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Abstract: 

Modern cyber threats, known for their complexity and constant change, surpass traditional intrusion 

detection systems (IDS). This paper explores a new security approach that combines Artificial Intelligence 

(AI) with decentralized architectures to develop IDS that are robust, scalable, and protect user privacy. It 

examines the core roles of Federated Learning (FL) and Blockchain, highlighting three main research 

challenges: The vulnerability of AI models to adversarial attacks, privacy and data integrity concerns in 

collaborative learning, and performance limitations in distributed systems. To address these issues, we 

suggest solutions such as adversarial training, differential privacy, and lightweight consensus mechanisms. 

Our analysis of case studies shows that hybrid FL-Blockchain systems outperform traditional methods in 

practical application environments. 
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I. INTRODUCTION 

A. The Evolving Threat Landscape and the Limitations of Centralized IDS 

The modern digital ecosystem features an ever-growing attack surface and increasingly complex cyber 

threats. Adversaries now run sophisticated campaigns involving zero-day exploits, Advanced Persistent 

Threats (APTs), and large-scale Distributed Denial of Service (DDoS) attacks, leveraging extensive 

networks of compromised devices. Traditional Intrusion Detection Systems (IDS), which are based on a 

centralized design, are ill-suited for this environment. They mainly depend on static, signature-based 

detection, which is effective against known threats but often ineffective against new, unknown attack 

methods. 

 

Additionally, the centralized architecture itself poses a significant vulnerability. Collecting and analyzing 

traffic from multiple endpoints at a single point creates performance issues, a single point of failure, and 

raises serious concerns regarding data privacy. In the context of strict data protection laws, centralizing 

sensitive logs and user data poses a significant risk that many organizations seek to avoid. These structural 

and methodological issues necessitate a comprehensive reevaluation of network security strategies.    

 

B. The AI Revolution in Cybersecurity: From Signature to Anomaly Detection 

The rise of Artificial Intelligence (AI), especially through Machine Learning (ML) and Deep Learning 

(DL), has sparked a major shift in intrusion detection. It moves away from the reactive, signature-based 

approach to a proactive, anomaly-based one that adapts over time. Unlike older systems, AI-powered IDS 

do not depend on a fixed database of known threats; instead, they analyze large datasets to learn what 

normal network activity looks like. Any deviation from this baseline is flagged as a potential intrusion, 

allowing the system to detect new and zero-day threats accurately. 
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Deep Learning models such as Convolutional Neural Networks (CNNs), Recurrent Neural Networks 

(RNNs), and Long Short-Term Memory (LSTM) networks excel at this. They can interpret complex, high-

dimensional network data to spot subtle patterns over time and space that humans and simpler algorithms 

often miss. This enables AI-based systems to deliver higher detection accuracy and significantly reduce 

false positives compared to traditional methods.  

 

C. The Decentralization Imperative: Motivations for Distributed Security Architectures 

While AI offers the intelligence needed to tackle modern threats, its standard deployment in centralized 

systems remains a vulnerability. Decentralization has become a crucial architectural goal to address these 

issues, motivated by three major reasons. First, safeguarding privacy is critical; decentralized models 

prevent the need to send sensitive raw data to a central server, enabling analysis where the data already 

exists. Second, scalability is vital for contemporary networks, especially the vast Internet of Things (IoT), 

where billions of devices produce enormous data. A decentralized approach disperses computational and 

storage demands, avoiding central bottlenecks. Third, resilience is improved by eliminating single points 

of failure, resulting in a more robust and fault-tolerant security infrastructure. 

 

Leading this decentralization shift are two key technologies: Federated Learning (FL) and Blockchain. FL 

allows collaborative training of models across distributed nodes without sharing the underlying data, while 

blockchain provides a distributed, tamper-proof ledger to ensure trust and integrity. Together, they 

underpin a new generation of Intrusion Detection Systems (IDS). 

