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Abstract: 

Due to the integral complex structures and distributed architecture of cloud databases, such databases are now 

easily prone to numerous forms of anomalies that make operational continuity and data integrity difficult. These 

challenges are aggravated by the environment that the cloud databases are placed in: dynamic and growing large-

scale; this makes the simple anomaly detection not effective for real-time systems. The purpose of this research 

is to propose a new model for anomaly identification inside the generative AI class. The model would learn the 

subtle changes in data patterns and system behavior by utilizing the characteristics of VAEs. This way, the 

approach presents a proactive and efficient mechanism of anomaly since it involves the modeling of normal 

operation and identifying a variation. The effectiveness of the proposed model is very high; hence it can be easily 

implemented for real-time monitoring and mitigation for cloud services. The analysis of the obtained results points 

out that this solution not only improves the scalability and fault tolerance of the distributed cloud databases, but 

also increases the security characteristics of the databases while focusing on the important problem of the 

intelligent and self-tuning anomaly detection in the modern cloud systems. 
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1. INTRODUCTION 

Distributed cloud databases have revolutionized modern data management systems, making them more scalable, 

flexible, and accessible in a variety of settings. However, anomalies, which can disrupt operations and undermine 

data integrity, become more vulnerable as the complexity of these systems increases. The dependability and safety 

of cloud-based systems are greatly compromised by anomalies in distributed databases, which include abrupt 

changes in data patterns or unexpected actions taken by the system [1]. A crucial need exists for intelligent and 

adaptable solutions since traditional anomaly detection approaches often fail to keep up with the high-volume data 

environments that are intrinsic to distributed systems, which are dynamic and unpredictable.  

A potentially useful tool for dealing with these issues is generative AI, and more specifically Variational 

Autoencoders (VAEs). A strong framework for real-time detection of small anomalies can be provided by VAEs, 

which are able to learn and model complex, high-dimensional data distributions. Generative models are able to 

detect and address anomalies before they become major problems because, unlike traditional methods, they can 

capture complex data interdependencies [2]. 

The Rise of AI in Anomaly Detection 

Statista predicts that by 2030, the artificial intelligence (AI) market would have grown from its 2023 valuation of 

241.8 billion USD to about 740 billion USD. The development of AI and ML has completely altered the landscape 

of conventional anomaly detection techniques. Artificial intelligence (AI) powered systems are great at sorting 

through massive datasets, finding complicated patterns and outliers with astounding precision, in contrast to 

laborious and frequently impractical human analysis. Artificial intelligence's revolutionary effects allow 

companies and enterprises to make better decisions based on data-driven insights, which improves the efficiency 

of anomaly detection operations and expands its applicability across many areas [3].  
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Importance in various industries 

 

Fig 1: Importance of Anomaly Detection 

Figure 1 shows the widespread use of anomaly detection across many industries, attesting to its critical importance 

and adaptability: 

Finance 

To prevent monetary losses and guarantee compliance with regulations, AD (anomaly detection) systems are used 

in the financial sector to spot suspicious trading patterns and fraudulent transactions [4]. 

Healthcare 

Using AD approaches, healthcare organizations can improve patient care and operational efficiency by identifying 

atypical patient records. These records could signal potential health issues or data entry errors. 

Manufacturing 

Predicting and preventing possible problems in manufacturing equipment with real-time anomaly monitoring can 

save expenses and downtime. 

Cybersecurity 

Security breaches, susceptible data protection, and system integrity maintenance all depend on AD's ability to 

detect odd network activity. 

Challenges and considerations 

Anomaly detection with AI can have certain drawbacks, though. Data quality, data dynamics, finding the sweet 

spot between sensitivity and specificity, and making sense of the results are all major challenges. In addition, 

ongoing R&D is required to enhance the accuracy and relevance of AD systems due to the fast-paced growth of 

data and patterns [5]. 

Developed with distributed cloud databases in mind, this article introduces a new approach for anomaly detection 

that uses generative artificial intelligence. A scalable and efficient method for preserving operational integrity is 

offered by the suggested technique, which makes use of VAEs to examine data and system behavior. Aligning 
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with the changing demands of modern data-driven environments, our research enhances the robustness and 

security of cloud computing systems by overcoming the limits of classic anomaly detection techniques [6]. 

