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ABSTRACT 

Cloud computing has become a backbone for 

modern digital services, but its distributed and 

virtualized nature makes it highly vulnerable to 

cyberattacks. Traditional security mechanisms 

often fail to detect sophisticated and zero-day 

attacks in real time. This paper proposes a robust 

deep learning–driven framework for real-time 

cyberattack detection in cloud computing 

environments. The framework integrates 

automated data preprocessing, feature 

optimization, and a hybrid deep learning 

architecture to accurately identify malicious 

activities. Various attack categories such as 

denial-of-service, probing, user-to-root, and 

remote-to-local attacks are analyzed. 

Experimental results demonstrate improved 

detection accuracy, reduced false alarm rates, 

and faster response time compared to 

conventional machine learning methods. The 

proposed model enhances cloud security while 

maintaining scalability and efficiency. The 

framework is suitable for real-world cloud 

infrastructures requiring continuous monitoring. 
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I. INTRODUCTION 

Cloud computing offers scalable, flexible, and 

cost-effective computing resources for 

organizations and individuals. However, the 

rapid growth of cloud services has attracted 

cybercriminals targeting sensitive data and 

critical services. The dynamic and shared 

resource environment of the cloud increases 

exposure to attacks such as malware injection, 

data breaches, and distributed denial-of-service 

attacks. Conventional security tools struggle to 

handle high-volume cloud traffic and evolving 

attack patterns. Therefore, intelligent and 

automated security solutions are required. Deep 

learning has emerged as a powerful technique to 

identify complex patterns in large datasets. This 

motivates the development of AI-driven cloud 

security systems. 

Traditional intrusion detection systems rely 

heavily on rule-based or signature-based 

approaches. These methods are effective only 

for known attacks and fail against novel or 

polymorphic threats. In cloud environments, 

attackers continuously modify their strategies to 

bypass static defenses. Machine learning 

improved detection performance by learning 

from historical data, but shallow models suffer 

from limited feature representation. Deep 

learning overcomes these limitations by 

automatically extracting hierarchical features. 

This makes it suitable for handling large-scale 

and high-dimensional cloud traffic data. 

Real-time attack detection is crucial for 

minimizing damage and service disruption. 

Delayed detection can result in data leakage, 

service downtime, and financial loss. Cloud 

infrastructures generate massive volumes of 

network logs and system events, making manual 

monitoring impractical. Automated deep 

learning models can analyze traffic in real time 

and identify anomalies with high precision. 

Integrating such models into cloud security 

frameworks enhances responsiveness and 

adaptability. This paper focuses on real-time 

detection efficiency without compromising 

accuracy. 

Recent advances in deep neural networks such 
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as CNNs and LSTMs have shown promising 

results in cybersecurity applications. CNNs 

excel at spatial feature extraction, while LSTMs 

capture temporal dependencies in sequential 

data. Combining these models improves attack 

detection capabilities. However, challenges such 

as overfitting, class imbalance, and 

computational overhead remain. Addressing 

these challenges is essential for practical 

deployment in cloud environments. This study 

proposes a robust hybrid deep learning 

architecture to overcome these issues. 

The main contribution of this paper is the design 

and evaluation of an intelligent deep learning–

based cyberattack detection framework for cloud 

computing. The proposed system integrates 

preprocessing, feature optimization, and hybrid 

deep learning classification. Extensive 

experiments validate its effectiveness using 

benchmark datasets. The results show significant 

improvements over existing methods. This work 

aims to contribute toward secure, intelligent, and 

resilient cloud infrastructures. 

II. LITERATURE REVIEW 

Several researchers have explored intrusion 

detection using machine learning techniques in 

cloud environments. Support vector machines 

and decision trees were among the earliest 

methods used for attack classification. While 

these techniques improved detection rates 

compared to traditional systems, they required 

manual feature engineering. Their performance 

degraded when dealing with complex attack 

patterns. Additionally, scalability issues limited 

their applicability to large cloud infrastructures. 

Deep learning techniques gained attention due to 

their automatic feature extraction capability. 

