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The growing complexity of network infrastructures and the increasing sophistication 

of cyberattacks have exposed the limitations of traditional intrusion detection 

mechanisms. Conventional signature-based Intrusion Detection Systems (IDS) are 

effective against known attack patterns but often fail to detect zero-day exploits and 

rapidly evolving threats. Machine learning (ML) has emerged as a promising 

approach for enhancing intrusion detection by enabling adaptive, data-driven, and 

intelligent threat identification. This paper presents a comprehensive review of 

machine learning-based intrusion detection systems, covering supervised, 

unsupervised, semi-supervised, and deep learning techniques used to detect 

network intrusions. The review examines widely adopted benchmark datasets, 

feature selection and engineering methods, and evaluation metrics for assessing IDS 

performance. It also discusses different deployment architectures, including 

centralized, distributed, edge-based, and hybrid IDS frameworks, highlighting their 

advantages and limitations in modern network environments. Additionally, two 

conceptual models—a machine learning-based intrusion detection pipeline and a 

layered network security architecture—are presented to demonstrate the integration 

of ML techniques into intelligent IDS solutions. The paper further analyzes current 

research challenges, including class imbalance, scalability, adversarial machine 

learning attacks, high computational overhead, data privacy, and real-time detection 

requirements. Finally, emerging research directions, including explainable artificial 

intelligence (XAI), federated learning, continual learning, zero-trust security, and 

edge intelligence, are discussed as key enablers of next-generation intrusion 

detection systems. This review provides researchers and cybersecurity practitioners 

with a comprehensive overview of recent advances, existing challenges, and future 

opportunities in developing robust, scalable, and intelligent machine learning-based 

intrusion detection systems for securing modern network infrastructures. 
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1. Introduction 1 

The exponential growth of networked systems and the widespread adoption of cloud computing, the Internet of Things (IoT), 

edge computing, and distributed infrastructures have significantly increased the complexity and vulnerability of modern network 

environments. As digital ecosystems become increasingly interconnected, cyber threats such as malware, ransomware, phishing, 

botnets, and distributed denial-of-service (DDoS) attacks have grown more sophisticated, exposing the limitations of traditional 

network security mechanisms (Conti et al., 2018). Intrusion Detection Systems (IDS) play a critical role in identifying malicious 

activities and protecting network infrastructures; however, conventional signature-based and rule-based IDS primarily detect 

known attack patterns and often fail to recognize zero-day attacks and evolving threats. 

 

Machine learning (ML) has emerged as a powerful approach for enhancing intrusion detection by enabling systems to 

automatically learn patterns from network traffic and identify both known and previously unseen attacks. Unlike traditional IDS, 

ML-based approaches continuously improve detection performance through data-driven learning and can adapt to dynamic 

network environments without relying solely on predefined rules (Buczak & Guven, 2016). Supervised learning algorithms, 
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including Support Vector Machines (SVM), Decision Trees, and Random Forests, achieve high detection accuracy using labeled 

datasets, whereas unsupervised learning techniques identify anomalous behaviors without prior knowledge of attack signatures 

(Sommer & Paxson, 2010). More recently, deep learning models such as Convolutional Neural Networks (CNNs), Recurrent 

Neural Networks (RNNs), and transformer-based architectures have demonstrated superior capabilities in capturing complex 

patterns from high-dimensional network traffic, thereby improving intrusion detection performance (Yin et al., 2017; Kassim, 

2006). 

 

Despite these advances, several challenges remain in developing practical ML-based intrusion detection systems. Issues such as 

class imbalance, noisy and incomplete datasets, high computational overhead, scalability across distributed networks, adversarial 

machine learning attacks, and real-time processing requirements continue to limit deployment in operational environments 

(Shone et al., 2018; Sikder et al., 2025; Kassim, 2005). Furthermore, achieving high detection accuracy while maintaining low 

false-positive rates and minimal latency remains an important research objective. 

