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Abstract 
The development and evaluation of a new Intrusion Detection System (IDS) using CNN and SVM is the main 
contribution of this paper. The hybrid approach using the feature extraction strengths of CNNs for very powerful 
invariant features is proposed to identify complex patterns that indicate possible intrusions in achieving 
automated network traffic data analysis. The model enhances detection with higher effectiveness across 
different attack vectors by incorporating the use of SVM as a classifier. Extensive experiments have been carried 
out to compare the performance of the proposed CNN+SVM model against traditional IDS methodologies. The 
results indicate a significant improvement in the detection rate, accuracies reaching a high of 98% with this 
hybrid model while keeping false positives to a minimum, whereas true positive cases are maximized. Other 
measures, such as precision, recall, and F1-score, further establish the fact that a model can compete by striving 
to balance sensitivity and specificity in order to handle one of the most critical challenges that cybersecurity 
faces. These findings demonstrate the potential benefit of deep learning models coupled with traditional 
machine learning techniques for intrusion detection systems. The contribution of this work to the extension in 
the literature on IDS, and above all, to some important practical implications in securing network 
infrastructures from the new, continuously evolving cyber threats, is important. Future studies will focus on 
model optimization and its application in different network scenarios. 

Keywords: Intrusion Detection, Security, Cloud, Big Data, and Machine Learning. 

Introduction 
Intrusion detection can be one of the most paramount things an information system can undertake in the 
identification of specific malicious activities that would compromise or damage information systems [1, 2]. 
Intrusion Detection Systems are deployed for system and network behavior monitoring in order to look out for 
suspicious activities that may signify an ongoing attack. 

Generally, Intrusion Detection Systems have been classified into two broad categories: host-based IDS and 
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network-based IDS. On the other hand, the host-based IDS is interested in the events of a single computer or 
server from the inside-out, looking at its log files, system events, and application usage to notice unauthorized 
changes.  In general, an IDS that is host-based monitors these internal aspects continuously and can therefore 
detect attacks or misuse that do not appear at the network level. This hosts a very powerful layer of security for 
the individual system. 

Network-based IDS performs its detection in a more general approach: by analyzing network traffic to identify 
patterns or anomalies indicative of malicious activities across the entire network. Examples of network-based 
IDS include monitoring the flow of data across all devices on a network, looking for packet content that could 
indicate a well-known cyberattack [3]. Denial-of-Service (DoS) tries to overwhelm the system with traffic. SQL 
injection is an attempt to get into the database by submitting malicious material through input fields. Password 
attacks use brute force methods in an attempt to gain unauthorized access. Network-based IDS detects attacks 
in real time by inspecting network traffic, so immediate responses can be made before an attack is perpetrated 
inside or affects critical systems.  

With a rapid increase in the reliance on interconnected networks and an exponential growth of network 
applications globally, it is believed that sophisticated cyberattacks are also on the rise. As more organizations 
embark on digital transformation, this increases the attack surface, hence making the likeliness of threats shift 
toward network vulnerabilities [4]. In that respect, an effective IDS must be either host-based or network-based 
and developed on a continuous basis in order to match the fast-changing profile of cybersecurity threats. This 
would mean strong protection not only at the individual system level but throughout whole networks from 
unauthorized access and attacks. 

Intrusion detection has, in general, been involved with identifying unauthorized access, malicious attack, or 
misuse of an operating system or network to prevent security breach that can lead to either data compromise, 
disruption of services, or financial loss and damage to reputation. However, with evolving cyber threats at such 
high speeds, it is becoming tough to design an efficient and reliable IDS system, especially in the face of 
sophisticated attack techniques like distributed denial-of-service attacks, ransomware, and advanced persistent 
threats [5, 6]. These systems must grapple with the massive volumes of data coming off modern networks; they 
must find the faint attack patterns, perhaps explicitly crafted to evade traditional detection methods. It needs to 
be done in real time, adapting to novel and emerging threats. Combining this with the complexity of the 
imperative for accurate and timely detection underlines the problem of enhancing IDS capabilities in keeping 
with ever-growing sophistication of cyber-attacks. 
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Figure 1. Typical attack detection process 

