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Abstract

Network Intrusion Detection Systems (NIDS) play a vital role in modern cybersecurity by identifying and
mitigating cyber threats such as malware, denial-of-service (DoS) attacks, and unauthorized access.
However, the increasing complexity of networks, the growing adoption of encryption, and sophisticated
evasion techniques pose significant challenges to NIDS effectiveness. Traditional signature-based detection
methods struggle with high false positive and false negative rates, while anomaly-based approaches face
difficulties in distinguishing legitimate traffic from malicious activities. Additionally, the rapid evolution of
zero-day attacks and adversarial machine learning further complicates intrusion detection.

This paper explores the key challenges faced by NIDS, including encrypted traffic analysis, evasion tactics,
scalability in high-speed networks, and the lack of high-quality datasets for training detection models. We
review existing solutions, including signature-based, anomaly-based, and hybrid approaches, as well as
machine learning and deep learning techniques. Furthermore, we discuss future directions such as Al-driven
self-learning NIDS, privacy-preserving analysis of encrypted traffic, quantum-resistant security
mechanisms, and distributed edge-based architectures. By integrating cutting-edge technologies, NIDS can
enhance real-time threat detection, reduce false positives, and improve scalability. This study aims to
contribute to the development of more adaptive, intelligent, and efficient intrusion detection systems capable
of defending against the ever-evolving landscape of cyber threats.
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\.Introduction

Network Intrusion Detection Systems (NIDS) are a critical component in the defense mechanisms of modern
computer networks. These systems are designed to monitor and analyze network traffic in real time, identifying
potentially harmful or unauthorized activities such as malware, denial-of-service (DoS) attacks, and intrusions by
unauthorized entities [']. As cybersecurity threats become increasingly sophisticated and varied, the role of NIDS
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has expanded from simply identifying known attack signatures to detecting novel, unknown threats through
advanced anomaly detection techniques [Y].

The significance of NIDS in cybersecurity cannot be overstated. With the constant evolution of internet-connected
devices, data breaches, and cyberattacks targeting both individuals and organizations, NIDS have become an
essential tool in securing networks and maintaining data integrity [¥]. The ability to detect attacks in their early
stages can prevent serious damage, minimize financial losses, and safeguard sensitive information from
unauthorized access or theft. The primary goal of NIDS is to detect intrusions and alert system administrators to
malicious activities that might otherwise go undetected, allowing organizations to respond quickly to potential
threats [ ¢].

However, the increasing complexity of modern networks poses several challenges for the effective operation of
NIDS. Large-scale networks with high traffic volumes or encrypted communications may overwhelm traditional
detection systems, leading to delayed responses or inaccurate threat assessments [©]. Moreover, the growing use of
sophisticated evasion techniques by attackers makes it more difficult for NIDS to identify intrusions reliably.
Attackers often use obfuscation methods such as tunneling, traffic fragmentation, or polymorphic malware, which
can evade detection by traditional signature-based methods [1]. Furthermore, the use of encryption, especially with
protocols like TLS/SSL, has compounded these challenges by obscuring network traffic, rendering many
conventional detection methods less effective [V].

The landscape of cybersecurity threats continues to evolve, with increasingly complex and well-coordinated attacks,
including Advanced Persistent Threats (APTs), making it imperative for NIDS to adapt [A]. While traditional
methods based on predefined attack signatures remain useful, the detection of new, previously unknown threats
requires the use of more adaptive techniques, including machine learning (ML) and deep learning (DL) approaches.
These technologies have shown promise in improving the accuracy and speed of NIDS by allowing systems to learn
from data, adapt to new attack patterns, and detect anomalies in real time [?].

In this paper, we aim to provide a comprehensive overview of the challenges faced by NIDS, exploring both
traditional and modern methods used to address these challenges. We will delve into key issues such as false
positives and negatives, the impact of encryption and evasion techniques, scalability concerns, and the ongoing need
for accurate and up-to-date datasets for training detection models. Additionally, we will discuss the importance of
developing next-generation NIDS that can operate effectively in an increasingly complex and dynamic network
environment [Y +]. Finally, the paper will present an analysis of the future research directions in NIDS, particularly
focusing on the integration of machine learning and Al technologies, as well as the application of real-time,
distributed detection systems [YV].