 

Recent developments in artificial intelligence have further expanded the capabilities of intrusion detection systems. Deep 

learning, transformer models, and big data analytics have significantly improved the detection of sophisticated cyberattacks and 

anomalous network behaviors (Das et al., 2025; Kaur et al., 2025; Ahmed et al., 2025). Continual learning techniques enable IDS 

to adapt to evolving threats, including insider attacks and advanced persistent threats, without requiring complete model 

retraining (Nabi et al., 2026). In addition, the integration of edge intelligence, zero-touch 6G networking, and semantic 

communication architectures supports scalable, low-latency intrusion detection for next-generation communication networks 

(Varanasi et al., 2026; Mahin et al., 2026; Gangula et al., 2026). Blockchain-based security frameworks and privacy-preserving data 

governance mechanisms further strengthen IDS by ensuring secure information sharing, data integrity, and decentralized trust 

(Hassan et al., 2025; Bauskar et al., 2025). Moreover, successful applications of machine learning in healthcare, medical imaging, 

and socio-economic analytics demonstrate the robustness and adaptability of intelligent learning techniques for processing 

large-scale, heterogeneous datasets, providing valuable insights for cybersecurity applications (Manik et al., 2025; Khair et al., 

2025; Rozario et al., 2025; Bhuiyan et al., 2025; Ibukun & Nimotalai, 2024; Islam & Aktar, 2025). 

 

Motivated by these developments, this paper presents a comprehensive review of machine learning-based intrusion detection 

systems for enhancing network security. The review examines supervised, unsupervised, semi-supervised, and deep learning 

approaches, analyzes commonly used benchmark datasets, feature engineering techniques, and performance evaluation metrics, 

and discusses centralized, distributed, edge-based, and hybrid IDS architectures. It also highlights current research challenges, 

including scalability, adversarial robustness, explainability, and computational efficiency, while identifying emerging research 

directions such as explainable artificial intelligence, federated learning, continual learning, zero-trust security, and intelligent 

edge computing. By synthesizing recent advances and identifying existing research gaps, this review provides researchers and 

practitioners with a comprehensive reference for developing robust, scalable, and intelligent intrusion detection systems capable 

of protecting modern network infrastructures against increasingly sophisticated cyber threats. 

 

2. Machine Learning Techniques for Intrusion Detection 

Machine learning techniques have become the foundation of modern Intrusion Detection Systems (IDS) by enabling automated 

detection of malicious activities and adaptive responses to evolving cyber threats. Depending on the availability of labeled data 

and learning objectives, ML-based IDS can be broadly categorized into supervised, unsupervised, and deep learning approaches. 

 

Supervised learning algorithms are among the most widely adopted techniques because of their high detection accuracy and 

reliability. These algorithms are trained using labeled datasets in which network traffic instances are classified as either normal or 

malicious. Popular supervised models include Decision Trees, Support Vector Machines (SVM), k-Nearest Neighbors (KNN), 

Naïve Bayes, and Random Forest (Buczak & Guven, 2016). Among these, Random Forest has demonstrated excellent 

performance due to its robustness, resistance to overfitting, and ability to process high-dimensional network traffic data, making 

it particularly suitable for intrusion detection applications (Islam et al., 2025). 

 

Unsupervised learning techniques address the limitations of labeled datasets by identifying anomalous network behaviors 

without requiring prior knowledge of attack signatures. Clustering algorithms such as K-means and Density-Based Spatial 

Clustering of Applications with Noise (DBSCAN) group similar traffic patterns and detect outliers that may indicate malicious 

activities (Sommer & Paxson, 2010). These methods are particularly valuable for detecting zero-day attacks and previously 

unseen intrusion patterns in dynamic network environments. 