This is further motivated by the fact that undetected or late detection of cyber-attacks has enormous 
consequences. The aftermath of a successful intrusion may come in the form of stolen sensitive data, system 
unavailability, loss of money, and breach of privacy [7]. The stakes are exceptionally high for an enterprise, 
government institution, or an individual since cyber criminals increasingly attack not only financial systems but 
also critical infrastructure, healthcare networks, and intellectual property. Cyberattacks vary and complicate 
further; hence, reliance on traditional security mechanisms such as firewalls or antivirus is not good enough.  

There is an actual need for advanced intrusion detection methods that could actively identify and contain threats 
to guarantee information integrity, availability, and confidentiality. Furthermore, the ever-growing network 
traffic, which is driven by the increased usage of IoT devices, mobile applications, and cloud computing, 
increases the attack surface and, consequently, the need for intrusion detection systems. In order for them to 
actively protect such environments [8, 9], there is a need to develop IDS solutions that keep pace with network 
demands through their ability to make a correct separation between benign and malicious activities and allow 
for real-time threat detection and response. It therefore calls for further research and development in intrusion 
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detection technologies to come up with robust, adaptive, and intelligent systems that can counter such complex 
security challenges today. 

Related Works 
Ever-growing reliance on cloud-hosted big data systems has resulted in several security-related challenges due 
to adaptive intrusion detection mechanisms that are capable of battling unique challenges related to big data. 
Traditional IDSs, envisioned for on-premise networks, cannot scale well while maintaining efficiency and 
handling the serious and dynamic nature of the cloud environment. In such cloud-hosted systems, 
infrastructure is distributed across various geographical regions hosting large volumes of information with 
different application types [10]. These things make the hard task of managing network perimeter monitoring 
and security by traditional methods. The environment is also often marked with high traffic fluctuation, 
virtualization, and multi-tenancy-which further add extra layers to operating environments. In this regard, 
adaptive IDS has been so important to serve the need in balancing between the elastic nature of cloud 
resources with dynamic users or applications in big data security hosted in the cloud. These adaptive systems 
must respond in real time to threats, learn from new attack patterns, and minimize false positives and 
negatives. 
Various adaptive intrusion detection mechanisms in cloud-hosted big data systems are usually designed to make 
use of the machine learning and AI techniques that enhance their responsiveness and precision. Anomaly 
detection and runtime attack-pattern identification make use of various machine learning models such as 
unsupervised learning, supervised learning, and reinforcement learning. The key properties of these models are 
that they can learn from both historical and real-time data in a continuous manner, so the IDS may adapt to 
newly emerging threats while they evolve [11]. This capability to learn and adapt over time for cloud 
environments, which are highly dynamic concerning network traffic and user behavior, shall be highly important 
in APTs and zero-day vulnerabilities detection. Also, the scalability in machine learning models enables the 
handling of huge volumes of data from cloud-hosted systems to detect subtle attack vectors that no traditional 
system can trace. However, the challenge remains in training these models on diverse and large datasets without 
compromise in the performance of the IDS, since the cloud environments demand high-speed data processing 
along with real-time threat detection. 

The third aspect employed in adaptive intrusion detection is that involving those in cloud-hosted big data 
systems. These latter include a distributed and collaborative detection approach. This is due to the fact that the 
distributed nature of the cloud environment often introduces bottlenecks, with single points of failure, into the 
traditional centralized IDS architecture [12]. This deficiency is overcome by the modern adaptive mechanisms 
of the IDS, allowing the deployment of the monitoring agents on different nodes of the cloud system; hence, 
improving both coverage and resilience. These distributed agents will also collaborate in data analytics to find 
potential threats that spread across the entire cloud infrastructure.  

