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Abstract

The increasing integration of intelligent communication networks, including fifth-generation (5G), sixth-
generation (6G), Internet of Things (IoT), cloud computing, edge intelligence, and software-defined networking,
has significantly improved communication efficiency and connectivity. However, the rapid expansion of these
advanced network infrastructures has also increased vulnerability to sophisticated cyberattacks, malicious
intrusions, and security breaches. Traditional intrusion detection systems (IDS), which primarily rely on
signature-based and rule-based mechanisms, often fail to identify emerging and complex threats in dynamic
communication environments. Deep Learning (DL) approaches have emerged as effective solutions for intrusion
detection due to their ability to automatically extract hidden patterns, analyze high-dimensional network traffic
data, and detect anomalous behavior in real time. This study explores various deep learning techniques, including
Convolutional Neural Networks (CNN), Recurrent Neural Networks (RNN), Long Short-Term Memory (LSTM),
Autoencoders, Deep Belief Networks (DBN), and hybrid deep learning models for intrusion detection in intelligent
communication networks. The paper examines the role of deep learning in enhancing attack detection accuracy,
minimizing false alarm rates, improving scalability, and enabling adaptive threat intelligence in heterogeneous
networking environments. Additionally, the research discusses challenges such as data imbalance, adversarial
attacks, computational overhead, privacy concerns, and model interpretability in intelligent network security
systems. By analyzing recent advancements and research developments, this study highlights the transformative
potential of deep learning-based intrusion detection systems in strengthening cybersecurity frameworks for future
intelligent communication networks. The findings demonstrate that deep learning techniques significantly
improve intrusion detection performance, network resilience, and automated security response mechanisms,
contributing to safer and more reliable communication infrastructures.
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1. Introduction
The advancement of intelligent communication
networks has significantly transformed digital
communication  systems  across industries,
governments, healthcare, education, transportation,
and industrial automation. Emerging technologies
such as 5G, 6G, Internet of Things (IoT), cloud
computing, software-defined networking (SDN),
and edge intelligence have enabled unprecedented
levels of communication efficiency, automation, and
smart  decision-making  capabilities. = These
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technologies facilitate seamless data transmission,
ultra-low latency communication, and high-speed
connectivity, thereby  supporting intelligent
applications such as autonomous vehicles, smart
healthcare, industrial automation, and intelligent
urban infrastructure. However, this technological
transformation has simultaneously increased
cybersecurity vulnerabilities, exposing
communication systems to sophisticated cyber
threats and network intrusions. [2]
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The rapid increase in interconnected devices and
distributed communication infrastructures has
created complex attack surfaces that cybercriminals
increasingly exploit. Traditional cybersecurity
mechanisms  struggle to protect intelligent
communication networks due to the continuously
evolving nature of cyberattacks.

Malicious activities such as denial-of-service
attacks, phishing, malware injection, botnet attacks,
ransomware, insider threats, and unauthorized data
access continue to challenge network security
systems.

Since intelligent communication networks process
enormous volumes of dynamic and heterogeneous
traffic data, conventional intrusion detection
methods are often insufficient for detecting hidden
or zero-day attacks effectively. [3]

Intrusion Detection Systems (IDS) play an essential
role in identifying unauthorized activities, malicious
intrusions, and abnormal network behavior. IDS are
broadly categorized into signature-based and
anomaly-based systems. Signature-based IDS detect
attacks using predefined patterns stored in
databases, while anomaly-based IDS identify
deviations from normal network behavior. Although
signature-based  systems  demonstrate  high
efficiency in recognizing known attacks, they
perform poorly against unknown or evolving cyber
threats. Similarly, traditional anomaly detection
systems often suffer from high false alarm rates and
inadequate learning capabilities. [4]

In recent years, Deep Learning (DL) has emerged as
a transformative technology in cybersecurity and
intrusion detection. Deep learning models possess
superior capabilities in feature extraction, pattern
recognition, and real-time threat analysis. Unlike
conventional machine learning methods, deep
learning algorithms can automatically learn
meaningful representations from raw network traffic
data without extensive manual feature engineering.
This capability significantly enhances detection
accuracy and allows systems to adapt to changing
cyber threat environments. [5]