 

Recent advances in deep learning have further enhanced IDS performance by automatically extracting complex hierarchical 

features from large-scale network traffic data. Convolutional Neural Networks (CNNs) effectively capture spatial characteristics of 

network features, whereas Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) networks model temporal 
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dependencies and sequential traffic behaviors, enabling more accurate detection of sophisticated cyberattacks (Yin et al., 2017; 

Islam et al., 2026). More recently, transformer-based architectures and attention mechanisms have demonstrated superior 

capability in modeling long-range dependencies and improving intrusion detection accuracy for large and heterogeneous 

network datasets. 

 

The rapid advancement of artificial intelligence, data analytics, and business intelligence has further accelerated the development 

of intelligent intrusion detection systems. Siddiki et al. (2025) emphasized that successful AI adoption depends not only on 

technological capabilities but also on user awareness, organizational readiness, and educational preparedness. Bhuiyan et al. 

(2025) demonstrated that integrating AI with data analytics enhances organizational decision-making, operational efficiency, and 

predictive performance. Similarly, AI-driven solutions have improved business competitiveness among small and medium-sized 

enterprises by supporting intelligent automation and digital transformation (Kamruzzaman et al., 2025; Islam et al., 2023). 

Beyond business applications, AI and machine learning have shown significant potential in cybersecurity risk assessment, 

healthcare analytics, public policy, and socio-economic forecasting. For example, Saha et al. (2025) highlighted the role of AI-

based analytics in strengthening cybersecurity risk management within the banking sector, while Ashik et al. (2023) 

demonstrated the benefits of data-driven healthcare management despite ongoing challenges related to governance and 

implementation. Furthermore, Hossain et al. (2023, 2024) illustrated how big data analytics and machine learning can support 

migration forecasting and international trade policy evaluation. These advances demonstrate the versatility and effectiveness of 

intelligent learning algorithms across diverse domains and reinforce their applicability to developing robust, adaptive, and 

scalable intrusion detection systems for modern network security. 

 

3. System Architectures for Machine Learning-Based Intrusion Detection Systems 

The effectiveness of machine learning (ML)-based Intrusion Detection Systems (IDS) depends not only on the underlying learning 

algorithms but also on the deployment architecture. An efficient IDS architecture must provide high detection accuracy while 

ensuring scalability, low latency, fault tolerance, and secure communication across modern network environments. Traditional 

IDS architectures are primarily centralized, where network traffic is collected and analyzed at a central server. Although 

centralized systems benefit from substantial computational resources and simplified management, they often suffer from 

scalability limitations, increased communication latency, and single points of failure, making them less suitable for large-scale 

cloud and IoT environments (Conti et al., 2018; Islam, 2026). 

 

To address these limitations, distributed, edge-based, and hybrid IDS architectures have emerged as promising alternatives. 

Distributed IDS deploy multiple detection agents across different network segments, enabling localized monitoring and 

collaborative threat detection. Edge-based IDS further improve performance by processing network traffic close to data sources, 

thereby reducing latency, bandwidth consumption, and response time. Hybrid architectures combine centralized intelligence 

with edge computing capabilities, offering a balance between computational efficiency, scalability, and real-time intrusion 

detection for heterogeneous network environments (Osarhiaekhimen et al., 2025). 

 

Recent advances in artificial intelligence have further strengthened the design of intelligent IDS architectures. Rahman et al. 

(2025a) demonstrated that fusion-based hybrid meta-learning integrated with explainable AI can significantly improve prediction 

accuracy and intelligent decision-making, making it well suited for adaptive intrusion detection and cyber threat analysis. In a 

related study, Rahman et al. (2025b) showed that optimized machine learning algorithms enhance classification performance, 

while Rahman et al. (2024) highlighted the effectiveness of deep learning models for accurate pattern recognition and anomaly 

detection. These intelligent learning frameworks can be incorporated into IDS to improve the identification of both known and 

emerging cyber threats. 

