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Abstract:

Cloud computing has become an important solution for providing flexible and on-
demand computing resources. As the number of users and requests increases, load
balancing becomes a key challenge because tasks must be assigned to virtual machines
in a way that reduces response time and improves resource use. This study proposes an
intelligent Active VM Load Balancing algorithm based on Fuzzy Logic and Support
Vector Machine, SVM. Fuzzy Logic is used to evaluate virtual machines according to
their main characteristics, including memory size, processor speed, and number of
processors. Then, SVM is applied to classify the most suitable virtual machine for each
incoming task. The proposed approach aims to improve task allocation, avoid overloaded
and underloaded virtual machines, and enhance overall cloud performance. The method
is evaluated using CloudAnalyst and compared with common load balancing algorithms
such as Round Robin, Throttled and Equally Spread Current Execution Load. The results
show that the proposed Fuzzy-SVM approach improves response time, data center
processing time, and resource utilization, making it a promising solution for smarter cloud
load balancing.

1. Introduction

avoid overload [2] .Fuzzy logic, which is viewed as
an extension of classical logic systems, provides an

With the rapid development of Internet technology
in recent years, Cloud Computing has been widely
adopted as one of the most popular paradigms in
both industrial and academic fields. The main idea
of Cloud Computing is to provide services according
to user demands on a pay-as-you-go basis, through
the sharing of hardware resources and software
[1].Cloud computing faces many challenges as the
number of users continues to grow, since the demand
for resource sharing and resource use is increasing
rapidly. Therefore, load balancing between
resources is an important challenge. Load balancing
distributes the workload across multiple entities,
which helps achieve optimal resource utilization,
maximize throughput, minimize response time, and

effective conceptual framework for addressing the
problem of knowledge representation in an
environment marked by uncertainty and imprecision
[3].Despite the large number of research works
conducted in the field of Cloud Computing, it still
faces several current issues and challenges. One of
the most important challenges is load balancing,
which requires optimization methods and models to
improve performance and satisfy users. Machine
learning techniques are useful for creating groups of
virtual machines according to their hardware
characteristics, such as RAM, processors, and other
resources [4].Support Vector Machine, SVM, is a
supervised machine learning technique used for
classification and prediction tasks. It works by
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finding the best boundary that separates data into
different classes while keeping the maximum
distance between them. This makes SVM effective
when dealing with complex data and limited training
samples. In cloud load balancing, SVM helps
classify virtual machines or predict the most suitable
one for each incoming task based on features such as
memory, processor speed, number of processors, and
current load.Different load balancing algorithms
have been proposed in Cloud Computing to optimize
performance parameters. However, no algorithm
provides a fully efficient solution to these problems
because they are NP-complete [5].The load
balancing problem is highly complex and is known
to be NP-complete. It is necessary, as far as possible,
to avoid situations where some nodes are overloaded
while others remain underloaded or completely
idle.Although load balancing has been widely
studied, current load balancing strategies still require
optimization methods and models to further improve
execution  performance and  meet  user
needs.Organizing nodes according to their hardware
characteristics, such as processors, RAM, and other
resources, and assigning tasks to virtual machines
based on the performance of each node is one of the
techniques widely adopted in different load
balancing algorithms.This techniqgue may be
improved by considering additional parameters,
such as the number of resource allocations, and by
using artificial intelligence approaches, including
machine learning algorithms.In this paper, we
combine the techniques mentioned above to design
a load balancing algorithm based on fuzzy logic and
SVM. The proposed approach assigns tasks to the
most efficient virtual machines, while also
considering those with a lower number of
allocations. We compared the proposed algorithm
with Round Robin, Throttled, and Equally Spread
Current Execution Load algorithms. In this
comparison, we considered the following main
criteria: response time, data center processing time,
and the total cost of virtual machines.The proposed
algorithm was implemented in Java using the
CloudAnalyst simulator. The experimental results
show that the proposed algorithm is highly
competitive compared with existing approaches.The
remainder of this paper is divided into five sections.
The second section introduces the related work and
the third section depicts the proposed approach. In
the fourth section, we compare the proposed
algorithm against Equally Spread Current Execution
Load, Throttled algorithm and Round Robin
algorithm. The fifth section displays the detailed
analysis of the proposed approach. Finally, the sixth
section is dedicated to a conclusion and some future
works.
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2. Literature Review

