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Abstract. The rapid increase in sophisticated cyber threats necessitates the evo-

lution of Intrusion Detection Systems (IDS) to ensure robust network security. 

Traditional IDS often struggle with high false positive and negative rates, and 

fail to detect complex intrusion patterns. This study investigates the integration 

of deep learning algorithms with autoencoders to address these challenges, pro-

posing a novel approach to IDS enhancement. Deep learning algorithms are im-

plemented and optimized to improve detection accuracy and reduce false alerts. 

Additionally, autoencoders are utilized for feature extraction and dimensionality 

reduction, enhancing the IDS’s ability to identify subtle and intricate anomalies. 

The study evaluates the impact of autoencoder based preprocessing on the per-

formance of deep learning models, hypothesizing that this integration signifi-

cantly boosts detection rates and efficiency. A comprehensive comparative 

analysis is conducted, assessing the performance of traditional deep learning al-

gorithms with and without autoencoder integration. Various performance met-

rics, including accuracy, precision, recall, F1 score, and computational efficien-

cy, are employed to evaluate the models. The study explores the benefits and 

trade-offs of incorporating autoencoders, particularly in terms of detection ac-

curacy, false positive/negative rates, and real-time applicability. This research 

provides valuable insights into the deployment of advanced IDS in real world 

scenarios, highlighting the most effective approaches for leveraging deep learn-

ing and autoencoder techniques. The findings aim to contribute significantly to 

the field of network security, offering enhanced reliability and robustness in in-

trusion detection. 
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1 INTRODUCTION 

1.1 1.1 Background of Intrusion Detection Systems 

Intrusion Detection Systems (IDS) are essential components of modern net-
work security infrastructure[1]. They monitor network traffic for suspicious 
activity and potential threats, providing alerts when anomalies are detected. 
The primary goal of an IDS is to identify and mitigate security breaches, en-
suring the integrity[2], confidentiality, and availability of network resources. 
Over the years, IDS technologies have evolved from simple signature-based 
systems, which detect known threats, to more sophisticated approaches like 
anomaly based and hybrid systems, which aim to identify both known and 
unknown threats. The continuous advancement in IDS technologies reflects 
the growing complexity and frequency of cyber threats in today's digital land-
scape[3]. 

1.2 Importance of Network Security 

Let it be computer systems in a business organization, or telecommunication 
systems in a nation, network security is imperative with regard to confidenti-
ality, integrity, and availability. The consequences of cyber-attacks include 
major monetary implications, brand demeanour, and interferences with ac-
tivities. Therefore, effective security measure in the network such as IDS are 
crucial in order to curb unauthorized access and other malicious activities[4]. 
Network security also benefits the world’s organizations and the entire digital 
environment by safeguarding each network. Thus, more advanced and persis-
tent being cyber threats, it is critical to implement comprehensive security 
measures, including the best IDS. 

1.3 Challenges in Current IDS 

Despite the advancements in IDS technologies, several challenges[4] persist. 
Traditional IDS often suffer from high false positive and false negative rates, 
leading to either unnecessary alerts or missed threats. The increasing volume 
and complexity of network traffic further complicate the task of accurately 
identifying malicious activities[4]. Additionally, attackers constantly develop 
new techniques to evade detection, rendering some IDS approaches less ef-
fective over time. Resource constraints, such as computational power[4] and 
storage capacity, also pose significant challenges[4], particularly in real time 
detection scenarios. These issues highlight the need for innovative approach-
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es and continuous improvements in IDS technologies to effectively counter 
emerging threats. 

2 LITERATURE REVIEW 

2.1 Traditional Intrusion Detection Systems 

Traditional Intrusion Detection Systems (IDS) have been the backbone of 
network security for many years[5]. These systems primarily rely on signature 
based and anomaly-based detection methods. Signature based IDS detect 
known threats by comparing network traffic against a database of known 
attack patterns, while anomaly-based IDS identify deviations from normal 
network behaviour. Notable traditional IDS include Snort and Bro (now Zeek), 
which have been widely deployed in various network environments[5]. The 
effectiveness of these systems largely depends on the quality and compre-
hensiveness of their rule sets and anomaly detection capabilities. 

