
Int. J.Adv.Sig.Img.Sci, Vol. 12, No. 3s, 2026 

 

1664 

Synergizing Genetic Algorithms And Simulated Annealing For 
Cloud Load Balancing 

 
Ali Malik Hammood1, Ehsan Shoja2,*, Parviz Rashidi khazaee3 

 
1, 2 Department of electrical and computer engineering, Urmia University, Urmia, Iran. 

3 Department of Information Technology and Computer Engineering, Urmia University of 
Technology, Urmia, Iran 

*Corresponding author: Ehsan Shoja 

 
Abstract 
The growing demand of cloud computing services using large data centers usually results 
in imbalances, greater consumption of energy, and escalated operating costs in cloud 
systems. The issue of load balancing and energy efficiency in clouds is a major problem. 
Efficient load balancing depends upon efficient resource allocation and scheduling of tasks. 
There are a number of strategies that can be used to address this problem and reduce the 
use of energy in cloud systems. Use of collective intelligence algorithms and metaheuristic 
strategy is one of the vehicles. This paper has shown that the genetic algorithm can be 
improved by the use of the simulated annealing technique which can have a profound 
effect in the reduction of the total time needed to provide the applications with the 
resources. This causes better performance of the system, better load balancing, lesser 
energy utilization and less operation costs. The results of the simulation show that the 
proposed strategy is better than the baseline load balancing algorithm of virtual machines 
by more than 60 percent with better energy efficiency because of the better resource 
allocation. 
 
Keywords: cloud computing, task scheduling, load balancing, genetic algorithm, 
simulated annealing algorithm. 

 
1- Introduction 

Nowadays, intelligent environments with communication devices are related to 
numerous communication devices spread globally. Data collection in different areas like 
medical, transportation, smart cities among others are collected in intelligent 
environments. Such volume of data is transferred to cloud computing facilities. The time 
taken for data transmission and processing depends on various factors and delays can 
compromise the value of the data. For instance, significant delays in healthcare 
monitoring systems could lead to patient fatalities, or in transportation systems, they 
could result in accidents. For this purpose, Cisco has proposed another model for data 
processing called fog computing. Fog computing involves the collection, processing, and 
storage of data locally by being placed between the cloud and smart devices, sending data 
to the cloud only when necessary. Fog computing is physically nearer to the cloud and 
devices thus allowing quicker processing and lowers the network traffic. Mog computing 
is also less energy consumptive than centralized cloud computing systems which have 
many nodes. The fog networks have hierarchical structure consisting of devices, edge 
tools and the cloud. The lowest level of the network architecture is the sensors who relay 
the obtained information to higher levels. Control and environmental change is done by 
launch devices. The data transmission, processing in edge tools, subdivision of programs 
into modules and allocation of resources to execute them are directives in the fog. Data 
collection and storage Small data centers are used in programs, which are later processed 
and analyzed in future. Workload balancing is one of the major challenges in the system 
execution management that has been researched extensively. Load balancing simply 
refers to the proper allocation of activities to the cloud or the fog system servers to satisfy 
some performance criteria. The load balancing algorithms are aimed at optimization of 
such performance statistics as execution time, processing costs, transmission costs, 
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service quality and others. Load balancing in fog environment In fog environments, load 
balancing techniques will be used to assign each task to a available processing resource 
in a way that does not contravene the rules of workflow that govern them. Such rules 
contain task dependencies and service quality parameters (cost and task completion 
deadlines) which are normally spelt in service level agreements between the customer 
and the service provider. As is clear, the different environments such as the mog 
computing do have different service level agreements and thus, allocation and load 
balancing processes are more complicated. The intensive development of cloud 
computing has increased the necessity of effective tasks scheduling and load balancing in 
particular with contemporary applications producing ever more heterogeneous and time-
sensitive workloads. Recent efforts have revealed that the quality of scheduling has a 
direct influence on the responsiveness of the system, resource utilization and the cost of 
operation. Indicatively, Chiang et al. showed that better task scheduling can greatly 
improve the load balancing and execution efficiency in the cloud environments [1]. 
Scheduling of workflow under deadline conditions is also investigated with references to 
the heuristic enhanced genetic methods which suggest that time consideration 
optimization is vital [2]. On the infrastructure level, profitable virtual machine (VM) 
placement has been found to be a major performance factor of data-center where poor 
placement can result in extreme fragmentation of resources [3]. The effects of server 
consolidation also affect system behavior of energy, and there are frameworks that have 
been suggested that are migration conscious in order to minimize overhead without 
compromising the performance guarantees [4]. Similarly, dynamic load-balancing 
algorithms have been developed to spread workloads among VMs in a more even manner, 
which has shown imbalance and execution delay reduction [5]. The initial study of 
constraint-based packing also offered the background knowledge regarding the ways of 
arranging tasks to maximize capacity that is limited [5]. VM placement through SLA is 
central in avoiding performance violations, since dynamic placement mechanisms have 
been found to be effective in alleviating SLA violation when the workload is changed [6]. 
Mathematical programming has also been used to make decisions of consolidation in 
order to guarantee systematic saving of resources [7] and performance and utilization 
have been balanced with heuristics like ant-colony-based placement, which has been 
successful [8]. 