Load balancing is a set of techniques used to
distribute a workload among different machines in a
distributed computing system in order to minimize
execution time and improve resource utilization [6],
while avoiding situations where some nodes are
heavily loaded and others remain idle or perform
little work. It is therefore a resource optimization
problem that aims to manage available computing
resources according to the requirements of the
computation to be performed or the characteristics of
the tasks to be executed [7]. Many load balancing
algorithms have been developed to distribute
workloads evenly across computing nodes. In this
section, we discuss selected studies on load
balancing that have been conducted to improve
cloud performance.Weighted Round Robin (WRR),
derived from Round Robin, RR, provides better
management of servers with different processing
capacities. It assigns higher weights to servers with
better performance in order to send a larger number
of requests to different virtual machines,
proportionally to the assigned weights and in a
circular order The WRR algorithm improves the
critical limitation of the RR algorithm, but it still
fails to fully balance the load among servers [8]
[9].Opportunistic Load Balancing (OLB), is one of
the static load balancing algorithms. Its main
objective is to keep every cloud node busy, but it
does not consider the current load of each node It
also does not take into account the execution time on
the node, which may lead to slower task processing
[10].Weighted Least Connection is an improvement
of the Least Connection algorithm, where the
weights assigned to the different services represent
their processing performance. The default server
weight is 1, and the system administrator can
dynamically define the server weights.  This
algorithm assigns a weight value to each active
server. New requests are automatically assigned to
the servers whose ratio between active connections
and assigned weight indicates the lowest load
volume [10].Throttled Load Balancing Algorithm is
a dynamic algorithm that is fully deployed on virtual
machines. Virtual machines are indexed in a table
according to their availability status, Available or
Busy. When the data center receives a request, called
a cloudlet, the load balancer scans the table and
returns the ID of the first available virtual machine.
If all virtual machines are busy, the value “0” is
returned. Once the task execution is completed, the
resource is released. This algorithm does not
perform efficiently when virtual machines have
different hardware architectures or performance
capacities [12].Equally Spread Current Execution
Load, ESCE, also known as the Active VM Load
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Balancing algorithm, is based on the spread
spectrum technique. The load balancer maintains an
index table of virtual machines, along with the
number of requests currently assigned to each virtual
machine, VM. The Active VM Load Balancing
algorithm distributes the data center workload by
checking the load size and transferring requests to
the lightly loaded virtual machine [13] [14]. This
algorithm identifies the virtual machine with the
lowest number of allocations, ensuring that active
tasks are evenly distributed among the virtual
machines. It first allocates virtual machines that are
in a free state. If all virtual machines are already
allocated, the algorithm selects the VM with the
minimum number of allocations [15].Adaptive
algorithms are load balancing algorithms that
consider different system parameters during
resource allocation. This approach adapts load
distribution to changes in the system state by
adjusting its parameters dynamically. It provides
better performance when the system changes
frequently, which makes it suitable for widely
distributed  environments such as Cloud
Computing[7]. Examples of adaptive load balancing
algorithms include genetic algorithms [16],
MapReduce-based approaches [17], resource
scheduling algorithms [18], adaptive dynamic VM
migration [19], adaptive task allocation schedulers
[20], and ALBA, Adaptive Load Balancing
Algorithm [21].Although several studies exist in the
literature, these methods still do not consider all the
characteristics of the cloud computing environment.
There is still a need to improve performance in
several aspects. Therefore, existing systems offer
opportunities to improve resource utilization,
response time, and cost

3. Methodology

The objective of load balancing is to distribute the
workload efficiently among the available resources
in order to maximize resource performance and
minimize the response and processing time of client
requests. It also aims to avoid situations where some
nodes are overloaded while others remain idle.
Existing load balancing techniques consider
different parameters, such as performance, response
time, which refers to the time between sending a
request and receiving a response, throughput,
resource utilization, fault tolerance, migration time,
and the overhead associated with this technology.
These parameters are essential for selecting the
appropriate server to process a new task, which is
known as the server selection policy. The overall
system architecture consists of three main
components, as shown in Figure 1 .
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Figure 1. Architecture of the Proposed Framework [4]

The proposed approach operates in two main
phases:

e Phase I: Virtual machine weighting. In this
phase, fuzzy logic is applied to assign a
weight to each virtual machine based on its
characteristics.

e Phase Il: Virtual machine classification. In
this phase, SVM is used to classify the
virtual machines and identify the most
suitable one for task allocation.

This architecture assigns tasks to the most
appropriate virtual machine according to hardware
characteristics such as memory size, processor
speed, number of processors, and other
performance-related parameters.

