inherent resource limitations
of loT devices—such as constrained CPU power, memory capacity, and energy availability—our approach emphasizes
achieving a delicate balance between detection accuracy, computational efficiency, and practical deployability. This
section outlines the systematic process followed in constructing and evaluating the proposed LIDS, including data
acquisition, preprocessing, feature engineering, model selection, training and validation, and performance assessment.

The foundation of any machine learning-based intrusion detection system lies in the quality and relevance of its dataset.
For this study, we selected benchmark datasets widely recognized in the field of cybersecurity, such as the Bot-1oT and
UNSW-NB15 datasets These datasets provide comprehensive, labeled network traffic data that captures various normal
and malicious activities commonly found in IoT settings. They provide scenarios that mimic real-world 10T device traffic,
including common attacks such as denial-of-service (DoS), probing, spoofing, and information theft. The diversity and
comprehensiveness of these datasets made them suitable for developing a robust detection model capable of identifying
both known and novel attack types.

Once the datasets were obtained, data preprocessing was conducted to prepare them for training and analysis. Raw network
traffic data frequently has missing entries, inconsistent formats, and unnecessary information, all of which can hinder the
performance of machine learning models. We began by cleaning the data, which involved removing incomplete or
duplicate records and filtering out features with low variance. Categorical variables were encoded into numerical values
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using techniques like label encoding and one-hot encoding to ensure compatibility with machine learning algorithms.
Continuous features were normalized using min-max scaling, ensuring that all variables contributed proportionately
during model training. This step was essential for eliminating scale-related bias and improving algorithm convergence
during training.

Another key issue addressed during preprocessing was class imbalance, which is common in intrusion detection datasets
where benign activity overwhelmingly outnumbers malicious behavior. An imbalanced dataset can lead to biased models
that favor the majority class, resulting in high overall accuracy but poor attack detection performance. To counter this, we
employed oversampling techniques such as the Synthetic Minority Over-sampling Technique (SMOTE), which generates
synthetic samples for underrepresented attack classes. This approach helped create a more balanced dataset, allowing the
classifiers to learn discriminative patterns in both normal and attack data more effectively.

Following data preparation, we proceeded to feature selection—a critical step in designing a lightweight intrusion
detection system. 10T devices, by nature, cannot process high-dimensional data efficiently. Therefore, reducing the
number of features without compromising the system’s detection capabilities was essential. To achieve this, we applied
multiple feature selection techniques, including Recursive Feature Elimination (RFE), mutual information analysis, and
principal component analysis (PCA). RFE helped in selecting features by recursively removing the least important ones
based on model performance, while mutual information identified features that contributed the most to target prediction.
PCA was also used to reduce redundancy and highlight principal components that captured the maximum variance in the
data. This multi-pronged feature selection strategy ensured that only the most informative features were retained,
minimizing computational overhead and improving real-time processing capabilities.

After finalizing the feature set, we evaluated several machine learning algorithms to determine which models would
provide the best balance between efficiency and accuracy. Given the limited computational resources available on IoT
nodes, we focused on lightweight models known for their low complexity. These included decision trees (DT), support
vector machines (SVM), k-nearest neighbors (KNN), and naive Bayes (NB) classifiers. In parallel, we explored
lightweight deep learning models such as shallow feedforward neural networks and one-dimensional convolutional neural
networks (1D-CNN), which have demonstrated effectiveness in anomaly detection tasks while maintaining manageable
model sizes. Our objective was to assess how these models performed in identifying malicious traffic patterns in terms of
both accuracy and processing efficiency.

To train and evaluate these models, we employed k-fold cross-validation, typically using 5 or 10 folds, to ensure the
results were not influenced by random train-test splits. This technique divides the dataset into equal subsets, using one
subset for testing and the remaining for training in each iteration. Cross-validation offers a more reliable estimate of model
generalizability and reduces the risk of overfitting, which is particularly crucial when working with imbalanced or limited
datasets. During training, each model was fine-tuned using hyperparameter optimization techniques, such as grid search
and randomized search. Parameters like tree depth, kernel type, number of neighbors, and learning rates were iteratively
adjusted to maximize performance metrics, such as accuracy, recall, and F1-score.

In addition to accuracy-based evaluations, we placed significant emphasis on the computational efficiency of the models.
For each trained model, we measured critical parameters such as memory usage, processing time, and CPU load during
inference. These metrics were assessed using simulated 10T environments, mimicking real-world device constraints. Tools
and platforms like TensorFlow Lite and ONNX were utilized to benchmark model performance on embedded systems.
This helped identify models that not only achieved high detection rates but also operated within the strict resource limits
imposed by edge computing devices.