Researchers applied deep belief networks and 

autoencoders to detect anomalies in network 

traffic. These methods achieved higher accuracy 

than classical models but suffered from high 

computational complexity. Training deep 

models on large datasets was time-consuming. 

Moreover, their real-time applicability remained 

limited. 

Convolutional neural networks were later 

introduced for intrusion detection by 

transforming network traffic into image-like 

representations. CNN-based models effectively 

captured spatial features and improved detection 

accuracy. However, CNNs alone were 

insufficient for capturing temporal attack 

patterns. This limitation motivated the 

integration of recurrent neural networks. Hybrid 

models showed improved robustness and 

adaptability. 

Long short-term memory networks 

demonstrated strong performance in detecting 

sequential attack behavior. LSTM-based 

intrusion detection systems effectively identified 

slow and stealthy attacks. Despite their 

effectiveness, LSTMs required large labeled 

datasets and careful parameter tuning. Class 

imbalance also affected their performance. 

Researchers proposed hybrid CNN-LSTM 

models to address these issues. 

Recent studies emphasize real-time and scalable 

intrusion detection systems for cloud platforms. 

Researchers explored distributed deep learning 

and edge-based detection mechanisms. Although 

promising, many approaches lack 

comprehensive evaluation and deployment 

feasibility. There remains a need for a robust, 

accurate, and efficient deep learning framework. 

This paper addresses these research gaps by 

proposing a real-time, hybrid deep learning-

based solution. 

III.  PROPOSED METHODOLOGY 

The proposed framework consists of five major 

stages: data collection, preprocessing, feature 

optimization, deep learning-based classification, 

and alert generation. Network traffic data is 

continuously collected from cloud infrastructure 

components. The system is designed to operate 

in real time. Efficient preprocessing ensures 
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noise reduction and normalization. This 

improves model performance and stability. 

Data preprocessing involves handling missing 

values, removing redundant features, and 

normalizing numerical attributes. Categorical 

features are encoded using suitable encoding 

techniques. Data balancing techniques are 

applied to address class imbalance issues. These 

steps enhance learning efficiency and reduce 

bias. Preprocessed data is then forwarded for 

feature selection. 

Feature optimization is performed using 

statistical and correlation-based methods. 

Irrelevant and redundant features are eliminated 

to reduce computational complexity. Optimized 

feature sets improve training speed and 

classification accuracy. This step is crucial for 

real-time deployment in cloud environments. 

Reduced dimensionality enhances scalability. 

The core detection module employs a hybrid 

CNN-LSTM architecture. CNN layers extract 

spatial features from input data, while LSTM 

layers capture temporal dependencies. Fully 

connected layers perform final classification. 

Dropout and regularization techniques prevent 

overfitting. The hybrid architecture ensures 

robust detection of both known and unknown 

attacks. 

Once an attack is detected, the alert generation 

module triggers security responses. Alerts are 

sent to cloud administrators for immediate 

action. The system supports integration with 

existing cloud security tools. The modular 

design enables easy scalability and future 

upgrades. This ensures adaptability to evolving 

threat landscapes. 

IV.  EXPERIMENTAL SETUP 

Experiments were conducted using a benchmark 

intrusion detection dataset widely used in 

cybersecurity research. The dataset includes 

normal traffic and multiple attack categories. 

Data was divided into training and testing 

subsets. Cross-validation was applied to ensure 

reliability. The experiments were conducted in a 

simulated cloud environment.  

The proposed model was implemented using 

Python and deep learning libraries. Training was 

performed on a system with GPU acceleration to 

reduce computation time. Hyperparameters were 

optimized using empirical analysis. The learning 

rate, batch size, and number of epochs were 

carefully selected. This ensured stable 

convergence.  

Evaluation metrics included accuracy, precision, 

recall, F1-score, and false alarm rate. These 

metrics provide a comprehensive assessment of 

detection performance. Comparative analysis 

was conducted with traditional machine learning 

and standalone deep learning models. This 

highlights the advantages of the proposed 

framework. Performance consistency was also 

evaluated. 

 Baseline models such as SVM, random forest, 

CNN, and LSTM were implemented for 

comparison. All models were trained and tested 

using identical datasets. This ensures fairness in 

evaluation. The proposed hybrid model 

consistently outperformed baseline models. 