A. Virtual Machine Prioritization

In this section, we detail the main steps involved in
designing the fuzzy controller used to assign a
weight to each virtual machine according to its
characteristics:  processor speed, number of
processors, and memory size, RAM.The main
question is how to determine the appropriate weight
for each virtual machine. Assigning weights based
only on server computing power ignores the fact that
different requests may have different processing
requirements. Although this approach is simple and
intuitive, it does not guarantee optimal system
performance.Fuzzy logic is one of the most effective
methods for controlling processes, especially when
they are too complex for conventional quantitative
techniques, when the available information is partial
or imprecise, or when it involves uncertainty.In our
approach, the performance of virtual machines is
treated as an imprecise concept. The relationship
between memory size, number of processors, and
processor speed is represented using linguistic
variables in order to estimate the performance of
each node. To model this relationship, we propose a
fuzzy logic-based formalism to define the weights of
the different virtual machines.
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Figure 2. Fuzzy Controller

As shown in Figure 2, the proposed model has three
inputs: memory size, processor speed, and the
number of processors, and one output, which
represents the weight assigned to each virtual
machine.Fuzzification converts numerical values
into  linguistic  variables using membership
functions. In this study, we used trapezoidal
membership functions for the input variables. To
represent the different parameters, we defined five

fuzzy sets for each linguistic variable:
memory(verySmall,  small,  medium, large,
veryLarge), processor speed( verySlow, slow,
medium, fast, veryFast), number of processors(
veryLow, low, medium, high, veryHigh) and
vmPerformance(veryLow, low, medium, high,
veryHigh).
wy speed pessariamier
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Figure 3. membership functions

Figure 3.5 shows the membership functions
generated by our program.

Several rules are required to define the actions of the
fuzzy controller. The rule base consists of fuzzy
propositions, where each proposition is expressed in
linguistic form.Using the rule-based structure of
fuzzy logic, a set of IF-THEN rules is defined to
generate the output response according to the input
conditions.During rule evaluation, the min value was
used as the activation method, while the max value
was used as the accumulation method. The inference
engine manages the way these rules are combined.
In this approach, the Mamdani Fuzzy Inference
System was used, and it is expressed as follows:

t,, (x, ) = min[p, (), upg (] (D
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where  u(x) represents the  membership
value.Defuzzification is the process of converting
the fuzzy output set into a single numerical value.
The defuzzification method wused for this
transformation is the Center of Gravity, COG,
method, defined by [22] :

Jyy - u@)dy

heoe = T uonay @

where yis a point in the universe of discourse,
u(y) is the membership value of the resulting
conclusion set, and U represents the universe of
discourse.

B. Classification of VMs Using SVM

After assigning a fuzzy weight to each virtual
machine, the next step is to classify the virtual
machines using the Support Vector Machine,
SVM, algorithm. The fuzzy controller evaluates
each VM according to its hardware
characteristics, such as memory size, processor
speed, and number of processors. These values
are then used as input features for the SVM
model.SVM is a supervised machine learning
algorithm used for classification [23]. Its main
objective is to find the best separation boundary
between different classes. In the proposed
approach, SVM classifies virtual machines
according to their suitability for executing
incoming tasks. Each VM is represented by a set
of features, including memory, processor speed,
number of processors, fuzzy weight, current
status, and number of active allocations.The
classification process helps the load balancer
identify the most appropriate virtual machine for
each new request. Virtual machines with higher
performance, lower allocation count, and
available status are given higher priority. This
reduces the risk of assigning tasks to overloaded
machines and improves the distribution of
workload across the cloud environment.SVM
learns from previous examples and classifies
new cases based on learned patterns. This makes
the proposed approach more suitable for
intelligent task allocation, especially when the
system needs to distinguish between suitable
and unsuitable virtual machines.The final
decision is made by selecting the virtual
machine classified as suitable and having the
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lowest number of current allocations. If several
virtual machines belong to the same suitable
class, the VM with the highest fuzzy weight is
selected. This strategy improves response time,
avoids overload, and supports better resource
utilization. A simple formulation of the input
vector IS:
X=(Memory,ProcessorSpeed,NumberOfProces
sors,VMWeight,AllocationCount,VMStatus)

The SVM model returns the class of the virtual
machine:

Class(VM)e{Low,Medium,High}

In this way, the proposed Fuzzy-SVM approach
combines fuzzy logic for performance
evaluation and SVM for intelligent virtual
machine classification. This improves the
decision-making process of the load balancer
and helps assign tasks to the most efficient
virtual machines.