Various deep learning architectures have been
applied in intrusion detection systems, including
Convolutional Neural Networks (CNN), Recurrent
Neural Networks (RNN), Long Short-Term Memory
(LSTM), Autoencoders, Deep Belief Networks
(DBN), and hybrid deep learning frameworks. CNN
models effectively identify spatial features in
network traffic data, while RNN and LSTM
architectures excel in analyzing sequential traffic
behavior and time-dependent attack patterns.
Autoencoders are widely used for anomaly detection
by learning compressed representations of normal
network activity, whereas DBN models support
unsupervised learning for complex intrusion
classification tasks. Hybrid architectures combine
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multiple techniques to improve performance and
robustness. [6]

The application of deep learning in intelligent
communication networks has shown significant
improvements in intrusion detection accuracy,
reduced false positive rates, enhanced scalability,
and improved adaptability to dynamic network
environments. Intelligent intrusion detection
systems powered by deep learning support
automated threat analysis and contribute to stronger
cybersecurity resilience in modern communication
ecosystems. However, despite these benefits, several
challenges remain  unresolved, including
computational complexity, adversarial
manipulation, limited training datasets, model
transparency, and privacy-related concerns. [7]

This study aims to provide a comprehensive review
of deep learning approaches for intrusion detection
in intelligent communication networks. The paper
examines the role of deep learning models in
network security, evaluates their advantages and
limitations, and highlights recent research
developments and future opportunities for
intelligent cybersecurity systems. [8]

2. Literature Review

Goodfellow, Bengio, and Courville (2016) presented
a comprehensive foundation for deep learning,
explaining the theoretical principles of neural
networks, optimization techniques, and
representation learning. Their work established the
fundamental concepts that have enabled the
development of  advanced cybersecurity
applications, including intelligent intrusion
detection systems and automated threat analysis
mechanisms [1].

Stallings  (2018) discussed essential network
security principles, including authentication, access
control, cryptography, and intrusion detection
technologies. The author highlighted the increasing
complexity of cyber threats and emphasized the
need for intelligent security frameworks capable of
detecting sophisticated attacks in modern network
environments [2].

Scarfone and Mell (2007) provided detailed
guidelines for Intrusion Detection and Prevention
Systems (IDPS), categorizing detection techniques
into signature-based and anomaly-based
approaches. Their work remains a key reference for
understanding the operational requirements,
deployment strategies, and performance
considerations of intrusion detection systems in
organizational networks [3].

Liao, Lin, Lin, and Tung (2013) conducted a
comprehensive review of intrusion detection
systems and analyzed various detection
methodologies, including anomaly detection,
misuse detection, and hybrid approaches. The study
identified the strengths and limitations of traditional
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IDS techniques and highlighted the need for more
adaptive and intelligent detection mechanisms [4].
Goodfellow, Shlens, and Szegedy (2015)
investigated adversarial examples in deep neural
networks and demonstrated how small perturbations
in input data can mislead machine learning models.
Their findings revealed critical vulnerabilities in
deep learning systems and emphasized the
importance of robust model design for cybersecurity
applications [5].

LeCun, Bengio, and Hinton (2015) explored recent
advances in deep learning and demonstrated the
effectiveness of deep neural networks in handling
complex pattern recognition tasks. The authors
highlighted the ability of deep learning models to
automatically extract meaningful features from large
datasets, making them suitable for intrusion
detection and threat intelligence applications [6].
Schmidhuber (2015) presented an extensive
overview of deep learning architectures, including
convolutional neural networks, recurrent neural
networks, and deep feedforward networks. The
study discussed the evolution of neural network
technologies and their potential applications in
security analytics and anomaly detection [7].
Sarker (2021) introduced the concept of deep
cybersecurity and examined how deep learning
techniques can improve threat detection, malware
classification, and intrusion detection. The study
emphasized the growing role of artificial
intelligence in strengthening cyber defense
mechanisms and reducing response times to
emerging threats [8].