The following sections of the article will detail the current state of NIDS, outline the key challenges, review existing
solutions, and provide insights into future advancements needed to enhance the performance and efficiency of
intrusion detection systems. Through this exploration, we seek to contribute to the ongoing discourse on improving
NIDS to better protect networks from the growing and evolving landscape of cyber threats.

Y. Challenges in Network Intrusion Detection Systems

Network Intrusion Detection Systems (NIDS) play a crucial role in modern cybersecurity, but they face numerous
challenges that hinder their effectiveness. These challenges arise due to the evolving nature of cyber threats,
increasing network complexity, and limitations in existing detection techniques. In this section, we discuss the key
challenges faced by NIDS, including false positives and false negatives, encrypted traffic analysis, evasion
techniques, scalability, and the need for high-quality datasets.

¥,) High False Positive and False Negative Rates

One of the most significant challenges in NIDS is the occurrence of false positives (incorrectly classifying
legitimate network activity as an attack) and false negatives (failing to detect an actual attack). High false positive
rates lead to excessive alerts, overwhelming security teams and reducing trust in the system [ Y]. Conversely, false
negatives allow malicious activities to bypass detection, leading to severe security breaches. Traditional signature-
based detection methods are particularly susceptible to these issues, as they rely on predefined attack patterns and
struggle to recognize new or modified threats [ ¥].

Anomaly-based detection, which leverages statistical and machine learning techniques, aims to reduce false
negatives by identifying deviations from normal network behavior. However, these methods often suffer from high
false positive rates, as legitimate but unusual activities can be mistakenly flagged as threats [ ¢]. The trade-off
between detection accuracy and system reliability remains a major challenge for NIDS.

Y,Y Encrypted Traffic Analysis

With the increasing adoption of encryption protocols such as TLS (Transport Layer Security) and SSL (Secure
Sockets Layer), a significant portion of network traffic is now encrypted, making traditional deep packet inspection
(DPI) ineffective for analyzing packet contents [)°]. While encryption enhances data privacy and security, it also
limits the visibility of NIDS, allowing attackers to conceal their malicious activities.
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Several techniques have been proposed to address this issue, including traffic flow analysis and machine learning-
based heuristics, which analyze metadata rather than payload contents [ 1]. However, these methods still struggle to
achieve high accuracy, as distinguishing between normal and malicious encrypted traffic remains complex.
Furthermore, decryption-based solutions introduce computational overhead and pose privacy concerns, limiting their
practical deployment in real-world environments [ VY].

Y,¥ Evasion Techniques Used by Attackers

Attackers continually develop sophisticated evasion techniques to bypass NIDS detection mechanisms. These
techniques include payload obfuscation, traffic fragmentation, polymorphic malware, and protocol manipulation
[ A]. By modifying attack patterns dynamically, adversaries can evade traditional signature-based detection models.
For example, polymorphic malware continuously alters its code while maintaining its original functionality, making
it difficult for signature-based NIDS to detect [A]. Similarly, traffic fragmentation involves splitting malicious
payloads across multiple packets to avoid detection by systems that analyze packets individually [ ]. Addressing
these evasion tactics requires adaptive detection techniques capable of identifying behavioral anomalies rather than
relying solely on fixed signatures.

Y,¢ Scalability and High-Speed Network Traffic

Modern networks generate an immense volume of traffic, requiring NIDS to process large amounts of data in real
time. Traditional NIDS architectures often struggle to scale efficiently, leading to latency issues, dropped packets,
and degraded detection performance in high-speed environments [Y +].

The increasing adoption of G networks, cloud computing, and the Internet of Things (10T) further exacerbates
scalability concerns, as these technologies introduce complex, distributed environments with billions of connected
devices [YV]. To address scalability issues, researchers are exploring solutions such as distributed NIDS
architectures, hardware acceleration (e.g., FPGAs and GPUs), and parallel processing frameworks [YY].

¥,¢ Lack of High-Quality and Updated Datasets

Developing and evaluating NIDS models requires access to realistic, high-quality datasets that accurately represent
modern cyber threats. However, many publicly available datasets, such as KDD 4% and NSL-KDD, are outdated and
fail to reflect recent attack trends [YY]. Additionally, datasets often suffer from issues such as class imbalance, lack
of diversity, and unrealistic network conditions, leading to biased or ineffective intrusion detection models [ Y ¢].

To overcome this limitation, researchers have proposed synthetic dataset generation and collaborative threat
intelligence sharing, enabling the creation of more representative datasets [Y©]. However, privacy and security
concerns continue to hinder data sharing between organizations, limiting the availability of comprehensive training
datasets for NIDS.

