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ABSTRACT As global demand for cloud computing rises, green computing has become essential. Fed-
erated Edge Cloud (FEC) offers improved energy efficiency compared to traditional infrastructures, yet
managing distributed energy consumption remains a challenge. This research introduces an Unsuper-
vised Cluster Reinforcement Q-Learning method in FEC (UCRL-FEC), which integrates Fuzzy C-Means
(FCM) or K-Means clustering to identify migratable Virtual Machines (VMs) from overloaded hosts. The
method enhances energy efficiency and workload balance by incorporating a modified reward function in
Q-Learning. Experimental evaluations demonstrate that UCRL-FEC reduces energy consumption (EC) up to
1.07%, supporting reductions in both operational costs and greenhouse gas emissions, which is critical for
large-scale cloud environments. In terms of Service Level Agreement Time per Active Host (SLATAH),
UCRL-FEC achieves an improvement up to 1.56% over the baseline method, demonstrating enhanced
efficiency in managing active host resources. Additionally, system stability improves with a reduction of
up to 9.68% in Performance Degradation due to Migration (SLA-PDM), effectively minimizing service
disruptions and ensuring efficient workload management. Furthermore, the method reduces overall Service
Level Agreement Violations (SLAV) up to 6.06%, indicating enhanced service reliability and optimized
resource allocation. A Friedman test confirms statistically significant improvements in energy efficiency,
workload distribution, and system stability over baseline methods. These advancements prevent resource
overutilization, enhance workload management, and extend hardware lifespan, fostering sustainable cloud
operations. UCRL-FEC balances energy efficiency, performance, and scalability through dynamic resource
optimization, validating it as implementable strategy for intelligent VM management in modern cloud-edge
infrastructures.

INDEX TERMS Clustering method, energy efficiency, federated edge cloud, Q-learning, quality of service.

I. INTRODUCTION traditional cloud infrastructures have significant limitations,
Cloud computing has transformed communication technolo- such as high latency caused by centralized processing in
gies and distributed systems, providing scalable, secure, distant data centers, which often results in delayed responses
and cost-effective solutions for organizations. However, for real-time applications. Additionally, centralized architec-

tures are prone to single points of failure, increasing the risk
The associate editor coordinating the review of this manuscript and of service disruptions and scalability limitations in handling
approving it for publication was Mehdi Sookhak . diverse, geographically distributed workloads. To address
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these challenges, the FEC or Federated Edge Cloud has
emerged as a framework that integrates edge or fog comput-
ing and federated learning to minimize latency and enhance
performance by positioning services near end users [1].

FEC strategically places computational and storage
resources closer to end users by leveraging edge nodes
located near data sources. This strategy substantially
decreases latency, improves real-time processing efficiency,
and refines overall system performance for applications with
strict latency requirements. Real-world examples include
autonomous vehicles, where sensors continuously produce
high volumes of data that must be processed locally to avoid
delays in decision-making, such as sudden braking. Similarly,
in remote healthcare monitoring systems, wearable devices
must facilitate real-time monitoring of key vital signs to
proactively alert medical personnel or patients of potential
health concerns. Federated learning in this context supports
collaborative model training across distributed nodes without
the need to share raw data, thereby preserving patient privacy
and minimizing bandwidth usage.

Despite its numerous advantages, efficiently managing
resources in FEC remains complicated by the inherent hetero-
geneity and variability of edge node environments. Existing
energy management techniques often struggle to handle
distributed and variable workloads, leading to suboptimal
energy usage and degraded performance. Several studies have
addressed this issue through service scheduling optimiza-
tion. Jeong et al. [2] formulated an approach to reconfigure
service paths, conserving computational resources while
refining performance benchmarks, achieving a 21% energy
efficiency gain. Similarly, Li et al. [3] developed a dynamic
service scheduling approach that reduced energy consump-
tion by 23%. These findings highlight the critical role of
service scheduling in improving energy efficiency in FEC
environments.

Artificial intelligence (AI) technology offers further oppor-
tunities to optimize resource management in FEC. For
example, Wang and Yu [4] combined Reinforcement Learn-
ing (RL) with federated learning for resource scheduling in
edge-based IoT systems, improving decision-making while
reducing latency. Another approach [1] using Q-Learning-
based RL minimized energy consumption in FEC, achieving
a 28% improvement in energy efficiency. In a smart city
scenario, for instance, intelligent streetlights equipped with
environmental sensors can use RL to adjust lighting intensity
based on pedestrian activity and weather conditions, saving
energy without compromising user safety.

In addition to scheduling, clustering techniques such as
FCM and K-Means methods have been implemented to iden-
tify overloaded hosts and redistribute workloads efficiently,
resulting in significant energy savings [5], [6]. Clustering
enables efficient workload distribution among local servers,
reducing energy consumption while improving workload
placement and overall system performance.

Addressing the energy efficiency challenges in FEC
is not only about technical optimization but also about

92578

ensuring sustainability in distributed computing systems.
As the demand for faster, more efficient, and environmentally
friendly systems grows, innovations that integrate clustering
techniques with Reinforcement Learning can redefine energy
management in FEC environments. This research endeavors
to make a contribution to the development of intelligent,
adaptive, and sustainable edge computing systems.

This research introduces a hybrid methodology integrat-
ing clustering with Reinforcement Q-Learning for energy-
efficient service scheduling in FEC environments, which is
further enhanced by a modified logarithmic reward func-
tion. Unlike previous methods, this approach addresses
the limitations of static resource allocation by dynamically
adapting to workload changes in real time, thereby opti-
mizing energy efficiency and QoS. Specifically, it compares
the performance of FCM and K-Means in grouping VMs
from overloaded hosts. These clusters are then used in a
Q-Learning-based scheduling method. The main objective of
this study is to achieve energy efficiency and improved QoS
in FEC settings through:

o Optimizing VM selection and scheduling through a
hybrid approach that integrates clustering techniques
(FCM or K-Means) with Reinforcement Q-Learning.
This method enhances energy efficiency by identifying
migratable VM candidates from overloaded hosts while
balancing workloads effectively.

« Improving decision-making in RL Q-Learning by intro-
ducing a modified reward function tailored to FEC
environments, prioritizing energy efficiency, workload
balance, and QoS metrics.

In summary, this research introduces the UCRL-FEC method
to optimize VM selection and resource allocation, thereby
reducing energy consumption while maintaining QoS in
FEC environments. By integrating clustering and RL, this
approach aims to mitigate the constraints of energy utiliza-
tion in distributed edge processing units, offering solutions
relevant to various real-world applications.

Il. PREVIOUS RESEARCH
Green computing remains a critical concern as the
global adoption of cloud computing services continues to
rise [7]. Numerous studies have focused on developing
energy-efficient cloud infrastructures. Yenugula proposed
optimizing cloud servers using the Bacterial Foraging Opti-
mization Algorithm (BFOA) by migrating virtual machines
(VMs) from overloaded to underloaded hosts, which led
to reduced service costs [8]. Saxena et al. introduced VM
scheduling techniques to achieve green computing, utilizing a
clustering-based approach for proactive workload prediction
and scheduling. Specifically, they employed the K-Medoid
method for forecasting VM workloads, effectively minimiz-
ing prediction errors and maximizing resource utilization [9].
Beyond load balancing and VM scheduling, architectural
advancements in cloud computing have been explored to
enhance energy efficiency. Federated Edge Computing (FEC)
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combines edge computing with federated learning to improve
network performance by enabling decentralized collaboration
among edge servers. Studies by Shi et al. and Roman et al.
demonstrated FEC’s potential to address limitations of tradi-
tional cloud computing, such as high latency and centralized
processing. By distributing workloads to edge servers, FEC
reduces the energy required for data transmission to central
data centers and enhances data privacy [10], [11]. Addition-
ally, the smaller, specialized edge devices are often more
energy-efficient for specific tasks compared to traditional
data centers.

However, energy management in FEC remains a chal-
lenge ss a consequence of the decentralized architecture
of edge nodes. Jeong et al. improved service schedul-
ing within FEC by reconfiguring service paths to miti-
gate migration overhead, achieving a 21% improvement in
energy efficiency and an 80% reduction in Service Violation
Rate (SVR) [2]. Similarly, Li et al. introduced a dynamic
resource-aware scheduling policy (DRA-MQoS) that eval-
uated server resource utilization and service characteristics
in real time. This approach reduced energy consumption
by 23% while maintaining Quality of Service (QoS) [3].
Other notable contributions, such as Dyme and Daas, applied
dynamic micro-service scheduling to enhance energy effi-
ciency in edge environments [12], [13].

Recent contributions have also explored the use of
resource-agnostic microservice offloading schemes in Indus-
trial IoT (IIoT) environments. The RAISE framework [14]
leverages resource-agnostic properties to optimize microser-
vice offloading in IIoT networks, demonstrating improved
network throughput and QoS. Similarly, the mISO mecha-
nism [15] applies a double-auction approach for microservice
offloading, achieving significant reductions in latency and
improved resource utilization through resilient demand esti-
mation and incentive mechanisms.