Furthermore, the distributed nature of this detection system enables the analysis of information closer to its 
origin, hence reducing latency and increasing the general speed of detection [13]. Coupled with that, sharing 
threat intelligence across various nodes or even different cloud platforms may thus be enabled, hence extending 
a more comprehensive and adaptive reach of security in cloud-based IDS. It will improve the detection of 
complex attack patterns such as DDoS, which generally occurs in a number of cloud nodes at the same time.  

Other active research involves big data analytics integrated into the cloud for intrusion detection 
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mechanisms. It can mine ample log data, user activity records, and network flow information generated in a big 
data system for making IDS accurate and intelligent. The adaptive IDS will employ big data analytics 
techniques, such as data mining and clustering, with further deep learning techniques, to spot patterns and 
correlations in large datasets that may indicate potential security breaches.  

Big data platforms like Apache Hadoop and Spark have enabled real-time processing, where IDS can perform 
runtime analysis on huge volumes of security-related data. This will enhance runtime threat detection and 
response system capability, which is critical in cloud-hosted systems where the propagation time for attacks is 
very short [14]. The big challenge is, however, how to manage volume, velocity, and variety emanating from 
such systems. Handling data efficiency, storage, and analysis is paramount in ensuring that IDS remains 
effective without overwhelming the underlying cloud infrastructure. 

Despite the developments in adaptive intrusion detection mechanisms, various challenges are yet to be 
addressed in the context of big data systems hosted on clouds. The high false alarm rate with its induced false 
positives and false negatives remains a concern for either triggering superfluous alerts or failing in detecting 
certain activities [15, 16]. The more complex the cloud environments are becoming, the more sophisticated the 
IDS mechanisms should be in order to distinguish between benign anomalies and actual intrusions. A third area 
of concern involves data privacy and confidentiality across cloud sharing.  

An effective IDS within a multi-tenant cloud deployment needs to consider special access policies across data 
and ensures that sensitive information is not exposed without defeating the performance of the IDS. 
Furthermore, the type of scalability to be seen in elastic cloud resources also implies that IDS mechanisms 
should be agile and highly scalable, allowing for adjustments between workloads at different time scales without 
impacting security performance negatively [17, 18]. The need for innovative ways to enhance the adaptability, 
scalability, and precision of intrusion detection systems in cloud-hosted big data environments is therefore real, 
since novel intrusion types evolve quite often. 

Proposed Methodology 
In the proposed adaptive intrusion detection in cloud-hosted big data systems, the design of a model using 
CNN+SVM is made in such a way to exploit both CNN and SVM to yield high detection precision with 
enhanced system adaptability. In the cloud environment, owing to high volume and dynamic nature of data and 
network traffic, conventional IDSs hardly achieve high performance, especially under constant threat evolution. 
In this respect, the CNN part of the model can learn and extract, in an automatic way, complicated hierarchical 
features from input data.  

It can be network traffic logs, user behaviors, and system logs. That is just where CNNs are particularly suitable 
for the task, since they are capable of efficiently handling large-scale and high-dimensional data so as to uncover 
the pattern that might indicate malicious activity. The model in this paper uses several convolutional layers to 
model both the spatial and temporal dependencies in input data, which enhances the chances of detecting subtle 
variations either in a traffic spike, login pattern, or access behavior due to an intrusion. 

CNN feeds the features extracted into the SVM component. SVM does a pretty robust job in binary 
classification, especially when the data is not linearly separable or is at one-dimensional space. The SVM 
projects the feature space into a higher dimensionality space using a kernel trick where it can separate normal 
activities from malicious intrusions. The model suggested here is the question classification model with SVM, 
which will classify these extracted features into types, such as legitimate traffic or some kind of attack.  
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It includes denial of service, SQL injection, and insider threats. This will increase the general performance of 
detection by taking into consideration that CNNs are good at feature extraction, while SVMs provide a powerful 
and dependable decision-making process based on the extracted features. In this respect, the application of the 
SVM ensures preparation for the model to be flexible in generalization and prepared against instances in case 
of a limited or imbalanced training data set, normally a problem in intrusion detection. 