¥,% The Need for Real-Time Detection and Response

Effective NIDS must operate in real time to detect and mitigate threats before they cause significant damage.
However, achieving real-time detection is challenging due to computational constraints, high traffic volumes, and
the complexity of advanced attacks [Y1]. Traditional NIDS often rely on batch processing, which introduces delays
in identifying and responding to threats.

To enhance real-time detection capabilities, modern NIDS solutions leverage stream processing architectures,
machine learning-based anomaly detection, and Al-driven automation [YV]. However, these approaches require
extensive computational resources and may still suffer from detection delays, especially in large-scale networks.

Y,Y Adaptive Threats and Zero-Day Attacks

Zero-day attacks, which exploit previously unknown vulnerabilities, present a significant challenge for NIDS. Since
these attacks lack predefined signatures, signature-based NIDS are ineffective in detecting them [YA]. Although
behavioral analysis and machine learning techniques have shown promise in identifying unknown threats, attackers
continuously adapt their tactics, making detection increasingly difficult [Y4].

Developing proactive NIDS that can predict and adapt to emerging threats is an ongoing research challenge.
Advanced solutions, such as reinforcement learning-based intrusion detection and adversarial machine learning
defense mechanisms, are being explored to enhance adaptability against evolving cyber threats [+ ].

¥. Existing Solutions and Limitations

Over the years, researchers and cybersecurity experts have developed various approaches to enhance the
performance of Network Intrusion Detection Systems (NIDS). These methods primarily fall into signature-based
detection, anomaly-based detection, hybrid approaches, machine learning (ML) and deep learning (DL) techniques,
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and distributed NIDS architectures. While these solutions have improved intrusion detection capabilities, they still
face significant limitations. This section explores these existing solutions along with their challenges.

¥,\ Signature-Based Detection
Signature-based detection relies on a database of predefined attack patterns to identify intrusions. This approach is
widely used in traditional NIDS, such as Snort and Suricata, due to its high accuracy in detecting known attacks and
low false positive rates [¥V].
Limitations:
e Ineffective Against Zero-Day Attacks: Since signature-based detection requires pre-existing attack
signatures, it cannot detect new or evolving threats [YY].
e Frequent Updates Required: The signature database must be continuously updated, which increases
maintenance overhead [Y¥Y].
¢ High Computational Overhead: Large rule sets can cause performance degradation in high-traffic networks
[Y¢].
¥,¥ Anomaly-Based Detection
Anomaly-based detection identifies deviations from normal network behavior using statistical models or machine
learning algorithms. This approach is effective in detecting unknown attacks, making it a promising alternative to
signature-based methods [Y°].
Limitations:
¢ High False Positive Rates: Normal but unusual behavior can be misclassified as malicious, causing an
overload of security alerts [Y1].
o Difficult to Define ‘Normal’ Behavior: Network behavior varies across organizations, making it
challenging to establish a reliable baseline for anomaly detection [YV].
e Computational Complexity: Many anomaly detection methods require significant computational
resources, making real-time analysis difficult in large-scale networks [YA].
¥,¥ Hybrid Intrusion Detection Systems (HIDS)
To address the weaknesses of individual approaches, hybrid intrusion detection systems (HIDS) combine signature-
based and anomaly-based methods. This approach enhances detection capabilities by leveraging the strengths of
both techniques [V4].
Limitations:
e Increased Complexity: Integrating multiple detection mechanisms leads to higher system complexity and
resource consumption [¢+].
o Difficult to Balance Sensitivity: Fine-tuning the system to minimize false positives while maintaining
high detection rates is a major challenge [£].
¥,¢ Machine Learning (ML) and Deep Learning (DL) Approaches
Machine learning and deep learning techniques have been widely adopted to improve NIDS performance. Methods
such as support vector machines (SVMs), random forests (RF), convolutional neural networks (CNNs), and
recurrent neural networks (RNNs) have been explored for intrusion detection [£Y].
Limitations:
e Data Quality and Labeling Issues: ML/DL models require high-quality training datasets, but publicly
available datasets often contain outdated or imbalanced data [£Y].
e Adversarial Attacks: Attackers can craft adversarial samples to fool ML-based NIDS, reducing detection
accuracy [£¢].
e High Resource Consumption: Deep learning models, especially RNNs and transformers, require
substantial computational power for training and real-time deployment [£°].
¥,¢ Distributed NIDS and Edge-Based Detection
With the growing volume of network traffic, distributed NIDS (D-NIDS) have been proposed to enhance scalability
and real-time detection. These systems deploy multiple NIDS instances across different network segments or cloud
environments to distribute the workload [£1].
Limitations:
e Synchronization and Coordination Overhead: Managing multiple detection nodes increases complexity
and latency in data aggregation and analysis [£V].
e Potential Privacy Concerns: Distributed NIDS may require sharing sensitive network data across multiple
locations, raising security and privacy risks [£A].
e Increased Attack Surface: If not properly secured, distributed systems introduce new vulnerabilities that
attackers can exploit [€4].
¢, Future Directions
The rapid evolution of cyber threats, fueled by advanced persistent threats (APTS), zero-day attacks, and encrypted
malicious traffic, has exposed the limitations of traditional Network Intrusion Detection Systems (NIDS). As
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networks grow in complexity with the adoption of G, the Internet of Things (10T), cloud computing, and edge
computing, NIDS must evolve accordingly. This section explores key future research directions to enhance detection
accuracy, reduce false positives, improve scalability, and integrate Al-driven automation.