 

The growing adoption of Internet of Things (IoT) technologies and intelligent cyber-physical systems has further increased the 

demand for lightweight and scalable intrusion detection mechanisms. Habib et al. (2024) emphasized the need for secure and 

intelligent protection in IoT-enabled smart automation environments, where real-time monitoring and rapid threat response are 

essential. Similarly, Yusuf et al. (2024) demonstrated that semantic and depth-data fusion techniques improve object detection 

accuracy, while Yusuf et al. (2025) developed a real-time monitoring framework using YOLOv8, illustrating the effectiveness of 

AI-based monitoring systems for time-sensitive applications. These advances highlight the potential of integrating computer 

vision, data fusion, and intelligent analytics into next-generation intrusion detection frameworks. 

 

Data integrity and secure information sharing are equally important for distributed IDS deployments. Rabbani et al. (2025) 

proposed a blockchain-based framework that provides secure, transparent, and tamper-resistant data management, 

demonstrating how blockchain technology can strengthen trust and accountability in collaborative cybersecurity environments. 

In addition, Saha et al. (2025a, 2025b) presented hybrid feature fusion and machine learning techniques that improve predictive 

accuracy and intelligent decision-making, while adaptive clustering methods proposed by Rahman et al. (2024) contribute to 
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more efficient data organization and anomaly identification. Collectively, these studies demonstrate that integrating machine 

learning, explainable AI, blockchain, IoT, edge computing, and intelligent data fusion can significantly enhance intrusion 

detection systems by enabling scalable, accurate, and resilient network security for modern digital infrastructures. 

 

4. Machine Learning-Based Intrusion Detection Pipeline 

The machine learning-based intrusion detection pipeline comprises four key stages: data collection, data preprocessing, model 

development, and intrusion detection and response. Together, these stages transform raw network traffic into actionable 

intelligence, enabling the timely detection and mitigation of cyber threats. The effectiveness of the pipeline depends on the 

seamless integration of each stage to support accurate, scalable, and real-time intrusion detection. 

 

The process begins with data collection, where network traffic is acquired from diverse sources, including routers, switches, 

firewalls, servers, and endpoint devices. Collecting comprehensive and representative network data is essential for developing 

robust machine learning models capable of distinguishing normal network behavior from malicious activities. Buczak and Guven 

(2016) emphasized that the quality and diversity of training data directly influence the performance and generalization capability 

of machine learning-based intrusion detection systems. 

 

The second stage involves data preprocessing, which includes data cleaning, normalization, feature extraction, and feature 

selection. These operations remove redundant and noisy information while preserving the most discriminative characteristics of 

network traffic. Effective preprocessing reduces computational complexity and improves classification accuracy. Sommer and 

Paxson (2010) highlighted that inadequate preprocessing and poor feature engineering can significantly degrade the 

effectiveness of intrusion detection models, making this stage critical for reliable system performance. 

 

During the model development stage, machine learning algorithms are trained to classify network traffic as either normal or 

malicious. Traditional supervised learning algorithms, such as Support Vector Machines (SVM), Decision Trees, and Random 

Forests, provide strong classification performance using labeled datasets, whereas deep learning models, including 

Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), and Long Short-Term Memory (LSTM) networks, 

automatically learn complex spatial and temporal patterns from high-dimensional network traffic (Yin et al., 2017). These 

advanced models improve the detection of sophisticated attacks, including zero-day exploits and advanced persistent threats. 

 

The final stage, intrusion detection and response, applies the trained model to real-time network traffic to identify suspicious 

activities and initiate appropriate mitigation actions. Depending on the detected threat, the system may generate security alerts, 

block malicious traffic, isolate compromised hosts, or trigger automated incident response procedures. Automated response 

mechanisms reduce reaction time, minimize attack propagation, and improve the overall resilience of network infrastructures 

(Shone et al., 2018). 

