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Abstract: This study empirically analyzes the effectiveness of resource optimization utilizing
artificial intelligence (AI) within cloud computing environments. It compares systems that have
been transitioned from a Monolithic structure to Microservices Architecture (MSA) with those
adopting a simple Rehost strategy, to validate the operational efficiency of two systems whose
resource efficiency has been enhanced compared to traditional legacy systems. The research is based
on systems that determined resource efficiency post-cloud migration using APM tools. It points out
the limitations of traditional heuristic operation methods in resource optimization, which lead to
issues such as application performance degradation, resource over-allocation, and increased
operational costs. This study aims to overcome the conventional resource optimization standards
that depended on the average peak usage of CPU and memory infrastructure, by introducing Al-
based optimization tools, and applying on-premise standards to cloud and container environments
to achieve resource optimization. The paper emphasizes the importance of resource optimization
through Al-based automation tools, exploring the possibilities of resolving real-world application
performance issues in cloud environments, reducing unnecessary resource usage costs, and cutting
down on labor risks and operational expenses. Through this, it presents strategic directions on how
Al technology can offer financial and operational advantages in managing cloud resources.

Keywords: cloud resourece optimization; Al-based automation in cloud computing; performance
management in cloud environments; cost efficiency in cloud services; turbonomic ARM

1. Introduction

The advancement of cloud computing has provided unprecedented flexibility and scalability to
businesses [1]. However, this progress brings with it new challenges beyond cost reduction, increased
efficiency, and above all, agility. These include resource optimization, cost management, and
performance assurance [2]. In particular, refactoring to Microservices Architecture (MSA) and simple
rehosting (Rehost) strategies for migration are directly linked to these challenges, complicating
operational strategies in the cloud environment.

Many companies face problems such as inaccurate predictions of resource usage and the
excessive allocation of unnecessary resources, leading to a surge in costs during the cloud transition
process [3]. To address this, businesses have been adopting artificial intelligence (AlI)-based
automation tools to attempt cloud resource optimization [4]. By leveraging Al technology, they can
monitor resource usage in real-time and automatically adjust resources as needed, thus reducing
costs and maintaining performance [5,6].

This study utilizes IBM's Turbonomic ARM and Instana APM tools to empirically compare the
effectiveness of resource optimization and cloud cost management between cloud-native systems
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that have applied MSA and systems that have adopted simple rehosting strategies. Through this, it
aims to explore the role and potential of Al in cloud resource management. Moreover, by comparing
the refactored MSA systems with the simply rehosted systems, it seeks to evaluate the actual impact
of Al tools on application performance and cloud cost reduction. The research findings are expected
to expand the scope of cloud resource optimization and contribute to the establishment of more
efficient cloud strategies by companies and institutions.

2. Method

This study adopts a systematic approach for the comparative analysis of resource optimization
in the cloud environment. To ensure the reliability and reproducibility of the research, a detailed
experimental design and data collection and analysis methods were implemented.

2.1. Tool Selection and Environment Setup

The choice of IBM Turbonomic ARM and Instana APM Tool in this study is due to their
advanced resource optimization algorithms and real-time performance monitoring capabilities [7,8].
Turbonomic ARM optimizes automated workload placement, scaling, and resource allocation in both
virtual and physical environments, effectively managing cloud costs [9]. Instana APM detects
performance degradation in real-time through application performance monitoring, providing
insights for improvement [10,11]. Both tools offer deep integration with major cloud service providers
like AWS and Azure, enabling effective operation in complex cloud environments. These
functionalities are key elements in achieving the study's objective of cloud resource optimization and
performance enhancement.

2.2. Experimental Design

The procedure was designed to apply resource optimization and cost optimization solutions in
real-time to each system and verify their effectiveness [12]. This process aims to develop resource
allocation strategies that can respond to dynamic changes in the cloud environment and identify
optimized cost management methodologies. The experimental design includes aspects such as cloud
resource allocation, performance monitoring, and cost analysis, with the data and analysis results
obtained at each stage making a significant contribution to drawing the study's main conclusions.

System A : Production

AWS

SystemA : Development & Staging

Al Engine APM Tool
(Turbonomic) (Instana)

System B : Production

Azure

System B: Development & Staging

Figure 1. AI PoC Configuration Environment and Application Plan Summary.