 

This shift from isolated, perimeter-focused security to a distributed system marks a fundamental change 

in cybersecurity philosophy. It moves from simple detection within a closed network to a collective 

defense approach. Traditional IDS operates independently, so an attack detected in one organization 

provides no immediate benefits to others. Even centralized AI models, while more advanced, are limited 

to their own data boundaries. Federated Learning helps overcome these barriers by enabling multiple 

entities to jointly train a powerful detection model, where insights from an attack on one participant 

quickly strengthen defenses across all, without risking data privacy. Blockchain technology then adds an 

essential trust layer: ensuring model updates and security alerts are tamper-proof and traceable. This 

creates a trustworthy framework for collective security efforts. By combining AI with decentralization, 

intrusion detection shifts from a solo pursuit to a collaborative effort, where the system's strength relies 

on the trusted, collective intelligence of the entire network. 

 

D. Thesis Statement and Paper Structure 

This paper argues that combining Artificial Intelligence with decentralized frameworks, especially hybrid 

models that integrate Federated Learning and Blockchain, is the most promising approach to develop next-

generation Intrusion Detection Systems. These systems aim to be intelligent, private, scalable, and 

trustworthy. The paper supports this by examining key technologies, highlighting research challenges 

arising from their integration, suggesting effective mitigation strategies, and reviewing empirical evidence 

from cutting-edge implementations. 

 

II. FOUNDATIONAL TECHNOLOGIES IN MODERN IDS 

A. AI-Powered Threat Intelligence: A Deep Dive into Learning Models 

1) Supervised and Unsupervised Learning Techniques (CNN, RNN, LSTM) 

Modern IDS effectiveness primarily stems from the advanced pattern recognition capabilities of Deep 

Learning models. These models outperform traditional algorithms such as Support Vector Machines 

(SVMs) and Decision Trees, especially in handling the large volume and high dimensionality of current 

network traffic data. 
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Convolutional Neural Networks (CNNs), originally developed for image analysis, have been successfully 

adapted for intrusion detection. They excel at detecting spatial hierarchies and local patterns within 

network data, such as byte sequences in packet payloads or feature relationships in flow records. Using 

convolutional filters, CNNs can automatically identify features associated with malicious activity, thereby 

minimizing manual feature engineering. 

 

Recurrent Neural Networks (RNNs) and their advanced forms, Long Short-Term Memory (LSTM) and 

Gated Recurrent Units (GRU), are crucial for analyzing the time-based dynamics of network traffic. 

Designed for sequential data, these models are perfect for recognizing patterns across a series of network 

packets or events over time. This is especially important for identifying complex, multi-stage attacks like 

Advanced Persistent Threats (APTs), where malicious behavior is only evident when viewing the entire 

sequence of actions.    

 

2) Reinforcement Learning for Adaptive Defense 

While supervised and unsupervised models excel at learning from existing data, Reinforcement Learning 

(RL) adds a dynamic, adaptive layer to network defense. An RL-based IDS functions as an autonomous 

agent that learns to make optimal security decisions through direct interaction with its network 

environment. The RL agent is trained using a reward-and-penalty system: successful threat identification 

and mitigation are rewarded, while false alarms or missed detections are penalized. 

 

This learning approach allows the IDS to adopt a proactive defense stance, automatically optimizing 

firewall rules, adjusting access policies, and executing responses in real time without needing explicit 

human input for each scenario. This ongoing learning process enables the system to adapt to new attack 

methods and changing network conditions, paving the way for self-healing, fully autonomous security 

systems. 

 

B. Architectures of Decentralization 

AI model intelligence is maximized when deployed within architectures that overcome the main 

limitations of centralization. Decentralized frameworks underpin privacy, scalability, and trust. 

 

1) Federated Learning (FL): Collaborative Training with Data Privacy 

Federated Learning is a distributed machine learning approach that separates model training from direct 

access to raw data. The process is iterative and collaborative: 

a) Initialization: A central server establishes a global model and shares it with selected client nodes 

(such as endpoints, IoT gateways, or entire organizational networks). 

b) Local Training: Each client trains the model locally using its own private data, which remains within 

its environment. 

c) Update Transmission: After local training, each client sends its model updates — such as weights or 

gradients — to the server without transmitting raw data. 

d) Aggregation: The server combines these updates (using algorithms such as Federated Averaging, or 

FedAvg) to build a better global model. 

e) Iteration: This improved model is then sent back to clients, and the cycle repeats. 