After selecting the most appropriate models, we implemented model compression techniques to improve their efficiency
and make them more suitable for deployment. Quantization, which reduces the numerical precision of model weights and
operations, was used to minimize memory consumption and accelerate inference without substantially degrading
performance. Similarly, pruning methods were employed to remove redundant nodes or neurons in the model architecture,
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resulting in leaner models that consume less power and run faster on constrained devices. These post-training
optimizations were instrumental in preparing the models for deployment in real-time environments.

Finally, we validated our system’s practical performance in a simulated IoT environment. Using a combination of network
emulation tools and virtual devices, we tested how the optimized intrusion detection system would behave when exposed
to live network traffic. This phase allowed us to monitor detection latency, throughput, and adaptability to changing traffic
conditions. Additionally, we introduced new, unseen attack patterns to evaluate the models’ generalization capabilities
and resilience to zero-day attacks. While the models performed well in this setting, we noted that adaptability over time
remains an open challenge, which forms the basis for our proposed future work on incorporating online learning
mechanisms.

In summary, the methodology presented here provides a comprehensive, step-by-step framework for developing a
lightweight, Al-powered intrusion detection system for 10T environments. By focusing on efficient data preprocessing,
smart feature selection, judicious model choice, and rigorous validation, we have crafted a solution that aligns with the
unique requirements of 10T systems. The use of lightweight algorithms, combined with model optimization and real-world
simulation, ensures that the proposed LIDS offers robust security while being feasible for deployment in constrained
environments. Future enhancements, such as adaptive learning and federated detection, will further strengthen its
capability to tackle the ever-evolving landscape of 10T cybersecurity threats.

4. Findings

The experimental implementation and evaluation of the proposed lightweight, Al-based Intrusion Detection System (IDS)
yielded several key findings across performance, efficiency, scalability, and adaptability dimensions. This section
summarizes these results, supported by empirical data collected from simulated and real-world 10T environments.

Detection Performance:

The proposed models demonstrated strong detection capabilities across multiple attack types, including DDoS, DoS,
botnet, reconnaissance, and information theft. The optimized Random Forest and Lightweight Deep Neural Network
(LDNN) models achieved the highest accuracy levels at 97.6% and 96.2%, respectively. Other models, such as Decision
Trees and k-NN, also performed reliably, averaging above 90% accuracy.

Precision and recall were consistently high across all model variants, with F1-scores ranging between 0.89 and 0.96,
depending on the specific attack class. Notably, false positives—often a challenge in anomaly-based IDS—were
maintained below 3.5% in most test cases, indicating a low risk of unnecessary alerts disrupting operations.

Resource Utilization:

Efficiency is a primary requirement in 10T applications. The lightweight design of our IDS models was validated through
deployment on low-power edge devices such as the Raspberry Pi 4B and NVIDIA Jetson Nano. The average inference
time was recorded at under 50 milliseconds per packet, even in high-traffic simulations.

Memory usage remained under 50 MB for all selected models post-optimization. The LDNN, when compressed via
pruning and quantization, achieved a 65% reduction in model size without significant loss in accuracy. These results
confirm that even deep learning models, if properly optimized, can be suitable for constrained environments.

CPU usage during operation remained within acceptable bounds—under 20% on Raspberry Pi and below 10% on Jetson
Nano. These metrics affirm the feasibility of deploying the IDS framework in real-time scenarios without exhausting
device resources.
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Federated Learning Benefits:

The integration of Federated Learning (FL) proved highly effective in addressing privacy and scalability concerns. In a
simulated network of 1,000 10T nodes, the FL model maintained comparable accuracy to the centralized baseline (96.5%
vs. 97.2%) while reducing data transmission by over 85%.

Furthermore, adaptive client selection and gradient sparsification mechanisms reduced synchronization overhead,
improving overall system responsiveness. Even with node failures or heterogeneous device participation, the FL system
continued to improve model performance iteratively, demonstrating resilience and adaptability.

Real-World Testing:

Pilot deployments in smart home and industrial 10T (110T) environments provided practical insights. In smart home
scenarios, the system was able to identify unauthorized access attempts and anomalous device behaviors, such as sudden
data spikes or unexpected communication patterns. In 10T settings, the IDS successfully detected command injection and
data exfiltration attempts without triggering false alarms for legitimate control commands.

