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Abstract
Purpose: The present study proposes to explore the impact of using real-time
anomaly detection using deep learning in cloud-based system, specifically
analysing its role in the detection of anomalies in time-series data, cloud
security, operational performance, scalability, and implementation
challenges. The study also considers intelligent anomaly detection
technologies' impact on future cloud architectures from a strategic
perspective. Design/Methodology/Approach: The research design used was
quantitative with a structured questionnaire that was sent to 280
professionals from the cloud computing, cybersecurity, data analytics,
machine learning and related technology industry. A total of 30 items were
measured using a five-point Likert scale distributed over six major constructs.
The data were analyzed using descriptive statistical data, reliability analysis
(Cronbach's Alpha) and chi-square testing using SPSS. Findings: Reliability
analysis showed that the reliability of the questionnaire was very high, and
the Cronbach's Alpha values ranged from 0.87 to 0.93 and the overall
reliability coefficient was 0.91. The results found high levels of awareness and
usage of deep learning technologies (M = 4.16) and the highest level of
agreement was for cloud performance (M = 4.28) and security enhancement
(M = 4.28). Other factors such as effectiveness of anomaly detection (M =
4.27), future directions and strategic impact (M = 4.31), and scalability and
real-time processing (M = 4.20) were also highly rated. Both respondents
highly agreed that deep learning is beneficial for real-time threat detection,
operational efficiency, cloud reliability, and proactive risk management. But
the issues of computational cost, model interpretability, privacy and
availability of skilled professionals continued to be big hurdles. The results of
all Chi-square showed p < 0.01 which revealed high level of consensus among
participants. Originality/Value: The outcomes of this study give empirical
evidence for the systems developed for the detection of anomalies using
deep-learning models adopted, which were able to be effective, scalable, and
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potentially applicable for future intelligent monitoring of the cloud. The
outcomes can be valuable for cloud service providers, cybersecurity
professionals, researchers, and organizational decision makers looking to
leverage the latest AI tools and techniques to improve cloud resilience,
security, and operational efficiencies.

Introduction
Cloud computing has come a long way and is now
revolutionizing how organizations store, process
and manage vast amounts of data. In the modern
cloud environment, a variety of applications are
supported such as financial transactions, healthcare
monitoring, industrial automation and Internet of
Things (IoT) systems [1]. These applications
produce huge amounts of time-series data that
need to be monitored in real time to ensure
applications are operating reliably, securely and
performing well [2]. With the growing complexity
and distribution of cloud infrastructures,
organizations are facing a new challenge to detect
abnormal patterns and anomalies in their systems
to ensure service continuity and avoid costly
interruptions.
Anomaly detection is the task of spotting data
points, events or behaviors that are remarkably
different from the normal ones [3]. Anomalies in
cloud environments could signify failures in the
system, security breaches, intrusions into a network,
hardware failures, resource exhaustion, or issues
with application performance [4]. Conventional
anomaly detection methods include rule-based
systems, statistical methods, or thresholds set by
hand. While these approaches have been popular,
they are often challenged by today's cloud-
generated time-series data volume, velocity and
complexity [5]. In addition, the dynamic nature of
cloud environments constantly changes, making it
difficult for static detection methods to keep up
with new threats and anomalies.
The development of artificial intelligence (AI),
especially deep learning, has brought new
potentials to improve anomaly detection. Deep
learning models can automatically learn complex
temporal patterns and hidden relationships in
large-scale datasets [6]. These models are capable of
dealing with high dimensional data, are adaptive to
the changing environment, and can detect the
slight anomalies which are difficult to catch with