¢,) Al-Driven and Self-Learning NIDS

Traditional signature-based and anomaly-based detection methods require manual intervention for rule updates,
making them inefficient against zero-day attacks and polymorphic malware. Future NIDS should leverage artificial
intelligence (Al) and self-learning models to dynamically adapt to evolving cyber threats in real time [°+].

£,%,) Deep Learning and Explainable Al (XAl)

Deep learning (DL) models, such as convolutional neural networks (CNNs) and transformers, have demonstrated
high accuracy in intrusion detection. However, their black-box nature makes it difficult to interpret their decisions.
Future research should focus on explainable Al (XAl) techniques that enhance the transparency and trustworthiness
of Al-driven NIDS [¢V].

£,Y,Y Adversarial Machine Learning Defense

Cyber adversaries can manipulate ML models by introducing adversarial examples, leading to false negatives.
Future NIDS must develop robust adversarial training techniques to detect and counter adversarial attacks
effectively [°Y].

£,1,¥ Reinforcement Learning for Adaptive Security

Reinforcement learning (RL) enables NIDS to continuously learn and adjust security policies based on network
behavior. Future research should focus on hybrid RL architectures that dynamically adapt to new attack vectors
while minimizing false positives [°Y].

¢,Y Privacy-Preserving Intrusion Detection in Encrypted Traffic

With the rise of TLS Y,Y, QUIC, and encrypted DNS (DoH/DaoT), traditional payload inspection methods have
become obsolete. Future NIDS must explore privacy-preserving techniques for detecting intrusions without
violating encryption protocols [¢£].

£,Y,) Federated Learning for Decentralized NIDS
Federated learning (FL) allows multiple organizations to train Al-based intrusion detection models collaboratively
without sharing raw data. This approach preserves privacy while enabling global threat intelligence sharing [¢°].

£,Y,Y Homomorphic Encryption for Secure NIDS Analysis

Homomorphic encryption (HE) enables computations on encrypted data without decryption, allowing NIDS to
analyze suspicious traffic while maintaining user privacy. Future research should focus on optimizing HE-based
intrusion detection models for real-time deployment [°1].

£,Y,¥ Flow-Based Behavioral Analysis
Instead of inspecting packet payloads, NIDS should shift toward traffic flow and metadata analysis. Machine
learning models trained on network flow characteristics can effectively detect anomalous encrypted traffic patterns

[°V].

£,¥ Quantum-Resistant Security and Intrusion Detection
The advent of quantum computing poses a significant threat to current cryptographic security mechanisms. Future
NIDS must integrate quantum-resistant techniques to prevent quantum-based cyberattacks [°A].

£,Y,) Post-Quantum Cryptography Integration
Future NIDS should incorporate quantum-safe cryptographic algorithms, such as lattice-based encryption and hash-
based signatures, to withstand attacks from quantum computers [°4].