 

This method enables diverse participants to collaboratively develop a robust AI model that leverages their 

collective data while safeguarding sensitive information, forming the foundation of privacy-preserving 

collaborative security. 
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2) Blockchain Technology: Establishing Trust and Immutability 

Blockchain functions as the fundamental structure for establishing trust and integrity in a decentralized 

system without depending on a central authority. It is a distributed, cryptographically linked, and 

immutable ledger. The key components related to IDS include:  

 

a) Distributed Ledger: All network participants maintain a copy of the ledger, providing redundancy 

and resilience. 

b) Immutability: Once transactions are validated and added to the chain, they are secured with 

cryptographic hashes, making them nearly impossible to alter or delete. This provides a tamper-proof 

audit trail. 

c) Consensus Mechanisms: Algorithms like Proof-of-Work (PoW) or Proof-of-Stake (PoS) ensure 

agreement among all participants on transaction validity before they are recorded, preventing 

fraudulent entries. 

d) Smart Contracts: Self-executing contracts with terms embedded in code can automate tasks such as 

verifying security alerts or distributing updated IDS rules transparently and deterministically. 

 

In an IDS setting, blockchain can be employed to generate a verifiable record of intrusion alerts, device 

identities, and shared threat intelligence, ensuring this vital information remains unaltered by malicious 

actors. 

 

3) Hybrid Frameworks: The Synergy of FL and Blockchain 

The most advanced decentralized IDS architectures combine Federated Learning and Blockchain, 

leveraging each to address the other's weaknesses. This combination aims to resolve the 'Trust-Privacy-

Performance Trilemma,' where optimizing for two attributes often compromises the third. 

 

For example, FL-only systems maintain strong privacy by keeping data local but rely on trust in a central 

aggregator. They lack mechanisms to verify the integrity of model updates, making them vulnerable to 

poisoning attacks and raising trust issues. On the other hand, traditional blockchain-based IDS provides 

high trust and data integrity through its immutable ledger but can compromise privacy due to its public 

nature. Additionally, its consensus mechanisms may cause high latency, affecting real-time performance. 

 

Hybrid frameworks like Blockchain-enabled Federated Learning for Intrusion Detection Systems 

(BFLIDS) and "Federated Learning-Enhanced Blockchain Intrusion Detection" (FL-BCID) address this 

trilemma. They use FL primarily for privacy-preserving collaborative training, while a permissioned 

blockchain layer serves as a trusted, auditable platform. Model updates from FL clients are recorded as 

blockchain transactions, with smart contracts enforcing rules, validating contributions, and automating 

aggregation. This integrated approach makes the training process private, transparent, auditable, and 

tamper-resistant, providing a balanced, robust solution. 

 

III. CORE RESEARCH CHALLENGES IN AI-POWERED, DECENTRALIZED IDS 

The intersection of AI and decentralization shows promise but poses complex research challenges that 

must be addressed to unlock their full potential. These challenges include ensuring AI model robustness, 

securing collaborative learning processes, and optimizing the performance of the underlying distributed 

systems. 

 

A. Challenge 1: Ensuring robustness Against Adversarial Attacks 

1) Understanding Evasion and Poisoning Attacks on AI Models 

The same learning mechanisms that empower AI models also make them vulnerable to adversarial threats. 

These attacks aim to exploit how models learn and predict, mainly falling into two types: 
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a) Evasion Attacks:  

Predominant in deployed IDSs, attackers craft malicious inputs—such as network packets or traffic 

flows—by subtly altering them in ways invisible to signature-based systems. These changes can push the 

data across the model’s decision boundary, leading to misclassification as benign. The goal is to evade 

detection during inference.    

 

b) Poisoning Attacks:  

Targeting the training phase, attackers inject small amounts of malicious samples into the training data. 

This "poisoned" data aims to corrupt the learning process, either reducing overall accuracy or creating a 

"backdoor". A backdoored model performs normally on most inputs but misclassifies specific, attacker-

defined triggers. 