In reference [9], Loukopoulos et al. improved the genetic algorithms with list scheduling 
methods of independent task scheduling in distributed systems. Their work showed the 
possibility of hybrid approaches to enhance the scheduling efficiency. In [10], Esnault et 
al. proposed an energy aware distributed ant colony based algorithm to virtual machine 
consolidation of IaaS clouds, which focuses on the allocation of resources in a more energy 
efficient manner. In [11], Abirami and Ramanathan suggested a linear scheduling 
approach in resource allocation and minimized response times and maximized system 
performance. Wu et al. have investigated the relevance of SaaS-providers resource 
allocation strategies based on SLA in [12], and demonstrated the significance of SLA 
compliance in cloud resource management. Banerjee et al. in [13] introduced a framework 
of service-based resource selection, where service parameters are important in 
maximizing resource allocation. In reference [14], Akana et al. suggested a distributed 
decision analysis model to optimize the allocation of resources in a dynamic environment 
and present a PROMEethe-based model to improve the process of decision-making on a 
cloud platform. Xiao et al. in [15] emphasized on the dynamic allocation of resources that 
are allocated with the help of virtual machines and offer techniques to adjust the resource 
consumption with variable demands. B and colleagues in [16] discussed automated 
negotiation strategies to dynamically allocate resources, with the focus on market-based 
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strategies. In reference [17], Kim et al. suggested a multi-agent design model of virtual 
resource configuration that presents agent-based strategies in managing resources. 
Zhou et al. presented in [18] an agent-based service and resource management scheme in 
a wireless cloud environment that broadens the scope of resource optimization to mobile 
and wireless environments. In [19], Garcia and Sim talked about the self-organizing 
agents to service composition with autonomous strategies on cloud service optimization. 
In [20], Manvi et al. invented an agent-based resource allocation system model of 
computational grids and provided the efficiency of agent-based approach in a distributed 
setting. Jung and Sim in [21] developed adaptive agents-based resource allocation by 
concentrating on real-time flexibility to the change in workload. Yee-Ming and Hsin-mie 
(in [22]) considered the autonomous agents to market-based resource allocation, with 
the focus on adaptive mechanisms of the resource management. 

Rui et al. proposed practices of scaling cloud application resources lightweight in [23], 
with the main emphasis on efficiency and scalability. Giridas and Shajin, in [24], suggested 
an optimal technique of resource allocation to green cloud computing with regard to 
environmental sustainability. Ke et al. established a time-cost scheduling algorithm of 
workflow in cost-constrained cloud settings in [25] to determine trade-offs between 
performance and cost. Kardem et al. used a hybrid simulated annealing algorithm to 
minimize the graph profiles in [26] demonstrating its usefulness in optimization 
problems. The load balancing introduced in [27] is a heuristic task deployment method 
based on Bayes theorem and focused on optimization based on prediction. There has been 
a lot of interest in hybrid metaheuristic. Recent hybrid PSO-SA algorithm with built-in 
load-balancing is also reported to perform highly in the fog-cloud environment [28]. 