2.3. Performance Evaluation

The performance of applications is continuously monitored and analyzed using IBM
Turbonomic ARM and Instana APM. Key Performance Indicators (KPIs) such as application
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throughput, response time, and availability are measured. Collecting performance indicator data is
necessary to clearly understand the impact of resource optimization on performance changes within
the cloud environment [13,14]. The effectiveness of the Al-based resource optimization tool is
empirically verified by comparing performance changes before and after optimization between
System A and System B.

2.4. Cost Analysis

Performed using cloud cost management tools. The cost impact of resource optimization tasks
on cloud infrastructure is evaluated by conducting a detailed analysis of monthly and annual cloud
consumption costs [15]. The cost reduction effect before and after applying the optimization tool is
measured based on the collected resource usage and cost data [16]. This cost reduction analysis
provides important data-driven insights for companies to establish cloud resource management

strategies.
Cloud
Cloud Needs Gloud Operation Gloud
Resource Management
Management Providin (Cost (KPI Measuring)
g Management) g

t |

Iteration

Figure 2. Cyclical Process Flowchart for Cloud Resource Management.

2.5. Results Comparison and Analysis

The resource optimization results of System A and System B are compared and analyzed. The
actual impact of the Al-based resource optimization tool on cloud infrastructure management is
assessed based on quantitative results of performance improvement and cost reduction [17].
Multivariate and time series analyses are used to verify the effectiveness of the optimization tool from
multiple angles [18].

2.6. Future Improvement Tasks

Based on the research findings, future improvement tasks for cloud resource optimization and
cost management methodologies are identified. Suggestions for additional research needs are
presented based on identified limitations, including proposals for enhancing the functionality and
application scope of Al-based optimization tools. Directions for developing best practices in cloud
infrastructure management are also proposed.

This methodology systematically verifies the effectiveness of Al-based tools in solving resource
optimization and cost management problems in the cloud environment, presenting practical
improvement measures.

3. Results

3.1. Performance Improvement

The performance improvement effects of IBM Turbonomic ARM and Instana APM Tool applied
in this study were proven through a comparative analysis of Systems A and B. For System A, which
implemented MSA, dynamic resource adjustment in a containerized environment resulted in
improved throughput and response times. This achievement was particularly facilitated through
integration with Kubernetes (K8S) clusters, demonstrating how efficient resource allocation
positively affects application performance [19].
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Figure 3. PoC Results Comparison (System A: Cloud Native System with MSA).
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Figure 4. PoC Results (System A: Resource Optimization Task Recommendations).

In the case of System B, even after migration to the cloud using the Rehost strategy, the resource
optimization approach utilizing Turbonomic and Instana proved effective in maintaining availability
and performance. This plays a crucial role in minimizing potential performance degradation by
adjusting resources in real-time.
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Figure 6. PoC Results (System B: Resource Optimization Task Recommendations).

3.2. Cost Reduction

Cost reduction was one of the significant findings of this study. The resource optimization tasks
for Systems A and B in AWS and Azure environments showed noticeable cost-saving effects.
Specifically, System A achieved an average monthly cloud cost reduction of $37,144 by reducing
unnecessary resource allocations. This is directly linked to a decrease in operational expenses and
contributes to long-term cost efficiency. Similarly, System B reduced monthly cloud costs through
improved cost management, achieved by minimizing excessive provisioning and deleting unused
instances and storage [20,21].
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Figure 7. PoC Results Comparison (AWS Cost Analysis).
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Figure 8. PoC Results Comparison (Azure Cost Analysis).

3.3. Detailed Results

The specific results of the research provide an in-depth analysis of the resource optimization
tasks for both systems and their impact on application performance and cost reduction. In System A,
application performance was enhanced while preventing over-provisioning of cloud resources and
significantly improving cost efficiency based on usage patterns. System B realized resource
optimization that ensures performance maintenance along with effective cost management.

These results clearly demonstrate that the application of Al Tools related to cloud resource
optimization can provide significant advantages to businesses from both technical and financial
perspectives. Consequently, Al-based Tools prove to be essential for companies to manage cloud
resources more agilely and efficiently, developing sustainable cost-reduction strategies [22,23].

4. Discussion

4.1. Major Findings

This study deeply illuminates the impact of applying Al Tools for cloud resource optimization
on application performance improvement and cost reduction. Especially, through the comparative
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analysis of System A, a refactored cloud-native application, and System B, a legacy system migrated
to the cloud, it was demonstrated how the application of AI Tools could bring about significant
results in various scenarios.