 

2) Impact on IDS Efficacy: Misclassification and System Compromise 

Errors and System Risks Adversarial attacks significantly threaten AI- based IDS. Successful evasion 

attacks can bypass defenses, allowing malicious activities to go unnoticed. These attacks exploit the high- 

dimensional linearity of neural networks, making it easier for attackers to find minimal perturbations for 

misclassification. 

 

In decentralized systems like Federated Learning, poisoning attacks are especially dangerous. A single 

malicious participant can introduce poisoned updates, which are averaged into the global model. Such 

sabotage can undermine the entire network, turning a collective defense into a vulnerability point. 

 

B. Challenge 2: Ensuring Privacy and Integrity in Collaborative Learning 

1) Vulnerabilities in Federated Learning: Inference and Model Poisoning Attacks 

Although Federated Learning aims to protect privacy, it is not foolproof. The updates shared by clients—

such as gradients or weights—do not include raw data, but they still reveal subtle information about the 

private data used for training. Advanced inference attacks can examine these updates across multiple 

rounds to reconstruct or deduce sensitive details of a client's training set, resulting in potential privacy 

breaches. 

Moreover, the accuracy of the global model relies on the honesty of all participants. As noted, a malicious 

client could deliberately carry out a model poisoning attack by sending specially designed, harmful 

updates. The aim is to distort the global model's functioning, either to reduce its overall effectiveness or 

to establish backdoors for future exploitation. Without a method to authenticate each contribution, the 

central aggregator remains susceptible to these manipulations. 

 

2) The Paradox of Transparency: Blockchain and Data Exposure Risks 

Blockchain's main advantage is its transparency and immutability, establishing a reliable basis for trust 

and audits. However, this transparency can pose risks if not properly controlled. Placing sensitive security 

details, like detailed intrusion alerts, network topology, or full model parameters, on a public blockchain 

would make them accessible to everyone, including malicious actors. This presents a paradox: the very 

system that fosters trust might also enable information leaks.    

Effective architectures therefore require privacy-preserving designs. This typically entails using 

permissioned (private) blockchains, where access is limited to authorized nodes, and adopting an off-chain 

storage approach. In this setup, only cryptographic hashes or metadata are recorded on the blockchain, 

while most sensitive data are stored securely in separate locations such as the InterPlanetary File System 

(IPFS). 
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C. Challenge 3: Achieving Scalability and Real-Time Performance 

1) The Overhead of Decentralization: Communication and Computational Costs 

Decentralized systems inherently add overhead that centralized architectures do not. In Federated 

Learning, repeatedly distributing a global model and aggregating updates from many clients can result in 

substantial network traffic. This communication burden may become a key bottleneck, particularly in 

extensive IoT networks with limited bandwidth devices or when managing large, intricate deep learning 

models. 

  

Blockchain systems face both computational and storage overheads. Every node must process 

transactions, run smart contracts, and store a copy of the entire ledger. As the blockchain expands, storage 

demands grow, and reaching consensus can become resource-heavy. 

 

2) Consensus Bottlenecks and Transaction Latency in Blockchain-Based IDS 

The primary performance challenge for blockchain in real-time security is latency from consensus 

mechanisms. Protocols like Proof-of-Work (PoW), used in public blockchains such as Bitcoin, are 

intentionally slow and require significant computation to guarantee security. Mining and confirming a 

transaction can take minutes to hours, which is too slow for an IDS that must detect and respond to threats 

within milliseconds. 

 

This "consensus bottleneck" makes traditional public blockchains unsuitable for high-throughput, low-

latency applications like intrusion detection. An alert recorded on the blockchain might only be confirmed 

long after the attack has happened. To solve this, research is focused on developing more efficient, 

lightweight consensus protocols designed for permissioned environments, where greater trust among 

participants enables faster validation. 