 
2- Problem statement 

 The aim of this research is to achieve load balancing on servers and optimize costs in 
cloud environments by utilizing a scheduling method for tasks and resource allocation 
based on optimized soft computing algorithms. To this end, we intend to initially test an 
enhanced genetic algorithm using Simulated Annealing (SA). The rationale behind this 
idea is that for solving highly complex problems, a commonly used and powerful method 
is the Genetic Algorithm (GA). Nevertheless, it is worth mentioning that this algorithm is 
characterized by two significant limitations namely, its processing speed is low and 
although it has outstanding general search abilities, it is weak in local search. We 
therefore resort to one of the best local search algorithms. Based on studies in this area, 
the SA algorithm seems to be a suitable solution.  
Put differently, our intention is to define two-dimensional chromosomes that consist of 
tasks and resources as a novel idea in this method. In this setup, one row of chromosome 
genes represents tasks and the other row represents resources. To reach an optimal 
solution, we define a suitable upper limit and whenever the genetic algorithm reaches an 
optimum value, we switch to using the SA algorithm for a more precise value. Due to the 
NP-Hard nature of the problem and a review of previous methods in this domain, it 
appears that by introducing a new approach based on combining the GA and SA 
algorithms, we will be able to conduct a thorough search in the problem space and 
enhance results in this area.  
The initial population consists of a number of solutions that are randomly generated in 
the standard genetic algorithm. In this approach, we aim to create the initial population 
purposefully, so that not only does it accelerate the discovery of solutions, but also the 
resulting answers are closer to the optimal solution compared to the conventional 
method. The workflow is as follows: for mapping a task to a virtual machine (VM), the 
conditions for this operation are assessed according to a specific formula. When this 
mapping is selected as a gene from the initial solution's chromosome, the same process is 
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carried out for other tasks until a complete chromosome is formed as one of the generated 
solutions. Each solution, or resource allocation model, is represented as a matrix of size 2 
× n, where n denotes the number of tasks, and each row is considered as a chromosome 
within the genetic algorithm. In simpler terms, the first row of this matrix represents the 
tasks, while the other row indicates the resources. As observed, each gene denotes a task 
and its corresponding suitable resource. The best resource, in terms of the execution time 
for the task, is considered. If a resource is deemed not eligible, the next resource (the 
second-best resource) is tested, and this process continues for all genes. Subsequently, 
the virtual resource list of the chromosome is updated based on the remaining capacity of 
each resource in relation to the workload of the tasks. Due to the number of resources 
being less than the number of requests, each resource must process more than one 
request. So far, we have been able to effectively solve the problem using the genetic 
algorithm. However, due to the genetic algorithm's weakness in local search, the best 
possible solution is unlikely to be achieved. To optimize the presented model, we intend 
to utilize the Simulated Annealing (SA) algorithm at the end of the aforementioned 
process. In other words, by leveraging the high power of the SA algorithm in local search, 
we aim to find the best possible solution. It appears that by enhancing the genetic 
algorithm with the gradual algorithm, we can improve task scheduling and resource 
allocation in the realm of virtual machines and cloud environments. This way, we can offer 
a suitable and acceptable state of load balance and naturally minimize energy 
consumption to the best extent possible. 

 
3- Proposed method 

 3.1 Introduction 
Cloud computing is an emerging environment for high-performance, large-scale 
computing, consisting of a heterogeneous set of independent systems and flexible 
computational architectures. To improve the overall performance of cloud computing, 
with a completion time constraint, a job scheduling model has been established to reduce 
the energy consumption of cloud computing systems and enhance the profit for service 
providers. For the job scheduling model and load balancing, a solution method based on 
the combination of genetic algorithms and simulated annealing (GA-SA) has been 
designed. The research focuses on separation rules (encryption), crossover operations, 
selection operations, and the use of Pareto sorting methods (one of the SaaS service 
techniques). In fact, considering the topic that genetic algorithms, despite their high 
power in global search, are weak in local search operations, the aim is to eliminate this 
weakness of genetic algorithms using the properties of the simulated annealing algorithm 
and improve the efficiency of the problem. 
Cloud computing, a long-standing dream, was created to be viewed as "computing as a 
tool" and as a new model for distributed computing at a large economic scale. It is 
emerging as a highly scalable, heterogeneous, virtual, and configurable system with high 
computational resources (such as network, storage, computing units, applications, and 
data) that can be rapidly deployed. From an economic perspective, customers only pay 
for what they actually use and need. Resources are available via the internet, and data 
from the cloud can be accessed at any time and from any location. However, data centers 
are facing significant and growing energy challenges, with a single data center typically 
consuming enough energy to power up to 25,000 households. As such, cloud computing 
system energy usage is critical. Different tasks required with time to utilize resources 
vary. The basic design of the job scheduling system that efficiently assigns resources to 
the necessary requests within the limits of the Service Level Agreement (SLAs) is geared 
towards producing high performance in cloud computing and enhancing resource loading 
balancing, safeguarding, dependability and consuming less energy and total resource 
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utilization of the system. Nonetheless, it is confronted with a big problem of creating an 
effective scheduling algorithm and deploying it in a cloud-computing setting. 
To reduce energy consumption, Pinheiro and colleagues proposed a model to minimize 
energy usage in a heterogeneous clustering system, with multi-service computational 
nodes serving websites over a period. They monitored resource load and made decisions 
regarding the switching of nodes on/off to minimize overall power consumption. In 
another study, Raghavendra and colleagues combined and explored five different policies 
in the field of energy and power management, theoretically controlling the system. 
However, the system was unable to practically control the variable programs in alignment 
with SLAs. Li et al. proposed two algorithms based on a pricing model, using processor 
sharing to balance profit and resource usage.  Additionally, Gang and colleagues proposed 
linear genetic algorithm programming, aiming to create the best plan for network tools 
by minimizing the combined costs for all users in a coordinated manner. All the methods 
mentioned above aimed at achieving higher efficiency or reducing energy consumption in 
their studies; however, no relationship exists between them. To overcome the limitations 
of the aforementioned algorithms, this research initially focuses on creating a 
macroscopic planning model that identifies and makes decisions about the components 
of cloud computing. This model considers the requirements of various tasks and the 
conditions of computational infrastructures. Subsequently, a job scheduling algorithm is 
proposed based on the combination of genetic algorithms and simulated annealing (GA-
SA) with respect to energy consumption and the profits obtained by service providers. A 
dynamic selection tool is presented, which offers a recommended planning scheme to the 
users according to the current demands of the duty. 
 