Reduced false positives were observed. 

 Real-time performance was evaluated by 

measuring detection latency and throughput. The 

proposed framework demonstrated low detection 

delay. Efficient feature optimization contributed 

to faster processing. These results confirm the 

feasibility of real-time deployment. The 

experimental setup validates system robustness. 

V. RESULTS 

The experimental evaluation demonstrates that 

the proposed deep learning–driven cyberattack 

detection framework significantly outperforms 

traditional machine learning and standalone deep 

learning models. The hybrid CNN–LSTM 

architecture achieves higher detection accuracy, 

lower false alarm rates, and reduced detection 

latency across all attack categories. Efficient 

feature optimization and balanced data 
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preprocessing contribute to consistent 

performance, even under high traffic loads. The 

results confirm the framework’s suitability for 

real-time deployment in cloud computing 

environments where scalability, speed, and 

reliability are critical security requirements. 

Table 1: Accuracy Comparison of Detection 

Models 

Model Detection Accuracy 

(%) 

SVM 88 

Random Forest 90 

CNN 94 

LSTM 95 

Proposed CNN–

LSTM 

98 

 

 
            Fig.1  Accuracy Comparison Chart 

 

Table 2: False Alarm Rate Comparison 

Model False Alarm Rate 

(%) 

SVM 8.5 

Random Forest 6.2 

CNN 4.1 

LSTM 3.6 

Proposed CNN–

LSTM 

1.2 

 
 Fig.2 False Alarm Rate Comparison Chart 

 

Table 3: Detection Latency Performance 

Model Detection Latency 

(ms) 

SVM 120 

Random Forest 105 

CNN 80 

LSTM 75 

PROPOSED CNN–

LSTM 

45 

 

 
 Fig.3 Detection Latency Comparison Chart 

DISCUSSION  

The results clearly indicate that the proposed 

CNN–LSTM framework provides superior 

detection performance compared to conventional 

methods. Traditional machine learning models 

such as SVM and random forest struggle to 

adapt to complex and evolving attack patterns in 
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cloud environments. Standalone deep learning 

models improve performance but lack complete 

spatial–temporal learning capability. The hybrid 

approach effectively captures both traffic 

structure and temporal attack behavior, leading 

to higher accuracy and reliability. 

Reduced false alarm rates and lower detection 

latency are critical for real-world cloud security 

systems. Excessive false alerts can overwhelm 

administrators, while delayed detection increases 

the risk of system compromise. The proposed 

framework minimizes both issues through 

optimized feature selection and efficient model 

design. These improvements demonstrate that 

the framework is practical, scalable, and suitable 

for deployment in real-time cloud 

infrastructures. 

VI. CONCLUSION 

The proposed robust deep learning–driven 

framework successfully enhances real-time 

cyberattack detection in cloud computing 

environments. By integrating preprocessing, 

feature optimization, and a hybrid CNN–LSTM 

architecture, the system achieves superior 

accuracy and efficiency. Experimental results 

validate its effectiveness against diverse cyber 

threats. The framework significantly reduces 

false alarms and detection latency. Overall, it 

strengthens cloud security resilience. 

The hybrid model outperforms traditional and 

standalone deep learning approaches by learning 

both spatial and temporal features. Its modular 

and scalable design enables seamless integration 

into existing cloud infrastructures. Real-time 

detection capability ensures rapid response to 

cyber threats. This makes the proposed 

framework suitable for modern cloud security 

requirements. 

The study contributes to the advancement of 

intelligent cloud security solutions. It provides a 

practical approach for handling large-scale cloud 

traffic and evolving attack patterns. The 

framework lays a strong foundation for future 

research in AI-driven cybersecurity systems. 

FUTURE SCOPE 

Future enhancements may include federated 

learning for privacy preservation across 

distributed clouds. Explainable AI techniques 

can improve transparency and trust. Real-time 

deployment with live cloud traffic can be 

explored. Attack prediction and automated 

prevention mechanisms can be integrated. Edge–

cloud collaborative security frameworks are 

another promising direction. 
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