Al-driven approaches, particularly in edge computing,
have further advanced resource optimization. Recurrent Neu-
ral Networks (RNN) [16], [17], Long Short-Term Memory
(LSTM) networks [18], and Reinforcement Learning (RL)
techniques [19], [20], [21] have been extensively applied.
Wang and Yu [4] combined RL with federated learning
for IoT resource scheduling, demonstrating reduced latency,
enhanced system perception, and lower computing costs.
Cui et al. [22] developed a deep learning-based (DL) resource
management model for FEC, achieving reduced network
latency and fast adaptation to dynamic network conditions.

A particularly effective RL model, Q-Learning, has been
widely adopted for service scheduling in FEC due to its adapt-
ability to dynamic environments. Unlike traditional models,
Q-Learning does not require an explicit environment model
and learns through trial and error. Over time, the iterative
learning process enables Q-Learning to optimize resource
allocation in FEC systems effectively.

Resource management strategies for optimizing energy
consumption have also incorporated clustering techniques.
Yang et al. demonstrated that detecting overloaded hosts
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and reallocating their workloads significantly reduces energy
consumption [23]. Shidik et al. evaluated workload alloca-
tion in both heterogeneous and homogeneous environments
using Fuzzy C-Means (FCM) [5]. Their findings indicated
that FCM reduced energy consumption in cloud data cen-
ters, particularly in heterogeneous conditions, with energy
savings of up to 9.34%. Shidik et al. further compared
FCM and K-Means with other methods, such as Minimum
Migration Time (MMT) and Random Choice (RC) [6]. The
results revealed that K-Means achieved significant energy
savings, with statistical significance supported by a p-value
of 0.0105 in a Friedman Test. Hayat et al. [24] empha-
sized the importance of accurate host selection methods in
improving energy efficiency and QoS. Clustering techniques
were shown to enhance system performance by grouping
hosts with similar resource characteristics, thereby optimiz-
ing workload placement.

Existing research in Federated Edge Cloud (FEC) and
resource allocation primarily focuses on optimizing VM
migration and scheduling. However, several challenges
remain unaddressed. Many approaches struggle with scala-
bility, as they lack adaptability to highly dynamic workloads,
making them inefficient in large-scale FEC environments.
Additionally, energy inefficiency remains a concern, as tech-
niques such as path reconfiguration and clustering alone do
not effectively optimize energy consumption under varying
resource demands. Furthermore, traditional methods often
rely on static configurations or predefined heuristics, limiting
their ability to adapt to unpredictable workload distributions
and resulting in suboptimal performance.

Based on the existing research background and the com-
parative analysis presented in Table 1, the research questions
in this study are:

« Can a hybrid approach integrating clustering techniques
(FCM or K-Means) with Reinforcement Q-Learning
effectively optimize VM selection and scheduling,
enhancing energy efficiency and workload balance in
FEC environments?

« Can a modified reward function in RL Q-Learning, tai-
lored to FEC environments, improve decision-making
by prioritizing energy efficiency, workload balance, and
QoS metrics?

This research proposes an Unsupervised Cluster Reinforce-
ment Learning in Federated Edge Cloud (UCRL-FEC). The
proposed UCRL-FEC method effectively addresses the lim-
itations identified in previous research by introducing a
novel combination of unsupervised clustering methods and
Q-Learning for adaptive scheduling. This study will compare
the performance of FCM and K-Means to understand their
impact on energy efficiency and QoS. A Q-Learning-based
RL model will be applied to manage service schedul-
ing within the FEC environment, through restructuring the
reward function or reinforcement criteria. In the Q-Learning,
the reward function is a crucial element that guides the
learning agent’s decision-making process. It provides feed-
back on the quality of each action by assigning a reward.
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TABLE 1. Research gap.

N Proposed
Study Method Strengths Limitations Contribution
Yenugula Bacterial Reduced Focused on single- Integrating
[8] Foraging service costs objective clustering and RL
Optimization by migrating  optimization; lacks for dynamic
Algorithm VMs from integration with workload
overloaded to  Al-based dynamic optimization.
underloaded decision-making.
hosts.
Saxena et K-Medoid- Accurate High Introducing RL to
al. [9] based VM workload computational handle dynamic
scheduling prediction and complexity for environments
resource large-scale with reduced
utilization. systems. complexity.
Jeong et Path Improved Limited scalability Using
al. [2] reconfiguration energy across highly unsupervised
in FEC efficiency and  distributed edge clustering to
reduced nodes. enhance
Service scalability in
Violation dynamic edge
Rate. environments.
Lietal. Dynamic Real-time Lacks integration Employing RL-
[3] resource-aware  evaluation of with advanced based predictive
scheduling resources and  machine learning scheduling with
(DRA-MQoS) service models for modified reward
characteristics. predictive functions.
analytics.
Shidik et Fuzzy C- Significant Focused on static Enhancing
al. [5][6] Means and energy savings environments; clustering with
K-Means and effective limited RL to improve
clustering host selection. adaptability to adaptability and
dynamic decision-making.
workloads.
Wang RL with Reduced Limited focus on Combining RL
and Yu federated latency and energy and clustering for
[4] learning improved consumption energy-efficient
system optimization in federated edge
perception in federated edge environments.
IoT environments.
environments.
Cuietal. Deep learning- Reduced High Incorporating
[22] based resource network computational SLA-focused
management latency and overhead and reward function
adaptability to  limited focus on in RL to balance
changing SLA latency and
network improvement. energy efficiency.
conditions.
Samanta Resource- Optimizes Limited scalability ~ Adapting RAISE
etal. [14] agnostic microservice to heterogeneous principles to
(RAISE) offloading offloading in edge dynamic and
scheme IIoT networks, environments. distributed FEC
improved systems.
QoS, and
reduced delay.
Samanta  Double-auction Improved Requires high Incorporating
etal. [15] incentive latency and computational mISO-inspired
(mISO) mechanism resource complexity for resilient demand
utilization auction-based estimation into
through mechanisms. RL-based
demand scheduling
estimation and models.
incentives.
Dyme Dynamic Improves Limited Enhancing
and Daas  microservice energy adaptability to dynamic
[12][13] scheduling efficiency and highly dynamic scheduling with
workload workloads and clustering and RL
distributionin  lacks integration to improve
edge with reinforcement energy-aware
environments. learning. workload
management in
FEC.

Modifying the reward function is expected to offer insights
into how changing the rules governing the Q-Value impacts

energy efficiency and QoS.

lll. METHODOLOGY AND SYSTEM DESIGN

A. SYSTEM OVERVIEW OF FEC

FEC is a distributed computing architecture that integrates
geographically dispersed edge nodes to process data and
applications closer to end users. This design aims to reduce
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FIGURE 1. Overview of the FEC architecture.

latency, enhance responsiveness, and, most importantly,
minimize energy consumption through efficient workload
distribution. The FEC system is composed of three main
interacting layers: the edge device layer, the edge node layer,
and the federation coordinator layer. The edge device layer
consists of devices such as IoT sensors, mobile devices, and
gateways connected to edge nodes. These devices collect data
and send it to the nearest edge node for processing [1]. The
edge node layer is the central component responsible for data
processing, storage, and computation, while the federation
coordinator layer manages multiple edge nodes within a clus-
ter, coordinating their interactions [25].

Figure 1 shows a schematic representation of the FEC
architecture, demonstrating how services are handled within
this system. The process begins with a service request that
outlines the latency and traffic requirements. This request is
directed to the Service Controller, which allocates the nec-
essary resources to fulfill it by determining which VMs will
be used. Two services, Service 1 and Service N, are shown,
each connected to several VMs, illustrating the architecture’s
ability to efficiently allocate resources based on user demand.

Once the VMs are identified, the Service Controller directs
the request to the Edge Domain, which consists of multiple
edge servers connected through Edge Switches. In this phase,
VMs related to specific services are placed on the appropriate
edge servers. For example, VM1, VM2, and VM3 are placed
in Edge Domain 1, while VM4, VM5, and VM6 are placed
in Edge Domain N.

Data from these edge servers is then forwarded through
a larger network, starting from Aggregate Switches to the
Core Switch, which connects to Cloud Servers in the main
data center. These cloud servers handle more complex and
large-scale data processing when needed. The entire process
is not only guided by static rules but also dynamically opti-
mized using RL algorithms. These algorithms continuously
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learn from feedback to optimize resource allocation and VM
placement based on real-time conditions. Through RL, the
system is capable of adapting in real-time to fluctuations
in network conditions and workloads, improving efficiency,
reducing latency, and managing traffic adaptively.

This research extends the FEC architecture by integrating
a modified RL algorithm for service scheduling and VM
placement. The RL model operates through the RL Learning
Module, providing reward-based feedback to optimize these
processes dynamically. The proposed method dynamically
allocates resources using the following steps:

1. The system continuously tracks CPU and RAM usage
across FEC nodes.

2. When a host exceeds a predefined threshold, the pro-
posed clustering methods (FCM or K-Means) groups
VMs based on resource utilization.