Another great advantage with this model is its adaptability, one of the major reasons for cloud-hosted big data 
systems. In general, cloud environments are highly dynamic in nature, and VMs spin up or down along with 
containers and services, depending on demand and user behavior. CNN+SVM updates detection parameters at 
runtime by learning from real-time data. Hence, CNN can be fine-tuned from time to time or continuously 
retrained with fresh data so that it remains sensitive to new patterns of an attack or any emerging threat.  

Meanwhile, the incremental learning ability makes the SVM classifier far superior since the updates of its 
decision boundary need not involve complete model retraining. This adaptiveness will ensure that the intrusion 
detection mechanism scales with the dynamic security landscape, providing timely and accurate detection for 
both known and zero-day attacks. Besides, the ability of the model to learn from labeled and unlabeled data 
through semi-supervised learning techniques enhances its capability to detect zero-day attacks, which are 
gaining wide applications in cloud environments. 

Another important concern, which the proposed model CNN+SVM addresses, is scalability-a very vital factor 
for intrusion detection in cloud-hosted big data systems. The amount of generated data on the cloud platforms 
is gigantic; hence, the IDS should be capable to handle this in an efficient way without inducing considerable 
latency. In other words, because of parallel information processing, CNNs are inherently scalable and hence 
naturally suitable for handling high-dimensional data that may originate in typical cloud environments. The 
model can also be deployed across many nodes in a distributed fashion, whereby each node processes a subset 
of the data in concert and subsequently combines the results. This places a heavy computational burden on a 
system that has fewer single points of failure or bottlenecks, while large-scale data streams can be real-time 
processed. Traditional computation-intensive parts of SVM benefit from kernel optimizations and the use of 
cloud-based distributed computing frameworks. It can combine and provide high scalability with very high 
accuracy of detection, therefore making it one of the best solutions for intrusion detection on large-scale 
distributed cloud environments. 
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Figure 2. Proposed CNN+SVM based security model  

This model, for its part, embeds mechanisms of reducing false positives, enhancing interpretability, which are 
common challenges in IDS systems. In this respect, the CNN+SVM architecture is designed not to overfit using 
regularization techniques during training so that the model generalizes well on new data. The feature 
visualization technique, including the attention mechanism on CNNs, would help the model give more insights 
into how given features serve to its decisions of detection. More specifically, this will be very critical for the 
security analysts who need to know the associated rationale behind the model's predictions, especially in those 
cases resulting in a false positive or missed detections.  
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The decision boundaries of SVM can also be visualized for insight into the classification process, thereby 
enhancing model interpretability. On the whole, adaptive intrusion detection using a CNN+SVM model 
represents an immensely effective, scalable solution to ensure the security of big data systems hosted on cloud 
computing environments through integrating the deep learning capabilities of CNNs with the robust 
classification power of SVMs to detect and mitigate a wide range of cyber threats. 

This also makes it highly suitable for intrusion detection in cloud-hosted big data systems, being one of the most 
effective methods to combine the strengths of both CNN and SVM into the approaches that address some of the 
major challenges provided by other models. Traditional intrusion detection models, such as decision trees, 
random forests, or even fully-connected neural networks, have often fallen short of expectations when 
confronted with network traffic, system logs, and cloud activity data in their high-dimensional, unstructured 
forms. These traditional models tend to rely on human-designed features, which can be extremely time-
consuming and error-prone, particularly due to the dynamic nature of cyber-attacks.  

In fact, it can degrade further in performance for most noisy or irrelevant data, typically associated with most 
real-world cloud environments. On the other hand, the CNN part of the CNN+SVM model is very efficient in 
the automatic learning of relevant features from raw input data, hence reducing the feature engineering workload 
extensively; it also turns out to be highly adaptable against new and emerging threats. Accomplished by learning 
the representation of data in a hierarchical manner, CNNs capture complex patterns and dependencies that might 
be hard or impossible for simpler models to learn. This forms an essential ingredient in detecting sophisticated, 
subtle intrusion attempts usually camouflaged as legitimate traffic. 