the conventional approaches [7]. Sequential and
time-series data have proven to be particularly
effective in predicting future trends using
technologies like Long Short-Term Memory
(LSTM), Recurrent Neural Networks (RNNs),
Autoencoders, and Transformer-based architectures.
The real-time anomaly detection is crucial,
especially when more and more mission-critical
information is being transferred to the cloud. By
detecting anomalies in real time, actions can be
taken more quickly following an incident,
downtime can be minimized, and cybersecurity
defenses and resource management can be
improved [8]. Continuous monitoring of the cloud
infrastructure, prediction of failure, and early
warning to the administrator are just a few
capabilities that can help in cloud systems to make
decisions and achieve operational resilience in
advance [9]. These capabilities can have a huge
impact on performance of the cloud and service
level agreements.
While anomaly detection using deep learning can
yield some benefits, it also poses some challenges.
However, the greater complexity of the
implementation can increase the needed
computational resources, data quality issues, a lack
of interpretation and competent people to
implement it on the model [10]. The privacy,
security and scalability cannot be overlooked either
in implementing the advanced detection systems in
cloud [11]. Therefore, it is essential to be mindful
of these possibilities and challenges to develop
effective strategies that maximise the use of deep
learning technologies.
The paper covers the possible effectiveness and
scalability of anomaly detection in cloud
environments, its benefits, challenges and future
developments, specifically focusing on deep
learning approaches that can be used for real-time
anomaly detection. The study focuses on gaining
insights from the experts in the field of intelligent
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systems in anomaly detection for managing time-
series data in today's cloud computing environment.
Problem Statement
With modern cloud environments, lots of time-
series data is created, and this data should be
monitored constantly to ensure reliability, security,
and performance of the environment. However,
many traditional anomaly detection solutions are
incapable of detecting complex and evolving events
in real-time and will result in potentially slow
reactions to failures, cyber threats, and
performance degradation. Although deep learning
technologies offer cutting-edge capabilities for
anomaly detection, several challenges with regard
to the scalability, computational cost,
interpretation and complexity of implementation
need to be taken into account by organisations.
While deep learning-based real-time anomaly
detection for anomaly detection in cloud
environments are beneficial, their effectiveness,
benefits and limitations remain to be evaluated
before making decisions on their adoption.
Literature Review
Deep Learning and Time-Series Data Analytics
Time-Series Data is a collection of sequential
observations made over a period of time and many
cloud-based applications are built on such data [12].
Many analytic techniques are hard to manage with
large, high dimensional, and continually evolving
data sets. Deep learning methods have proved
themselves to be efficient methods for obtaining
meaningful patterns from the time-series data as
they can learn complex relationships in an
automatic way with limited feature engineering [13].
Sequential data processing using neural networks is
well established, and has found success in various
fields with increased predictive accuracy and
anomaly detection.
Real-Time Anomaly Detection in Cloud
Environments
Cloud infrastructures generate a lot of operational
data from server activities, network, application,
and user activities [14]. Real-time anomaly
detection systems can be set up to keep an eye on
these data flows and spot abnormal conduct in real
time. Once it has been detected, the organization
can respond quickly to potential threat, system
failures and performance degradation [15]. The

current monitoring systems are not able to detect
the minute changes that deep learning models can.
The demand for advanced intelligent anomaly
detection systems that can facilitate real-time
decision making has only increased with the need
of businesses to operate seamlessly from cloud.
Deep Learning Models for Anomaly Detection
A number of deep learning architectures have been
extensively used in anomaly detection applications.
Specifically, Recurrent Neural Networks and Long
Short-Term Memory networks have been found to
be particularly effective in modelling temporal
dependencies in series data [16]. Autoencoders are
usually used to learn a desirable behavior of a
system and identify abnormal behavior by
computing the error on reconstruction. Recently,
transformer-based models have attracted interest
for their ability to detect high accuracy with an
efficient processing of long sequences [17]. These
models are more flexible and adaptable to analyse
huge time-series datasets that are generated by the
cloud.
Cloud Security and Operational Performance
One important technique in the improvement of
the cloud safety and rising of the operational
effectiveness is anomaly detection [18]. Advanced
monitoring systems can detect unusual behaviors
that could signal a cybersecurity incident, an
attempted unauthorized access, a distributed
denial-of-service (DDoS) attack, and malware
activity [19]. By using deep learning based anomaly
detection, organizations can act quickly and
effectively on threats. Aside from security, they also
assist in performance, identifying abnormal
resource usage, infrastructure issues, and potential
service interruptions before they become serious.
Scalability and Adaptive Learning Capabilities
Scalability of resources with respect to workload is
the most significant advantages of cloud computing
[20]. Therefore, an important requirement for
anomaly detection systems implemented in cloud is
to be able to process a huge amount of data
without affecting the performance. For scalable
analytics, one possible implementation is the use of
deep learning models with distributed computing
resources along with adaptive learning process [22].
These capabilities can facilitate detection systems'
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ability to continually learn and adapt to address
evolving data patterns and operational conditions.
Challenges and Future Research Directions
Despite the great potential of deep learning for
anomaly detection, the implementation of deep
learning still remains challenging for organizations.
The lack of explainability, data quality, model
complexity, and computational costs can decrease
the rate of adoption [23]. Furthermore, the
organisations have to possess some special skills for
the creation of deep learning models, their
management and optimisation [24]. Some potential
future research directions include explainable
artificial intelligence, lightweight models
architectures, machine learning automation,
federated learning, and hybrid anomaly detection
approaches. In order to enable widespread
adoption across cloud computing environments,
these developments are demanding increased
transparency and scalability, efficiencies and trust.
Research Objectives
1. To examine the awareness and adoption of
deep learning technologies for real-time anomaly
detection in cloud environments.
2. To evaluate the effectiveness of deep
learning models in detecting anomalies within
time-series data.
3. To assess the impact of anomaly detection
systems on cloud performance, security, and
operational reliability.
4. To investigate the scalability and real-time
processing capabilities of deep learning-based
detection systems.
5. To identify the major challenges and
limitations associated with implementing deep
learning-driven anomaly detection.
6. To explore future directions and strategic
implications of intelligent anomaly detection
technologies in cloud computing.
Research Questions
1. What is the level of awareness and
adoption of deep learning technologies for
anomaly detection in cloud environments?
2. How effective are deep learning models in
identifying anomalies within time-series data?
3. How does real-time anomaly detection
influence cloud performance, security, and
operational efficiency?