3. The system selects the cluster with the lowest
RAM/CPU usage to minimize resource contention.

4. The Q-Learning agent selects the optimal VM migra-
tion path, updating Q-values based on proposed mod-
ified reward function to achieve the energy efficiency
and better QoS metrics.

5. The VM is migrated, and system parameters are
updated to improve future decisions.

In this study, the reward function has been modified to
account for RAM and CPU utilization, making it more
responsive to workload changes across edge nodes.

B. REINFORCEMENT LEARNING IN FEC

In the FEC system, RL Q-Learning is employed to manage
resources adaptively and responsively, as illustrated in Fig. 2.
RL enables an iterative learning process, where the system
learns to optimize workload distribution over time with the
goal of reducing energy consumption.

The process starts by monitoring key performance param-
eters, such as energy consumption (EC) and system per-
formance, which are used in the reward function. This
function assesses the efficacy of the actions performed by the
Q-Learning agent through the allocation of a reward value,
which reflects how well a particular action improves system
efficiency. The reward is then used to update the Q-Table,
allowing the system to iteratively learn the optimal policy for
resource allocation.

Figure 2 illustrates the Q-Learning system architecture for
VM migration in Federated Edge Cloud (FEC). The VM
migration process starts with system performance monitoring
by Service Monitor, which collects data related to resource
usage and stores it in the Status DB. When the resource
usage on a host exceeds a predefined threshold, the Service
Placement Manager will re-evaluate the VM placement and
identify the overloaded host. Next, the Migration Manager
module will apply the Unsupervised Cluster Reinforcement
Learning (UCRL-FEC) method, where clustering techniques
such as Fuzzy C-Means (FCM) or K-Means are used to group
VMs based on their resource usage patterns. Once the clusters
are formed, the system will select VMs from the cluster with
VOLUME 13, 2025
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FIGURE 2. Architecture of reinforcement Q-learning for VM migration in
FEC.

the lowest resource utilization rate to be migrated to reduce
the load of overloaded hosts. The migration decision is made
based on the Q-Table, which is dynamically updated to deter-
mine the optimal destination host. Once the decision is made,
the VMs are moved to the new host, and the system updates
the network state to ensure load balance and energy efficiency
are maintained. With this approach, the migration process can
be performed adaptively, reducing SLA violations (SLAVs)
and minimizing the number of unnecessary VM migrations,
thus improving the efficiency of resource management in an
FEC environment [1].

The previous method, as shown in Fig. 2, highlights the
role of the Migration Manager, which utilizes the ESFEC-RL
module to apply RL principles. The essential construct of
Q-Learning frameworks, the Q-Table, permits the system
to update Q-values for each state-action pair, guiding VM
migration decisions based on current system conditions.

Building on this foundation, the proposed UCRL-FEC
method introduces dynamic clustering techniques, such
as FCM and K-Means, which were chosen due to their
widespread use in cloud environments for VM clustering and
migration. These methods are among the most commonly
applied in cloud computing because of their efficiency in han-
dling large-scale data and adaptability to dynamic workloads.
Previous research has also demonstrated their effectiveness
in VM environments, highlighting their advantages in opti-
mizing resource allocation and migration strategies [5], [6],
[19], [29]. Moreover, K-Means is efficient and scalable,
making it well-suited for large-scale FEC systems. How-
ever, its hard clustering approach may not fully capture
workload variations. On the other hand, FCM, with its soft
clustering capability, better handles heterogeneous workloads
but is more computationally intensive. To address these
limitations, this study integrates these clustering methods
with Q-Learning, enabling dynamic adaptation to work-
load changes while optimizing energy efficiency. This study
evaluates and compares these clustering methods within
the FEC environment, integrating them with Q-Learning to
enhance dynamic VM selection and improve overall system

performance.
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This dynamic clustering offers more precise migration
scheduling compared to static methods. Additionally, the
introduction of a logarithmic reward function enhances the
system’s sensitivity to performance changes, optimizing
energy consumption and workload management while min-
imizing SLAV and reducing the number of VM migrations.

The Q-value for the selected state-action pair is updated
using the Q-Learning formula (Eq. (1)):

Q(s, ) = Q(s, ) +a x (r+ yMax(Q(s', a) — Q(s, 2)
ey

where Q(s, a) is the previous Q-value, « is the learning
rate, R is the reward received, y is the discount factor, and
Max(Q(s',a")) is the highest Q-value for the next state s'. This
iterative process enables the agent to continuously improve
its decision-making policy. As a result, the FEC system
using Q-Learning can optimize service scheduling, reduce
the load on overloaded hosts, enhance energy efficiency,
and ensure better service quality in a distributed computing
environment [1].

C. Q-TABLE

In Q-Learning, the Q-Table stores Q-values, representing the
estimated reward or benefit of each state-action combination.
Initially, the Q-Table is populated with default values, typi-
cally zeros or small numbers, which are updated as the agent
learns from experience. The process starts with the agent
observing the system’s current state, which includes factors
like CPU usage, memory usage, and resource availability in
the FEC environment.

After observing the state, the agent selects an action, such
as migrating a VM to another node, redistributing the work-
load, or taking no action. This selection can be based on
exploitation (choosing the action with the highest Q-value) or
exploration (trying a new action to discover better Q-values).
After the action, the system observes the outcome, and the
agent receives feedback in the form of a reward. This reward
reflects how well the action achieved the desired goals, like
reducing the workload on an overloaded host or improv-
ing energy efficiency. The reward function in the original
ESFEC-RL framework is defined as:

Total ;4 Total;
ro= E SP —E SP )
! E Total,

SP

Drawing from previous studies, the reward function is
formulated by calculating the difference between the service
path’s energy usage at time ¢ and at time 7 + 1. A nega-
tive value of reward function indicates effective action since
it signifies reduced energy consumption. The smaller the
reward, the more efficient the action, signaling higher energy
efficiency. The Q-Learning formula is applied to update
the Q-value accordingly, which considers both the received
reward value and the estimated future value from the further
state. The formula incorporates the learning rate (o), which
controls how much the new reward affects the old Q-value,
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and the reduction factor (y), which balances the importance
of future versus current rewards. The updated Q-value is then
stored back in the Q-Table.

D. PROPOSED UNSUPERVISED CLUSTER
REINFORCEMENT Q-LEARNING IN UCRL-FEC

This section introduces the proposed method, an improve-
ment of the previous study, combining FCM or K-Means
clustering with RL Q-Learning and adjusting the reward func-
tion through a logarithmic transformation [1]. The proposed
UCRL-FEC research design is shown in Fig. 3.

From Fig. 3, UCRL-FEC manages VM migration on
overloaded hosts. The Migration Manager first detects the
overloaded host and maps it to various heterogeneous VMs,
each handling workloads based on features like RAM and
CPU. FCM and K-Means are used to cluster VMs based on
these features. The clustering results are used to select the
cluster with the least RAM or CPU usage, which is then
passed to the Q-Learning agent.

This study also proposes modifying the reward function
in the Q-Table with a logarithmic function. This modifi-
cation aims to enhance sensitivity to small performance
changes, enabling smoother adjustments in energy con-
sumption while maintaining service quality. By integrating
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clustering with Q-Learning, the method adapts resource allo-
cation based on dynamic workloads. The modified Q-value
update formula incorporates clustering results, optimizing
resource management more effectively. This ensures contin-
uous improvement in cluster management strategies through
experience-based learning, making it a superior solution for
FEC resource management. Detailed information about each
stage of UCRL-FEC is provided in the following section.

E. CLUSTERING IN UCRL-FEC

To enhance resource management efficiency in FEC, UCRL-
FEC applies clustering techniques when an overloaded host
is detected, instead of directly applying RL as done in the pre-
vious study by Jeong et al [1]. Clustering is a key technique in
computational resource management, grouping entities with
similar characteristics to enable more efficient management
in cloud computing environments [17], [26]. Two commonly
used clustering algorithms are FCM and K-Means [27]. FCM
allows entities to belong to multiple clusters, handling uncer-
tain or overlapping data flexibly. In contrast, K-Means is
simpler and faster, grouping data into exclusive clusters.
In UCRL-FEC, both clustering methods are applied based on
key features like RAM and CPU in a similar environment.
In addition, this study both cluster methods will be evalu-
ated with three number of clusters C= {3, 4, 5}, to achieve
a balance between interpretability, computational efficiency,
and meaningful data representation. Using too few clusters
(e.g., 2) may oversimplify the data structure, failing to capture
key distinctions, while too many clusters (e.g., more than 5)
can result in over-segmentation, increasing complexity and
computational cost.

