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Abstract 

The rapid expansion of cloud has computing caused numerous security problems, 

particularly in distributed designs and resource expansion steps. This situation has led to the 

development of advanced threat detection mechanisms that exceed the standard signature-based 

systems. The implementation of these new technologies into security operations is complicated 

by a number of issues, including limited communication. The effective use of dynamic 

situations presents additional challenges including concept drift, scalability problems, and real-

time delays. This review paper highlights the importance of deep learning for improving cloud 

security, particularly in intrusion detection systems, which are key components of smart cloud 

security. This study discusses the deep learning techniques currently in use for cloud intrusion 

detection, analyses new research topics, and focuses on the continuous limitations in the field. 

These reviewed techniques will improve the accuracy of protecting cloud computing systems 

from evolving cyber threats. 
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 Introduction  

Cloud platforms have developed into the industry standard for providing scalable, on-

demand computing services across several application areas. Because of their extensive 

industry support, companies may deploy apps worldwide without experiencing infrastructure 

expenditures, thereby accelerating digital transformation. However, cloud computing has 

different features like multi-tenancy, virtualization, elastic scalability, and distributed 

architectures, which also present significant security risks. Cloud computing platforms are 
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exposed to advanced cyberattacks because they are more dynamic and complex. Figure 1 

illustrates the schematic representation of Intrusion Detection Systems (IDS). Cloud security 

includes several layers, including access control, encryption, firewalling, and identity 

management. Intrusion detection has received priority in this research because it can offer 

continuous, real-time monitoring of cloud workloads and network traffic. 

Intrusion detection systems can identify both known and unknown risks during runtime, 

as security methods that depend on static setups or predefined rules are particularly important 

for dynamic, multi-tenant cloud environments. Intrusion detection systems (IDS) serve as a 

protective layer capable of detecting threats and avoid normal security measures as cloud 

services continually face zero-day attacks, insider threats, and advanced multi-stage intrusions. 

IDS services will provide distributed deployment, automated threat intelligence integration, and 

interoperability for companies utilizing multi-cloud and hybrid cloud architectures. 

 

Figure 1. Schematic Representation of Intrusion Detection System (IDS) [26] 

An essential component of cloud security is the intrusion detection system (IDS). IDS 

is used in cloud systems to detect malicious activities, abnormal behaviour, and restrict 

unauthorized access. Large-scale workloads, encrypted traffic patterns, zero-day attacks and 

rapidly changing risks cannot be detected by standard IDS approaches like signature-based and 

rule-based detection. The need for an automated, intelligent, and flexible IDS that can handle 

high-dimensional, real-time cloud data will be the primary focus of these limitations [1], [6], 

[21]. Deep Learning (DL) has been a revolutionary technique in the field of cloud security in 

recent years. When compared to traditional machine learning methods, Deep Learning models 
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are able to automatically uncover significant patterns from unprocessed data, discover hidden 

connections, and efficiently generalize across a variety of attack types. Architectures such as 

Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), Long Short-

Term Memory (LSTM) networks, autoencoders, and hybrid deep learning frameworks have 

achieved advanced performance in identifying network intrusions, DDoS attacks, insider 

threats, and unusual cloud behavior. Their ability to manage huge quantities of cloud traffic and 

understand complicated temporal-spatial characteristics is suitable for modern cloud IDS [2], 

[7], [8]. 

Despite extensive research on deep learning based intrusion detection, existing studies 

predominantly focus on model accuracy using isolated datasets, with limited attention to 

deployment feasibility in real-world cloud environments. There is a lack of comprehensive 

reviews that critically analyze deep learning models from a cloud-centric perspective, 

considering scalability, latency, resource consumption, and operational constraints. This study 

reviews and analyzes deep learning methods for cloud intrusion detection, focusing on 

deployment-related issues and effectiveness [4], [21]. 

Objectives 

1. Provide an overview of cloud security challenges in intrusion detection. 

2. Analyze the deep learning techniques applied to cloud IDS. 

3. Summarize existing research trends and models. 

4. Identify the key limitations and research gaps. 

5. Discuss the future research directions for building scalable, robust, and cloud-native IDS 

solutions. 