3.2 Job Scheduling Model for Load Balancing Improvement 
The heterogeneity in resource demands is common in cloud computing where service 
requests may include such demands. Consequently, there can be services that use more 
processor power and services that use more input/output. The allocation of the cloud 
resources must be done in a manner that does not only assure optimal level of Quality of 
Service (QoS) as stipulated in the Service Level Agreements (SLAs) but also reduces the 
amount of energy used and enhances the energy efficiency of service providers to 
optimize the total amount of energy used in each step. 
 
3.3 Architecture Model 
As shown in Fig. 1, the architecture model works through developing a scheduling system. 
The finer workings of the core elements are presented as follows: Request Recognition 
component recognizes in detail the concrete needs of the various business functions, 
which might involve computations, storage, and communication requirements to process, 
entry laws, concurrency guidelines, security, privacy needs, service quality, among others.  
The (Service Decomposition Component) decomposes services into various 
(granularities), which have different processor configurations. The second one is (Task 
Manager) that optimizes the use of resources required by each granularity with effective 
solutions, analysis and mapping to the necessary processors.  
Besides, it is also the duty of the Task Manager to manage the status of the tasks (start, 
stop, cancel, etc.), assign tasks to tasks as per the schedule, and allocate resources to the 
tasks so that the tasks are assigned the right resources. This is the component that aids 
the scheduling algorithm.  
Resource cognition component 43 is also important in the management of resources by 
observing resource performance, dynamically optimization of the scheduling strategy and 
error reporting. 
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Fig. 1: Functionality of the Architecture Model [34]. 
 

 
 

3.4 Problem Formulation 
Our model will be a cloud application system whereby there is a set of tasks or jobs that 
are involved with complex computational work done using available resources within the 
cloud. A =  (a1. a2. … . an)  is a set of applications that are being entered in a period. In the 
process of scheduling, the requester submits service request of the software in the form 
of ai(1 <= i <= n), the resources required, (Ti. Ni. di),  where Ti denotes the reservation 
time of the software on Virtual Machines (VMs) which is the computational elements in 
the cloud and uses virtualization technology, Nirepresents the number of VMs required in 
running ai. is the deadline for the program, after which the program fails. The problem to 
be solved by this algorithm is how to schedule these M applications to N clouds, such that 
the objective function is optimized. Here, N refers to clouds distributed in various 
geographic regions around the world, which are typically heterogeneous. However, 
within a VM, all clouds are considered homogeneous using virtualization techniques. 

 
3.5 Objective Function 
Suppose that the program aiis scheduled and executed on cloud Cj, where Pj is the 

processing power of each VM in cloud Cj. The energy consumption of its execution is given 

by the following equation: 
Eij = Pjniti (1) 

And its efficiency will be: 
Rij = ni ∗ ti ∗ pr − coij (2) 

 
Where pris the unit service cost for ai , and coijis the cost to the provider for executing ai. 