 

Fig. 1. Traditional Intrusion Detection System 

2.2 Challenges in Traditional IDS 

Despite their widespread use, traditional IDS face several significant chal-
lenges[6]. One major issue is their inability to detect novel or zero-day at-
tacks[6], as signature-based systems can only recognize known threats[6]. 
Anomaly based IDS, on the other hand, often suffer from high false positive 
rates, as normal network behaviour can vary widely. Additionally, traditional 
IDS can struggle with scalability, especially in large, highspeed networks 
where they may become overwhelmed by the volume of traffic. These limita-
tions necessitate the exploration of more advanced techniques to improve 
the effectiveness and efficiency of intrusion detection. 
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2.3 Advancements in Deep Learning for IDS 

Deep learning has shown many innovations that has helped the intrusion 
detection systems[7]. Some of the deep learning that have been used include 
convolutional neural networks CNN’s, recurrent neural networks RNN’s, and 
deep belief networks DBN’s because they help in finding the complex pattern 
in the network traffic. These models can learn from the large datasets and 
generalize to analyse new attacks which was not trained from the dataset. 
Previous research has shown that IDS which is based on deep learning can 
detect more incidents and produce few false alarms of deep learning meth-
ods[7]. Another strength of these models is that they can to some extent 
perform feature extract-ion from raw data on their own 

 

Fig. 2. Deep learning-based IDS 

2.4 Current Challenges in Deep Learning based IDS 

Thus, there are some issues that are associated with the use of deep learn-
ing-based IDS[8] . This is mainly due to the fact that large labelled data sets 
which are necessary for training are hard to come by specifically in the con-
text of cybersecurity. Moreover, deep learning models are normally computa-
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tionally expensive and take a lot of time for processing and memory hence 
presenting a challenge to real time implementation[8]. The limitation also 
includes the model interpretation, as deep learning models are regarded to 
be the “black boxes,” it is still very challenging to comprehend and trust the 
model’s decision-making. Solving these issues is vital for the practical applica-
tion of deep learning-based IDS[8]. 

2.5 Role of Autoencoders in Enhancing Anomaly Detection 

Autoencoders are a type of neural network commonly used in unsupervised 
learning, and are proving their effectiveness in IDS anomaly detection[9]. 
They are trained to perform feature extraction and feature quantization on 
input data while learning the features. Intrusion may, there for, be identified 
by using the amount of reconstruction errors, the higher they are the more 
probable that there has been an intranet. They are very efficient in drilling 
down into the details of the problem, and looking at the attacks in a different 
manner compared to the traditional methods[10]. They also come in handy 
when it comes into feature extraction as well as dimensionality reduction 
aiding in enhancing the efficiency of IDS[11]. 

 

2.6 Comparative Studies on IDS Techniques 

Some researchers have done comparison of IDS techniques with a view of 
determining their effectiveness[12]. Such works tend to present a compari-
son between the conventional signature based and anomaly-based IDS with 
the latest deep learning IDS. Thus, some effective measures that can be used 
for the comparison are detection accuracy[12], the number of false positives, 
precision, recall, and the time needed for the computations. The results sug-
gest that in general the IDS with the use of deep learning proves to be more 
efficient in comparison to the traditional systems in regards to the detection 
rate and false alarms. However, the studies also bring out the requirement of 
the further investigation of computational and interpretability of issues[12] 
that arise from deep learning models. New approaches to IDS have been 
proposed with the help of autoencoders integration, which has revealed the 
increased potential for anomaly detection – the major focus of IDS systems. 
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3  3. PROPOSED METHODOLOGY 

3.1 Overview of Deep Learning Algorithms for IDS 

Deep learning techniques have paved way for enhancing Intrusion Detection 
Systems (IDS) because of the new abilities of detecting intricate and complex 
attacks inherent in the flow of traffic. Key algorithms include: 
 

• Convolutional Neural Networks (CNNs)[13]: CNNs are particularly effective in 

processing and analyzing spatial data. In IDS, they can be used to identify patterns 

and anomalies in network traffic data by treating it as a multidimensional grid. 

CNNs excel in capturing hierarchical features, making them suitable for detecting 

intricate attack signatures. 

• Recurrent Neural Networks (RNNs)[14]: RNNs are designed to handle sequential 

data and can maintain information over time, which is crucial for analysing net-

work traffic that has temporal dependencies. Variants like Long Short-term 

Memory (LSTM) networks are often used to model complex sequences and detect 

anomalies that occur over time. 

• Autoencoders[15]: Although primarily used for unsupervised learning, autoencod-

ers can be adapted for anomaly detection in IDS by learning to reconstruct normal 

network traffic patterns and flagging deviations as potential threats. 