 

These issues are interrelated, often creating a cycle where fixing one problem worsens another. For 

example, improving performance and scalability (Challenge 3) might mean using a simpler, faster 

consensus protocol. But these protocols are usually less secure, increasing the risk of manipulation and 

weakening integrity (Challenge 2). To address this, advanced AI models can vet transactions before they 

are added. However, complex AI models expand the attack surface and are more vulnerable to adversarial 

attacks (Challenge 1). The main defense is adversarial training, which is computationally demanding and 

adds load to each node, further impairing performance (Challenge 3). This cycle demonstrates that a 

resilient system must integrate security, privacy, and performance strategies rather than tackling each 

separately. 

 

IV. RECOMMENDATIONS AND MITIGATION STRATEGIES 

Tackling the intricate, interconnected issues of AI-driven, decentralized IDS requires a comprehensive 

approach. Strategies should focus on strengthening AI models through adversarial training and defensive 

structures, safeguarding privacy and integrity within the collaborative framework, and refining the 

distributed architecture for better performance. 

A. Enhancing AI Models with Adversarial Training and Defensive Architectures 

The main safeguard against adversarial threats is adversarial training. This involves enriching the training 

dataset with adversarial examples crafted to mislead the model. Training with both benign and malicious-

looking, correctly labeled samples encourages the development of more robust, generalized features. This 

process helps smooth decision boundaries, thereby reducing sensitivity to small, targeted perturbations 

that are often exploited in evasion attacks. Though highly effective, adversarial training may slightly 

decrease natural accuracy on unaltered, benign data. Current research aims to strike a balance between 

robustness and maintaining high natural accuracy. Apart from training strategies, architectural defenses 

bolster resilience: - 

 

https://www.ijfmr.com/


 

International Journal for Multidisciplinary Research (IJFMR) 

 
E-ISSN: 2582-2160   ●   Website: www.ijfmr.com   ●   Email: editor@ijfmr.com 

 

IJFMR250661781 Volume 7, Issue 6, November-December 2025 7 

 

a) Ensemble Methods:  

Combining diverse AI models makes it harder for attackers to create adversarial examples that fool all of 

them simultaneously. 

b) Gradient Masking:  

Concealing or obfuscating gradient information impedes attacks that rely on gradient-based optimization 

to find optimal perturbations. 
 

B. Cutting-Edge Privacy Techniques for Federated Learning 

To mitigate remaining privacy threats, such as inference attacks, advanced cryptographic and statistical 

methods, collectively known as Privacy-Preserving Federated Learning (PPFL), can be used. 

 

a) Differential Privacy (DP):  

Adds statistically calibrated noise to model updates before they reach the aggregator, masking individual 

data contributions and making it infeasible to infer private data. A key parameter in DP is the privacy 

budget, epsilon (ϵ), which controls the trade-off between privacy and model accuracy (utility). 

b) Homomorphic Encryption (HE):  

Enables computations directly on encrypted data. In an FL setting, clients can encrypt their model updates 

before sending them to the server. The server can then aggregate these encrypted updates to create an 

encrypted global model update, all without ever decrypting individual contributions. This ensures that the 

server learns nothing about the personal updates, thereby maintaining a high level of privacy. 

c) Secure Multi-Party Computation (SMPC):  

Protocols that enable multiple parties to jointly compute functions without revealing their private inputs, 

thereby supporting decentralized aggregation without the need for a trusted server. 
 

C. Building Scalable and Efficient Decentralized Systems 

To address scalability and performance issues in real-time IDS, the system architecture must be optimized. 

For blockchain components, choosing lightweight consensus protocols over resource-heavy ones is 

crucial. 

1) Delegated Proof-of-Stake (DPoS):  

In this model, participants in the network vote for a limited, fixed number of "delegates" who are 

responsible for validating transactions and creating blocks. This approach significantly reduces the 

communication and computational effort required for consensus, enabling high throughput and low 

latency. 

2) Proof-of-Authority (PoA):  

This protocol is designed for private or consortium blockchains where participants are verified and trusted. 

Block creation is carried out by a designated group of authorized "authorities," ensuring rapid and energy-

efficient operations. This makes it ideal for high-frequency activities such as logging security alerts in IoT 

environments. 

 

For Federated Learning, hierarchical topologies enhance scalability by utilizing intermediate aggregators 

to reduce communication load, along with model compression to decrease update sizes and bandwidth 

utilization. 