  

Where to use AI Anomaly Detection in 2024 

Cybersecurity 

Artificial intelligence anomaly detection is a strong defense against new cybersecurity threats. Artificial 

intelligence systems are able to spot unusual or subtle indicators of intrusion because they constantly monitor 

network traffic and user actions. This skill is absolutely necessary for: 

● Intruder detection in computer networks  

● safeguarding sensitive information  

Fraud detection 

Artificial intelligence anomaly detection is very useful in the financial industry, especially for detecting and 

avoiding fraudulent activity [7]. By 2027, the financial sector is expected to have spent 97 billion USD on artificial 

intelligence. Artificial intelligence systems can identify suspicious activity by studying user behavior and 

transaction patterns, which allows them to: 

● Finding instances of fraudulent transactions  

● Reducing potential dangers and monetary setbacks  

Healthcare 

Artificial intelligence anomaly detection revolutionizes healthcare by keeping an eye on patient data for 

indications of illness or anomalies. With this preventative method of illness identification, we are able to: 

● Keeping an eye on patient records for the first indicators of illness  

● Identifying unusual health problems in their infancy 

Industrial systems 

To keep operations running smoothly and safely in the industrial sector, AI-driven anomaly detection is essential 

by: 

• Making accurate predictions about when machinery will break down  

• Maximizing productivity 

Predictive maintenance 

Predictive maintenance enables, in a manner closely connected to its uses in industrial systems, to: 

Optimal asset use and life extension  

• Decrease maintenance expenses  

• Predict maintenance needs 

2. LITERATURE REVIEW 

The rapidly developing field of cybersecurity has piqued the interest of researchers in artificial intelligence and 

related fields. Cyberattack detection, reaction, protection, and recovery have been the subject of numerous studies 

in an effort to address these challenges [8]. The convergence of artificial intelligence and cybersecurity has been 

the subject of several recent assessments. By keeping an eye on a variety of cyber threats and quickly evaluating 

millions of events, AI can provide analytics and insight to protect against cyberattacks that are always changing. 

This allows for the proactive avoidance of problems. Whether it's to automate security tasks or supplement human 

security teams, AI is finding more and more uses in cybersecurity. 
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Nevertheless, as far as we are aware, no exhaustive study has been published that delves into the most recent 

findings in order to elucidate the cybersecurity tasks that AI techniques address and the specifics of their 

implementation. In the future, researchers and industry professionals may benefit from this comprehensive 

overview of AI use cases in cybersecurity, which is why this systematic review set out to provide just that. 

Adapting and applying AI for cybersecurity also comes with research difficulties, which we covered in detail.  

2.1. Cybersecurity 

The term "cybersecurity" describes the methods and tools used to protect computer networks and the data stored 

on them against dangers including hacking, data loss, and illegal access.  

Cyber risks are always changing, and the situation is already complicated due to the quick rate of technical 

progress and innovation. In light of this new threat, cybersecurity solutions powered by artificial intelligence have 

surfaced to assist teams in reducing vulnerabilities and enhancing protections [10]. To evaluate the research on 

AI for cybersecurity, a uniform taxonomy is required due to the heterogeneity of AI and cybersecurity. 

Researchers and practitioners alike will benefit from this taxonomy since it will facilitate consensus on which 

technological procedures and services could be enhanced using AI to bolster cybersecurity.  

The goal here was to learn about the different types of solutions needed to avoid, detect, react to, and survive 

attacks using a famous cybersecurity architecture developed by NIST [11]. Any company can improve its network 

security by following the guidelines laid out by the National Institute of Standards and Technology's (NIST) 

cybersecurity framework. Functions, classifications, subclassifications, and illuminating references make up the 

four main components of the structure. The AI use cases that were discovered were categorized using the first two 

levels of the NIST framework. On these tiers, you'll find five different cybersecurity functions and twenty-three 

different solution types. The functions cover the whole cybersecurity lifecycle. In order to find examples of how 

AI could improve cybersecurity, you can start by looking at the solution categories provided for each function. 

Utilizing these two levels allows for a more transparent and intuitive organization of the current literature on AI 

for cybersecurity into the most relevant solution categories. By outlining appropriate AI-based use cases for each 

level, the proposed taxonomy adds a third, compatible level to the cybersecurity framework. 

