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Abstract: Since cloud computing is changing so rapidly,
maintaining strong security is now a major issue for
companies everywhere. Massive volumes of mixed data
are constantly created in cloud environments at every
layer, involving virtual machines, containers, storage,
identity management and application activities. It is
usually not possible for traditional security systems and
old monitoring tools to manage vast and changing data
flow in real time. Con- ventional methods fail to discover
advanced persistent threats, attacks by team members
and new vulnerabilities because they do not easily
adjust to changing situations. To fix the urgent problem
of weak security in cloud sys- tems, this research
introduces an Al-powered big data analytics system. The
aim is to use artificial intelligence and big data
technologies to improve spot- ting threats, marking
unusual incidents and reducing risks as they happen.
Machine learning and deep learning are used within the
system which makes use of distributed processing
platforms such as Apache Spark, Hadoop and Kafka.
Together, these pieces ensure that a lot of log data and
telemetry from hybrid and multi-cloud setups are
ingested, worked on and analyzed quickly and
efficiently. The proposed solution uses Isolation Forests,
Ran- dom Forests, Autoencoders and LSTM networks to
spot abnormal activity and risks. They can recognize
unusual patterns in network activity, website logs and
APl usage to find out about possible attacks. It also
makes use of natural language processing to study
unstructured log data for threats and compares these to
the ones listed in external threat intelligence. The archi-
tecture is built with a layer using Kafka and Logstash to
get data ingested, another using Spark and HDFS for
processing and a third for real-time threat analysis and

prediction with Al Information about threats is
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presented vi- sually in dashboards with the help of
Grafana and Kibana, so analysts can easily respond to
any threats. Risks are scored with a mechanism that
focuses on the worst incidents and those expected to
have the biggest impact. Bench- mark datasets such as
CICIDS 2017 and UNSW-NB15 are used, along with
anonymized real-world activity logs from the cloud, to
assess the suggested solution’s robustness. The data
suggests that using this technology is more effective and
faster than using traditional security approaches. This
study has resulted in an Al-based security framework
that can handle large enter- prise loads, adaptive
security models and affordable implementation paths
for the cloud. Thanks to this work, cloud security can
now focus on ad- vancing to automating early detection,
providing continuous monitoring and implementing
automatic steps when needed. Ultimately, the use of Al
and big data analytics changes how cloud security
functions. This research en- ables systems to detect
threats and rate risks in real time, helping to improve the
security of today’s cloud networks.

Keywords: Cloud security, big data analytics, artificial

intelligence, real-time threat detection, anomaly
detection, machine learning, deep learning, cyber threat
intelligence, security analytics, Spark streaming, cloud

log analysis, predic- tive security.

Introduction: The quick shift to cloud computing has
deeply changed how companies han- dle their data.
Enterprises prefer cloud systems for their ability to
adjust, scale and reduce costs. Since cloud platforms
such as AWS, Azure and GCP can handle mission-
important applications and big data requirements, they
are key parts of today’s digital environments. The
increase in cloud use has created new issues related to
data security. Issues include configuration mis- takes,
unapproved access, data leaks, threats from staff
and stable attacks
The
schemes in traditional security have problems coping

members that target cloud

weaknesses. rules, monitoring and signature
with the changing and flexible environment of the cloud.
Because of this, old systems are not able to deal with the
high volume, speed and intricacy of today’s cloud
workloads, putting them at risk from new threats that
appear quickly. In addition, be- cause cloud platforms
generate lots of log and telemetry data quickly and in
many forms, it becomes difficult to find security
incidents or to them standard

respond using
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approaches. To overcome these limitations, people are
increasingly trying to add Al and big data analytics to
cloud security, and it helps by allowing organizations to
predict risks, use intelligent tools and adjust to new
problems in real time.

The goal of this research is to build and use an Al and big
data framework that detects threats, finds unusual
activities and automatically addresses risks. Machine
learning and deep learning are used in the framework to
review large amounts of security data pulled from
different cloud identities, networks, web APl activity and
system-related events. Through Apache Spark, Kafka
and Hadoop, the system can process large, assorted
data in real time without overloading. The plan explains
how data will be recorded through security logs, then
processed for cleaning by another layer, followed by
classification and prediction from a third Al-supported
layer. A new way of scoring threats by how severe they
are is introduced so different threats can be managed
faster. Using visualization dashboards, it becomes easier
for security teams to see what the security posture and
threat landscape look like. This research helps progress
towards a flexible security approach for cloud
computing by acknowledging challenges in traditional
security tools and introducing Al in data analysis. The
plan is to help organizations spot and deal with
problems beforehand, cut down on false alarms and
strengthen their defenses in today’s challenging cyber

scenario.