4. To what extent do deep learning-based
systems support scalability and real-time processing
requirements?
5. What challenges and limitations affect the
implementation of deep learning-driven anomaly
detection systems?
6. What future opportunities and strategic
benefits can organizations expect from adopting
advanced anomaly detection technologies?
Methodology
Research Design
The research adopted a quantitative research design
to systematically research on the use of deep
learning-driven real-time anomaly detection in
cloud environment. The methodology used was a
descriptive and analytical survey to collect empirical
data pertaining to awareness, effectiveness,
scalability, challenges and future implications of
deep learning technologies used for anomaly
detection in time-series data. A quantitative design
was deemed suitable as it allows the perceptions of
the respondents to be objectively measured and
statistically analyse relationships between the major
constructs in the research.
Target Population and Sampling
The target audience consisted of professionals in
the field of Cloud Computing, Cybersecurity,
Artificial Intelligence (AI), Data Analytics, Machine
Learning, and other related technologies. These are
people who have real-world experience and
expertise in areas such as cloud monitoring,
anomaly detection and intelligent security systems.
Qualified respondents in cloud-based operations
and technology management have been reached
out by using convenience sampling technique. 280
effective responses were collected and analysed.
Research Instrument
The designed questionnaire, based on the
objectives of the study and the in-depth literature
review, was used to gather the data. The instrument
consisted of two sections. The first section included
demographic details such as gender, age,
educational qualification, professional role and
work experience. The second section had 30 close-
ended questions spread over six constructs:
Awareness and Adoption of Deep Learning,
Effectiveness of Anomaly Detection, Cloud
Performance and Security Enhancement,
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Scalability and Real-Time Processing, Challenges
and Limitations, and Future Directions and
Strategic Impact. A five-point Likert scale was used
to measure responses with 1 indicating Strongly
Disagree and 5 indicating Strongly Agree.
Data Collection Procedure
This questionnaire was sent out through online
surveys, as well as through networking with
professionals. The survey was anonymous and
participants were informed of its purposes before
completing the survey. Ethical principles,
anonymity, confidentiality and informed consent
were adhered to in the collection of data to assure
the integrity and credibility of research process.
Reliability and Validity Assessment
The reliability of the instrument for measuring was
determined using Cronbach's Alpha Coefficient.
All the coefficients exceeded the recommended
value of 0.70 ranging from 0.87 to 0.93 with an
average of 0.91. This suggested acceptable internal
consistency and appropriate for advanced statistical
analysis.
Data Analysis Techniques
The collected data were coded, cleaned and
analysed with SPSS (Statistical Package for the

Social Sciences). Descriptive statistics including
frequencies, percentages, means and standard
deviations were used for describing the
characteristics of the respondents and their
perceptions on the construct level. The reliability of
the analysis was checked using Cronbach alpha and
the statistical analysis of responses to the
questionnaire items was performed by Chi square
tests. The results were presented in tabular and
graphical visualisations for easy interpretation and
to support evidence based conclusions for the
adoption and impact of anomaly detection in a
cloud environment using deep learning.
Results and Analysis
The Results and Analysis section is used to reflect
the findings that have been derived from the data
collected and give a systematic interpretation of the
obtained results in relation with the objectives of
the research. The purpose of this section is to
present statistical results, to determine important
trends, patterns and relationships between variables,
and to interpret these. Results are presented using
tables, figures, and analytical techniques to see how
well they answer the research questions and provide
a contribution to the understanding of the study.