 

V. PERFORMANCE ANALYSIS AND CASE STUDIES 

Empirical research is increasingly supporting the theoretical benefits of AI-powered, decentralized IDS. 

This section reviews key case studies illustrating their performance, security, and scalability in real-world 

or near-real-world scenarios. The table below offers a high-level comparison of the architectural 

paradigms discussed. 
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TABLE I.  COMPARATIVE ANALYSIS OF DECENTRALIZED IDS ARCHITECTURES 

Parameter Centralized AI-

IDS 

Federated 

Learning (FL) 

IDS 

Blockchain-only 

IDS 

Hybrid FL-

Blockchain IDS 

Key 

Technology 

Central Server, 

ML/DL 

FL, Central 

Aggregator 

DLT, Consensus, 

Smart Contracts 

FL, DLT, Smart 

Contracts 

Privacy 

Guarantees 

Low (Data 

Centralized) 

High (Data 

Localized) 

Medium 

(Pseudonymous, 

on-chain data) 

Very High (FL + Off-

chain data) 

Data Integrity Medium (Server 

is trusted) 

Low (Vulnerable to 

poisoning) 

Very High 

(Immutable 

Ledger) 

Very High 

(Blockchain-verified) 

Scalability Low (Server 

Bottleneck) 

Medium 

(Communication 

Overhead) 

Low (Consensus 

Overhead) 

High (Hierarchical 

FL + Lightweight 

Consensus) 

Latency Low 

(Centralized) 

Medium 

(Aggregation 

Rounds) 

High (Block 

Confirmation 

Time) 

Medium-Low 

(Optimized 

Consensus) 

Adversarial 

Robustness 

Dependent on 

model 

Dependent on 

model + poisoning 

risk 

High (Integrity of 

rules) 

High (Model + 

Integrity) 

Suitability for 

IoT 

Poor Good Poor Excellent 

 

A. Case Study: The FL-BCID Framework for Industrial IoT Security 

A clear example of hybrid architecture is the Federated Learning-Enhanced Blockchain Framework (FL-

BCID), which is specifically designed to secure Industrial Internet of Things (IIoT) environments. 

 

1) Architectural Design:  

FL-BCID combines federated learning (FL) for privacy-focused, decentralized model training directly on 

IIoT edge devices, preventing the need to transmit sensitive industrial process data. It employs a 

permissioned blockchain as a trusted, auditable backend, with smart contracts managing the FL lifecycle. 

These contracts record model updates from edge devices and anomaly scores as unchangeable 

transactions, creating a verifiable record of the model's training history and performance, thereby ensuring 

accountability and integrity. 

2) Performance Gains:  

Tested on standard IIoT security datasets (ToN-IoT and N-BaIoT), the FL-BCID framework achieved 

impressive results. It attained a threat detection accuracy of 97.3% and reduced communication overhead 

by 41% compared to traditional centralized methods that depend on raw data collection.  
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This case study strongly indicates that hybrid architectures can effectively address the trust-privacy-

performance trade-off, offering a secure, efficient, and practical solution for industrial applications. 

 

B. Case Study: Scalable Blockchain IDS with Lightweight Consensus for IoT 

Addressing the key performance bottlenecks of blockchain is crucial for its effective use in real-time 

intrusion detection systems, particularly within resource-constrained IoT networks. Several studies have 

focused on developing and evaluating lightweight consensus protocols. 

 

1) Consensus Analysis: 

Research indicates that protocols such as Delegated Proof-of-Stake (DPoS) and Proof-of-Authority (PoA) 

are more suitable for IoT security than Proof-of-Work (PoW). These protocols are tailored for 

permissioned environments where nodes have established identities, enabling much faster transaction 

validation. 

2) Performance Results:  

An evaluation of a DPoS-based framework for IoT data management revealed remarkable performance. 

The system achieved an extremely low transaction latency of under 0.976 ms and showed linear 

scalability, reaching 500 Transactions Per Second (TPS) with 500 nodes—a notable enhancement over 

PoS. Likewise, a PoA-based approach for securing smart grids achieved low latency suitable for real-time 

monitoring, while reducing energy use on IoT devices by shifting heavy computations to edge servers. 