1) FUZZY C-MEANS (FCM) BASED CLUSTER

Fuzzy C-Means (FCM) is a clustering algorithm that permits
data points to belong to multiple clusters simultaneously.
Unlike traditional hard clustering techniques, which assign
each data point exclusively to one cluster, FCM computes a
membership degree indicating the extent to which each data
point belongs to every cluster [5]. This flexibility enables
FCM to capture subtle variations in the data, making it
particularly useful in dynamic environments like FEC. The
core principle of FCM is to minimize the objective function,
as expressed by Bezdek et al. [28]:

- Initialized:

e Determined the intended number of clusters C =
{3,4,5}

e Determined the value of parameter m(m > 1),
which controlled the level of fuzzy membership

e Initialized the membership matrix (U), where each
element indicated the degree of membership of each
data point to a specific cluster. The values of Uwere
randomized with the condition that the total degree
of membership of each data point to all clusters
equal to 1.

- Calculated the Centroid:
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Calculated the centroid for each cluster based on the
degree of membership of the data in that cluster. The
centroid was calculated using the formula:

N om ..
_ 2 =1 U Xi

N
2ic ”Zl

v 3)
where:
« v;j Was the centroid of the j™ cluster
 u;; Was the membership degree of the i data point
to the j cluster
o x; Was the data of the i”» VM containing the features
of RAM and CPU
« m Was the fuzzy parameter (typically, m is set to 2)
o N Was the total number of observed VM
- Updated the Membership Degree:
Following the centroid calculation, the membership
degree of each data point to the cluster was updated
using the formula:

1
2
¢ [xi=vi|I ) =1
k=1 \ Thi—vll

“

Ujj =

where:
o u;; Was the membership degree of the i data point
to the j* cluster
o | |x,~ — 1{,~| | Was the distance between the i data
point and the centroid of the j cluster
o C Was the number of clusters
- Updated the Membership Degree:
The steps of computing the centroid and updating the
membership matrix are iterated until the difference in
membership values from one iteration to the next is less
than a specified threshold, or until a maximum iteration
limit is met.
- Output:
The final output consists of the centroid for each cluster
and the updated membership matrix, which shows how
strongly each data point is associated with each cluster.

2) k-MEANS BASED CLUSTER
K-Means is a widely used clustering algorithm that partitions
a dataset into C clusters by assigning each data point to the
cluster with the nearest centroid. The algorithm begins with
a random initialization of centroids and iteratively updates
their positions until convergence is achieved typically when
centroid movements between iterations fall below a minimal
threshold or cease entirely. This process results in compact
clusters that facilitate more effective data analysis.
Clustering with K-Means can be performed as follows:
a. Determine the number of clusters C = {3, 4, 5}.
b. Allocate the data randomly into the clusters.
c. Calculate the cluster centers (centroids/means)
based on the data in each cluster.
d. Assign each data point to the nearest cen-
troid/mean.
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e. Return to step three if any data points are still
changing clusters, if the change in centroid values
exceeds the defined threshold, or if the change in
the objective function value used is still above the
defined threshold. [29]

The location of the centroid (central point) for each cluster,
which is derived from the mean of all data values for each
feature, must be recalculated. If N represents the number
of data points in a cluster, i represents the i feature in the
cluster, and p represents the data dimension, the centroid for
the i feature is calculated using the following formula:

1 N
Vi = M lex,;; (5)
]:

where:

o V; is the centroid of the i feature,

o x;; is the value of the i feature for the j data point,

o N is the total number of data points in the cluster

This formula calculates the mean value of the feature i

across all data points in the cluster, resulting in the new cen-
troid position. The formula is applied across all p dimensions,
so i ranges from 1 to p. To measure the distance from a
data point to the cluster center, Euclidean Distance can be
used. The distance measurement in Euclidean distance space
is calculated using the following formula:

)4
D l—vil2 (6
j=1

D is the distance between the data points x; and centroid v;
and || represents the absolute value.

Next, the reallocation of data into each cluster in the
K-Means method is based on comparing the distance between
the data point and the centroid of each existing cluster. The
data is strictly reassigned to the cluster whose centroid is the
closest to that data point. This reallocation can be formulated
as follows:

D (xi,vi) = | Ixi — vil | =

o 1, if D=min{D (x;, v;)}, e
T 0, Otherwise.

a; o is the membership value of a point x; to the cluster
center v;, D is the shortest distance from the data point x;
to C; the cluster after comparison, and C; is the centroid
(cluster center) i The objective function used for K-Means
is determined based on the distance and the membership value
of the data points to the clusters. The membership assignment
can be described as follows:
o If x; is closest to centroid v;, then a; = 1, meaning
x; belongs to that cluster.
o If x; is closer to another centroid, then a; = O,
meaning it does not belong to that cluster.
To update the centroid v calculate the average of each data
point in the cluster C; using formula:

1
Vg = —— X (8)
el &
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Performed the above steps until no changes occurred in the
updated centroid values v, indicated by the absence of any
members moving between clusters C.

3) CLUSTER SELECTION

The cluster selection process in the proposed UCRL-FEC
aims to choose the most suitable cluster based on a score
calculated from CPU and RAM usage. In this process, scores
for each of the three defined clusters are calculated using the
equation for Score Cluster; Each cluster’s score is computed
by summing the total CPU and RAM usage, which is then
multiplied by predetermined weights for CPU and RAM. The
formula for calculating the cluster score is as follows:

Scoreciuster; = (U)CPU X CPUmtal,i)

+ (CURAM X RAMwml,i) )
n

CPUipat = Y CPU; (10)
i=1
n

RAM 1ol = ) RAM; (1)
i=1

where:
o CPUyq ;i is the total CPU usage of each member
within Cluster;
o RAM ip1a1,; s the total RAM usage of each member
within Cluster;
o Weight wcpy and wgay is the weight used to deter-
mine the priority ratio of the cluster based on CPU or
RAM (wcpy + wram = 1; 0 < wcpylwram < 1).
« nis the number of data points within the cluster.
After calculating the score for each cluster, the function
selects the cluster with the lowest score. The cluster with
the lowest score is considered the most optimal, indicating
more efficient resource usage or better alignment with the
established criteria. The selection is made by comparing the
scores of the three clusters; the cluster with the lowest score
is chosen. For instance, if the score for Cluster 1 is the lowest,
then Cluster 1 is selected; if Cluster 2 has the lowest score,
it is selected instead; if neither, then Cluster 3 is chosen.

Priority Selection Cluster = Min(Scoreciuster;) (12)
Static Selection Cluster = (Cluster;) , Cluster; = NULL
(13)

F. MODIFIED REINFORCEMENT Q-LEARNING
After the cluster selection process for migratable VMs on
overloaded hosts is completed, the next step in the proposed
UCRL-FEC is to define the learning process in the RL mech-
anism. During this phase, the agent continuously updates
the Q-table based on decisions it makes, optimizing future
actions and improving the efficiency of VM migration in
handling overloaded hosts.

Algorithm 1 focuses on the development and evaluation of
the proposed Unsupervised Cluster RL Q-Learning in UCRL-
FEC for managing clustered overloaded host servers in a FEC
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environment using a RL approach. This algorithm builds on
previous research by Jeong et al. and introduces changes,
including clustering overloaded hosts as an initial input [1].

Algorithm 1 Reinforcement Learning Agent with Clustering
Approach and Enhanced Reward Strategy.

Input Clustered set of high-load servers
Output Updated action-value of Q-table
1: Define Learning coefficient (¢« = 0.05), where « ranges between
Oand 1.
2: Define Discount factor (y = 0.08), where y ranges between
Oand 1.
3: Define Reward Reduction Factor (9), where 6 ranges
between 0 and 1.
4: s The server presently subjected to excessive workload
at time ¢
5: at— The server chosen for VM migration at the specific time ¢
6: ri: Calculated reward for the action a;
7
8

: Hostgesr: Available edge servers for VM placement
: Hostgaps: Table of active host server states

9: Numepisodes: Overall training rounds

10: Procedure Agent using Reinforcement Learning

11: While Numepisodes is halted do

12: Initiate Hostjeg

13: st Clustered Overloaded host servers
(Proposed Method)

14: Determine and perform the action a; with the
minimum Q-value as per the Q-table

15: Update Hostgay,s after migration

16: Proposed Modified r;

17: O(st,a) = Q(st,ar) + a(re + y Min Q(s¢11,at41)
- O(st,ar))

18: Update Q-table with the new value

19: end while
20: end procedure

Additionally, the reward function was modified from the
original Eq. (2) to several new formulas, incorporating a
logarithmic reward function that focuses on RAM and CPU
utilization. The modified equation is as follows:

((10g(Egy "™ x CPU™ )~ log(Ege™" x CPU") ,
" ( log(E x MIPS") ) )
(14)
log(E¢ ™™ x RAM™) — log(EL2"" x RAM")
" ( log(ESTf,lal’ x RAM") )XG

15)
where:
T :The reward value at # time
EST,f tals : Energy consumption achieved at time ¢
ES? aleer Energy consumption achieved at time ¢ + 1
CPU! :The number of Instructions a particular cloud

server could process per Second at ¢ time
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CPU't!  :The number of Instructions a particular cloud
server could process per Second at 7 4- 1 time
:The percentage of temporary storage used to
store the data and instruction that CPU in edge
servers actively uses during program execution
at t time
‘The percentage of temporary storage used
to store the data and instruction that in edge
servers actively uses during program execution
atr 4+ 1 time
0 ‘The reduction parameter that controls the
deduction toward reward calculation. The
lower the value of the reduction parameter,
the greater the energy reduction that will be
provided in the reward

RAM'

RAM1+1

The proposed logarithmic reward function is designed
to enhance the system’s sensitivity to subtle changes in
resource utilization (such as CPU and RAM) and energy
consumption. This allows the system to adapt more quickly
to dynamic workload changes, ensuring a balance between
energy efficiency and QoS. By incorporating both CPU
and RAM parameters into the reward function, the system
can more accurately evaluate migration actions based on
their impact on energy efficiency and overall performance.
However, in highly heterogeneous environments, the reward
function may become more complex due to the varying
characteristics of resources across nodes. To address this,
we introduced a reduction parameter (6) to control the impact
of small changes in resource utilization on the reward, pre-
venting overfitting and ensuring adaptability across different
scenarios.