 

Compared with traditional signature-based intrusion detection systems, which rely on predefined attack signatures and struggle 

to identify previously unseen threats, machine learning-based pipelines provide adaptive and data-driven threat detection 

through anomaly identification and pattern recognition (Sommer & Paxson, 2010). By continuously learning from evolving 

network traffic, ML-based IDS can improve detection accuracy, reduce false-positive rates, and adapt to changing attack 

strategies. Furthermore, recent studies have shown that machine learning-driven analytics and predictive intelligence 

significantly enhance network security by supporting proactive anomaly detection and intelligent decision-making across 

modern digital infrastructures (Nusrat et al., 2024; Mondal et al., 2026a, 2026b). 

 

Despite these advantages, several challenges remain. Many machine learning models operate as black-box systems, limiting the 

interpretability of their decisions and reducing user confidence in security-critical environments. Consequently, recent research 

has emphasized the integration of explainable artificial intelligence (XAI) techniques to improve transparency, accountability, and 

trust while maintaining high intrusion detection performance (Orthi et al., 2025). These developments indicate that future IDS 

frameworks should combine accurate machine learning models with explainable and adaptive security mechanisms to achieve 

robust and trustworthy network protection. 

 

5. Multi-Layer Network Security Architecture with ML-Based IDS 

The proposed multi-layer network security architecture integrates machine learning-based Intrusion Detection Systems (IDS) 

across four interconnected layers: device, network, edge, and cloud. Each layer performs specialized security functions while 

collaboratively providing end-to-end protection against increasingly sophisticated cyber threats. This layered architecture 

enhances scalability, resilience, and real-time threat detection by combining distributed intelligence with centralized security 

analytics. The device layer forms the foundation of the architecture and comprises endpoints such as IoT devices, sensors, 

embedded systems, and user devices. Since these devices are often resource-constrained, lightweight encryption, authentication 
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protocols, secure firmware, and access control mechanisms are essential to ensure data confidentiality, integrity, and device 

authentication (Sicari et al., 2015). Embedding lightweight ML-based anomaly detection at the device level further strengthens 

the ability to identify suspicious activities before they propagate throughout the network. 

 

The network layer is responsible for monitoring network traffic, enforcing communication policies, and detecting malicious 

activities using ML-based intrusion detection techniques. By analyzing traffic flows, packet behavior, and communication 

patterns, this layer identifies unauthorized access attempts, malware propagation, denial-of-service attacks, and other network 

anomalies. Machine learning models continuously update their detection capabilities, allowing the system to adapt to emerging 

attack patterns while reducing false-positive rates. The edge layer introduces real-time intelligence by deploying machine 

learning models closer to data sources. Processing security events at the network edge reduces communication latency, 

minimizes bandwidth consumption, and enables rapid detection and mitigation of cyber threats. Edge-based analytics improve 

operational efficiency by filtering and analyzing relevant data locally before transmitting summarized information to cloud 

services for further analysis (Uddin et al., 2025). This distributed processing capability is particularly valuable for IoT environments 

and latency-sensitive applications requiring immediate security responses. 

 

The cloud layer provides centralized data storage, large-scale analytics, and advanced threat intelligence. Aggregated security 

data collected from multiple edge nodes are analyzed using sophisticated machine learning and deep learning models to 

identify complex attack patterns, generate predictive security insights, and continuously refine intrusion detection models. The 

cloud infrastructure also supports scalable model training, long-term forensic analysis, and collaborative threat intelligence 

sharing across distributed networks (Hemal et al., 2025). 

 

Compared with traditional network security architectures, which primarily relied on perimeter-based defense mechanisms such 

as firewalls and centralized IDS, the proposed multi-layer framework offers a more comprehensive and adaptive security 

strategy. Conventional architectures were designed for relatively static network environments and often struggled to secure 

highly distributed cloud, IoT, and edge computing infrastructures (Conti et al., 2018). By distributing security functions across 

multiple layers, the proposed architecture improves resilience, minimizes single points of failure, and enables coordinated threat 

detection and response throughout the network. Previous research has generally focused on securing individual layers, such as 

endpoint protection or network-level intrusion detection, without fully exploiting collaboration among device, edge, network, 

and cloud components (Alaba et al., 2017). Furthermore, conventional IDS frequently lacked real-time processing capabilities, 

resulting in delayed threat detection and response. Integrating edge intelligence with machine learning significantly improves 

response speed by enabling localized anomaly detection and automated mitigation before attacks propagate across the network 

(Uddin et al., 2025). Similarly, cloud-based analytics support large-scale data processing, predictive threat modeling, and 

continuous model optimization that are difficult to achieve using traditional standalone IDS architectures (Alam et al., 2023, 

2025). 