£,¥,Y Quantum Machine Learning for NIDS

Quantum computing can also enhance intrusion detection by accelerating pattern recognition and anomaly detection.
Future research should explore the potential of quantum machine learning (QML) for real-time cybersecurity
applications [ +].
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t,¢ Edge Computing and Distributed NIDS Architectures

The centralized NIDS approach struggles with scalability and latency as networks become more decentralized.
Future intrusion detection solutions should leverage edge computing and distributed architectures to improve real-
time response and scalability [1)].

t,¢,) Edge Al for Real-Time Detection

Deploying lightweight Al models on edge devices (e.g., routers, 10T hubs) enables localized intrusion detection
without relying on centralized processing. Future research should focus on optimizing low-power Al models for
edge-based NIDS [*V].

¢,¢,Y Blockchain-Based NIDS for Secure Threat Intelligence Sharing

Blockchain technology can provide tamper-proof logs and secure communication between distributed NIDS nodes.
Future implementations should explore smart contracts for automated security enforcement and real-time attack
mitigation [ V].

£,¢,Y Cooperative NIDS Networks
Future NIDS should adopt a peer-to-peer (PYP) architecture, where multiple detection nodes share threat intelligence
dynamically. This cooperative approach enhances resilience against large-scale distributed attacks [ V].

¢, Real-Time Adaptive Response and Automated Mitigation
Traditional NIDS primarily focus on detection, requiring manual intervention for threat mitigation. Future NIDS
should integrate real-time, automated response mechanisms to neutralize cyber threats instantly [1V].

£,9,Y Al-Driven Incident Response
Integrating Al-driven security orchestration with NIDS enables automated threat containment, such as dynamic
firewall rule updates, traffic rerouting, and user isolation based on Al-driven threat assessment [1V].

£,0,Y Self-Healing Networks
Future research should explore self-healing cybersecurity architectures, where NIDS systems can autonomously
detect, respond, and recover from cyberattacks without human intervention [1V].

¢,% High-Fidelity Threat Intelligence and Advanced Threat Hunting
To combat sophisticated cyber threats, future NIDS must integrate with real-time threat intelligence feeds and adopt
proactive threat-hunting techniques [ 4].

£,%,) Al-Powered Threat Hunting
Future NIDS should incorporate predictive analytics and behavioral threat modeling to proactively identify
emerging threats before they materialize [1V].

£,%,Y Integration with Cyber Threat Intelligence (CTI) Platforms
NIDS should leverage global threat intelligence platforms (e.g., MITRE ATT&CK, STIX/TAXII frameworks) to
enhance attack pattern recognition and automated response.

¢.Conclusion

Network Intrusion Detection Systems (NIDS) are a fundamental pillar of modern cybersecurity, playing a crucial
role in safeguarding digital infrastructures from an ever-growing array of cyber threats. As networks continue to
evolve, driven by advancements in G, cloud computing, 10T, and encrypted communications, traditional intrusion
detection mechanisms face mounting challenges in terms of scalability, detection accuracy, and adaptability.

This paper has provided an in-depth examination of the key challenges faced by NIDS, including high false positive
and false negative rates, the difficulty of analyzing encrypted traffic, sophisticated evasion techniques used by
attackers, scalability concerns in high-speed networks, and the lack of high-quality datasets for training detection
models. While numerous existing solutions, such as signature-based detection, anomaly-based approaches, hybrid
models, and Al-driven techniques, have been proposed to mitigate these challenges, they still exhibit significant
limitations that hinder their effectiveness against modern, adaptive threats.

To address these gaps, future research must focus on integrating cutting-edge technologies such as Al-driven and
self-learning NIDS, privacy-preserving methods for encrypted traffic analysis, quantum-resistant security
mechanisms, and edge computing architectures for distributed intrusion detection. The adoption of explainable Al
(XALI), adversarial machine learning defense strategies, and real-time automated threat mitigation will be crucial in
enhancing NIDS capabilities. Additionally, the incorporation of federated learning, blockchain-based threat
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intelligence sharing, and self-healing network mechanisms will contribute to the development of more resilient and
adaptive intrusion detection systems.

As cyber threats continue to grow in sophistication, the evolution of NIDS must be guided by a proactive and multi-
layered approach that balances security, efficiency, and privacy. By leveraging advancements in artificial
intelligence, distributed computing, and real-time automation, the next generation of NIDS can offer more accurate,
scalable, and autonomous threat detection and response mechanisms. Future research and collaboration between
academia, industry, and cybersecurity professionals will be essential in driving these advancements and ensuring
that NIDS remain a robust defense mechanism against the ever-changing landscape of cyber threats.
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