Fig 1: Reliability Analysis
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Reliability analysis shows good internal consistency
for all constructs in the study as the Cronbach's
Alpha range from 0.87 to 0.93. Future Directions
and Strategic Impact had the highest reliability (α =
0.93) and Effectiveness of Anomaly Detection (α =
0.92) with excellent measurement consistency.
Cloud Performance and Security Enhancement (α
= 0.90) and Scalability and Real- time Processing (α

= 0.89) were also very reliable. The subscales
Awareness and Adoption of Deep Learning (α =
0.88) and Challenges and Limitations (α = 0.87)
showed very good reliability. The overall scale had a
Cronbach's Alpha of .91 which indicates very good
reliability and is appropriate for further statistical
analysis.

Fig 2: Demographic Profile of the respondents
The demographic profile of 280 respondents shows
a higher response of males (61.4%) as compared to
females (38.6%). The age group with the highest
number was 30-39 years (30.7%), followed by 20-29
years (24.3%) and 40-49 years (22.9%), indicating
that the workforce consisted mainly of people in
the early and middle stages of their career.
In terms of education, most of the respondents
(38.6%) had a Master's Degree and 33.6% of the
respondents had a Bachelor's Degree, which is a
highly educated sample. Professionally, Cloud
Engineers (25.7%), Data Scientists (19.3%) and

Machine Learning Engineers (17.1%) were the
three biggest categories, reflecting high levels of
representation in cloud computing and AI related
professions.
Regarding work experience, majority of the
respondents had 5-10 years work experience
(32.9%) followed by 11-15 years work experience
(22.9%) and less than 5 years work experience
(20.7%). The overall sample is technically qualified
and experienced and can therefore be used to
assess deep-learning based anomaly detection and
cloud computing environments.
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Fig 3: Descriptive Statistics
The result of descriptive analysis shows that the
perception of anomaly detection based on deep
learning in cloud environment is very positive.
Cloud Performance and Security Enhancement
had the highest mean score (M = 4.28, SD = 0.64)
and displayed strong agreement to its benefits,
ranking first. The effectiveness of Anomaly
Detection (M = 4.27, SD = 0.66) came second; this
implied the participants' confidence in the accuracy
and effectiveness of deep learning models.
Agreement was also very high in the Future
Directions and Strategic Impact (M = 4.31, SD =
0.63), indicating optimism about the future use of
deep learning technologies.

The technologies of Scalability and Real-Time
Processing (M = 4.20, SD = 0.69) and Awareness
and Adoption of Deep Learning (M = 4.16, SD =
0.71) gained high agreements reflecting the high
level of recognition and acceptance for these
technologies. The mean score of Challenges and
Limitations was the lowest (M = 3.98, SD = 0.78),
indicating moderate to high level of concern for
barriers and limitations in implementing the
practice. In conclusion, the results demonstrate the
potential of deep learning techniques for cloud
anomaly detection, performance optimization, and
cyber security enhancement.

Table 1: Awareness and Adoption of Deep Learning
Item Mean SD χ² Sig.
Familiar with deep learning techniques used for anomaly detection 4.12 0.74 28.64 0.001

Organization actively utilizes anomaly detection systems 4.05 0.79 26.38 0.002
Deep learning models are increasingly important for cloud monitoring 4.21 0.68 31.72 0.000

Real-time anomaly detection enhances cloud system reliability 4.26 0.65 33.81 0.000

Time-series analytics is essential for modern cloud infrastructures 4.18 0.71 29.44 0.001

The level of awareness and adoption of deep
learning technologies was very high. Real-time
anomaly detection increases the reliability of cloud
systems (M = 4.26, SD = 0.65) was the highest-rated
item and usage of anomaly detection systems

within the organizations was the lowest (M = 4.05,
SD = 0.79). The corresponding chi-square values
found to be significant (p < 0.01) with good level of
agreement between participants.
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Table 2: Effectiveness of Deep Learning-Based Anomaly Detection
Item Mean SD χ² Sig.
Deep learning models accurately identify abnormal patterns 4.29 0.66 35.17 0.000
Real-time anomaly detection improves incident response 4.31 0.63 36.42 0.000
Deep learning techniques reduce false-positive alerts 4.17 0.71 29.86 0.001
Automated anomaly detection improves operational efficiency 4.35 0.61 38.24 0.000

Deep learning outperforms traditional methods 4.23 0.69 32.58 0.000
There was strong agreement that the effectiveness
of anomaly detection is improved with the
application of deep learning. Higher mean scores
were found for automated anomaly detection (M =

4.35, SD = 0.61) and the lowest mean scores were
obtained for reducing false-positive alerts (M = 4.17,
SD = 0.71). Results of the Chi-square tests (p < 0.01)
validate consistent positive perceptions.