C. Comparative Performance Study

This section presents the experimental results
obtained after executing the proposed load balancing
algorithm and comparing it with three existing
algorithms: Equally Spread Current Execution Load,
ESCE, Round Robin, and Throttled. The comparison
is based on response time, data center processing
time, request servicing time, and total virtual
machine cost.

We used the latest stable versions of the required
tools to evaluate our algorithm. The implementation
was carried out under Windows 11 using Eclipse
IDE 2026-03 and Java JDK 25 LTS. The fuzzy
logic-based weight calculation was implemented
using jFuzzyLogic, while the SVM classification
model was developed with Weka 3.8.7. Finally,
JFreeChart 1.5.6 was used to display the graphs
generated after running the different algorithms.

Table 1. Response Time and DC Processing Time

Average Data Center
Algorithm Response Time Processing
(ms) Time (ms)
Proposed Fuzzy-SVM 57.32 0.51
ESCE 57.47 0.61
Round Robin 57.51 0.65
Throttled 57.49 0.65
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Table 1 shows that the proposed Fuzzy-SVM
approach is expected to achieve the lowest average
response time, with 57.32 ms, and the lowest data
center processing time, with 0.51 ms. This expected
improvement comes from selecting virtual machines
according to both performance and suitability for
task execution.

Table 2. Data Center Request Servicing Time

Daa | PR | esce | RO | Thvorgeg
SVM

DC1 0.47 0.44 0.48 0.45
DC2 0.55 0.64 0.70 0.75
DC3 0.49 0.53 0.48 0.51
DC4 0.59 0.58 0.56 0.60
DC5 0.58 0.62 0.77 0.71
DC6 0.57 0.97 0.97 0.95
DC7 0.40 0.41 0.74 0.72
DC8 0.42 0.41 0.38 0.37
Total 4.07 4.60 5.08 5.06

Table 2 compares the data center request servicing
time. The proposed Fuzzy-SVM approach is
expected to obtain the lowest total value, with 4.07
ms, compared with 4.60 ms for ESCE, 5.08 ms for
Round Robin, and 5.06 ms for Throttled.

Table 3. Overall Processing Cost

Daa | R | esce | RO | Thvogeg
SVM

DC1 2.04 2.26 231 2.33
DC2 1.86 2.45 2.50 2.34
DC3 1.70 2.50 2.39 2.54
DC4 1.45 2.10 2.09 2.02
DC5 1.97 2.26 219 2.22
DC6 1.32 1.56 1.63 1.68
DC7 0.37 0.59 0.59 0.59
DC8 0.19 0.59 0.59 0.59
Total 10.90 14.31 14.29 14.31

Table 3 presents the overall processing cost. The
proposed Fuzzy-SVM algorithm is expected to
reduce the total processing cost to 10.90, while
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ESCE, Round Robin, and Throttled record 14.31,
14.29, and 14.31 respectively.Overall, the expected
results indicate that the proposed Fuzzy-SVM
approach can improve task allocation by combining
fuzzy logic-based VM weighting with SVM-based
virtual machine classification. This allows the load
balancer to select more suitable virtual machines,
reduce overload, improve response time, and
optimize resource utilization.

3. Conclusion

Load balancing remains an important research area
in Cloud Computing because it directly affects
resource utilization, response time, throughput, and
user satisfaction. Its main role is to detect overloaded
and underloaded nodes, then distribute workloads
between them in a balanced way. Although many
load balancing algorithms have been proposed in the
literature, the problem remains difficult because task
allocation in cloud environments is highly complex
and belongs to NP-complete problems.In the
proposed work, we introduced an intelligent load
balancing approach based on fuzzy logic and
Support Vector Machine, SVM. Fuzzy logic was
used to evaluate the performance of virtual machines
according to their hardware characteristics, such as
memory size, processor speed, and number of
processors. Then, SVM was used to classify the most
suitable virtual machine for each incoming task. The
aim was to assign requests to efficient machines
while avoiding overload and improving resource
usage.The experimental comparison with Round
Robin, Throttled, and Equally Spread Current
Execution Load showed the effectiveness of the
proposed approach in terms of response time, data
center processing time, and processing cost. The
results indicate better task distribution and improved
cloud system performance.Future work should
extend the proposed model by including additional
parameters such as bandwidth, energy consumption,
task priority, and network delay. Testing the
approach in larger and more dynamic cloud
environments would also strengthen its practical
value.
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