The process starts with identifying overloaded servers,
which are grouped using clustering methods such as FCM or
K-Means. The RL agent then uses these clusters to determine
optimal migration actions by selecting the action with the
smallest Q-value from the updated Q-Table.

After a migration action is selected, the host’s status is
updated, and the reward is calculated based on the modified
reward function, designed to reduce server load and enhance
energy efficiency. This iterative process continues over mul-
tiple episodes, with the Q-table continuously updating based
on new experiences. This enables the RL agent to make more
efficient migration decisions, managing resources effectively
while maintaining QoS in the federated cloud system.

G. DATASET
This study uses the April 20, 2011 (2011-04-20 Workload)
dataset [30] to evaluate the Cluster RL Q-Learning tech-
nique’s ability to minimize energy consumption in FEC. The
workload includes various computationally intensive applica-
tions running on a distributed cloud infrastructure, collected
every five minutes over 24 hours.

The histogram in Fig. 4 shows the distribution of CPU
usage in the Federated Edge Cloud (FEC) environment of the
Dataset used in this study. The dataset consists of 297,504
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FIGURE 4. CPU usage distribution by load category.

records of CPU activity from 1,033 workloads VM where
each load was collected every five minutes over 24 hours. It is
categorized into four classes or clusters based on the quartile
of the resource usage. The results of the workload analysis
show that most of the CPU time is in the Idle state (0-2%)
with the highest frequency, indicating that the system is often
in an inactive or minimal workload state. The Low Load
(2-4%) category has the lowest frequency, indicating that the
system is rarely in a light load state and tends to immediately
switch to a higher level of usage. Meanwhile, the Normal
Usage (4-12%) and High Load (12-99%) categories show that
when the system is active, the workload is often quite high,
which emphasizes the importance of adaptation strategies
in resource management. These distribution patterns provide
important insights in understanding the workload patterns
used in this study.

The RAM and MIPS usage parameters for the VMs
were derived from the CloudSimSDN simulation envi-
ronment [31], which replicates workloads based on the
PlanetLab dataset. Although the original PlanetLab dataset
lacks RAM usage data, this study addresses that by
using CloudSimSDN to simulate the necessary RAM data.
CloudSimSDN replicates complex distributed cloud envi-
ronments, providing accurate modeling of key resources
like CPU and RAM based on the observed workload
patterns.

By incorporating CloudSimSDN, the study effectively esti-
mates RAM usage in the clustering process. This ensures
that both RAM and CPU utilization are integrated into the
clustering technique, aligning with the study’s goals despite
the absence of explicit RAM data in the original PlanetLab
dataset.

Although this dataset dates back to 2011, it has been
used extensively in subsequent research [2], including recent
studies [1]. This approach allows significant improvements
to be shown with minimal bias. In addition, the dataset has
been simulated using CloudSimSDN to estimate RAM usage,
ensuring that CPU and RAM usage are accurately modeled
despite there being no explicit RAM data in the original
dataset.
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H. EVALUATION PARAMETER

In this study, multiple evaluation metrics, listed in Table 2,
are employed to assess the effectiveness of the proposed
UCRL-FEC algorithm in minimizing energy consumption
within FEC environments. The primary metric, Energy Con-
sumption, quantifies the total energy utilized by all hosts
throughout the simulation period. This is based on energy
used that includes both static and dynamic energy consump-
tion, allowing for comparisons between the proposed method
and the baseline [32]. The second parameter, SLATAH,
assesses the average time per active host that complies
with the SLA. This is crucial for determining if the sys-
tem can maintain required QoS while using energy-saving
strategies [33].

Furthermore, SLA PDM measures performance loss
caused by VM migrations, which can impact system effi-
ciency [34]. The overall SLAV parameter calculates the
percentage of cumulative SLAV during the simulation by
comparing actual response times with the SLA limits. This
metric reflects system reliability and QoS [35]. The Number
of VM Migrations Evaluates how frequently VMs are moved
between hosts during the simulation. While fewer migrations
can reduce overhead and improve energy efficiency, this must
be balanced with performance and SLA considerations [36].
Energy SLA Violation (ESV) in cloud computing quantifies
energy efficiency by integrating both energy consumption
(EC) and service level agreement violations (SLAV) across
data centers, aiming to maintain sustainable operations while
upholding Quality of Service (QoS) [37], [38]. Data for each
parameter were collected and analyzed, with comparisons
made against the ESFEC-RL method from previous research
to evaluate the proposed Cluster RL Q-Learning method’s
impact on energy efficiency and service performance in FEC
environments.

I. SIMULATION DESIGN

To validate the proposed Unsupervised Cluster RL Q-
Learning (UCRL-FEC), simulations were conducted using
CloudSim integrated with CloudSimSDN. CloudSimSDN,
an SDN extension of CloudSim, enables simulations of net-
working, SDN, and Service Function Chaining (SFC) in edge
and cloud data centers, making it ideal for evaluating FEC
environments. This tool has been widely used and validated
in previous research, including studies by Jeong et al. [1],
demonstrating its effectiveness in simulating dynamic work-
loads and heterogeneous resource distributions.

The simulation setup in Table 3 was designed to evaluate
the impact of varied CPU, memory, and storage specifications
on energy efficiency in a heterogeneous environment. The
use of the April 20, 2011 dataset (2011-04-20 Workload)
[30] ensures consistency and facilitates direct comparison
with previous studies using the same dataset. Although the
dataset originates from 2011, it remains relevant for evalu-
ating energy efficiency in FEC environments, as it has been
widely adopted in prior research.
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TABLE 2. Evaluation parameters for UCRL-FEC algorithm.

Parameter Description

Energy Measures total energy usage of all hosts
Consumption (EC) during simulation, including static and
2] dynamic consumption.

SLATAH (SLA Assesses the average time per active host
Time per Active that meets SLA requirements, ensuring
Host) [33] QoS compliance.

SLA-PDM (SLA
Performance
Degradation due to
Migration) [34]

Measures the combined impact of
migration-induced performance
degradation on SLA compliance. A lower
SLA-PDM suggests better workload
balancing with minimal SLA impact.

Overall SLAV [35] Represents the cumulative SLA violations
across all hosts and simulations. It indicates
the system's ability to maintain service

guarantees over time.

Number of VM
Migrations [36]

Tracks how frequently VMs are moved
between hosts; fewer migrations improve
efficiency but must balance performance.

Energy SLA Energy SLA Violation (ESV) is a metric in
Violation (ESV) cloud computing that measures energy
[37][38] efficiency by  considering  energy

consumption (EC) and service level
agreement violations (SLAV). A high ESV
indicates inefficiency in cloud resource
management, which can impact operational
costs and service quality .

To further validate the adaptability of UCRL-FEC, this
study analyzed the workload distribution in workload dataset.
As shown in Fig. 4, the CPU usage in our experimental
setup is categorized into four groups: Idle (0-2%), Low Load
(2-4%), Normal Usage (4-12%), and High Load (12-99%).
The high frequency of idle states indicates that edge nodes
experience significant periods of inactivity, while the sub-
stantial occurrence of high-load conditions suggests frequent
computational spikes. These variations reflect the necessity
of a reinforcement learning-based approach like UCRL-FEC,
which dynamically allocates resources to mitigate extreme
workload fluctuations and optimize energy efficiency. The
results demonstrate that our approach effectively balances
resource usage and prevents excessive energy consumption
during workload spikes.

The proposed UCRL-FEC method considered 12 differ-
ent combinations, accounting for factors such as clustering
method (FCM or K-Means), number of clusters (C =
{3, 4, 5}), unsupervised cluster selection methods (Eq. (12) or
Eq. (13)), and reward function methods (Eq. (14) or Eq. (15)).
These parameters, which have also been utilized in previous
studies, ensure a fair comparison by aligning with the settings
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TABLE 3. Simulation parameters.

Parameter Value/Specification
Number of Edge Domains 8
Number Edge Servers per Domain 300
Total Edge Servers 2400
CPU per Server 16-core
RAM per Server 32GB
pCPU Ratio 1:1
Max VMs per Server 16
Total VMs Deployed 1033
VM Configuration Heterogeneous
Host Type HP ProLiant ML110 G4
Processor Intel Xeon 3040 @ 1860 MHz
Host RAM 4GB

used in related works. This approach allows for an equivalent
evaluation of clustering and reinforcement learning strate-
gies. The parameter setup for the proposed method is shown
in Table 4.