Buczak and Guven (2016) reviewed data mining and
machine learning techniques used in cybersecurity
applications. Their survey analyzed classification,
clustering, and anomaly detection methods and
concluded that machine learning significantly
enhances the accuracy and efficiency of intrusion
detection  systems when compared  with
conventional approaches [9].

Vinayakumar, Soman, and Poornachandran (2019)
investigated deep learning models for network
traffic prediction and intrusion detection. The
authors demonstrated that deep neural networks can
effectively learn traffic behavior patterns and
accurately identify malicious activities in complex
network environments [10].

Kim, Lee, and Kim (2014) proposed a hybrid
intrusion detection framework that combined
anomaly detection and misuse detection techniques.
Their approach improved detection accuracy by
leveraging the strengths of both methodologies
while reducing false alarm rates commonly
associated with standalone detection systems [11].
Javaid, Niyaz, Sun, and Alam (2016) developed a
deep learning-based intrusion detection system
using neural network architectures to classify
network traffic. Experimental results showed that

ijaicn.com

International Journal of Artificial Intelligence and Communication Networks
Volume: 02, Issue: 01, January-March 2026, pp: 19-28

ISSN: 3071-3358

deep learning techniques achieved better detection
performance and adaptability than traditional
machine learning algorithms [12].

Yin, Zhu, Fei, and He (2017) introduced a recurrent
neural network (RNN)-based intrusion detection
model capable of capturing temporal dependencies
in network traffic. The study demonstrated superior
classification performance and enhanced detection
capabilities for identifying complex cyberattacks
[13].

Shone, Ngoc, Phai, and Shi (2018) proposed a deep
learning framework integrating non-symmetric deep
autoencoders with random forests for intrusion
detection. The hybrid architecture effectively
extracted relevant features from network traffic data
and achieved high detection accuracy with reduced
computational complexity [14].

Diro and Chilamkurti (2018) developed a
distributed deep learning-based attack detection
system for Internet of Things (IoT) environments.
Their approach improved scalability and enabled
efficient detection of malicious activities across
distributed IoT networks, addressing security
challenges associated with connected devices [15].

Alrawashdeh and Purdy (2017) focused on the
development of an online anomaly intrusion
detection system using deep learning techniques.
Their study demonstrated the capability of deep
neural networks to continuously monitor network
traffic and identify abnormal behaviors in real-time
environments [16].

Tang, McLernon, Ghogho, Zaidi, and El-Hajjar
(2020) proposed a deep learning-based intrusion
detection model for Software Defined Networking
(SDN). The study showed that deep learning
algorithms can effectively analyze SDN traffic
patterns and improve attack detection performance
while maintaining network flexibility and efficiency
[17].

Ferrag, Maglaras, Moschoyiannis, and Janicke
(2020) conducted a comparative study of deep
learning techniques for cybersecurity intrusion
detection. The authors evaluated various datasets,
architectures, and performance metrics, concluding
that deep learning methods consistently outperform
traditional approaches in detecting modern cyber
threats and network attacks [18].

3. Intelligent Communication Networks and
Security Challenges
Intelligent communication networks represent
advanced digital infrastructures that integrate
artificial intelligence, automation, cloud computing,
and smart communication technologies to enable
seamless connectivity and intelligent data
processing. These networks include 5G and 6G
communication systems, [oT ecosystems, software-
defined networking, edge intelligence, vehicular
communication  networks, and cloud-based
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infrastructures. Such systems support large-scale
device communication and autonomous operations
while enabling efficient data sharing across multiple
platforms. [16]

However, the growing complexity of intelligent
communication  systems introduces  serious
cybersecurity risks. Since billions of connected
devices continuously ~ exchange sensitive
information, attackers exploit network
vulnerabilities to gain unauthorized access, disrupt
services, or steal confidential data. Common
cybersecurity threats include DDoS attacks,
malware injection, ransomware, phishing, data
interception, spoofing, insider attacks, and botnet
activities. [17]

