
INTERNATIONAL JOURNAL OF ENGINEERING INNOVATIONS AND MANAGEMENT STRATEGIES, VOL 2, NO. 1, DEC 2024
     

Page No.:  1 
 

Deep Learning - Driven Data Leakage Detection for Secure Cloud 

Computing 

1Yoheswari S 

1Assistant Professor, Department of Civil Engineering, Ramco Institute of Technology, Rajapalayam 

 2,3Associate Professor, Department of Civil Engineering, Ramco Institute of Technology, 

Rajapalayam 

4Final Year Student, Department of Civil Engineering, Ramco Institute of Technology, Rajapalayam 

1vragavan@ritrjpm.ac.in 

AB S T RACT  

Cloud computing has revolutionized the storage and management of data by offering scalable, 

cost-effective, and flexible solutions. However, it also introduces significant security concerns, 

particularly related to data leakage, where sensitive information is exposed to unauthorized 

entities. Data leakage can result in substantial financial losses, reputational damage, and legal 

complications. This paper proposes a deep learning-based framework for detecting data leakage in 

cloud environments. By leveraging advanced neural network architectures, such as Long Short-

Term Memory (LSTM) and Convolutional Neural Networks (CNNs), the model detects abnormal 

data access patterns that may indicate leakage. The system operates in real-time, continuously 

monitoring data interactions between users and the cloud. A large dataset containing normal and 

abnormal access logs is used to train and validate the model, ensuring it can effectively 

differentiate between legitimate and malicious activity. The performance of the model is 

evaluated using metrics such as accuracy, precision, recall, and F1-score, with the system 

achieving over 96% accuracy in identifying potential data leaks. Furthermore, the proposed 

solution is designed to be scalable and adaptable, making it suitable for dynamic cloud 

environments with evolving threats. Future enhancements to the system include integrating multi-

cloud support and refining the model’s ability to detect sophisticated insider threats. This research 

highlights the importance of leveraging deep learning for real-time, proactive cloud security. 

 

Keywords: Data Leakage Detection, Cloud Security, Deep Learning, Convolutional Neural 

Networks, Long Short-Term Memory Networks 

 

1 Introduction 

         Cloud computing has emerged as a cornerstone of modern information technology, enabling 

organizations to store, manage, and process vast amounts of data with minimal upfront investment. 

The ability to access resources on-demand, scale storage, and computing power effortlessly, and 

collaborate globally are just some of the advantages that have driven the rapid adoption of cloud 

services across various industries. However, as more sensitive data migrates to the cloud, the risk of 

security breaches, particularly data leakage, has become a pressing concern. 

Data leakage in cloud computing refers to the unauthorized transmission or exposure of confidential 

data to external or unintended parties. This could occur due to malicious insider activities, 

vulnerabilities in cloud applications, misconfigured cloud settings, or external attacks such as data 

exfiltration. The consequences of data leakage are severe, ranging from financial losses and 

reputational damage to legal penalties and loss of customer trust. High-profile incidents, such as data 
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breaches involving multinational corporations, have highlighted the need for robust mechanisms to 

detect and prevent data leakage in cloud environments. 

Traditional security mechanisms, such as encryption, firewalls, and access control systems, while 

essential, may not be sufficient to detect data leakage effectively. These systems primarily focus on 

preventing unauthorized access but may fail to identify subtle, unauthorized data access patterns that 

could indicate an ongoing leakage. This limitation has spurred the development of advanced solutions 

that use artificial intelligence (AI) and machine learning (ML) to enhance cloud security. 

Deep learning, a specialized branch of machine learning, has proven particularly effective in detecting 

complex patterns in data, making it a promising solution for data leakage detection in cloud 

environments. Unlike traditional rule-based systems, deep learning models can automatically learn 

from large datasets, making them adaptable to the ever-evolving nature of cyber threats. 

Convolutional Neural Networks (CNNs) and Long Short-Term Memory (LSTM) networks, in 

particular, have shown great promise in tasks such as anomaly detection and sequence prediction, 

which are critical for identifying data leakage. 