2.2. Artificial intelligence 

An artificial intelligence system can be defined in several ways depending on (a) its application area and (b) its 

lifecycle phases, which include research, design, development, deployment, and use. A popular, albeit simplified, 

definition of AI is used in this study because of its emphasis on AI applications for cybersecurity: In order to 

accomplish predetermined objectives, "systems that display intelligent behavior by analyzing their environment 

and with some degree of autonomy take actions" [12]. In a practical sense, artificial intelligence encompasses a 

wide range of technology and applications. Situations in the environment can be described as desirable or 

undesirable, and actions can be assigned to sequences, according to AI use cases in cybersecurity.  

This SLR makes use of the artificial intelligence taxonomy that was put forth by [13], which specifies the core 

and transversal subdomains and domains of AI. The most important parts of AI research—reasoning, planning, 

learning, communications, and perception—were considered to be of utility. 

 While optimization and searching are aspects of planning, reasoning primarily focuses on knowledge 

representation and other reasoning approaches. A subfield of machine learning, perception focuses on processing 

sounds and computer vision, communication on understanding natural language, and learning overall [14]. Among 

the many branches of AI that make up this field are: topics covered include natural language processing, image 

analysis, object identification, case-based reasoning, planning graphs, deep learning, sentiment analysis, artificial 

neural networks, text mining, and sensor networks. There is a large body of literature discussing AI from several 

perspectives, including technical, operational, practical, and philosophical ones; the subject spans numerous 

academic disciplines. This study primarily focuses on the techniques and AI applications mentioned above, as 

well as their possible effects in cybersecurity situations. The use of artificial intelligence (AI) solutions to issues 

in the cybersecurity area, including identification, protection, detection, reaction, and recovery, are among the 

topics covered.  

2.3 Automated threat hunting 
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Automated threat hunting involves proactively searching an organization's networks, endpoints, and datasets for 

suspicious, harmful, or otherwise unsafe activity. It uses newly acquired threat intelligence on previously collected 

data to anticipate and classify potential dangers. An emerging field of application, threat hunting is playing a 

crucial role in early detection. Existing approaches depend on anomaly-based threat detection, even though open-

source cyber threat intelligence (OSCTI) offers a treasure trove of external threat information [15]. 

2.4 Data leakage prevention 

Identifying and preventing data breaches, exfiltration, or unauthorized data destruction is the focus of data leakage 

prevention. Automated data sensitivity detection, monitoring data movement and user activity, and advanced 

persistent threat (APT) identification are all ways in which data can be kept safe from leaking thanks to AI 

approaches [16].  

Data leakage prevention can be effectively achieved by keeping tabs on authorized individuals and their sensitive 

information usage habits. In order to detect any abnormal behavior, such as an increase in activities or unexpected 

conduct, researchers are presently employing AI algorithms to track user activity and compare data from various 

sources. In order to find out how to prevent data breaches, researchers are utilizing the CERT insider threat test 

dataset. This dataset contains things like daily activity summaries, email contents, the email network, and 

representations of user behavior throughout time. Nevertheless, Al-shehari and Alsowail [18] developed a model 

that can only be used to detect instances of data leakage at the critical time leading up to an employee's departure 

from a company.  

After an incident has occurred, forensic analysis can be used to piece together when and how the attack happened, 

how big the breach was, where it originated, and what measures were taken to stop it from happening again. In 

addition to gathering evidence to support a prosecution, this investigation helps put the pieces of the puzzle 

together that the attacker left behind. The incident response team can benefit from AI in several ways, including 

intelligent attribution, forensic timeline anomaly identification, evidence correlation across devices, and an 

optimization framework for forensic investigation decision-making [19].  

In order to determine the source of security incidents, intelligent attribution seeks to establish relationships 

between different entities and events. Utilizing contextual based learning allows for the recording of the present 

state and the provision of attribution hints. 

It is possible to have a better understanding of what happened before, during, and after a cyber incident by 

consulting a forensic chronology. If a security incident is recorded in the forensic timeline, it is necessary to 

identify an anomaly. To find out what's typical in log files, you can use a deep autoencoder to generate a baseline 

model. Then, using the built baseline as a basis, you can set an anomalous threshold for the reconstructed data 

[20].  