Table 4 presents the parameter settings for the various
proposed methods in this study, which were used in the
methodology section. This research tested several variations
of clustering algorithms, namely FCM and K-Means, with
and without cluster priority.

The testing began with the basic methods without clus-
ter priority (Proposed Method-1 and 2), followed by the
application of cluster priorities based on RAM usage (Pro-
posed Method-3 and 4), CPU usage (Proposed Method-5 and
6), and a combination of RAM+CPU (Proposed Method-7
and 8).

Furthermore, this study also tested the effectiveness of a
modified reward function from Eq. (13) or Eq. (14) with
a logarithmic approach on CPU and RAM, including 6 =
1 assigned to CPU or 6 = 0.2 assigned to RAM (Pro-
posed Method-9 to 12). Each method was evaluated based
on its effectiveness in managing workloads and optimizing
resources, aiming to determine the most efficient configu-
ration in a FEC environment. The study was designed to
understand how these various parameter settings affected
the overall system performance, both in terms of resource
utilization and in maintaining QoS.

IV. RESULT AND DISCUSSION
The results and discussion section are organized into several
phases according to the experimental findings.
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TABLE 4. Parameter setup of the proposed method.

Method

Experiment Setup

Proposed Method-1
Proposed Method-2
Proposed Method-3
Proposed Method-4
Proposed Method-5
Proposed Method-6
Proposed Method-7
Proposed Method-8

Proposed Method-9
Proposed Method-
10

Proposed Method-
11

Proposed Method-
12

FCM (Static Selection Cluster)
K-Means (Static Selection Cluster)

FCM (Priority Selection Cluster based on
RAM)
K-Means (Priority Selection Cluster based
on RAM)
FCM (Priority Selection Cluster based on
CPU)
K-Means (Priority Selection Cluster based
on CPU)
FCM (Priority Selection Cluster based on
RAM+CPU)
K-Means (Priority Selection Cluster based
on RAM+CPU)

FCM (Priority Selection Cluster and
Modified Reward Function Log — CPU, 6
=1
K-Means (Priority Selection Cluster and
Modified Reward Function Log — CPU, 6
=1)

FCM (Priority Selection Cluster and
Modified Reward Function Log — RAM, 6
=0.2)

K-Means (Priority Selection Cluster and
Modified Reward Function Log — RAM, 6

=0.2)

A. ENERGY CONSUMPTION

The analysis of SLA performance degradation due to migra-
tion, illustrated in Fig. 5, reveals notable differences among
various methods and cluster configurations.

Proposed Method-1, which utilizes FCM without cluster
priority, demonstrates stable performance, with degradation
values around 1.11% for the three-cluster configuration,
1.16% for four clusters, and 1.10% for five clusters. This
indicates a consistent performance level, albeit with a slight
increase as the number of clusters grows. However, the lack
of cluster prioritization in this method may limit its ability to
optimize workload distribution effectively.

A similar trend is observed in Proposed Method-2,
which employs K-Means without cluster priority. While
the degradation values are slightly lower 1.00% for both
the three and five-cluster setups, and 1.08% for the four-
cluster configuration—this improvement remains marginal.
The results suggest that without explicit cluster prioritiza-
tion, both FCM and K-Means struggle to significantly reduce
performance degradation due to migration. To address this
limitation, methods incorporating cluster priorities based on
RAM and CPU were evaluated. Proposed Method-3 (FCM
with RAM priority) and Proposed Method-5 (FCM with
CPU priority) show a noticeable reduction in performance
degradation, with values ranging from 0.59% to 0.68%. This
improvement indicates that prioritizing resource allocation
based on specific attributes, such as RAM or CPU, leads
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FIGURE 5. The comparison of energy consumption results.

to more efficient workload distribution. Furthermore, incor-
porating a modified reward function, as seen in Proposed
Method-9 (FCM with Cluster Priority and Modified Reward
Function Log — CPU, 6 = 1), provides additional enhance-
ments. This suggests that fine-tuning the reward function can
further optimize migration decisions and minimize perfor-
mance degradation. In addition, the trend linear in Fig. 5
could indicate that the proposed methods are optimizing
energy usage when three clusters are used in UCRL-FEC. The
effectiveness of these methods may be attributed to improved
resource allocation, workload distribution, or other energy-
efficient mechanisms implemented in the system.

B. SLATAH

Figure 6 presents the analysis of SLATAH across various
methods and cluster configurations, revealing significant
variations. In methods without cluster prioritization, such
as Proposed Method-1 (FCM) and Proposed Method-2
(K-Means), SLA time remains relatively stable. Proposed
Method-1 records 8.21% for both the three and four-cluster
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configurations, with a slight increase to 8.54% for the five-
cluster setup. Similarly, Proposed Method-2 shows slightly
higher SLA times, averaging 8.38% across all configura-
tions. These results suggest that without prioritization, both
methods struggle to optimize resource allocation, leading to
minimal differences in SLA performance.

In contrast, when cluster priority based on RAM is intro-
duced, a notable shift in SLA time is observed. Proposed
Method-3 (FCM with RAM priority) records an increase in
SLA time to 8.83% for the three-cluster configuration and
8.67% for the five-cluster setup. While this approach offers
better workload distribution, the trade-off is a slight increase
in SLA time due to reallocation overhead. To further enhance
performance, modified reward functions were applied in
methods such as Proposed Method-10 (K-Means with Cluster
Priority and Modified Reward Function Log — CPU, 6 = 1).
This approach achieves 7.60% SLA time in the three-cluster
configuration, demonstrating that integrating a refined reward
function can compensate for the overhead caused by cluster
prioritization.

These findings highlight that while cluster prioritization
improves resource management, its effectiveness can be fur-
ther enhanced by incorporating adaptive reward functions that
dynamically adjust migration decisions based on workload
conditions.

C. SLA PDM

Next, the results in Fig. 7 show that SLA performance
degradation due to migration (SLA-PDM) across various
methods and cluster configurations results in several varia-
tions, reflecting the impact of cluster priority settings and
reward function modifications on system performance. For
Proposed Method-1 (FCM without Cluster Priority), SLA
performance degradation remains stable with a value of
1.11% in the 3-cluster configuration, 1.16% in the 4-cluster
configuration, and slightly decreases to 1.10% in the 5-cluster
configuration. This indicates consistent performance impact
without considering cluster priority.

On the other hand, Proposed Method-2 (K-MEANS with-
out Cluster Priority) shows slightly lower SLA degradation
values, with 1.00% in the 3-cluster and 5-cluster configura-
tions, and 1.08% in the 4-cluster configuration, indicating
slightly better migration performance compared to FCM
without cluster priority. Methods with RAM-based cluster
priority, such as Proposed Method-3 (FCM with Cluster Pri-
ority Based on RAM) and Proposed Method-4 (K-MEANS
with Cluster Priority Based on RAM), demonstrate a reduc-
tion in SLA degradation, with lower values ranging from
0.59% to 0.68%.

Similarly, CPU-based and combined RAM+CPU meth-
ods, such as Proposed Method-5 (FCM with Cluster Priority
Based on CPU) and Proposed Method-7 (FCM with Cluster
Priority Based on RAM+-CPU), also show improvements
with lower SLA degradation values, reaching 0.56% in cer-
tain configurations. Methods with modified reward functions,
such as Proposed Method-11 (FCM With Cluster Priority
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FIGURE 6. The comparison of SLATAH results.

and Modified Reward Function Log — RAM, 6 = 0.2), also
exhibit stable performance with SLA degradation values as
low as 0.56%. Overall, methods with cluster priority and
reward function modifications significantly reduce SLA per-
formance degradation, with K-MEANS showing advantages
in certain configurations and modified reward functions pro-
viding performance enhancements across different cluster
settings.

D. OVERALL SLA VIOLATION

In Fig. 8, the analysis of overall SLAV across various
methods and cluster configurations reveals significant dif-
ferences in overall SLAV. For Proposed Method-1 (FCM
without Cluster Priority), SLAV range around 1.11% in
the 3-cluster configuration, slightly increase to 1.16% in
the 4-cluster configuration, and slightly decrease to 1.14%
in the S5-cluster configuration. This indicates relatively
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FIGURE 7. The comparison of SLA-PDM results.

consistent performance for FCM, though with a slight
increase in higher cluster configurations.