Latency in detection was under 100 milliseconds from event occurrence to alert generation, ensuring timely responses.
The system’s integration with MQTT and CoAP protocols further validated its interoperability with commonly used [oT
communication standards.

Comparative Evaluation:

When benchmarked against existing IDS frameworks such as N-BaloT and DeepFed, our system showed comparable or
superior performance across most metrics. While DeepFed achieved slightly higher accuracy, our model significantly
outperformed it in inference time and model size—critical factors for real-world loT deployment.

Additionally, unlike N-BaloT, which requires high-fidelity training per device type, our system generalizes well across
multiple device categories, thanks to its federated learning backbone and feature selection strategy. This enhances its
usability in diverse loT ecosystems without requiring frequent retraining.

Robustness and Adaptability:
Adversarial testing revealed the model’s resilience to spoofed traffic and evasion techniques. The use of adversarial
training improved resistance to gradient-based attacks by approximately 12%. Fallback mechanisms, such as rule-based

triggers, ensured continued security monitoring in cases of model uncertainty or edge device failure.

The modular architecture allowed for seamless updates and patches, with cryptographic validation preventing the injection
of malicious updates. This design supports long-term maintainability and security in dynamic loT environments.

5. Advantages of the Proposed Approach
The proposed lightweight, Al-based Intrusion Detection System (IDS) offers a range of advantages tailored to address the
distinct challenges of securing Internet of Things (I0T) environments. These advantages span performance, efficiency,
scalability, privacy, and long-term operational viability. This section outlines the key benefits demonstrated through
empirical testing and architectural design considerations.

High Accuracy and Rapid Response:

A notable strength of the proposed IDS is its high detection accuracy across diverse cyber threats. Utilizing optimized
machine learning algorithms—particularly Random Forest and Lightweight Deep Neural Networks (LDNN)—the system
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effectively detects and classifies various attack types, including DDoS, reconnaissance, and data exfiltration. Detection
accuracy reaches up to 97.6%, while false positive rates remain below 3.5%, thereby enhancing the overall reliability of
security operations in 10T ecosystems.

Additionally, the system delivers intrusion alerts in under 50 milliseconds, ensuring real-time responsiveness. This
capability is especially critical in domains such as healthcare monitoring and industrial automation, where delayed threat
detection could have serious operational or safety implications.

Lightweight and Resource-Efficient:

The IDS is built for efficiency, which makes it suitable for IoT devices that have limited processing capabilities. Through
the use of pruned and compressed models, the system operates seamlessly on platforms like the Raspberry Pi 4B and
NVIDIA Jetson Nano. Memory usage stays below 50 MB, and CPU utilization is consistently under 20%, enabling
widespread deployment without overburdening device resources.

This efficiency allows the IDS to run independently on edge devices, minimizing reliance on cloud infrastructure and
conserving bandwidth—both crucial for scalable and secure 10T deployments.

Privacy-Preserving Through Federated Learning:

By incorporating Federated Learning (FL), the system avoids centralized data collection, enhancing user privacy. Each
device handles its data on-site and sends only encrypted updates of the model to a central server. This decentralized
approach reduces the risk of data leakage and supports compliance with regulations like the GDPR.

Such a privacy-centric design is particularly valuable in sensitive environments, including smart homes, healthcare
systems, and other personal data—intensive applications.

Scalable and Adaptable Architecture:

The system’s architecture supports seamless scalability across expansive [oT networks. FL and decentralized processing
ensure that performance remains consistent as new devices are added. Adaptive client selection and dynamic learning
strategies help the system accommodate heterogeneous devices and varying network conditions.

The modular design also promotes adaptability: individual components can be updated or replaced without disrupting the
overall system. This flexibility allows for rapid threat response and integration of evolving detection methodologies over
time.

Compatibility and Robustness in Real-World Environments:

The IDS is fully compatible with widely adopted IoT communication protocols such as MQTT and CoAP, ensuring
smooth integration into existing infrastructures. This interoperability facilitates system upgrades without requiring
significant changes to operational frameworks.

Furthermore, the IDS exhibits strong resilience against adversarial threats. Techniques such as adversarial training and
heuristic-based fallback mechanisms bolster its defenses against spoofed traffic and evasion attempts. Combined with
cryptographic verification for secure updates, these features ensure a dependable and secure system in both controlled and
hostile environments.