. For System A, the introduction of IBM Turbonomic ARM and Instana APM led to a radical
improvement in resource allocation and usage efficiency. Such optimization enabled dynamic
resource management, allowing for automatic scaling based on real-time traffic changes,
significantly reducing unnecessary resource usage. Consequently, it was confirmed that System
A maintained higher performance and lower latency compared to traditional legacy systems.

e  Conversely, System B, by adopting a simple cloud migration approach (Rehost), retained the
constraints and inefficiencies of the existing infrastructure. Although some level of resource
optimization was achieved in System B through Al Tools, the performance improvement and
cost reduction effects were relatively limited compared to System A. This underscores the
importance of refactoring and transitioning to a cloud-native environment, clearly highlighting
the advantages of proactive cloud environment adjustment with Al-based optimization Tools
over simple migration [24].

4.2. Interpretation of Results

The application of Al-based resource optimization Tools in this study provided significant
benefits in terms of performance and cost in the cloud environment. Particularly, the combined use
of IBM Turbonomic ARM and Instana APM Tool made a major contribution, as confirmed [25,26].

e  Dynamic Adjustment of Resource Allocation: Through Turbonomic's analysis, System A was
able to dynamically adjust resource allocation based on real-time data analysis. This contributed
to cost savings by automatically allocating additional computing resources or reducing allocated
resources according to changes in application usage. This process played an important role in
optimizing resource use and preventing waste due to over-provisioning [27,28].

e  Performance Monitoring and Optimization: The Instana APM Tool continuously monitored
application performance, identifying causes of performance degradation. Based on this, it
preemptively addressed performance issues and optimized application response times, thereby
improving user experience [29].

e  Specific Examples of Cost Reduction: Through the implementation of System A, the research
team achieved an average monthly cloud cost reduction of $37,144 by minimizing unnecessary
resource allocations. This result, derived from applying a resource allocation strategy based on
actual usage, also contributed to cost savings by selecting cost-efficient resources considering
the price volatility of cloud resources.

e Insights through Comparative Analysis: The comparison between Systems A and B clearly
showed how the transition to a cloud-native architecture and the application of Al-based
resource optimization Tools contribute to resource use efficiency and operational cost reduction.
Compared to traditional resource management approaches, the case of System B, which only
offered limited benefits in terms of performance and cost through the application of Al Tools,
confirms this.

The study detailed the specific methods by which the application of Al-based resource
optimization Tools contributes to performance improvement and cost reduction in the cloud
environment [30]. This provides practical guidelines for companies using cloud services and is
expected to serve as an important reference for future cloud infrastructure management strategy
development.
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5. Conclusion

This study empirically analyzed the impact of applying Al-based resource optimization tools on
application performance improvement and cost reduction in the cloud environment. The integrated
use of IBM Turbonomic ARM and Instana APM tools has confirmed significant advantages in various
aspects, including dynamic adjustment of resource allocation, performance monitoring and
optimization, and specific examples of cost reduction. The comparative analysis of Systems A and B
clearly demonstrated how the transition to a cloud-native architecture and the application of Al-
based optimization tools contribute to the efficiency of resources and reduction of operational costs.

The results contribute to the advancement of cloud computing and Al technology, providing
practical guidelines for establishing and implementing cloud resource management strategies in
actual business environments. The Al-based resource optimization approach developed and
validated in this study can be applied across various cloud environments and application types,
helping businesses to effectively manage cloud costs and maximize operational efficiency.

The limitations of this study include its focus on specific tools and cloud environments,
necessitating further research across a wider range of cloud service models and application types.
Future research should aim to expand the application scope of Al-based resource optimization tools
and seek answers to the following key questions:

e  What are the advantages of Al-based resource optimization over traditional rule-based resource
adjustment methods?

e How do Al-based tools recommend resource adjustments, and how accurate are their
predictions?

¢ Can system performance be ensured even when resources are scaled down, and to what extent
are guarantees provided?

¢  What methods support communication with application managers and improve the efficiency
of the resource optimization decision process?

e  Besides resource scaling recommendations through ARM, what other use cases are possible?

In-depth investigation and analysis of these questions will further advance cloud resource
optimization methodologies and make a significant contribution to realizing cost management and
performance optimization in actual cloud service environments through Al technology.
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