This work improves the understanding of how deep learning may enhance cloud security 

and allows for intelligent, flexible, and dependable intrusion detection systems through an 

analysis of both practical limitations and technological developments. 

 Literature Review 

The research on cloud security with intrusion detection is one of the most studied topics 

in recent years. Rule-based monitoring and signature-based detection are earlier approaches 
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focused on security techniques that demonstrate high accuracy for known attacks but are unable 

to detect changing threat patterns and zero-day attacks. Researchers are implementing machine 

learning methods into cloud-based intrusion detection systems (IDS) to overcome these 

limitations by creating examples of intelligent security systems. System logs and network traffic 

are analyzed using a machine learning-based model. Support Vector Machines (SVM), Random 

Forests (RF), Decision Trees (DT), and clustering algorithms are some of the classifiers utilized 

by the IDS. The research [1] shows that the ML-based IDS performs better than traditional 

methods in terms of detection accuracy when it involves anomaly detection in cloud networks. 

However, these approaches require a significant amount of human feature engineering due to 

problems with scalability, high-dimensional data, and complex attack patterns. 

Deep learning models avoid the requirement for manual features by automatically 

learning hierarchical representations from raw data. [2] The increase in deep learning adoption 

for cloud security after 2020 is highlighted, with intrusion detection identified as the dominant 

application domain. This trend shows the increasing demand for adaptive, real-time, and high-

accuracy IDS solutions in dynamic cloud environments. CNNs have been widely adopted for 

analyzing cloud network traffic due to their ability to capture spatial patterns. The research [8] 

proposed a CNN-based IDS that achieved superior detection values for both known and zero-

day attacks compared to traditional ML classifiers. Similarly, [11] utilized deep CNN models 

for cloud traffic classification and attack detection, demonstrating improved network 

performance and reduced false-positive rates. These studies illustrate the effectiveness of CNNs 

in recognizing complex traffic signatures in cloud infrastructures [15]. 

The paper [7] surveyed RNN and LSTM-based IDS systems that highlight their ability 

to model dependencies and predict intrusions proactively. Their results suggest that sequence-

aware deep learning models are effective for detecting low, unknown attacks. These 

unsupervised models learn representations of normal traffic behavior and flag deviations as 

potential intrusions. The research [4] demonstrated that combining deep autoencoders with data 

mining techniques reduces false positives while improving detection accuracy. These methods 

are useful when there is a lack of or insufficient labeled attack data. 

Recent research has investigated hybrid and integrated security systems in standalone 

IDS models. [19] A deep neural network-based intrusion prevention and detection system that 

can independently reduce threats was proposed to support self-healing cloud infrastructures. 

Other researchers have combined deep learning with blockchain, cryptographic techniques, and 
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software-defined networking (SDN) to improve trust, durability, and decentralized security 

management in cloud environments [21]. This literature demonstrates the evolution of unsolved 

issues. The majority of research utilizes fake or outdated datasets that limit their practical 

application. Implementing deep learning-based intrusion detection systems (IDSs) in 

operational security situations is challenging due to their vulnerability to adversarial attacks and 

frequent lack of interpretability. Additionally, there are still unresolved research issues with 

concept drift adaptability and scalability across multi-cloud infrastructures [16]. 

Recent studies have demonstrated that deep learning will improve cloud system 

intrusion detection. However, for cloud-native IDS systems, additional research on 

dependability, explainability, scalability, and continuous learning is needed to transform the 

model from experiments to an adaptable system.  

Table 1. Research Gaps 

References Research 

Focus 

Models used Major Contributions and 

Findings 

Identified Gap 

[1] Machine 

learning–based 

cloud security 

SVM, RF, 

Clustering 

Demonstrated superior 

detection accuracy 

compared to traditional IDS 

approaches; highlighted an 

emerging transition toward 

deep learning–based 

security mechanisms. 

Limited capability to 

detect complex and 

zero-day attacks; 

lacks scalability and 

adaptability required 

for dynamic cloud 

environments. 