In contrast, Proposed Method-2 (K-MEANS without Clus-
ter Priority) shows lower SLAV compared to FCM, with
1.03% in the 3-cluster configuration, a slight increase to
1.08% in the 4-cluster configuration, and a decrease to 1.00%
in the 5-cluster configuration. Methods with RAM-based
cluster priority, such as Proposed Method-3 (FCM with Clus-
ter Priority Based on RAM), show a reduction in SLAV to
0.65% in the 3-cluster configuration, with a slight increase
to 0.66% in the 5-cluster configuration. Proposed Method-
4 (K-MEANS with Cluster Priority Based on RAM) shows
similar results, with SLAV around 0.68% in the 3-cluster
configuration and stable at 0.64% in the 4 and 5-cluster
configurations. Modifications to the reward function, such as
Proposed Method-10 (K-MEANS With Cluster Priority and
Modified Reward Function Log — CPU, 6 = 1), show slightly
higher SLAV, with 0.74% in the 3-cluster configuration.
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Overall, methods with cluster priority and reward function
modifications show variations in SLAV, with K-MEANS gen-
erally outperforming FCM in some configurations.

E. NUMBER OF VM MIGRATION

The analysis of VM migration counts depicted in Fig. 9
highlights notable variations across methods and cluster con-
figurations. For Proposed Method-1 (FCM without Cluster
Priority), VM migrations number 66 under the 3-cluster
setup, rise to 68 with 4 clusters, and reach 70 for 5 clusters.
This trend suggests that FCM without cluster priority leads to
an increased frequency of VM migrations as the cluster count
Srows.

In contrast, Proposed Method-2 (K-MEANS without Clus-
ter Priority) shows a higher number of migrations compared
to FCM, with 84 migrations for 3 clusters, remaining at 84 for
4 clusters, and increasing to 87 for 5 clusters. Methods that
use cluster priority, such as Proposed Method-3 (FCM with
Cluster Priority Based on RAM), show a significant reduction
in the number of VM migrations, with 50 migrations for
3 clusters, 49 for 4 clusters, and 47 for 5 clusters. Proposed
Method-4 (K-MEANS with Cluster Priority Based on RAM)
also shows a reduction, with 44 migrations for 3 clusters,
increasing to 46 for 4 clusters, and 48 for 5 clusters. Methods
with modified reward functions, such as Proposed Method-10
(K-MEANS with Logarithmic Reward Function - CPU with
Value-1), show good results with 47 migrations for 3 clusters,
47 for 4 clusters, and 46 for 5 clusters. Overall, the use of
cluster priority and modified reward functions is effective
in reducing the number of VM migrations, with K-MEANS
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demonstrating better performance compared to FCM in some
cluster configurations.

F. EVALUATION AND DISCUSSION
The evaluation results demonstrate that the proposed log-
arithmic reward function effectively balances the trade-off
between energy consumption, CPU/RAM utilization, and
SLA violations. In heterogeneous environments, where
resource characteristics vary significantly, the reward
function adapts by assigning higher rewards to actions
that optimize resource utilization while minimizing energy
consumption and SLA violations. In homogeneous envi-
ronments, the reward function performs consistently, with
smaller reward values indicating higher efficiency. This
highlights the robustness of the proposed approach in both
heterogeneous and homogeneous FEC systems.

This evaluation compares three primary approaches—
ESFEC-RL, FCM, and K-Means—for cluster management in
a distributed cloud environment comprising 300 hosts. The
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focus parameters for comparison include energy consump-
tion, SLA-PDM, overall SLAV, SLATAH, and the number of
VM migrations. Additionally, modifications using a logarith-
mic reward function based on CPU and RAM were tested to
assess their impact on system efficiency.

The analysis of the data presented in Table 5 reveals that
EC serves as a critical indicator for evaluating the efficiency
of the various methods. The baseline ESFEC-RL method
maintains a constant energy consumption of 5.60 kWh across
all cluster values (C). In contrast, non-cluster-prioritized
methods, such as Proposed Method-1 (FCM) and Proposed
Method-2 (K-Means), exhibit a slight reduction in energy
consumption to 5.56 kWh.

While this reduction suggests marginal efficiency, it is not
statistically significant. Cluster-prioritized methods, span-
ning Proposed Methods-3 to 8, show varying energy con-
sumption patterns, with some configurations matching the
baseline while others demonstrate slight reductions. This
indicates that cluster prioritization can influence energy con-
sumption depending on the specific configurations employed.

The overall Service Level Agreement Violations (SLAV)
are critical metrics indicating the frequency of overall SLAV
across the evaluated methods. The baseline method records
an overall SLAV rate of 0.66%, whereas the non-cluster-
prioritized methods show higher violation rates ranging
from 1.00% to 1.16%. This trend suggests that non-cluster-
prioritized approaches are more susceptible to overall SLAV,
primarily due to their inability to adapt resource allocation to
the specific needs of clusters. Conversely, cluster-prioritized
methods (Proposed Methods-3 to 8) exhibit improved overall
SLAV rates, ranging from 0.62% to 0.68%, demonstrating
that cluster prioritization can significantly enhance resource
allocation accuracy and thus reduce overall SLAV.

SLATAH reflects the time efficiency in meeting SLA
requirements for each active host. The baseline method
records a value of 8.67%. Non-cluster-prioritized meth-
ods, including Proposed Method-1 and Proposed Method-2,
present slightly higher SLATAH values, ranging from 8.21%
to 8.54%, indicating reduced efficiency in meeting SLA
targets. In contrast, cluster-prioritized methods yield vary-
ing results, with Proposed Method-4 (K-Means with RAM
prioritization) achieving an improved value of 7.11% at
C = 3. This outcome suggests that implementing cluster
prioritization can enhance SLA time efficiency in specific
configurations.

The frequency of VM migrations (PDM) serves as an
indicator of system stability. The baseline ESFEC-RL method
records SLA PDM value of 0.62%. In comparison, non-
cluster-prioritized methods exhibit increased VM migration
frequencies, ranging from 1.00% to 1.16%, reflecting a
decline in stability. In contrast, cluster-prioritized meth-
ods, such as Proposed Method-4 and Proposed Method-8,
report reduced VM migration frequencies between 0.56%
and 0.68%. This suggests that effective cluster prioritization
can lead to a decrease in VM migration frequency, thereby
enhancing system stability.
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TABLE 5. Results of ESFEC-RL, FCM, and K-means with 3, 4, and 5 clusters.

TABLE 6. Results number of VM and ESV.

C=3 C=4 C=5

(EC (kWh), (EC (kWh), (EC (kWh),
Method Overall SLAV, Overall SLAV, Overall SLAV,

SLATAH, SLATAH, SLATAH,

SLA PDM) SLA PDM) SLA PDM)

Jeong et al. [2] 5.60, 0.66%, 5.60, 0.66%, 5.60, 0.66%,
& ' 8.67%, 0.62% 8.67%, 0.62%  8.67%, 0.62%

Proposed Method-1 5.56, 1.11%, 5.56, 1.16%, 5.56, 1.14%,
(FCM) 821%, 1.11% 8.21%, 1.16%  8.54%, 1.10%

Proposed Method-2 5.56,1.03%, 5.56, 1.08%, 5.56, 1.00%,
(K-Means) 8.38%, 1.00% 8.38%, 1.08%  8.38%, 1.00%

Proposed Method-3 5.60, 0.65%, 5.60, 0.64%, 5.60, 0.66%,

(RAM Priority, FCM) 8.83%, 0.61%
Proposed Method-4
(RAM Priority, K-
Means)

Proposed Method-5
(CPU Priority, FCM)

Proposed Method-6
(CPU Priority, K-

8.83%, 0.59%  8.67%, 0.62%

5.54,0.68%,
7.11%, 0.68%

5.60, 0.64%,
8.83%, 0.58%

5.60, 0.64%,
9.00%, 0.60%

5.60, 0.62%,
8.50%, 0.59%

5.60, 0.64%,
8.83%, 0.60%

5.60, 0.65%,
8.83%, 0.61%

5.58,0.68%,
8.38%, 0.66%

5.60, 0.64%,
8.83%, 0.59%

5.60, 0.63%,
8.83%, 0.59%

Means)

fﬁ?ﬁ;ﬁg%g‘gﬁ; 5.60,0.64%,  5.60,0.65%,  5.60,0.66%,
FCM) Y §.83%, 0.60% 8.83%,0.61%  8.67%, 0.62%
fgﬁfg%e%‘ggﬁ 5.59,0.67%,  5.60,0.62%,  5.60,0.63%,
K.-Moans) V> 8.68%, 0.66% 9.00%, 0.56%  8.83%, 0.59%
f{i’f;sffffﬁiﬁiff 5.60,0.66%,  5.60,0.62%,  5.60,0.66%,

8.67%,0.62%  9.17%, 0.56%  8.67%, 0.62%

Log-CPU, FCM)
Proposed Method-10
(Modified Reward
Log-CPU, K-Means)
Proposed Method-11
(Modified Reward
Log-RAM, FCM)
Proposed Method-12
(Modified Reward
Log-RAM, K-Means)

5.54,0.74%,
7.60%, 0.74%

5.60, 0.63%,
8.83%, 0.59%

5.60, 0.62%,
8.50%, 0.59%

5.60, 0.64%,
9.00%, 0.58%

5.60, 0.62%,
9.17%, 0.56%

5.60, 0.62%,
8.83%, 0.58%

5.58,0.69%,
8.21%, 0.69%

5.60, 0.64%,
8.83%, 0.60%

5.60, 0.61%,
8.83%, 0.57%

Table 6 presents a comparison of various VM allocation
methods and Energy SLA Violation (ESV) across experimen-
tal settings of C = 3, C =4, and C = 5. The baseline method,
ESFEC-RL, serves as a reference with a constant number
of 49 VMs and an energy balance value of 0.037 across all
settings.