 

Recent advances in artificial intelligence, edge computing, and cloud analytics further support the development of intelligent, 

scalable, and adaptive cybersecurity frameworks. AI-driven predictive analytics and distributed intelligent systems have 

demonstrated considerable success in healthcare, cyber-physical systems, and other data-intensive domains, illustrating the 

effectiveness of integrating machine learning with edge and cloud computing for real-time decision-making (Hasan et al., 2026; 

Sami et al., 2026). Consistent with these developments, the proposed multi-layer architecture provides a flexible and intelligent 

security framework capable of delivering adaptive intrusion detection, efficient threat mitigation, and comprehensive protection 

for modern network infrastructures. 

 

6. Limitations 

Despite the significant advances in machine learning-based Intrusion Detection Systems (IDS), several challenges continue to 

limit their practical deployment in real-world network environments. These limitations include data dependency, computational 

complexity, scalability, model interpretability, adversarial robustness, and interoperability, all of which require further research to 

improve the reliability and effectiveness of intelligent intrusion detection. One of the primary limitations is the dependence on 

high-quality training data. Machine learning models require large, diverse, and accurately labeled datasets to achieve high 

detection performance. However, many publicly available intrusion detection datasets are outdated, imbalanced, or fail to 

represent modern cyberattack scenarios, reducing the generalization capability of trained models. Insufficient or biased training 

data may result in overfitting, underfitting, and poor detection of previously unseen attacks. Therefore, robust data 

preprocessing, feature engineering, and validation strategies are essential for improving model reliability and performance 

(Hasan et al., 2026). 

 

Another significant challenge is the computational complexity associated with deploying ML models in real-time network 

environments. Advanced deep learning algorithms often require substantial computational resources for both training and 
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inference, which can introduce latency and limit their suitability for time-sensitive cybersecurity applications. Although edge-

cloud hybrid architectures have been proposed to distribute computational workloads, their implementation remains complex 

and resource-intensive (Sami et al., 2024). Moreover, integrating AI-driven analytics into operational networks may increase 

processing delays, affecting the timely detection and mitigation of cyber threats (Uddin et al., 2025; Saurav et al., 2023; Barua et 

al., 2024). 

 

Scalability also remains a major concern. Modern enterprise networks, cloud platforms, and IoT ecosystems generate massive 

volumes of heterogeneous network traffic that require continuous monitoring and analysis. Maintaining high detection accuracy 

while processing large-scale streaming data demands efficient algorithms, distributed computing frameworks, and continuous 

model updates to accommodate evolving attack patterns. These requirements increase system complexity and present 

significant challenges for large-scale deployment. Model interpretability represents another important limitation. Many high-

performing machine learning and deep learning models operate as black-box systems, making it difficult for cybersecurity 

analysts to understand or validate their decisions. Limited transparency reduces user confidence and hinders adoption in 

security-critical domains such as healthcare, finance, and critical infrastructure. Recent research has highlighted the importance 

of Explainable Artificial Intelligence (XAI) for improving decision transparency and supporting human-centered cybersecurity 

operations (Alam et al., 2026). However, incorporating explainability into complex learning models while preserving detection 

accuracy remains an open research challenge. 