One major challenge in intelligent communication
networks is the dynamic nature of cyber threats.
Traditional intrusion detection methods rely on
predefined attack signatures and fail to recognize
unknown attacks effectively. Additionally, network
traffic generated by IoT and intelligent devices is
highly heterogeneous, making feature extraction and
attack  classification  increasingly  difficult.
Intelligent communication networks also demand
low-latency security mechanisms capable of
operating in real time without affecting network
performance. [18]

Furthermore, intelligent communication
infrastructures  often operate under resource
constraints, particularly in edge devices and IoT
systems. Deep learning models require substantial
computational resources, creating implementation
difficulties in low-power environments. Privacy
concerns also emerge when sensitive user
information is processed for cybersecurity analysis.
Therefore, intelligent and adaptive security solutions
are required to ensure resilient communication
infrastructures capable of resisting evolving cyber
threats. [19]

4. Deep Learning Techniques for Intrusion
Detection in Intelligent Communication
Networks
Deep learning techniques have emerged as highly
efficient solutions for intrusion detection due to their
capability to analyze large-scale network traffic
data, automatically extract hidden features, and
identify complex attack behaviors with minimal
human intervention. Unlike conventional machine
learning approaches that depend heavily on manual
feature  extraction, deep learning models
autonomously learn hierarchical representations
from raw data, improving detection efficiency and
classification accuracy. In intelligent
communication networks such as 5G, 6G, IoT, cloud
computing, and software-defined networking
environments, deep learning enables adaptive and
scalable cybersecurity frameworks capable of

detecting both known and unknown attacks. [20]
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4.1 Convolutional Neural Networks (CNN) for
Intrusion Detection
Convolutional Neural Networks (CNN) are among
the most widely adopted deep learning architectures
for intrusion detection due to their strong capability
in automatic feature extraction and classification.
Originally developed for image recognition tasks,
CNN models have demonstrated significant success
in cybersecurity by identifying hidden traffic
patterns and malicious behaviors in network
communication datasets. CNN architectures consist
of convolutional layers, pooling layers, and fully
connected layers that collectively process
multidimensional data and detect significant attack
features. [21]
In intrusion detection systems, CNN models analyze
network traffic packets and transform traffic
attributes into structured representations for
classification. The convolutional layer identifies
hidden relationships among traffic features, while
pooling mechanisms reduce dimensional
complexity and improve computational efficiency.
CNN-based intrusion detection systems have shown
high effectiveness in detecting distributed denial-of-
service (DDoS) attacks, malware activities, botnet
intrusions, spoofing attacks, and unauthorized
access attempts. [22]
Several studies reported that CNN models
outperform traditional machine learning methods in
terms of classification accuracy and reduced false
positive rates. Since CNN can process large-scale
network traffic efficiently, it is particularly suitable
for intelligent communication environments
characterized by high-speed and complex traffic
flows. However, CNN models may struggle with
sequential dependencies in network traffic and often
require large training datasets for optimal
performance. [23]
Advantages of CNN in IDS
e Efficient feature extraction from high-
dimensional network traffic.
e High classification accuracy for known
attack categories.
e Reduced manual feature engineering
requirements.
e  Suitable for real-time intrusion detection in
high-speed networks. [24]
Limitations of CNN in IDS
e Limited capability in handling sequential
and temporal traffic patterns.
e High computational requirements during
model training.
e Performance dependency on large labeled
datasets. [25]