Literature Review

1.
Chal- lenges

Evolution of Cloud Computing and Its Security

Earlier, items such as infrastructure and services had to
be bought by orga- nizations. Now, cloud computing
enables users to access services on demand. However,
moving to cloud environments introduces a broader
attack surface, increasing exposure to cyber threats.
Traditional tools struggle to manage decentralized
architectures, dynamic workloads, and multi-tenant
environ- ments. Key issues include data breaches,
unsecured APIs, account hijacking, misconfigured
storage, and insider threats. The shared responsibility
model between users and cloud providers further
complicates security, increasing de- mand for intelligent,
automated, and scalable solutions that adapt to evolving

threats
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2. Limitations of Traditional Security Approaches

Conventional security methods, such as intrusion
detection systems (IDS) and security information and
event management (SIEM), often rely on static
signatures and manually defined rules. While effective
against known threats, they are insufficient for detecting
unknown or sophisticated attacks. High false-positive
rates burden analysts and delay incident response.
Further- more, the vast volume, velocity, and variety of
cloud data reduce their effec- tiveness in real-time

threat detection.

3. The Role of Big Data Analytics in Cloud Security

Big data analytics enables organizations to ingest,

process, and analyze mas- sive volumes of
heterogeneous cloud data. Scalable platforms like
Apache Hadoop, Spark, and Kafka facilitate real-time
streaming and batch processing of logs, telemetry,
events, and network traffic. These tools support
anomaly detection, forensic analysis, and threat hunting
by storing and querying his- torical data. Through
advanced analytics, unusual behavior patterns can be

identified, improving overall cloud security posture.

4, Application of Artificial Intelligence in Threat
De- tection

Al—especially machine learning (ML) and deep learning
(DL)—is becom- ing essential in cybersecurity. ML
models learn security data to
differentiate between normal and abnormal behaviors.

from historical

Techniques such as Random Forest and Support Vector
Machines (SVM) handle supervised classification, while
unsupervised methods like Isolation Forests and cluster-
ing reveal novel threats. Deep models like autoencoders
and LSTM networks are suitable for sequential data like
log files and network flows, allowing de- tection of
subtle or evolving attack patterns. Al is also being
explored for real-time decision-making and autonomous
response.

5. Integration of Al and Big Data for Cloud
Security

Combining Al with big data in cloud environments
fosters proactive and predictive security. Streaming
platforms like Spark Streaming and Apache Flink enable
real-time ingestion and processing of cloud logs.

The American Journal of Engineering and Technology

Simultane- ously, Al models detect anomalies, such as
unauthorized access or data ex- filtration. Visualization

tools like Kibana and Grafana enhance situational
awareness by presenting insights in intuitive
dashboards. This integration enables self-adaptive

systems that reduce false alarms and improve threat
detection accuracy.

6. Recent Research and Industrial Applications

Contemporary research supports combining anomaly
detection, natural lan- guage processing (NLP), and
ensemble learning for robust threat manage- ment.
Cloud providers like Microsoft Azure and Amazon Web
Services (AWS) have introduced Al-enhanced security
services—Azure Sentinel and AWS GuardDuty—capable
of identifying threats, applying updates, and triggering
automated

responses. However, these proprietary

systems lack transparency and customizability,
underlining the need for open, research- supported

security frameworks.

7. Gaps and Research Opportunities

Despite advances, challenges remain. Al models in cloud
security often face issues related to scalability, high
resource costs, and lack of explainability. Adversaries
can exploit models through data poisoning and evasion
tech- niques. Additionally, the scarcity of realistic, cloud-
native attack datasets limits the practical evaluation of
Al solutions. Existing academic datasets fail to capture
the complexities of real-world environments. More
collabora- tion with cloud providers, development of
robust testing environments, and attention to fairness,
privacy, and regulatory compliance are necessary for
progress.

8. Summary of Literature Insights

The literature highlights the urgent need for intelligent,
adaptable, and scalable cloud security systems. Al and
big data analytics enhance situa- tional awareness,
incident

enable automated detection, and reduce

response times. However, challenges in model

interpretability, resistance to adversar- ial threats, data
availability, and real-world deployment must be
addressed. This research aims to bridge these gaps by
proposing a real-time, Al-powered big data analytics

framework tailored for secure cloud environments.
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Figure 1: Al in logistics.jpg

3 Future Scope of Enhancing Cloud Security with
Al-Driven Big Data Analytics

The future of cloud computing hinges on securing vast,
distributed envi- ronments that operate at scale and
speed. With cyber threats growing in sophistication and
frequency, the integration of Al-driven big data analytics
into cloud security systems is not just an innovation—it
is a necessity. This section outlines the key directions
and emerging opportunities shaping the future of this
research area.

3.1 Autonomous and Self-Healing Security Systems

One significant area of advancement is the development
of autonomous secu- rity architectures capable of self-
These
learning and

monitoring, self-diagnosis, and self-repair.

systems will leverage reinforcement
adaptive Al algo- rithms to dynamically respond to
evolving threats. Such platforms can de- tect anomalies,
isolate compromised resources, automatically update
config- urations, and restore normal operations with

minimal human intervention.

Over time, they will continuously learn from new
attacks, enhancing their defensive strategies.