The aim of this research is to develop a deep learning-based framework that can detect data leakage in 

cloud environments by analyzing user behavior and data access patterns. The system is designed to 

operate in real-time, providing continuous monitoring of data interactions in the cloud. By identifying 

abnormal behavior, such as unauthorized data access or excessive data transfers, the model can alert 

administrators to potential data leakage incidents before significant damage occurs. 

In this paper, we focus on building a comprehensive detection system by leveraging two key deep 

learning architectures: CNNs and LSTMs. CNNs are widely used for tasks involving pattern 

recognition and image classification but can also be adapted for detecting patterns in time-series data, 

such as access logs. LSTMs, on the other hand, are designed to capture long-term dependencies in 

sequences, making them well-suited for analyzing sequences of user actions over time. By combining 

these architectures, we aim to build a robust system that can detect both immediate and gradual data 

leakage scenarios. 

The remainder of this paper is structured as follows: Section 2 outlines the methodology used in 

developing the deep learning model, including data collection, preprocessing, model architecture, and 

training. Section 3 presents the experimental results, including performance metrics and comparative 

analysis. Section 4 concludes with a discussion of the results and potential future enhancements. 

Data Collection 

The foundation of any deep learning model is the quality of the data used to train it. For this research, 

we utilize a large dataset of cloud access logs that contain both normal and abnormal (leakage-related) 

access patterns. These logs capture various features, such as user ID, time of access, data accessed, 

location of the user, and frequency of access. The dataset is carefully curated to include diverse 

scenarios of legitimate data access as well as simulated data leakage incidents, ensuring the model is 

exposed to a wide range of behaviors during training. 

 Data Preprocessing 

            Data preprocessing plays a critical role in improving the performance of the deep learning 

model. The raw access logs are first cleaned to remove any irrelevant or redundant information. The 

data is then normalized to ensure that all features are on the same scale, which is crucial for 
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optimizing the performance of neural networks. Additionally, categorical features, such as user roles 

and data types, are encoded using one-hot encoding to facilitate their use in the model. The dataset is 

further augmented with synthetic leakage scenarios to address the issue of class imbalance, where 

legitimate access patterns far outnumber leakage instances. 

Model Architecture: 

      The proposed system utilizes a hybrid deep learning model, combining CNNs and LSTMs. CNNs 

are employed to detect spatial patterns in the access logs, such as recurring access attempts or patterns 

in data transfers. The CNN layers are followed by LSTM layers, which are responsible for capturing 

temporal patterns, such as sequences of user actions over time. The LSTM layers help in identifying 

long-term dependencies and unusual sequences that may indicate data leakage. The output of the 

LSTM layers is passed through fully connected layers, which generate the final predictions. 

 

FIGURE 1. State Grid business system and third-party platforms. 

Training and Validation: 

 The dataset is divided into training, validation, and test sets using an 80-10-10 split. The 

training set is used to train the model, while the validation set is used to tune hyperparameters such as 

learning rate, batch size, and the number of layers. We use binary cross-entropy as the loss function, 

as the task involves binary classification (normal vs. leakage). The model is trained using the Adam 

optimizer, which ensures efficient convergence. Techniques such as early stopping and dropout are 

employed to prevent overfitting. 

Performance Evaluation: 

          Once trained, the model is evaluated on the test set to assess its ability to detect data leakage 

accurately. Key performance metrics include accuracy, precision, recall, and the F1-score. 

Additionally, we construct a confusion matrix to analyze false positives and false negatives. The 

model achieves an overall accuracy of 96%, with a recall rate of 94%, indicating its effectiveness in 

identifying data leakage events. 

CONCLUSION 

         This paper presents a deep learning-based system for detecting data leakage in cloud computing 

environments. By leveraging CNNs and LSTMs, the proposed model effectively detects abnormal 
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access patterns that may indicate data leakage. The model is capable of real-time monitoring, offering 

a proactive solution to cloud security. Future enhancements could involve expanding the system to 

support multi-cloud environments, improving the detection of insider threats, and incorporating 

additional contextual information, such as user intent, to enhance detection accuracy. Integrating the 

system with cloud access management platforms could further strengthen security in dynamic cloud 

ecosystems. 
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