[2] Deep learning 

trends in cloud 

security 

Bibliometric 

and systematic 

literature 

analysis 

Identified intrusion 

detection systems as the 

most actively researched 

application of deep learning 

in cloud security domains. 

Provides trend 

analysis only; does 

not evaluate model 

performance, 

deployment 

feasibility, or real-

time cloud 

applicability. 

[7] Survey of deep 

learning–based 

IDS 

CNN, RNN, 

LSTM, 

Autoencoders 

Highlighted the importance 

of proactive intrusion 

detection and temporal 

feature learning for 

enhanced cloud security. 

Lacks comparative 

evaluation of models 

in real cloud 

environments and 

does not address 

deployment 

challenges such as 

scalability or 

latency. 
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[8] Intrusion 

detection in 

cloud 

environments 

CNN–based 

IDS 

Achieved high detection 

accuracy, particularly for 

zero-day attacks, 

demonstrating the 

robustness of CNN-based 

models. 

Limited focus on 

temporal 

dependencies and 

high computational 

cost restricts real-

time deployment in 

large-scale clouds. 

[11] Network 

traffic 

classification 

Deep CNN Reduced false positive rates 

and improved overall 

network efficiency through 

effective traffic 

classification. 

Evaluated mainly on 

standard datasets; 

lacks validation 

under real-time 

cloud traffic and 

multi-tenant 

scenarios. 

[4] Anomaly 

detection in 

cloud systems 

Deep 

Autoencoders 

Enhanced detection 

accuracy while significantly 

reducing false alarm rates 

compared to conventional 

methods. 

Sensitive to 

threshold tuning and 

concept drift; 

limited 

explainability 

affects operational 

trust in cloud IDS. 

[19] Intrusion 

detection and 

prevention 

systems 

Deep Neural 

Network 

(DNN) 

Proposed a self-healing 

cloud security architecture 

capable of automated threat 

detection and response. 

Requires large 

labelled datasets and 

lacks evaluation 

against evolving 

attack patterns in 

dynamic cloud 

workloads. 

[21] Cloud-based 

intrusion 

detection 

systems 

Machine 

learning 

classifiers 

Analysed the advantages 

and limitations of ML-

based IDS, highlighting 

scalability and performance 

trade-offs. 

Does not address 

deep learning–based 

solutions or cloud-

native challenges 

such as elasticity, 

virtualization, and 

distributed traffic. 

 Role of Deep Learning in Intrusion Detection Systems 

3.1  Introduction to Intrusion Detection Systems 

Intrusion detection systems (IDS) are important for cybersecurity to detect malicious 

activity or violations by monitoring network traffic, system operations, and user behavior. 

Numerous users share resources, virtual machines, and services in cloud settings. IDS protect 

against cyber attacks and unauthorized access. Compared to traditional systems like static 

physical infrastructures, cloud systems are dynamic and flexible, creating a significantly larger 

attack surface that complicates threat detection. Conventional intrusion detection systems 
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depend on strict protocols or predefined signatures to effectively detect known threats. 

However, new zero-day and adaptive attack techniques pose challenges for these systems. 

Furthermore, traditional IDS are unable to handle the massive amount, speed, and variability of 

data generated in cloud environments. This highlights the importance of sophisticated detection 

systems that utilize effective algorithms to identify complex patterns and adapt to changes in 

the tech ecosystem of security risks. Deep learning technologies are now recognized for 

improving detection through learning and increased flexibility for new and diverse cyber 

threats. [3], [5], [10].  

3.2 Types of Intrusion Detection Systems 

3.2.1 Signature-Based IDS 

Signature-based intrusion detection systems (IDS) are able to detect intrusions when 

comparing system activity or network traffic to a predefined database of known attacks. These 

signatures represent characteristics associated with known vulnerabilities, harmful command 

patterns, malware payloads, and other previously identified risks. Signature-based intrusion 

detection systems (IDS) are dependable for recognized threat scenarios because of their 

predictable design that provides high detection accuracy for known assaults and maintains low 

false-positive rates. 