Table 3: Cloud Performance and Security Enhancement
Item Mean SD χ² Sig.
Anomaly detection improves cloud infrastructure performance 4.28 0.64 34.19 0.000
Deep learning helps detect security threats in real time 4.36 0.59 39.22 0.000
Predictive anomaly detection reduces system downtime 4.22 0.68 31.06 0.000
Cloud service reliability improves through continuous monitoring 4.30 0.63 35.71 0.000
Deep learning contributes to proactive risk management 4.24 0.67 32.83 0.000
The results show the significant contribution of
deep learning over clouds to both improve
performance and security. Real-time detection of
security threats had the highest mean (M = 4.36,

SD = 0.59) and improving infrastructure
performance had the lowest mean (M = 4.28, SD =
0.64). All responses were found to be statistically
significant (p<0.001).

Table 4: Scalability and Real-Time Processing
Item Mean SD χ² Sig.
Models efficiently process large-scale time-series data 4.19 0.70 30.52 0.001
Cloud platforms provide sufficient resources for analytics 4.13 0.73 27.68 0.002
Real-time anomaly detection supports workload management 4.22 0.68 31.29 0.000

Systems adapt to changing data patterns 4.18 0.69 29.77 0.001
Scalability is a major advantage of cloud-based systems 4.27 0.65 34.43 0.000
The respondents had the belief that the cloud-
based deep learning systems were very scalable and
effective for real time processing. The highest mean
was scalability as major advantage of cloud systems

(M = 4.27, SD = 0.65) and the lowest mean was
availability of sufficient resources of cloud (M =
4.13, SD = 0.73). There were significant levels of
agreement on all items (p < 0.01).

Table 5: Challenges and Limitations
Item Mean SD χ² Sig.
High computational costs limit implementation 3.88 0.82 22.84 0.004
Data quality issues affect performance 4.02 0.76 25.73 0.002
Model interpretability remains a challenge 3.94 0.79 23.95 0.003
Skilled professionals are required 4.15 0.72 28.66 0.001
Privacy and security concerns hinder adoption 3.91 0.81 23.17 0.004
The participants identified some implementation
issues. The highest mean scores were reported
when it came to requiring skilled professionals (M
= 4.15, SD = 0.72), while high computational costs

had the lowest mean scores (M = 3.88, SD = 0.82).
The chi square values are significant (p < 0.01),
which means that many people have these concerns.
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Table 6: Future Directions and Strategic Impact
Item Mean SD χ² Sig.
AI-driven anomaly detection will become a standard cloud service 4.33 0.62 37.54 0.000

Future cloud environments will rely on autonomous monitoring 4.25 0.66 34.72 0.000

Explainable AI will improve trust in anomaly detection systems 4.18 0.70 29.84 0.001

Organizations should invest more in monitoring technologies 4.37 0.60 39.11 0.000

Deep learning will play a critical role in cloud security and reliability 4.42 0.57 41.26 0.000

The respondents were very optimistic about future
of deep learning in cloud. The top two were deep
learning will play a vital role in cloud security and
reliability (M = 4.42, SD = 0.57) and the increased
investment in monitoring technologies (M = 4.37,
SD = 0.60). Everything was statistically significant
(p < 0.01), indicating a high level of confidence and
strategic impact in future potential adoption.
Discussion
The article highlights the crucial role of anomaly
detection using deep learning technologies in the
reliability, security, and efficiency of cloud
computing systems. The awareness and adoption of
deep learning technologies was found to be high in
all the results which further illustrates the need for
implementing an intelligent monitoring system in
an organization to handle complex time-series data.
The consensus agrees with other research that
emphasized the need for cloud systems that are
based on AI monitoring framework in modern
cloud to ensure the reliability of cloud systems [1,
4].
The study also revealed that deep learning models
were very effective in detecting abnormality, they
are more responsive if there are incidents, prevent
any kind of interference in operations and increase
efficiency. This is consistent with the previous
research [2, 6, 11] where the deep learning
techniques like LSTM network, autoencoder and
transformer-based network are found to be more
useful in learning complex temporal relationships
among large scale data sets in contrast to the
traditional methods in anomaly detection. The
respondents also highly agreed that deep learning
plays a crucial role in cloud security as well as
proactive risk management; intelligent anomaly
detection systems are essential as they help alleviate
cybersecurity risks and ensure continuity of services
[5] [8] [20].