4.2 Recurrent Neural Networks (RNN) for
Intrusion Detection
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Recurrent Neural Networks (RNN) have gained
attention in intrusion detection because of their
capability to process sequential and time-dependent
information. Network traffic data often exhibit
sequential dependencies, making RNN models
highly suitable for identifying attack behaviors
evolving over time. Unlike CNN, which focuses on
spatial relationships, RNN captures temporal
information by maintaining hidden states that
preserve historical traffic knowledge. [26]
In intelligent communication networks, cyberattacks
often occur in patterns across multiple
communication sessions. RNN-based intrusion
detection systems can effectively analyze packet
sequences and identify malicious communication
behaviors that develop gradually. RNN models are
particularly useful in detecting phishing attacks,
insider threats, network reconnaissance, and
abnormal traffic flows. [27]
Despite  their effectiveness, standard RNN
architectures suffer from the vanishing gradient
problem, which limits their ability to process long-
term dependencies in sequential data. As a result,
researchers increasingly employ advanced recurrent
architectures such as Long Short-Term Memory
(LSTM) networks for more effective cybersecurity
analysis. [28]
Advantages of RNN in IDS
e Strong capability in analyzing time-series
network traffic.
e Effective detection of evolving attack
behaviors.
e Useful for sequential intrusion pattern
recognition. [29]
Limitations of RNN in IDS
e Vulnerability to vanishing gradient
problems.
e  High computational complexity.
e Reduced effectiveness for very long traffic
sequences. [30]

43 Long Short-Term Memory (LSTM)
Networks

Long Short-Term Memory (LSTM) is an advanced
form of recurrent neural network specifically
designed to overcome the limitations of traditional
RNN architectures. LSTM networks possess
memory cells capable of storing long-term
information and selectively remembering or
forgetting data through gating mechanisms. These
capabilities make LSTM highly effective for
intrusion detection tasks involving time-dependent
attack behaviors and sequential communication
patterns. [31]

In intelligent communication networks, cyberattacks
frequently evolve gradually and exhibit hidden
temporal characteristics. LSTM-based intrusion
detection systems can analyze continuous traffic
streams and detect advanced persistent threats,
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ransomware attacks, malware propagation, and
unauthorized communication activities. LSTM
models are particularly valuable in IoT ecosystems
and intelligent communication infrastructures where
dynamic traffic patterns frequently change. [32]
Several studies have demonstrated that LSTM
achieves superior intrusion detection accuracy
compared to traditional machine learning algorithms
and standard recurrent neural networks. Its ability to
capture long-term dependencies significantly
improves anomaly detection and reduces false alarm
rates. However, LSTM training often demands
extensive computational resources and prolonged
training time. [33]
Advantages of LSTM in IDS
o Effective handling of long-term sequential
dependencies.
e  Superior anomaly detection capability.
e Reduced false positive rates.
e High effectiveness in dynamic intelligent
network environments. [34]
Limitations of LSTM in IDS
e High computational cost.
e Increased training complexity.
e Large memory requirements  for
deployment. [35]

4.4 Autoencoders for Intrusion Detection
Autoencoders represent unsupervised deep learning
models widely used for anomaly detection in
cybersecurity systems. Unlike supervised methods
that require labeled datasets, autoencoders learn
normal communication behavior by compressing
and reconstructing network traffic patterns. Any
abnormal deviation from reconstructed traffic
behavior is classified as suspicious or malicious
activity. [36]
Autoencoders consist of two main components: an
encoder and a decoder. The encoder compresses
high-dimensional traffic data into lower-
dimensional latent representations, while the
decoder reconstructs the original information.
During intrusion detection, reconstruction errors
help identify anomalous network activities. [37]
Autoencoder-based intrusion detection systems are
particularly useful for detecting unknown and zero-
day attacks because they focus on identifying
deviations from normal behavior rather than
predefined attack  signatures. They  have
demonstrated strong performance in cloud
computing, IoT networks, and intelligent
communication infrastructures characterized by
limited labeled data availability. [38]
Advantages of Autoencoders in IDS

e Effective for anomaly detection.

e Strong performance against unknown

attacks.
e Reduced dependence on labeled datasets.
[39]
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Limitations of Autoencoders in IDS

e Risk of high false positives.

e Complex threshold selection process.