3.2.2 Anomaly-Based IDS 

When trying to detect possible intrusions, intrusion detection systems (IDS) create a model 

of regular system or network behaviour based on anomalies. These systems are highly effective 

at identifying insider threats, unknown attacks, and highly complex strategies of attack that 

differ from recognized signatures. In cloud environments, anomaly-based IDS are valuable due 

to their ability to adapt to diverse workloads and heterogeneous traffic patterns. 

3.2.3 Hybrid IDS 

The advantages of both signature-based and anomaly-based methods are combined in 

hybrid intrusion detection systems (IDS) to provide an improved structure. Hybrid intrusion 

detection systems (IDS) use behavioral analysis and signature analysis to provide high detection 

accuracy for known attacks while maintaining the capacity to detect unusual and zero-day 

threats. The adaptability of the system is increased and false positives are decreased using this 

double layer detection technique. 
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 Technologies Enabling Deep Learning-Based IDS 

4.1 Cloud Computing Technologies 

IDS implementation is made possible by cloud computing technologies like virtualization, 

containerization, and Software-Defined Networking (SDN). IDS components are   dynamically 

distributed between hosts without affecting cloud services because virtualization allows 

multiple machines to share physical resources. Microservice-based security modules can be 

created or relocated based on workload needs, containerization technologies like Docker and 

Kubernetes significantly improve IDS portability and scalability by providing lightweight 

solutions. 

4.2 Big Data and Streaming Platforms 

Large amounts of heterogeneous data such as network traffic, system logs, application logs, 

and user activity records are produced by cloud infrastructures. Effective intrusion detection 

requires real-time processing of such high-velocity and high-volume data streams. Large-scale 

IDS installations are supported by distributed data access, storage, and processing capabilities 

provided by big data and streaming systems like Apache Kafka, Apache Spark, and Apache 

Flink. 

4.3 GPU and Accelerator Hardware 

Intrusion detection deep learning models are computationally complex, when managing 

high-dimensional cloud data during training in real time. Graphics processing units (GPUs) and 

specialized accelerators like Tensor Processing Units (TPUs) significantly   speed up deep 

learning workloads by enabling the simultaneous execution of complex neural network 

operations. 

4.4 Cloud Security Datasets 

High-quality datasets are required for intrusion detection models to be trained, assessed, 

and measured. Publicly accessible databases like NSL-KDD, CICIDS, and UNSW-NB15 are 

frequently used in IDS research because of their availability and labelled attack scenarios.  

These datasets offer normal metrics for comparative analysis of advanced deep learning-based 

intrusion detection [23], [24]. 
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 Trends in Cloud Security Growth 

The evolution of cloud security has seen significant developments from 2022 to 2032, 

with the global market expanding from approximately USD 20.5 billion to a projected USD 

148.3 billion, reflecting a compound annual growth rate (CAGR) of 22.5%. This growth 

underscores the importance of protecting cloud infrastructures against highly advanced cyber 

threats. Initially, security investments concentrated on Identity and Access Management (IAM) 

and Data Loss Prevention (DLP), with IAM maintaining its dominant status due to its crucial 

role in authentication and user identity control, as shown in Fig. 2. As cyber threats evolved, 

there was a shift toward Security Information and Event Management (SIEM) systems, with a 

focus on real-time threat detection and response capabilities. The rise of SIEM correlates with 

the growing use of Intrusion Detection Systems (IDS), which operate as intelligent elements of 

SIEM environments. These systems enable continuous monitoring, and rapid response to 

security incidents is essential in handling the complexities of modern cloud data. 

 

Figure 2. Global Cloud Security Market Growth (2022–2032) by Security Type [27] 

The introduction of deep learning into IDS has further improved detection capabilities, 

as these systems can adapt to new and highly advanced attack patterns. This technological 

advancement includes models like CNNs for traffic analysis and LSTM networks for sequential 

log monitoring. Such innovations are fundamental in reducing false positives and improving 

response times. Moreover, the evolving nature of cloud workloads requires the development of 

comprehensive security strategies. A larger pattern toward resilience appears in the increasing 

value of Business Continuity and Disaster Recovery (BCDR) highlighting the importance of 
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rapid recovery and system availability after errors.  In the end, the transition from basic security 

measures to intelligent, integrated security frameworks shows that proactive intrusion detection 

is now at the core of modern cloud security, improving the overall security posture of cloud 

infrastructures [22], [24]. 