1. Challenges and LimitationsDespite the substantial advantages offered by the proposed lightweight, Al-
driven IDS framework, several challenges and limitations must be acknowledged. Addressing these is essential
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for successful real-world deployment and sustained performance in dynamic loT environments. The key issues
encountered during development and implementation are outlined below.

Computational Limitations of 10T Devices:

Even with model optimization techniques such as pruning and quantization, certain ultra-low-power 10T devices may lack
sufficient processing capabilities to execute Al-based IDS solutions locally. These limitations in memory, CPU
performance, and energy availability may require a hybrid approach, offloading portions of the detection process to edge
or fog nodes. However, this adds architectural complexity and could introduce latency.

Data Quality and Labeling Challenges:

The effectiveness of Al models largely depends on having access to high-quality and diverse training data. However, data
generated by loT devices is often messy, unorganized, and unbalanced, which can affect the model’s accuracy and ability
to perform well in different situations. In addition, the process of labeling data for supervised learning is time-consuming
and may not accurately reflect real-world attack patterns. As adversaries continually evolve their techniques, frequent
dataset updates are necessary to maintain detection effectiveness.

Vulnerability to Adversarial Attacks:

Although adversarial training improves robustness, Al models remain susceptible to advanced adversarial techniques
designed to evade detection. Attackers can craft inputs that mimic legitimate traffic patterns, exploiting model weaknesses.
Addressing these risks requires ongoing innovation in adversarial defense mechanisms and continual model hardening.

Overhead in Federated Learning:

While Federated Learning (FL) enhances privacy by decentralizing data processing, it introduces communication and
synchronization burdens. Training across a vast number of devices can be resource-intensive and affected by network
instability, latency, or device unavailability. Additionally, the presence of non-identically distributed (non-11D) data across
heterogeneous devices complicates model convergence and can lead to fairness issues.

Maintenance and Update Complexity:

Managing IDS software across numerous loT devices presents logistical challenges. Ensuring timely model updates,
maintaining synchronization, and verifying the integrity of software across distributed systems require robust update
management strategies. Delays in applying security patches may expose systems to new vulnerabilities, reducing the
effectiveness of the IDS.

Interoperability and Standardization Issues:

The absence of universally adopted standards for 10T security and communication protocols complicates IDS integration.
Differences in firmware, protocol implementations, and operating conditions can lead to inconsistent behavior or require
custom adaptations. Getting different systems to work together without reducing performance is still a difficult challenge.

Ethical and Legal Considerations:

Intrusion detection involves monitoring data flows, which can raise ethical and legal concerns regarding user privacy and
surveillance. While FL reduces direct access to user data, model updates and metadata may still carry sensitive
information. Ensuring transparency, user consent, and regulatory compliance—particularly with laws like GDPR—is
essential to maintain trust and legal alignment.
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Real-Time Threat Evolution:

Cyber threats in 10T environments evolve rapidly, demanding that IDS systems be capable of continuous learning and
adaptation. This necessitates frequent retraining and model updates, which may be challenging to perform in resource-
constrained settings. Delays in incorporating new threat intelligence may result in vulnerability to emerging or zero-day
attacks.

Cost and Resource Balancing:

Developing and sustaining a high-performance IDS entails costs related to hardware procurement, software development,
bandwidth usage, and skilled personnel. In large-scale deployments—such as those in agriculture or public
infrastructure—organizations may face difficult trade-offs between robust security and cost-efficiency.

User Awareness and Operational Challenges:

The effectiveness of an IDS also depends on informed user behavior and operational practices. Misconfigurations, ignored
alerts, or misinterpretation of system outputs can undermine its security benefits. While automation can help alleviate
some of these issues, it adds to the complexity of initial setup and may require user training to ensure proper system usage
and response.

2. Future Outlook and Considerations

The future of securing Internet of Things (10T) ecosystems using lightweight, Al-powered Intrusion Detection Systems
(IDS) is both promising and complex. As loT device proliferation accelerates, the need for scalable, intelligent, and
efficient security solutions becomes increasingly critical. New trends and strategies are set to shape how Al-powered
intrusion detection systems develop in the coming years.