e  Sensitivity to noisy datasets. [40]
4.5 Deep Belief Networks (DBN)
Deep Belief Networks (DBN) are generative deep
learning architectures composed of stacked
Restricted Boltzmann Machines (RBMs). DBN
models learn hierarchical feature representations
and support unsupervised pre-training before
supervised fine-tuning. These capabilities enable
effective classification of cyber threats within
complex communication environments. [41]
DBN-based intrusion detection systems analyze
multidimensional traffic data and automatically
identify hidden relationships among network
features. Researchers have demonstrated that DBN
models improve attack classification accuracy while
minimizing false detection rates. DBNs are
particularly effective in intelligent communication
networks where heterogeneous traffic
characteristics create challenges for traditional
detection methods. [42]
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Despite their advantages, DBNs require extensive
training time and significant computational
resources. Model optimization also becomes
increasingly complex as network size grows. [43]

4.6 Hybrid Deep Learning Models

Hybrid deep Ilearning architectures combine
multiple neural network techniques to maximize
intrusion  detection  efficiency.  Researchers
increasingly integrate CNN, LSTM, RNN,
Autoencoder, and DBN models to exploit their
complementary strengths. For example, CNN-
LSTM architectures combine CNN’s spatial feature
extraction with LSTM’s sequential learning
capability to improve attack detection performance.
[44]

Hybrid systems have shown strong performance in
detecting sophisticated cyberattacks in intelligent
communication environments. These models
achieve improved accuracy, scalability, and
adaptive cybersecurity intelligence compared to
standalone approaches. Hybrid deep learning
models are particularly useful for securing future
intelligent communication infrastructures such as
6G and autonomous 0T ecosystems. [45]

5. Comparative Analysis of Deep Learning Models for Intrusion Detection

Deep Learning | Major Strength Best Application Limitation

Model

CNN Automatic feature | DDoS, Malware Detection | Weak temporal analysis
extraction

RNN Sequential data processing | Traffic behavior analysis Vanishing gradient

problem

LSTM Long-term dependency | Anomaly detection, IoT | High computational cost
learning security

Autoencoder Unsupervised anomaly | Unknown attack | False positives
detection identification

DBN Hierarchical feature | Complex intrusion | Training complexity
learning classification

Hybrid Models Combined learning | Advanced threat detection | High resource
capability consumption

6. Role of Deep Learning in Intelligent
Communication Security

Deep learning has significantly transformed
intrusion detection systems by enabling intelligent
and adaptive threat analysis. Intelligent
communication networks generate enormous
volumes of traffic data that require automated
security frameworks capable of operating efficiently
in real time. Deep learning enhances cybersecurity
by reducing dependency on manual rule creation and
improving attack classification accuracy. [46]
One major contribution of deep learning lies in its
ability to detect previously unknown attacks.
Traditional systems struggle to recognize evolving
cyber threats due to reliance on predefined
signatures, whereas deep learning models
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continuously learn emerging patterns from network
behavior. This adaptive learning capability
strengthens intelligent communication
infrastructures against sophisticated attacks. [47]
Moreover, deep learning supports automated threat
intelligence and incident response mechanisms.
Intelligent intrusion detection systems integrated
with deep learning models can analyze malicious
activities, predict attack probabilities, and initiate
preventive actions without human intervention.
Such capabilities are essential for future
communication systems such as autonomous
networks, industrial IoT, smart cities, and intelligent
transportation systems. [48]
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7. Results and Discussion

The integration of deep learning approaches into
intrusion detection systems has significantly
improved cybersecurity performance in intelligent
communication networks. Compared to traditional
rule-based and machine learning-based security
models, deep learning techniques demonstrate
enhanced capability in identifying sophisticated
attack behaviors, recognizing hidden traffic patterns,
and processing high-dimensional network datasets.
Several studies indicate that deep learning models
consistently outperform conventional intrusion
detection mechanisms in terms of detection
accuracy, scalability, anomaly recognition, and
adaptive threat intelligence. [49]

The effectiveness of deep learning in intrusion
detection primarily depends on the model
architecture, dataset quality, feature selection
process, and network complexity. Convolutional
Neural Networks (CNN) demonstrate strong
performance in extracting spatial traffic features and
classifying attack categories, particularly in
detecting malware, botnets, and distributed denial-
of-service (DDoS) attacks. CNN models exhibit
faster processing capabilities in high-speed
intelligent communication environments, making
them suitable for real-time cybersecurity
monitoring. However, their inability to effectively
capture sequential dependencies limits their
effectiveness in analyzing evolving attack patterns.
[50]