Table 2. Comparative Analysis of Deep Learning Models for Cloud IDS 

Model Strengths Limitations Suitable 

Attack 

Scenarios 

CNN [7], [8], [11] Effective spatial feature 

extraction; high accuracy for 

traffic-based attacks 

Limited temporal 

awareness; high 

computation cost 

DDoS, 

scanning, 

brute-force 

RNN / LSTM [7], 

[19] 

Captures sequential and 

temporal patterns 

Slow training; vanishing 

gradient (RNN) 

Insider threats, 

slow attacks 

Autoencoder [7], 

[4] 

Unsupervised anomaly 

detection; detects zero-day 

attacks 

High false positives; 

difficult threshold tuning 

Unknown and 

novel attacks 

DNN [19] Simple architecture; good 

classification performance 

Requires labelled data; 

less adaptive 

Known attack 

patterns 

Hybrid (CNN–

LSTM) [7], [11] 

Combines spatial and temporal 

features; high detection 

accuracy 

Complex architecture; 

high resource usage 

Advanced 

persistent 

threats 

Federated DL 

[21] 

Privacy-preserving; cross-cloud 

collaboration 

Communication overhead; 

slower convergence 

Multi-cloud 

IDS 

 

In Table 2, a comparative analysis reveals that no single deep learning model is optimal 

for all cloud intrusion detection scenarios. CNN-based models perform well for network traffic 

analysis, whereas LSTM-based architectures are more suitable for sequential log and 

behaviour-based detection. Autoencoders are effective for identifying unknown attacks, but 

often generate higher false positives. Hybrid models achieve superior detection accuracy by 

combining complementary features, although at the cost of increased computational 

complexity. Federated deep learning models address privacy and data-sharing challenges but 

introduce communication and convergence overheads. These trade-offs highlight the 

importance of model selection based on deployment constraints and threat characteristics. 
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 Discussion On Deep Learning–Based Intrusion Detection in Cloud Computing  

This paper highlights the importance of deep learning in improving cloud security 

through intrusion detection systems (IDS). It illustrates the lack of standard security methods 

to manage the development of effective defenses against cyber threats and the increasing rise 

of cloud security-based companies. The review explains the transition from static, rule-based 

intrusion detection methods to smart, adaptive deep learning-based systems that are essential 

for monitoring real-time cloud traffic and identifying their abnormalities. Deep learning models 

such as CNN, LSTM, and autoencoders improve standard machine learning algorithms in 

intrusion detection methods, providing high accuracy and flexibility by reducing the 

dependency on manual feature extraction methods. Still, problems exist; most IDS models 

remain experimental and lack performance generalization due to evaluations on old or fake 

datasets, leading to a major gap between research and practical application in operational 

settings. [7], [8], [11].  

6.1 Model-Level and Methodological Limitations 

This section explains the basic limitations of deep learning-based intrusion detection 

models, including algorithmic design and learning methods. Deep learning-based intrusion 

detection systems (IDS) face numerous challenges. Scalability and computational costs are 

significant challenges that require substantial processing power and memory, leading to delays 

in real-time cloud systems. Additionally, the lack of transparency in deep learning models 

affects regulations and emergency responses by reducing confidence among security analysts. 

The evaluation also highlights threats from adversarial attacks and the effect of concept drift; 

developing cloud workloads can reduce IDS performance if models are not constantly updated 

[14], [17].  

6.2 Deployment and Operational Challenges 

This section discusses the actual challenges that occur when implementing deep 

learning-based intrusion detection systems in real-world cloud applications. 