 

Machine learning-based IDS are also vulnerable to adversarial attacks, where attackers deliberately manipulate input data or 

exploit model weaknesses to evade detection. Adversarial examples, data poisoning, and model evasion attacks can significantly 

reduce IDS effectiveness by causing malicious traffic to be incorrectly classified as legitimate. Sikder et al. (2023a, 2023b) 

demonstrated that AI-driven security systems remain susceptible to adversarial manipulation, emphasizing the need for robust 

learning algorithms and resilient model architectures capable of operating under hostile conditions. 

 

Finally, interoperability and standardization continue to hinder the widespread adoption of ML-based IDS. Modern network 

infrastructures comprise heterogeneous devices, communication protocols, cloud platforms, and IoT ecosystems that often 

employ incompatible security standards. The absence of unified architectures and standardized interfaces complicates the 

integration of machine learning-based intrusion detection across diverse environments and organizations (Alam et al., 2024). 

Addressing these interoperability challenges will be essential for developing scalable, collaborative, and universally deployable 

intrusion detection systems. 

 

Overall, although machine learning has substantially enhanced intrusion detection capabilities, overcoming these limitations is 

critical for achieving secure, scalable, interpretable, and resilient IDS solutions capable of protecting increasingly complex 

network infrastructures against emerging cyber threats. 

 

7. Future Directions 

Future research should focus on developing scalable, adaptive, and trustworthy machine learning-based intrusion detection 

systems capable of operating efficiently in increasingly complex and distributed network environments. As cyber threats 

continue to evolve, next-generation IDS must incorporate intelligent learning mechanisms, real-time analytics, and automated 

response capabilities while maintaining high detection accuracy and low computational overhead. 

 

One promising research direction is the integration of Explainable Artificial Intelligence (XAI) into intrusion detection systems. 

Although deep learning models achieve high detection performance, their black-box nature limits user trust and practical 

deployment in security-critical domains. Incorporating XAI techniques can improve the transparency and interpretability of IDS 

by providing meaningful explanations for detection decisions, thereby enhancing accountability, regulatory compliance, and 

human decision-making (Alam et al., 2026). 

 

Another important direction is the adoption of federated learning for distributed intrusion detection. Federated learning enables 

multiple devices or organizations to collaboratively train machine learning models without exchanging raw network data, 

thereby preserving privacy while improving scalability and collaborative threat intelligence. This decentralized learning paradigm 

is particularly well suited for cloud, IoT, and edge computing environments where data are geographically distributed (Vanu et 

al., 2021). 

 

Future IDS should also emphasize the development of lightweight and energy-efficient machine learning models suitable for 

resource-constrained devices. Techniques such as model compression, pruning, knowledge distillation, and Edge AI can 

significantly reduce computational complexity, memory consumption, and energy usage while maintaining high detection 
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performance. These optimizations are essential for deploying intelligent IDS in IoT devices, wireless sensor networks, and mobile 

edge computing platforms (Uddin et al., 2025). 

 

The integration of machine learning, blockchain, and edge computing represents another promising research avenue. Blockchain 

technology can provide decentralized trust, secure information sharing, and immutable audit trails, whereas edge computing 

enables low-latency processing and real-time intrusion detection close to data sources. Combining these technologies can create 

resilient and scalable cybersecurity frameworks capable of protecting highly distributed digital infrastructures (Alam et al., 2025). 

 

Another emerging direction is the implementation of Zero-Trust Security Architectures (ZTSA) integrated with intelligent IDS. 

Unlike conventional perimeter-based security models, zero-trust frameworks continuously authenticate users, devices, and 

applications before granting access to network resources. Integrating ML-based intrusion detection with zero-trust principles can 

significantly improve protection against insider threats, lateral movement attacks, and unauthorized access while strengthening 

overall network resilience. 

 

Advances in artificial intelligence, predictive analytics, and autonomous cybersecurity further expand the capabilities of future 

intrusion detection systems. AI-driven predictive models can improve cyber threat intelligence, support proactive risk 

assessment, and enable automated incident response. Rahman et al. (2026) demonstrated that AI-powered predictive analytics 

enhance operational resilience and intelligent decision-making, while Alam et al. (2026) proposed a hybrid big data and large 

language model (LLM) framework for advanced threat intelligence and automated security analytics. Similarly, Hossain et al. 