All these algorithms offer different factors that make a positive contribution 
to the increased capabilities of IDS and the choice of the particular algorithm 
depends on the general requirements and opportunities of the network. 

3.2 Incorporation of Autoencoders in IDS 

Autoencoders are a class of neural networks designed to learn efficient rep-
resentations of data, often used for feature extraction and dimensionality 
reduction. In the context of IDS, autoencoders are employed to enhance 
anomaly detection in several ways: 

• Feature Extraction[16]: Autoencoders can automatically extract and compress fea-

tures from raw network traffic data, reducing the dimensionality of the input while 

preserving important information. This helps in focusing on relevant features and 

improving the performance of subsequent detection models. 

• Dimensionality Reduction[17]: By reducing the number of features, autoencoders 

simplify the data and make it easier for other models to process. This can lead to 

more efficient training and better detection accuracy. 

• Anomaly Detection[18]: Autoencoders can be trained to reconstruct normal net-

work traffic patterns. Deviations from this reconstructed pattern, as indicated by 

high reconstruction errors, can be flagged as anomalies. This approach helps in de-
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tecting subtle and complex attack patterns that may be missed by traditional meth-

ods. 

3.3 Integration of Deep Learning and Autoencoders 

It has been established that the use of deep learning algorithms and autoencoders can 

sufficiently improve IDS[19]. This integration involves: 

 

Preprocessing with Autoencoders: Applying autoencoders as the initial step in pro-

cessing the net-work trafficking data in order to extract features and do feature space 

reduction. This step is helpful in reducing the generality of the data by limbering 

deeper learnt models on refined data with emphasis on prior crucial data. 

• Deep Learning for Classification: Applying deep learning models, such as CNNs, 

RNNs, or DBNs, on the pre-processed data to detect and classify intrusions. The 

deep learning models can benefit from the reduced dimensionality and improved 

feature representation provided by autoencoders. 

• Hybrid Approaches: Combining autoencoders with other deep learning techniques 

in a hybrid model to leverage the strengths of both. For example, using autoencod-

ers for feature extraction and a CNN for classification can enhance detection per-

formance and robustness. 

This integrated solution postulates that the proposed solution of deep learning and 

autoencoders is more optimal and efficient to use in IDS. 

Fig. 3. Anomaly detection using DL & Autoencoders 

3.4 Evaluation Metrics and Criteria 

To assess the performance of IDS models, various evaluation metrics and 
criteria are used: 
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• Accuracy[20]: Measures the overall correctness of the model in identifying both 

normal and anomalous network traffic. It is calculated as the ratio of correctly clas-

sified instances to the total instances. 

• Precision and Recall[20]: Precision indicates the proportion of true positives 

among all positive identifications, while recall measures the proportion of true pos-

itives among all actual positives. These metrics help in understanding the model's 

ability to correctly identify true intrusions and avoid false positives. 

• F1 Score[20]: The F1 score is the harmonic mean of precision and recall, providing 

a balanced measure of model performance, especially in cases with imbalanced da-

tasets. 

• False Positive and False Negative Rates[20]: These rates indicate the number of 

normal traffic instances incorrectly classified as anomalies (false positives) and the 

number of actual intrusions missed by the model (false negatives). 

• Computational Efficiency[20]: Assesses the model's performance in terms of pro-

cessing time and resource usage. Efficient models are crucial for real time applica-

tions and largescale deployments. 

By evaluating IDS models using these metrics, researchers can determine 
their effectiveness and identify areas for improvement, ensuring that the 
models are both accurate and practical for real world deployment. 

4 Analysis and Discussion 

4.1 4.1 Literature Based Performance Comparison of Models 

The performance of intrusion detection systems (IDS) has been extensively 
studied in the literature, with various models being compared based on their 
effectiveness in detecting intrusions[21]. Traditional IDS techniques, such as 
signature based and anomaly-based methods, have been evaluated for their 
ability to identify known and novel threats. However, recent studies have 
shown that deep learning-based models, including Convolutional Neural 
Networks (CNNs), Recurrent Neural Networks (RNNs), and Deep Belief Net-
works (DBNs), generally outperform traditional methods in terms of detec-
tion accuracy and sensitivity to complex attack patterns. 
Research indicates that deep learning models can achieve higher detection 
rates[21] and lower false positive rates compared to conventional IDS tech-
niques. This improvement is attributed to their ability to learn and generalize 
from large datasets, enabling them to detect previously unseen attacks. 
Comparative studies in the literature often highlight the superior perfor-
mance of deep learning approaches in various network environments, 
demonstrating their potential for more effective and comprehensive intru-
sion detection. 
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4.2 Impact of Autoencoder Integration Based on Existing Studies 