Recurrent Neural Networks (RNN) and Long Short-
Term Memory (LSTM) networks have shown
superior performance in analyzing sequential and
temporal network traffic behavior. Since intelligent
communication systems continuously generate
time-dependent traffic flows, LSTM models
effectively identify abnormal communication
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ransomware, advanced persistent threats (APT), and
zero-day vulnerabilities. Research findings indicate
that LSTM-based intrusion detection systems often
achieve higher anomaly detection accuracy and
lower false alarm rates than conventional machine
learning algorithms. [51]

Autoencoders have proven highly valuable for
anomaly detection because of their ability to identify
deviations from normal network behavior without
requiring extensive labeled datasets. Their capability
to detect unknown cyber threats makes them highly
relevant for dynamic communication ecosystems
where emerging attacks evolve rapidly. However,
excessive reconstruction sensitivity occasionally
contributes to false positives, affecting overall
reliability in highly diverse traffic environments.
[52]

Deep Belief Networks (DBN) and hybrid deep
learning architectures further improve intrusion
detection effectiveness by integrating multiple
learning capabilities. Hybrid CNN-LSTM models,
for instance, combine feature extraction and
sequential learning to achieve superior classification
performance. Research evidence suggests that
hybrid  approaches consistently  outperform
standalone models in terms of attack classification,
scalability, and robustness against dynamic threats.
[53]

The findings collectively demonstrate that deep
learning substantially improves intrusion detection
system performance in intelligent communication
networks. Enhanced detection accuracy, adaptive
threat recognition, reduced false negatives, and
automated learning mechanisms contribute to
stronger cybersecurity resilience. Nevertheless,
model deployment in real-world communication
infrastructures  remains  challenging due to
computational limitations, privacy concerns, and

sequences associated with insider attacks,

Table 2: Comparative Performance of Deep Learnin

adversarial vulnerabilities. [54]

g Models in Intrusion Detection

Model Detection False Positive | Computational Suitability
Accuracy Rate Complexity

CNN High Low Moderate High-speed network
security

RNN Moderate Moderate High Sequential attack analysis

LSTM Very High Low High Intelligent network
anomaly detection

Autoencoder High Moderate Moderate Unknown attack detection

DBN High Low High Complex attack
classification

Hybrid  CNN- | Very High Very Low Very High Intelligent communication

LSTM security

. Challenges and Limitations of Deep Learning-
Based Intrusion Detection Systems
Although deep learning approaches offer substantial
improvements in intrusion detection performance,
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several technical and practical challenges continue
to hinder their widespread adoption in intelligent
communication networks. Addressing these
limitations remains essential for improving
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cybersecurity resilience in future intelligent
infrastructures. [55]

8.1 Data Imbalance Problem

One of the major challenges in intrusion detection
datasets is class imbalance. Most communication
network datasets contain significantly more normal
traffic samples than malicious attack instances. This
imbalance often causes deep learning models to
favor dominant classes while reducing detection
accuracy for minority attacks such as insider threats
or zero-day intrusions. Data augmentation,
oversampling, and synthetic data generation
techniques are increasingly used to overcome this
issue. [56]

8.2 Adversarial Attacks

Deep learning models are vulnerable to adversarial
manipulation, where attackers intentionally alter
network traffic data to mislead intrusion detection
systems. Small modifications in malicious packets
can bypass detection algorithms and compromise
network security. Adversarial attacks represent a
serious concern in intelligent communication
networks because they exploit weaknesses in
automated cybersecurity systems. Developing
robust defense strategies against adversarial
manipulation remains an active research area. [57]
8.3 Computational Complexity

Deep learning models require significant
computational power, memory resources, and
training time. Intelligent communication networks
such as IoT and edge computing environments often
operate under limited processing capabilities,
making deployment of resource-intensive deep
learning models challenging. Lightweight neural
architectures and edge intelligence frameworks are
being explored to reduce computational overhead.
[58]