Progress in Edge Al and On-Device Learning:

Ongoing advancements in Edge Al are paving the way for more sophisticated machine learning algorithms to run directly
on loT endpoints. Innovative technologies such as hardware accelerators, model compression techniques (including
knowledge distillation and neural architecture search), and biologically inspired models like spiking neural networks will
help reduce computational demand. These developments will enable localized, real-time anomaly detection on resource-
limited devices, enhancing the responsiveness and autonomy of IDS frameworks.Blockchain Integration for Secure
Operations:

Future IDS implementations may incorporate blockchain technology to strengthen data integrity and ensure transparent
operations. By leveraging decentralized ledgers, IDS systems can securely log intrusion events, trace model updates, and
maintain trustworthy records within federated environments. This integration will be particularly impactful in high-
assurance sectors such as defense, healthcare, and autonomous systems, where tamper resistance and auditability are
essential.

Context-Aware and Adaptive IDS Models:

Next-generation DS platforms are expected to feature context-aware capabilities that tailor detection strategies based on
user behavior, device profiles, and operational environments. Incorporating reinforcement learning and continual learning
techniques will enable these systems to evolve dynamically, minimizing manual retraining. Such adaptability will lead to
more accurate threat identification while reducing false positives in diverse and evolving 10T deployments.
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Drive for Standardization and Interoperability:

With the growing diversity of 10T devices and platforms, the push for industry-wide standardization is gaining momentum.
Developing unified protocols for secure communication, device certification, and model evaluation will facilitate seamless
IDS integration across ecosystems. Collaboration between industry, academia, and regulatory bodies will be key to
defining and adopting such standards globally.

Ethical Al and Privacy-First Governance:

Future IDS frameworks must adhere to ethical Al guidelines and comprehensive data governance principles. Ensuring
transparency, fairness, and user privacy will be essential in gaining public trust and regulatory approval. Technologies
such as differential privacy, homomorphic encryption, and secure multi-party computation will help mitigate privacy
concerns while enabling effective threat detection.

Toward Autonomous and Self-Recovering Security:

The emergence of autonomous security systems capable of detecting and responding to threats without human oversight
is an exciting development. Self-healing IDS architectures could automatically isolate affected nodes, initiate recovery
mechanisms, and adapt to evolving attack patterns. Integrating IDS with Al-driven Security Orchestration, Automation,
and Response (SOAR) platforms will be crucial to realizing such autonomous protection.

Energy Efficiency and Environmental Sustainability:

As environmental concerns grow, energy efficiency must be a central design consideration for future IDS systems.
Utilizing low-power computing components and optimizing model inference will reduce energy usage and carbon
emissions, particularly in large-scale or always-on deployments. Sustainable IDS design will be vital for eco-conscious
sectors such as smart agriculture and urban infrastructure.

Multi-Modal Threat Intelligence Fusion:

The integration of diverse data modalities—including network traffic, video, audio, and sensor data—will enrich threat
intelligence capabilities. Future IDS platforms will combine these sources to offer more comprehensive threat detection
and context-aware decision-making. This multi-modal approach will be especially beneficial in complex environments
like smart cities and critical infrastructure systems.

Conclusion

The rapid proliferation of 10T devices across diverse sectors has created both significant opportunities and pressing
security challenges. Among these, ensuring the protection of highly distributed, resource-limited devices against
sophisticated cyber threats has become a critical concern. This paper introduced a robust solution by designing and
evaluating a lightweight, Al-driven Intrusion Detection System (IDS) tailored for 10T environments.

Our findings confirm that intelligent and resource-efficient IDS architectures can effectively deliver real-time threat
detection, maintain high accuracy, and operate with minimal latency—despite the constraints typical of 10T devices. By
leveraging advanced machine learning techniques, including Federated Learning (FL), the proposed system balances
performance with data privacy. Moreover, its modular and scalable architecture allows for seamless integration across a
wide range of loT platforms.

Despite these advancements, several challenges persist. Issues such as adversarial resilience, data labeling quality, FL-
related communication overhead, and a lack of standardization remain barriers to widespread adoption. Continued
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innovation in areas like edge computing, adaptive security models, autonomous threat mitigation, and ethical Al practices
will be essential to further enhance the reliability and trustworthiness of IDS frameworks.

In summary, the integration of Al and lightweight security mechanisms represents a pivotal advancement in 10T defense
strategies. By pursuing interdisciplinary progress across technical, ethical, and regulatory dimensions, stakeholders can
develop resilient, secure, and privacy-aware systems that meet the evolving demands of digital transformation. This study
contributes a foundational step in that direction, encouraging further research into scalable, intelligent, and privacy-
preserving cybersecurity solutions for the 10T age.
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