Autoencoders have been incorporated into IDS to enhance anomaly detec-
tion by leveraging their capabilities in feature extraction and dimensionality 
reduction. Existing studies suggest that autoencoders can significantly im-
prove the performance of IDS by providing more accurate representations of 
normal network traffic and detecting subtle anomalies that may be missed by 
other methods[22]. 
The integration of autoencoders with traditional and deep learning-based IDS 
models has been shown to reduce false positive rates and improve overall 
detection accuracy. Autoencoders help in focusing on relevant features and 
reducing the noise in the data, which enhances the performance of the sub-
sequent classification models[22]. Literature indicates that this integration 
can lead to more robust and reliable IDS, particularly in complex and dynamic 
network environments. 

4.3 Analysis of Detection Accuracy, Precision, Recall, F1 Score, and 

Computational Efficiency from Literature 

In analyzing IDS performance, various metrics such as detection accuracy, precision, 

recall, F1 score, and computational efficiency are commonly used 

• Detection Accuracy: Studies show that deep learning-based IDS models generally 

achieve higher detection accuracy compared to traditional methods. The ability of 

these models to learn from extensive datasets contributes to their superior perfor-

mance in identifying both known and novel attacks. 

• Precision and Recall: Deep learning models often demonstrate improved precision 

and recall rates. High precision indicates fewer false positives, while high recall re-

flects the model’s effectiveness in identifying true intrusions. Research highlights 

that integrating autoencoders can further enhance these metrics by improving fea-

ture representation and reducing false alarms. 

• F1 Score: The F1 score, which balances precision and recall, is frequently used to 

evaluate the overall performance of IDS models. Literature suggests that deep 

learning models, especially those incorporating autoencoders, achieve higher F1 

scores, reflecting a well-rounded performance in detecting intrusions. 

• Computational Efficiency: Computational efficiency remains a critical factor for 

deploying IDS in real time scenarios. While deep learning models can be computa-

tionally intensive, advances in hardware and optimization techniques have made 

them more feasible for practical use. Studies indicate that although deep learning 

models require more computational resources, their performance gains often out-

weigh the associated costs. 
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4.4 Discussion on False Positives and False Negatives in Literature 

Both, false positives and false negative highly influence the IDS perfor-
mance[23]. For example, the absence of an alert when an intrusion actually 
occurred is what is referred to as a false negative while an alert generated 
when no intrusion was actually taking place is referred to as a false posi-
tive[23]. 
The literature in this area further shows that conventional IDS techniques, 
specifically, signature-based IDSs, are inclined to produce more False Posi-
tives’ as a result of their reliance on specifically defined attacks. However, 
deep learning models and in particular models using autoencoders normally 
receive lower numbers of False Positives due to the received models’ abilities 
to learn more accurate patterns of normal and abnormal behaviour. Still, it is 
suggested that these models might miss some attacks, especially in new and 
more complex ones. 

Fig. 4. False Negative and true Positive 
 

4.5 Realtime Applicability of the Proposed Methods Based on 

Literature 

The real time applicability of IDS methods is crucial for practical deployment, 
especially in dynamic network environments where timely detection of intru-
sions is essential. Literature suggests that while traditional IDS methods may 
struggle with scalability and real time processing, deep learning-based mod-
els, though computationally demanding, are increasingly being optimized for 



Page 358 Vol 13 Issue 05,May 2024 ISSN 2456 – 5083 

 

 
 

real time use. Advancements in hardware, such as GPUs and TPUs, along with 
algorithmic improvements, have enhanced the feasibility of deploying deep 
learning models in real time scenarios. The integration of autoencoders fur-
ther contributes to the efficiency of IDS by streamlining data processing and 
feature extraction. Studies indicate that, with appropriate optimization and 
resource management, deep learning models and autoencoders can be effec-
tively applied in real time intrusion detection systems, offering improved 
accuracy and reduced latency in identifying threats. 

5 Benefits and Trade offs 

5.1 Advantages of Using Deep Learning and Autoencoders in IDS from 

Literature 

Deep learning and autoencoders offer several significant advantages in en-
hancing Intrusion Detection Systems (IDS): 

• Enhanced Detection Accuracy: According to recent studies, deep learning algo-

rithms, such as Convolutional Neural Networks (CNNs) and Recurrent Neural 

Networks (RNNs), can achieve higher detection accuracy compared to traditional 

IDS methods. Their ability to learn complex patterns from large datasets enables 

them to identify a wider range of attack vectors, including those that are previously 

unknown or sophisticated. 