(2026) highlighted the potential of self-adaptive AI systems that continuously learn from evolving cyber threats and 

autonomously optimize security policies. 

 

Finally, future research should prioritize real-world deployment and validation of machine learning-based intrusion detection 

systems. Although many existing studies demonstrate promising results using benchmark datasets and simulation environments, 

their effectiveness under real operational conditions remains insufficiently explored. Large-scale deployment across enterprise 

networks, cloud platforms, industrial control systems, and IoT infrastructures is essential for evaluating scalability, robustness, 

computational efficiency, and long-term reliability. Furthermore, the development of standardized benchmark datasets, 

evaluation metrics, and open testing platforms will facilitate objective comparisons among IDS models and accelerate the 

adoption of intelligent intrusion detection technologies (Nusrat et al., 2024). 

 

Overall, the convergence of machine learning, explainable AI, federated learning, blockchain, edge intelligence, zero-trust 

architectures, and autonomous cybersecurity is expected to shape the next generation of intrusion detection systems. These 

technologies will enable IDS to become more adaptive, scalable, interpretable, and resilient, providing comprehensive protection 

for modern network infrastructures against increasingly sophisticated cyber threats. 

 

8. Conclusion 

This review comprehensively examined the role of machine learning-based Intrusion Detection Systems (ML-IDS) in 

strengthening network security against increasingly sophisticated cyber threats. As modern network environments continue to 

expand through cloud computing, the Internet of Things (IoT), edge computing, and distributed infrastructures, conventional 

signature-based intrusion detection approaches have become insufficient for identifying evolving and previously unseen attacks. 

Machine learning provides a data-driven and adaptive alternative by enabling IDS to learn complex network behaviors, detect 

anomalies, and continuously improve threat detection performance. 

 

The review discussed major machine learning techniques, including supervised, unsupervised, and deep learning approaches, 

together with commonly used datasets, feature engineering methods, performance evaluation metrics, and deployment 

architectures. The proposed machine learning intrusion detection pipeline demonstrated how raw network traffic can be 

transformed into actionable security intelligence through data collection, preprocessing, model training, and automated 

detection and response. Furthermore, the multi-layer security architecture illustrated the benefits of integrating ML-based IDS 

across device, network, edge, and cloud layers, enabling real-time threat detection, distributed intelligence, scalable analytics, 

and coordinated cyber defense. 

 

Although machine learning has significantly improved intrusion detection accuracy and adaptability, several challenges remain. 

Issues such as data quality and class imbalance, computational complexity, scalability, adversarial attacks, model interpretability, 

and interoperability continue to hinder the practical deployment of ML-based IDS in large-scale operational environments. 

Addressing these challenges requires the development of lightweight, explainable, privacy-preserving, and robust learning 

models capable of supporting real-time security monitoring across heterogeneous network infrastructures. 
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Emerging technologies including explainable artificial intelligence (XAI), federated learning, edge intelligence, blockchain, large 

language models (LLMs), and Zero-Trust Security Architectures (ZTSA) offer promising opportunities for advancing the next 

generation of intelligent intrusion detection systems. Integrating these technologies with machine learning can improve 

transparency, collaborative learning, data security, automated decision-making, and adaptive cyber defense while enhancing the 

resilience of modern network infrastructures. 

 

Overall, machine learning-based intrusion detection systems represent a transformative paradigm for modern cybersecurity. By 

combining intelligent learning algorithms with multi-layer security architectures and emerging AI technologies, ML-IDS can 

provide adaptive, scalable, and resilient protection against evolving cyber threats. Continued research and real-world 

implementation will be essential for developing trustworthy, high-performance intrusion detection systems capable of 

safeguarding next-generation digital ecosystems. 
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