1. Lack of Realistic and Cloud-Native Datasets 

One of the most significant challenges in developing deep learning–based IDS is the 

lack of up-to-date, real-world cloud security datasets. Most existing datasets, such as NSL-

KDD, UNSW-NB15, and CICIDS, are either outdated or generated in controlled laboratory 
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environments. These datasets fail to capture modern cloud characteristics such as container 

orchestration, microservices, encrypted traffic, multi-tenancy, and elastic resource scaling. As 

a result, models trained on these datasets often demonstrate high accuracy in experimental 

settings but perform poorly in real-world cloud deployments. The absence of standardized, 

cloud-native datasets also makes it difficult to compare IDS approaches fairly across studies 

[4], [21]. 

2. Scalability and Real-Time Processing Constraints 

Cloud environments generate massive volumes of high-velocity network traffic and log 

data. Deep learning models, particularly deep and hybrid architectures, require significant 

computational resources for training and inference. This can introduce latency and hinder real-

time intrusion detection, especially in large-scale cloud infrastructures. Deploying IDS at 

multiple cloud layers, such as network, host, container, and application levels, further amplifies 

scalability challenges. Ensuring consistent performance while maintaining low latency remains 

a major obstacle for cloud-based IDS [6], [9]. 

3. High False Positive Rates in Dynamic Environments 

Anomaly-based deep learning IDS often suffers from high false positive rates due to the 

constantly changing nature of cloud workloads. Legitimate changes in user behavior, 

application updates, or scaling events may be incorrectly classified as intrusions. High false 

positive rates increase the operational burden on security analysts, as frequent false alarms 

require manual investigation, leading to delayed response times and reduced trust in automated 

intrusion detection systems [13], [18]. 

4. Concept Drift and Model Degradation 

Cloud environments are highly dynamic, with continuous changes in traffic patterns, 

workloads, and user behaviour. This leads to concept drift, where the statistical properties of 

input data change over time. Deep learning models trained on previous data can eventually lose 

efficiency, resulting in lower detection accuracy. IDS models become irrelevant without any 

options for continuous learning or adaptive retraining. Managing concept drift in real time 

without compromising system stability is a key research challenge [7], [26]. 
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5. Vulnerability to Adversarial Attacks 

Deep learning-based intrusion detection systems depend on malicious attacks that 

manipulate input data to avoid detection or change training datasets. Effectively developed 

changes can cause misclassification, allowing malicious traffic to overcome IDS capabilities. 

Adversarial threats are more serious in cloud systems due to their enormous size and 

connectivity. An IDS model with a mutually adaptable design remains an open research 

challenge for the system [9], [12]. 

5.1 Suitability of Deep Learning Architectures for Cloud Deployment 

In the implementation phase, a few deep learning methods are useful for cloud-based 

intrusion detection systems. Firstly, CNN-based models are scalable for real-time deployment 

processes and perform continuous evaluations with low latency when combined with GPU. 

Secondly, RNN and LSTM-based models have high latency, and their increased computational 

cost makes them unsuitable for cloud traffic situations. Autoencoder-based models are 

lightweight and efficient, but they generate false positives in different conditions. Lastly, hybrid 

models improve accuracy by consuming more resources, which affects scalability and leads to 

high operational costs. Among the deep learning models mentioned, hybrid and CNN-based 

models are suitable for real-time cloud IDS integrated with edge processing or stream-based 

analytics [20][25]. 

 Conclusion 

This review explains how deep learning can transform cloud intrusion detection by 

integrating a reactive technique with a proactive and smart security architecture. It improves 

the detection of complex attacks by combining independent feature training, flexible threat 

detection, and real-time analysis. However, a few key implementation challenges, including 

scalability limitations, low accessibility, adversarial attacks, and a lack of real cloud-based 

datasets, must be resolved before using this system in operational cloud systems. Overcoming 

these problems is important for maintaining the dependability and efficiency of deep learning-

based intrusion detection systems (IDS). In the future, the research will focus on explainable 

AI (XAI), effective training methods for malicious attacks, security-based learning, and energy-

efficient models. These features will help to develop scalable, transparent, and adaptable cloud-
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based intrusion detection systems (IDS) that can protect modern cloud systems from continuous 

cyber-attacks. 
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