These results demonstrate that with appropriate consensus mechanisms, blockchain can satisfy the high-

performance requirements of real-time security applications.    
 

C. 5.3 Case Study: Federated Learning for Anomaly Detection on the CICIDS2017 Dataset 

To evaluate the overhead of adding blockchain to an FL workflow, a study used the well-known 

CICIDS2017 intrusion detection dataset. 

 

1) Model Performance and Implementation:  

The research involved a federated learning setup where multiple participants jointly trained an autoencoder 

for anomaly detection. A permissioned blockchain (MultiChain) was incorporated to ensure an 

unchangeable record of model updates during federated averaging. 

2) Impact of Blockchain Integration:  

The main finding was the measurable effect of blockchain on overall performance. Results indicated that 

the added complexity and processing for blockchain caused a modest overhead of only 5-15% to the 

federated learning process. This important conclusion demonstrates that blockchain’s benefits, including 

trust, auditability, and integrity, can be achieved with only a minor performance hit, making the hybrid 

approach feasible in practice. 
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VI. CONCLUSION 

 
 

A. Synthesis of Findings and Answers to Research Questions 

This paper discusses the shift in intrusion detection caused by the merging of Artificial Intelligence and 

decentralized systems. The findings show that combining these technologies provides a strong solution to 

the drawbacks of traditional, centralized security approaches. AI offers the intelligence needed to identify 

advanced, zero-day threats, while decentralization ensures privacy, scalability, and resilience. The study 

of three main research challenges uncovers a complex interaction of vulnerabilities and compromises. 

 

1) Adversarial Attacks:  

AI models are naturally susceptible to evasion and poisoning attacks, which can render an IDS ineffective. 

Adversarial training is recommended and proven to improve model robustness. 

2) Privacy and Integrity:  

Decentralized learning still faces risks of privacy leaks through inference attacks and integrity issues via 

model poisoning. Techniques such as differential privacy, Homomorphic Encryption, and blockchain-

based verifiable integrity are crucial for creating a secure collaborative environment. 

3) Performance and Scalability:  

The extra overhead from decentralization can impact real-time performance. Case studies demonstrate 

that this can be managed effectively with lightweight consensus protocols and optimized design, making 

these architectures suitable for demanding settings like IoT. 

 

Overall, empirical evidence suggests that hybrid frameworks combining Federated Learning and 

Blockchain are superior, effectively balancing trust, privacy, and performance to achieve high detection 

accuracy, strong privacy, and real-time scalability. 

 

B. The Future Trajectory: Towards Autonomous, Resilient, and Trustworthy IDS 

The field of AI-powered, decentralized IDS is advancing quickly, with several key research paths likely 

to influence its future. Incorporating Explainable AI (XAI) is vital for transitioning away from opaque 

"black box" models. XAI methods offer straightforward, human-understandable explanations for 

decisions made by sophisticated AI systems, increasing transparency, aiding audits, and fostering trust 

among security analysts. 
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As quantum computing advances, the cryptographic bases of existing systems will face significant threats. 

Research into post-quantum cryptography (PQC) is crucial to maintain the long-term security and viability 

of these decentralized systems. Moreover, ongoing progress in autonomous response and self-healing 

networks, driven by advanced Reinforcement Learning, aims to develop fully adaptive defense ecosystems 

capable of detecting, isolating, and recovering from security breaches in real-time with little human input. 

 

C. Final Thoughts on the Emerging Security Framework 

The merging of Artificial Intelligence and decentralization signals more than just an incremental tech 

breakthrough; it marks the emergence of a new security framework. This shift departs from the fragile, 

isolated defenses of earlier times and heads toward proactive, collaborative, and verifiably reliable security 

systems. By allowing entities to work together in defense while maintaining their privacy and control, 

these systems are well-suited to meet the challenges of today's complex threat environment. Although 

there are still many research hurdles, the principles and technologies presented here provide a strong 

foundation for future intrusion detection and network security. 
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