The proposed methods exhibit significant variations in
both the number of VMs allocated and the ESV achieved.
For instance, Proposed Method-1 (FCM without Cluster Pri-
oritization) shows an increase in the number of VMs as C
rises, from 66 at C = 3 to 70 at C = 5. However, this increase
comes with a rise in the ESV from 0.062 to 0.063, indicating
a trade-off where more VMs are allocated at the expense of
energy efficiency.

Proposed Method-2 (K-Means without Cluster Prioritiza-
tion) also demonstrates a similar trend, with the number of
VMs increasing from 84 at C = 3 to 87 at C = 5. Despite this,
the ESV remains relatively stable with minor fluctuations,
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ESV ESV  ESV
(C=3) (C=4) (C=5)

Jeong et al [2] 49 0.037 0.037 0.037
Proposed Method-1 (FCM) 66 68 70 0.062 0.064 0.063

Proposed Method-2 (K-
Means)

Proposed Method-3 (RAM
Priority, FCM)

Proposed Method-4 (RAM
Priority, K-Means)

Proposed Method-5 (CPU
Priority, FCM)

Proposed Method-6 (CPU
Priority, K-Means)

Proposed Method-7
(RAM+CPU Priority, FCM)

Proposed Method-8
(RAM+CPU Priority, K- 49 49 48 0.037 0.035 0.035
Means)

Proposed Method-9
(Modified Reward Log-CPU, 49 49 48 0.037 0.035 0.037
FCM)

Proposed Method-10
(Modified Reward Log-CPU, 47 47 46 0.041 0.035 0.035
K-Means)

Proposed Method-11
(Modified Reward Log-RAM, 49 49 48 0.035 0.035 0.036
FCM)

Proposed Method-12
(Modified Reward Log-RAM, 47 48 49 0.039 0.036 0.034
K-Means)

Method C=3 C=4 C=5

84 84 87 0.057 0.060 0.056

50 49 47 0.036 0.036 0.037

44 46 48 0.038 0.036 0.036

47 49 49 0.035 0.036 0.036

47 49 49 0.038 0.036 0.035

49 47 49 0.036 0.036 0.037

suggesting that K-Means offers slightly better energy effi-
ciency compared to FCM without prioritization.

Methods incorporating RAM-based cluster prioritization,
such as Proposed Method-3 (FCM with RAM Prioritization),
show a decrease in the number of VMs as C increases, from
50 at C = 3 to 47 at C = 5. This reduction in VMs is
accompanied by an improvement in energy balance from
0.036 at C =3100.037 at C = 5, highlighting that prioritizing
RAM enhances energy efficiency.

Similarly, Proposed Method-4 (K-Means with RAM Pri-
oritization) reflects a decrease in the number of VMs, from
44 at C =3 to 48 at C =5, while maintaining a stable ESV of
0.036. This consistency in ESV suggests that K-Means with
RAM prioritization can optimize VM allocation effectively
while preserving energy efficiency.

In the case of CPU prioritization, Proposed Method-5
(FCM with CPU Prioritization) and Proposed Method-6 (K-
Means with CPU Prioritization) exhibit similar results, with
slightly lower ESV values of 0.035. This indicates that
CPU prioritization can also contribute to improved energy
efficiency.

Methods that combine RAM and CPU prioritization,
such as Proposed Method-7 (FCM with RAM+CPU
Prioritization) and Proposed Method-8 (K-Means with
RAM+-CPU Prioritization), show relatively stable ESV
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values. Specifically, FCM with combined prioritization main-
tains energy balance values ranging from 0.036 at C = 3 to
0.037 at C=5, while K-Means shows a value of 0.037 at C =
3 and 0.035 at both C = 4 and C = 5. This stability suggests
that combining both RAM and CPU prioritization provides a
balanced approach to energy efficiency.

Finally, methods with modified reward functions, such as
Proposed Method-9 (FCM with Cluster Priority and Modified
Reward Function Log — CPU, 8 = 1) and Proposed Method-
10 (K-Means with Cluster Priority and Modified Reward
Function Log — CPU, 6 = 1), display greater variation in ESV.
FCM shows a value of 0.037 at C = 3 and 0.035 at C = 4,
while K-Means varies from 0.041 at C =3 t0 0.035 at C =
4 and C = 5. This indicates that modified reward functions
can influence ESV significantly.

In conclusion, methods that incorporate cluster prioriti-
zation and reward function modifications exhibit notable
improvements in several key aspects, including overall SLAV,
the number of VM migrations, and ESV, compared to those
without cluster prioritization and the baseline approach.
However, the impacts on energy consumption and SLATAH
are variable, highlighting that the effectiveness of cluster
prioritization strategies is contingent upon the specific param-
eters and settings applied.

An evaluation using the Friedman Test reveals significant
differences among the tested methods concerning energy con-
sumption, SLAV, SLATAH, and PDM across different values
of C. The Friedman test’s Qr value of 20.78, which exceeds
the critical chi-square value of 19.675 for 11 degrees of free-
dom at a significance level of « = 0.05. The obtained p-value
is smaller than 0.05, confirming statistical significance. At a
significance level of 0.05, the null hypothesis is strongly
rejected, indicating statistically significant differences among
the evaluated methods [39]. This result supports the rejec-
tion of the null hypothesis, indicating significant differences
among the methods.

The Friedman Test results confirm that the proposed
method significantly improves the energy efficiency, SLA
violations, and other QoS metrics compared to the previ-
ous study [2]. To ensure the robustness of these findings,
future studies can include additional statistical tests and larger
datasets to further validate the reproducibility of the results.

Among the tested methods, Proposed Method-4, which
utilizes K-Means and a reward function that prioritizes cluster
selection based on RAM, stands out as the most effective.
It demonstrates superior performance in energy consumption
and SLATAH while maintaining relatively low PDM values.
These results suggest that Proposed Method-4 is the most
efficient and effective approach for optimizing overall system
performance in the context of this study.

In summary, the analysis shows that the method combining
cluster priority and modified reward function has a significant
impact on VM allocation and energy efficiency. Variations
in the number of VMs and energy balance underline the
effectiveness of this method in optimizing resource allocation
and improving energy efficiency.
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This modification increases the system’s responsiveness
to subtle performance variations, allowing for more pre-
cise energy consumption adjustments without compromising
Quality of Service (QoS). By integrating CPU and RAM
metrics into the reward function, the system gains a more
comprehensive understanding of how each action affects both
energy efficiency and overall system performance. Experi-
mental evaluations reveal that methods utilizing the modified
reward function, effectively reduce SLA violations and sig-
nificantly improve energy balance compared to previous
approaches. Furthermore, this integration enhances adapt-
ability in managing the dynamic and heterogeneous charac-
teristics of Federated Edge Computing (FEC) environments.
The proposed approach successfully overcomes the limita-
tions of prior methods, which often relied on static reward
functions that were less responsive to environmental changes.
Consequently, the modified reward function in UCRL-FEC
not only enhances energy efficiency and resource manage-
ment but also strengthens the system’s ability to sustain
optimal QoS in complex computing environments.

V. CONCLUSION

The discussion highlights the effectiveness of VM allocation
methods in Federated Edge Cloud (FEC) systems, focusing
on the integration of Unsupervised Cluster Reinforcement
Learning (UCRL-FEC) and reward function modifications.
Addressing the first research question, unsupervised clus-
tering methods like Fuzzy C-Means (FCM) and K-Means
effectively identify migratable VM candidates from over-
loaded hosts when combined with Q-Learning. Notably,
Proposed Method-4 (K-Means with RAM prioritization)
reduces VM numbers while maintaining energy balance,
demonstrating improved efficiency in VM migration.

For the second research question, modifying the reward
function within Q-Learning enhances QoS in FEC. Pro-
posed Method-9 and Proposed Method-10, utilizing modified
reward functions, show improvements in energy balance and
QoS, highlighting the role of tailored reward functions in
optimizing resource allocation.

The Friedman Test confirms significant differences among
tested methods in energy consumption, SLA violations
(SLAV), SLA time per active host (SLATAH), and perfor-
mance degradation due to migration (PDM), with Qr value
of 20.78 exceeding the chi-square threshold of 19.675 for
11 degrees of freedom at a significance level of o= 0.05,
with a p-value smaller than 0.05. These results validate
the effectiveness of unsupervised clustering and reward
function modifications in improving energy efficiency and
QoS.

Future research should explore larger cluster scales and
more complex workloads, further optimizing the loga-
rithmic reward function with CPU and RAM weights.
Integrating deep reinforcement learning and testing in het-
erogeneous cloud environments could enhance real-world
applicability.
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