8.4 Privacy and Data Security Concerns

Intrusion detection systems frequently process
sensitive communication data, including user
identities, behavioral information, and confidential
traffic content. Privacy preservation becomes
essential when analyzing network activities.
Federated learning and privacy-preserving deep
learning methods have emerged as promising
solutions to address security and confidentiality
concerns while maintaining intrusion detection
efficiency. [59]

8.5 Model Interpretability

Many deep learning models operate as black-box
systems, making decision-making processes
difficult to interpret. In cybersecurity applications,
transparency is essential because security analysts
must understand why a particular network event is
classified as malicious. Explainable Artificial
Intelligence (XAI) techniques are increasingly
integrated with deep learning to improve
interpretability and user trust. [60]
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9. Future Scope of Deep Learning-Based
Intrusion Detection

The future of intelligent communication security
increasingly depends on advanced deep learning
technologies capable of supporting autonomous
cybersecurity ~ mechanisms.  As intelligent
communication networks continue evolving toward
6G, smart cities, industrial automation, and
autonomous IoT systems, intrusion detection
solutions must become more adaptive, scalable, and
intelligent. [61]
Future research is expected to focus on lightweight
deep learning architectures suitable for edge devices
and low-resource communication systems. Edge
intelligence will enable local threat detection
without requiring centralized cloud computation,
reducing latency and improving privacy protection.
[62]
Federated learning is anticipated to play a major role
in distributed intrusion detection by allowing
multiple devices to collaboratively train models
without sharing sensitive data. This approach
enhances privacy preservation while supporting
large-scale intelligent network protection. [63]
Explainable artificial intelligence is another
promising area for future cybersecurity research.
Combining explainability with deep learning can
improve trust, accountability, and transparency in
automated intrusion detection systems.
Additionally, reinforcement learning and self-
adaptive cybersecurity frameworks may further
enhance intelligent threat mitigation capabilities.
[64]
Hybrid architectures integrating CNN, LSTM,
transformers, and graph neural networks are also
expected to improve cybersecurity performance by
addressing the limitations of standalone deep
learning models. These advanced architectures may
significantly improve intrusion detection accuracy
and strengthen future intelligent communication
infrastructures. [65]

10. Conclusion

The  growing complexity of intelligent
communication networks has intensified the demand
for advanced cybersecurity mechanisms capable of
detecting sophisticated cyber threats efficiently.
Traditional intrusion detection systems struggle to
address emerging attacks due to their dependence on
predefined signatures and manual rule-based
frameworks. Deep learning approaches have
emerged as transformative solutions for intrusion
detection by enabling automated feature extraction,
anomaly recognition, and adaptive cybersecurity
intelligence. [66]

This study comprehensively examined various deep
learning approaches, including Convolutional
Neural Networks (CNN), Recurrent Neural
Networks (RNN), Long Short-Term Memory
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(LSTM), Autoencoders, Deep Belief Networks
(DBN), and hybrid architectures used in intelligent
communication network security. The findings
indicate that deep learning significantly improves
intrusion detection accuracy, minimizes false alarm
rates, and enhances network resilience against
evolving cyber threats. Hybrid deep learning
approaches  demonstrate  particularly  strong
performance due to their ability to integrate spatial
and temporal traffic analysis capabilities. [67]
Despite considerable advancements, challenges
such as computational overhead, adversarial
vulnerabilities, privacy concerns, dataset imbalance,
and model interpretability continue to affect
practical implementation. Therefore, future research
should focus on explainable artificial intelligence,
federated learning, lightweight neural architectures,
and intelligent edge-based intrusion detection
systems. [68]

Overall, deep learning-based intrusion detection
systems represent a promising cybersecurity
solution for future intelligent communication
networks, contributing to secure, adaptive, and
resilient communication infrastructures capable of
protecting sensitive information and maintaining
operational continuity in increasingly connected
digital ecosystems. [69]
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