One of the major reasons the CNN+SVM model performs better than other models is its capability for good 
generalization across diverse datasets and attack scenarios. Intrusion Detection Systems should also have the 
capability to detect a wide range of attack types, ranging from volumetric attacks like DDoS to more directed 
ones like SQL injection or insider threats. Most of the conventional machine learning models used tend to be 
over fitted to training data and to fail in generalizing to new, unseen attack patterns.  

This is particularly problematic in cloud environments where attack patterns are evolving by the day and zero-
day vulnerabilities are frequently exploited. The CNN component in the proposed model mitigates this by 
making a sieve of the input data through multiple layers of convolutional filters that extract both low-level and 
high-level features to detect both obvious and subtle anomalies. The feature extraction process follows a 
hierarchical approach, which greatly enables the CNN in capturing intricate non-linear relationships among data 
points that would have been elusive for other models. This actually makes intrusion detection much more 
appropriate and robust. This capability is further enhanced by the usage of SVM, which provides a reliable 
classification mechanism prone less to overfitting compared to other algorithms such as a fully connected neural 
network or even logistic regression. 

Compared to other traditional methods, another advantage of the CNN+SVM model is its robustness against 
imbalanced datasets. Intrusion detection usually faces this problem, where malicious activities only represent a 
small portion of the whole data in an actual deployed cloud system. In this respect, many machine learning 
models, which depend on the balance of the data distribution, tend to become biased towards the majority class, 
that is, normal traffic, and thus fail to detect most of the rare intrusion attempts. This may result in many false 
negatives-a real attack is not detected, which is a serious security risk.  

It is due to the fact that the CNN+SVM model is more prepared for handling imbalanced data, since it learns 
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meaningful features from benign and malicious behavior, which happens at a low rate. The effectiveness of the 
SVM in dealing with imbalanced classification problems is realized in the way it maximizes the margin 
separating the classes for correct identification even of the minority class data points, representing attacks. This 
combination of CNN's strong feature extraction with the robust classification by SVM lets it have a higher 
detection rate while minimizing both false positives and false negatives, which is a cardinal necessity for any 
intrusion detection system. 

Results and Discussion 
As shown in Fig 3, the detection rate is the most important measure, which defines the percentage of actual 
attacks correctly identified by the intrusion detection system. A higher detection rate specifies that the system 
is highly efficient in the detection of potential security threats. In this regard, the proposed model of CNN+SVM 
will outperform the traditional approaches by achieving a considerably higher detection rate. This is essentially 
because the powerful feature extraction capability of CNN efficiently captures and processes the spatial features 
of the input data, which naturally leads to the SVM being able to conduct more robust classification. The 
possible synergy between these two techniques provides a good chance to improve the identification of complex 
attack patterns that may be missed by traditional methods. Classic models often perform badly facing high-
dimensional and noisy data, which results in a low detection rate. This proposed model proves adaptable to the 
realization of superior detection results in cloud-hosted big data environments that exhibit a large scale and 
diversity of data, beyond the limited detection capabilities of the benchmark models. Considering it may yield 
a higher detection rate, the approach of CNN+SVM will be more appropriate when sophisticated cyberattacks 
should be detected in large-scale dynamic cloud environments. 

 

 

Figure 3. Detection rate  

As shown in Figure 4, the proposed model shows much higher precision compared to any other models. This is 
because the CNN part helps in more precise identification of key features that distinguish normal activities from 
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malicious ones. While the SVM classifier that is good to handle nonlinear data having high-dimensional space 
would minimize the possibilities of false alarms. Traditional models often lead to a high false alarm rate that 
will be damaging in real-world cloud systems when every false alarm may overwhelm response teams. With 
that, the higher precision of the proposed model is a huge advantage in that it reduces unnecessary alerts so that 
only genuine threats could be flagged for intervention. This makes the model not just more effective but more 
efficient in practice. 