Another important finding concerns scalability and
real-time processing capabilities. Participants
recognized how beneficial it is for cloud-based deep
learning systems to effectively process large
quantities of time series data and to be flexible
when it comes to changes during operation. This is
in line with previous works that have tried to
highlight the scaling benefits of cloud-native
analytics and distributed deep learning solutions [7]
[21] [22]. Respondents also mentioned
implementation challenges, such as skilled
professionals, computational resources, data quality
management and model interpretability. The same
issues have been noted in literature and stated as
primary impediments for high penetration rate of
deep learning technologies [10, 23, 24].
In conclusion, the optimism about the future
adoption of deep learning-based anomaly detection
suggests that it will soon become a ubiquitous part
of cloud services. Looking forward, more funding
towards autonomous monitoring, explainable AI
and intelligent security systems will likely drive
innovation and boost cloud resilience in the years
to come [9, 12, 23].
Implementation of the Study
This study findings would be beneficial for the
institutions that are interested in enhancing the
management of cloud infrastructure using an
anomaly detection system based on deep learning.
The findings can be used to help implement
intelligent monitoring systems that can detect
anomalies in real time, improve cyber security
resiliency, prevent system downtime and optimize
system performance. These results can be
invaluable for cloud service providers that seek to
design scalable anomaly detection solutions to
enhance service reliability to better use of resources.
Moreover, the study can aid cloud experts for
formulating strategies about the use of advanced

https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030


ISSN (e) 3007-3138 (p) 3007-312X

https://sesjournal.com | Shah et al, 2026 | Page 3144

deep learning models in the cloud by decision
makers, IT managers, cyber security researchers,
and data scientists. The findings also highlight the
need for investing in workforce training and
explainable AI technologies as well as continuous
monitoring capabilities to make the best use of the
anomaly detection systems.
Limitations and Delimitations of the Study
The findings of this study are subject to a number
of limitations. The first was that the study
depended on self-reported perceptions of
professionals that could be affected by personal
experiences and subjective judgments. Secondly,
the study used a cross sectional method and the
perception changes over time could not be
observed. Third, the study focused on a limited
number of respondents (280) who worked in both
cloud computing and cybersecurity sectors and this
could impact the generalizability of the findings to
other industries and/or regions. The deliverables of
the study were restricted to the use of the deep
learning approach to anomaly detection in cloud
environments and other artificial intelligence
approaches to anomaly detection and traditional
detection approaches were not evaluated as part of
this study. Moreover, the study focused awareness,
effectiveness, scalability, challenges and future
implications instead of technical performance test
of specific deep learning model.
Conclusion and Recommendations
Overall, the study highlights the importance of real-
time anomaly detection in cloud environments
through deep learning techniques for enhancing
cloud security, reliability, and performance
management. The respondents show high level
awareness of deep learning technologies and their
confidence about providing accurate anomaly
detection, enhanced incident response, scalability
and effective cybersecurity defense. However, there
are still challenges to address, such as
computational resource, data quality,
interpretability of models, privacy concerns and
need of skillful professionals. The results also show
that there is high confidence in the future use of
autonomous monitoring systems and the use of AI-
driven cloud security solutions.
According to these findings, there is a need for an
increase in investment in more advanced security

systems and technologies that are built on deep
learning in the organization. The importance of
continuous training programmes to enhance the
technical ability of intelligent anomaly detection
system management cannot be overstated. It's also
crucial to focus on explainable AI approaches that
will help enhance transparency, trust, and decision-
making. Besides this the cloud service providers
should work towards developing scalable and cost-
effective solutions that would have the ability to
handle huge time series data and high detection
accuracy. Future research could involve hybrid and
federated learning methods to enhance the
adaptability and security of anomaly detection
systems in dynamic cloud environments and
further improve their effectiveness.
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