3. METHODOLOGY 
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Fig 2: Flow chart of AI Anomaly detection process. 

The flow chart of the Anomaly detection of AI using Anomaly detection chart is illustrated in the figure below as 

the flow chart of figure 2. This research puts into practice a real-time Generative AI-based Variational 

Autoencoder (VAE) model for distributed cloud database anomalies. The methodology comprises the following 

steps: 

3.1 Data Collection and Preprocessing: 

The data was collected from distributed cloud databases maintaining system logs, traffic generated through the 

network, and transactions for an airy understanding of system’s behavior. First a dataset pre-processing was done 

to clean the data to prevent a scenario during model training where a program complains of missing values in 

attributes, noisy data among others that affects the entire training process. This was important in making the data 

more suitable for further analysis and for performing anomaly detection. 

3.2 Model Architecture: 

o Variational Autoencoder (VAE): Designed a VAE with: 

▪ An encoder to map input data into a latent space representation. 

▪ A decoder to reconstruct the original data from the latent space. 

o The reconstruction error between input and output is used as an anomaly score. 

o Tuned hyperparameters (e.g., number of layers, latent space dimensions, and activation functions) for optimal 

performance. 

3.3 Training: 

Normal operating data was used to train the Variational Autoencoder (VAE) to learn the normal distribution of 

healthy systems. An adaptive learning rate was used during training to make it easier to converge and minimize 

the probability of fitting in the model to the training data set. It made the model easy to generalize, and when an 

anomaly was present, it easily pointed out small variations from the expected values. 

3.4 Anomaly Detection: 

The developed Variational Autoencoder model was used for the selected computations to be performed in real-

time monitoring mode to supervise the functioning of the systems. This was done by means of variance which an 

adaptive threshold over the reconstruction error to detect deviations from normality. This was further enhanced 

by the integration of the model with cloud databases for getting the automation of the flagging and logging of the 

anomalous events to provide a real-time anomaly detection system. 
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3.5 Evaluation: 

During model evaluation, all the modern metrics were included for the purpose of assessing the anomalies 

detection, including Precision, Recall, F-measure, and ROC-AUC analysis. Furthermore, the proposed solution 

was compared with conventional anomaly detection techniques, including k-means clustering and isolation forest, 

to confirm the increased efficiency, accuracy, and adaptability of the method for detecting various patterns of 

deviations in distributed cloud databases. 

 

 

 

 

 

 

 

 

4. RESULTS AN DDISCUSSION 

 

Fig 3: Performance Metrics Comparison 

The VAE-based model outperforms traditional methods like k-means and isolation forest in terms of precision, 

recall, and F1-score is shown in figure 3. 
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Fig 4: Reconstruction Error Distribution 

A clear distinction is observed between normal data and anomalies, showcasing the VAE's ability to identify 

outliers effectively and it was shown in figure 4. 

 

Fig 5: Real-Time Anomaly Detection 

Anomalous behavior is accurately detected within the specified time range, demonstrating the model's 

applicability in dynamic environments was given in figure 5. 
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Fig 6: Receiver Operating Characteristic (ROC) Curve 

ROC Curve of figure 6 gives the high AUC value which highlights the strong discriminatory power of the VAE 

model in distinguishing between normal and anomalous data. 

 

Fig 7: Correlation Analysis between Security Measures and Effectiveness 

Here figure 7 showing the relationship between different security measures (e.g., encryption strength, access 

control) and their effectiveness alongside their correlation scores. 

CONCLUSION 

Finally, it is possible to conclude that the presented Generative AI-based model upgraded by the Variational 

Autoencoders (VAEs) can be regarded as a reliable and scalable outlier detection approach for distributed cloud 

databases. In modeling the normal operation of the system and able to predict the difference with high accuracy, 

the model effectively solves the essential problems that arise from the continuous and complex behavior of modern 

cloud systems. The outcomes show that the proposed method effectively outperforms conventional methods for 

anomaly detection while also supporting real-time monitoring and intervention. This innovation improves the 

reliable, resilient, and secure infrastructure of cloud systems, an important contribution to the area of intelligent 
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data processing and Cybersecurity. The forward thinking approach to the model in addition to its capacity for 

handling future patterns makes the model an essential element in ensuring that the operational structures of Cloud 

computing remain intact. It is possible to suggest the following as the avenue for the future work: The application 

of this model with other types of data sources can be a subject of further investigation to enhance the variety of 

anomalies that can be identified within multi-cloud environments. 
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