 

 

Figure 4. Precision  

Recall describes the share of true positives identified out of all actual positives, which means sensitivity in 
respect to the detection of all potential threats. High recall actually means that only a couple of the attacks were 
missed. As shown in Figure 5, the CNN+SVM model is outstanding regarding its recall rate, outperforming 
other existing methods. This could be attributed to the deep learning nature of CNN, which effectively discovers 
intricate patterns in data that might show subtle or masked attack behavior. Different traditional models lack 
such subtlety and hence always turn in lower recall rates, particularly under conditions of zero-day attacks or 
new types of cyber threats which do not manifest previous known behavioral patterns. The higher recall in the 
proposed model guarantees that the system picks up the maximum number of attacks, even if the nature of the 
attacks is very varied or part of evolving threat landscapes. A high recall rate is of utmost importance in cloud-
hosted systems, where the volume and variety of data are immense, to maintain comprehensive security. 

As shown in Figure 6, another important parameter that supports the intrusion detection system efficiency in 
properly identifying the attack is the true positive rate or sensitivity. The higher the TPR, the more successful 
the system would be in flagging intrusions without letting any real threats go undetected. In this respect, the 
TPR of the proposed model appears much higher compared to available models. Improvement is also due to the 
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effective feature learning capability of CNN in getting information from data in great detail with all subtle attack 
patterns, and precision of support vector machine in making a fine distinction among normal and attack data. 
These models may fail to capture some of the attack vectors for such cases because the attack patterns inside 
the training data may be complex or a few, hence giving them very low TPRs. However, this proposed model 
has the benefit of its hybrid nature, whereby proper classification is brought in through the SVM. This means 
fewer missed intrusions are produced; hence, it is much more reliable to deploy in cloud environments. 

 

Figure 5. Recall  
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Figure 6. True positive rate  

The feasibility of establishing an intrusion detection system in real-time environments, like cloud-hosted big 
data systems, depends on the computational time factor. Even with high accuracy of detection, if it is provided 
with slow response time, it may fail to protect the system against fast-velocity attacks. As illustrated in Figure 
7, the proposed CNN+SVM model reduces the computational time significantly compared with other existing 
models. Although deep, the CNN architecture has been optimized for efficient handling of large datasets, thanks 
to parallel processing techniques and GPU acceleration; hence, it is faster than other conventional methods. 
More importantly, the strong SVM classifier is optimized to efficiently work with the features extracted through 
the CNN for reduced computational cost overall. Most of the existing models, on the contrary, rely on rather 
older algorithms, which are computationally expensive or not fit for large-scale data, hence resulting in slow 
performance. The reduced time taken in computations using the proposed model will, therefore, definitely 
ensure that it is operational in real time, hence enabling timely decisions that could mitigate or prevent potential 
intrusions before causing so much harm. Therefore, the efficiency of this system is quite critical in cloud 
environments, since any delays in threat detection or response could result in widespread service disruptions. 
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Figure 7. Computational time  

Conclusion 
In this paper, we propose and evaluate a robust IDS using the integration of CNN with SVM. In this hybrid 
approach, the powerful feature extraction capability of CNNs automatically identifies intricate patterns within 
network traffic data. Therefore, integrating SVM as a classifier further enhances its performance for high 
accuracy and effectiveness in detecting a wide variety of intrusion attempts. In this paper, we are going to 
present our experimental results showing the superiority of the CNN+SVM model over state-of-the-art 
traditional IDS techniques. The accuracy rate shown by our model stands as proof that it is able to minimize 
false positives and maximize true positive detections. Different evaluation metrics, such as precision, recall, and 
F1-score, show that the proposed method has balanced sensitivity and specificity well, which is one of the 
significant challenges in the field of cybersecurity. Moreover, the result analysis has shown that the proposed 
hybrid model significantly outperforms the standalone CNN and SVM approaches, showing the synergy in 
combining them. This is not only a contribution to intrusion detection system research but also has practical 
implications for deploying real-world applications in network infrastructure security. Ultimately, an IDS based 
on CNN+SVM could always assure one of a promising solution to cybersecurity. 
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