• Improved Anomaly Detection: Autoencoders excel in identifying anomalies by 

learning the normal patterns of network traffic and flagging deviations as potential 

intrusions. This capability is particularly valuable for detecting subtle and complex 

attack patterns that may be missed by conventional methods. 

• Automated Feature Extraction: Deep learning models and autoencoders reduce the 

need for manual feature engineering by automatically learning and extracting rele-

vant features from raw data. This not only streamlines the detection process but al-

so enhances the model's ability to adapt to new and evolving threats. 

• Scalability: Research indicates that deep learning models can be scaled to handle 

large volumes of network traffic, making them suitable for deployment in high-

speed and high-volume network environments. The integration of autoencoders can 

further optimize data processing and improve the efficiency of these models. 

• Reduced False Positives: Deep learning-based IDS, when combined with autoen-

coders, often exhibit lower false positive rates. Autoencoders help in finetuning the 

detection process by focusing on the most relevant features and reducing noise, 

leading to more accurate and reliable intrusion detection. 
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5.2 Trade-offs and Considerations for Practical Deployment Based on 

Existing Research 

While deep learning and autoencoders offer numerous benefits, there are 
also several trade-offs and considerations for their practical deployment: 

• Computational Resources: Deep learning models and autoencoders can be compu-

tationally intensive, requiring significant processing power and memory. Research 

highlights that while advances in hardware (e.g., GPUs and TPUs) have mitigated 

some of these challenges, the resource requirements can still be a barrier for real 

time applications, especially in resource constrained environments. 

• Data Requirements: Deep learning models require large labelled datasets for train-

ing, which can be challenging to obtain in the field of cybersecurity. Autoencoders, 

though useful for unsupervised learning, also depend on substantial amounts of da-

ta to learn effective representations of normal behaviour. This data requirement can 

limit the applicability of these models in scenarios where data is scarce. 

• Model Interpretability: One of the significant challenges associated with deep 

learning models is their "black box" nature, making it difficult to interpret and un-

derstand their decision-making processes. This lack of transparency can be a con-

cern for security professionals who need to validate and trust the system’s outputs. 

• False Negatives: Despite their advantages, deep learning models and autoencoders 

are not immune to false negatives. While these models can reduce false positive 

rates, they may still miss certain types of attacks, particularly those that are novel 

or highly sophisticated. Balancing detection accuracy with the risk of false nega-

tives remains a critical consideration. 

• Integration and Maintenance: Implementing and maintaining deep learning-based 

IDS can be complex and resource intensive. The integration of autoencoders into 

existing systems requires careful tuning and ongoing maintenance to ensure that 

the models remain effective as network environments and attack vectors evolve. 

Overall, while deep learning and autoencoders present powerful tools for 
enhancing IDS, careful consideration of these trade-offs is necessary to en-
sure that the benefits outweigh the challenges in practical deployment sce-
narios. 

6 Conclusion 

6.1 Summary of Findings from Literature 

Thus, the literature points to those traditional IDS methods, although funda-
mental, lack effectiveness in identifying new and sophisticated threats. Auto-
encoder is an added feature that makes deep learning models more efficient 
in the detection of equations, anomalies, and features. Most of these im-
provements solve the issues arising from the traditional methods but at the 
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same time introduce the following challenges Facing computational and 
model interpretability. 

6.2 Contributions to the Field of Network Security from Literature 

As highlighted in this review, deep learning especially the autoencoders have 
revolutionized the IDS solutions. Thus, these methods bring more detection 
capabilities and enhance the abilities of anomaly detection, which adds to 
the strengthening and making of the network security more efficient. There-
fore, the global understanding of deep learning integrated with autoencoders 
revolves around future innovations and enhancing IDS. 

6.3 Final Thoughts and Implications Derived from Literature 

The continued evolution of IDS technologies is essential for addressing the 
growing complexity of cyber threats. While deep learning and autoencoders 
offer promising advancements, ongoing research and practical considerations 
are crucial for optimizing these solutions. The implications of these findings 
highlight the need for a balanced approach, integrating advanced techniques 
with practical deployment strategies to achieve effective and reliable net-
work security. 
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