3.2 Federated and Privacy-Preserving Learning

With growing concerns around data privacy and
fed- learning has
emerged as a promising approach. This method enables

regulatory compliance, erated

the training of Al models across decentralized data
sources without transfer- ring raw data to a central
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server. In cloud environments, federated learning allows
organizations—especially in sectors like healthcare,
finance, and gov- ernment—to collaboratively develop
threat
confidentiality and adhering to strict compliance

detection models while preserving data

requirements.

3.3 Explainable and Trustworthy Al in Cloud

Security

As Al becomes increasingly integral to cloud security
operations, explain- ability and transparency are critical.
Future Al frameworks must incorpo- rate explainable Al
(XAl) to ensure decisions are interpretable by security
analysts, auditors, and regulators. These systems will
provide insights into why specific actions were taken,
how anomalies were identified, and which features
influenced model outputs, thereby fostering trust and
enabling ac- countability.

3.4
Mech- anisms

Real-Time, Predictive, and Proactive Defense

The future of cloud security will increasingly rely on
predictive analytics to identify threats before they
materialize. By analyzing historical data, behav- ioral
patterns, and threat intelligence, machine learning
models can forecast high-risk assets, likely attack
vectors, and propagation paths. When inte- grated with
real-time big data platforms such as Apache Kafka and
Apache Flink, these models will enable early threat
detection and proactive incident response.

https://www.theamericanjournals.com/index.php/tajet



3.5 Integration of Blockchain for Trust and
Integrity
Blockchain  technology offers immutable and

decentralized record-keeping, making it highly valuable
for ensuring data integrity and traceability in cloud
security. Integrating blockchain with Al can enhance the
credibility of security logs, facilitate forensic analysis,
and prevent tampering by attack- ers. Securing audit
trails on blockchain infrastructures will lead to increased
transparency, accountability, and trust in cloud-based
security operations.

3.6 Quantum-Resistant Al for Post-Quantum Cloud
Environments

The advent of quantum computing poses significant
threats to classical cryp- tographic protocols and Al

models. Future cloud security systems must be designed
with quantum resilience in mind. This includes adopting
guantum- resistant algorithms such as lattice-based
cryptography and hash-based sig- natures. Moreover,
protecting Al workflows—training, inference, and com-
adversarial

munication—against quantum-enabled

attacks will be a critical research focus.

3.7 Unified Al and SIEM/SOAR Integration

Security Information and Event Management (SIEM) and
Security Orches- tration, Automation, and Response
(SOAR) platforms will undergo a trans- formation
through advanced Al integration. Al-driven systems will
replace traditional rule-based engines, enabling
automated event correlation, prior- itization, root cause
analysis, and incident response. This unified approach
will streamline operations and improve threat visibility

across hybrid and multi-cloud environments.

3.8
Au- tomation

Intelligent Cloud Compliance and Governance

Ensuring compliance in multi-cloud environments
remains a complex chal- lenge due to evolving regional,
industry, and legal requirements. Al and big data
analytics will automate compliance monitoring and
reporting, identi- fying policy violations and generating
audit-ready  documentation.  Machine learning
algorithms will map operational activities to standards
such as ISO 27001, NIST, HIPAA, and PCI DSS, allowing
organizations to maintain con- tinuous compliance and

reduce manual overhead.
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4 CONCLUSIONS
With
complicated and more impor- tant, they need to be

cloud environments getting larger, more
protected with more than standard static approaches. It
was discussed in this paper how Al-embedded data
processing for big data evidence in cloud security can
actively and intelligently respond to new cybersecurity
issues. Easily analyzing a lot of current data, Al
algorithms find regularities, identify anomalies and
predict future risks to security which helps respond and

deal with them as soon as possible.

Because artificial intelligence and big data analytics
collaborate, cloud security systems turn into automated,
learning systems that quickly respond and protect
against emerging threats. Thanks to federated learning,
ex- plainable Al and blockchain integration, there is
greater data privacy, trans- parency and integrity in the
system. Introducing autonomous defenses and post-
quantum security enhancements will largely increase
the durability of upcoming cloud infrastructure.

As a result, cybersecurity is now evolving so that cloud
systems can ad- just, defend and repair problems mostly
on their own. Using advanced secu- rity barriers bolsters
cloud systems and also reassures users, enterprises and
regulators.

As a result, Al-based big data analytics will help build the
future of cloud protection, ensuring businesses can
handle threats while keeping up their growth, following
regulations and reducing costs.

Despite these advancements, challenges remain, such as
data quality is- sues, computational resource demands,
and the need for more interpretable Al models.
Overcoming these obstacles will require continuous
research, improved Al transparency, and the seamless
integration of Al into existing logistics frameworks.
Nevertheless, as Al continues to evolve, demand fore-
casting will become increasingly accurate, intelligent,
and essential for busi- nesses striving to maintain a
competitive edge in a rapidly changing market. The
future of logistics will be shaped by Al-driven insights,
leading to more resilient, cost-effective, and agile supply
chain systems.
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