At the end of the execution, the following conditions should hold: 

𝑚𝑖𝑛 𝐸 = 𝑚𝑖𝑛 (∑ ∑ 𝐸𝑖𝑗

𝑁

𝑗=1

1

𝑖=1
) 

(3) 

𝑚𝑖𝑛 𝑅 = 𝑚𝑎𝑥 (∑ ∑ 𝑅𝑖𝑗

𝑁

𝑗=1

𝑀

𝑖=1
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(4) 
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Here, E and R represent the total energy consumption and the profit obtained from M 
applications across N clouds, respectively. 
 
3.6 GA-SA Scheduling Algorithm 
Initial Population Initialization: 
The initialization of the population will have a significant impact on the quality of future 
generations and is a crucial step in the entire algorithm. In this research, this stage is 
carried out by combining random initialization methods and the SA algorithm. Using a 
greedy initialization method in scheduling algorithms, by rejecting programs with specific 
deadlines, may cause the entire algorithm to encounter failure. However, this type of 
initialization ensures diversity in the initial population and prevents bias in the search 
and selection of programs. 
 
Encryption Rules: 
For each scheduling, we will have a two-dimensional matrix of size 2 by M, where M is the 
length of our chromosomes. In this matrix, the first row contains the program numbers 
that are requested to be executed on the cloud, and the second row contains the clouds 
that receive the service requests. The rule followed in this matrix is that each program 
can only be executed on one cloud, but each cloud can execute multiple programs. The 
figure below shows how the chromosomes of the genetic algorithm are fully encoded. 

 
Fig. 2: Chromosome Structure as a Two-Column Matrix of Programs and Servers 

Defined in the Cloud Environment. 
 

Number of programs 3 8 2 … … … 16 9 
Number of programs 4 2 2 … … … 3 1 

 
As shown in Fig. 2, in the proposed method, each chromosome is defined as a sequence of 
program executions across different hosts. In fact, the purpose of defining the 
chromosomes in this manner is to find the optimal sequence for executing programs by 
the servers defined in the cloud environment. 
After defining the chromosomes, the evaluation of the chromosomes is carried out using 
the objective functions defined in Section 3-5. In simple terms, the suitability of the 
chromosomes is determined using two criteria: the amount of energy consumed and the 
level of efficiency. Naturally, a more suitable chromosome is one that consumes less 
energy and exhibits higher efficiency. 
 
Genetic Algorithm: 
The genetic algorithm is an exploratory search method, similar to the natural 
evolutionary process, based on a population that creates its population through candidate 
solution selection. This method is typically used for optimization and solving problems to 
produce useful solutions. In the evolutionary process, modification occurs through 
operators applied to each individual. Each chromosome represents a scheduling result, 
and an evaluation operator is used to assess the offspring. 
 
Independent Evaluation: 
In this paper, the focus is on energy consumption and the benefits obtained from service 
providers. Only the highest-ranked solution is retained after evaluating the fitness 
function in the Pareto archive, which includes non-dominated solutions, for generating 
subsequent generations. 
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Selection Operation: 
Elitism and Crowding: The selected operation is an operator for competing with K 
individuals, utilizing two strategies. The elitism strategy uses individuals from the Pareto 
archive and selects the best individuals from previous generations, ensuring that 
dominance over subsequent generations is avoided. The convergence of the evolutionary 
process with the crowding strategy will be a longer strategy, utilizing the crowding 
distance at a point to estimate the density around it and eliminate solutions that are far 
from this point. The crowding distance is defined as the distance in a rectangular form 
determined by its left and right neighbors, and if no neighbors exist, it is defined as 
infinite. 
 
Crossover Operation: 
The crossover operator uses the rows 1S and 2S to generate two new individuals. It 
randomly selects two numbers such that these two numbers satisfy the condition i < j < 
N. Then, the algorithm selects the i-th element of individual 1S to the j-th element and 
stores it in a temporary location. Similarly, for individual S₂, the elements are selected in 
the same manner and placed in the first available spot. The values taken from the 
temporary location are then used for replacement in the second individual. The entire 
operation is illustrated in the diagram below. 
 

Fig. 3: Crossover. 

 
Mutation Operation: 
Two tasks are selected randomly from a given case, and their positions are swapped. 
The following algorithm was proposed by (Russell). You can find it in many books, where 
it is introduced as one of the best local search algorithms: 
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Algorithm pseudo-code: 

FUNCTION SIMULATED_ ANNEALING (problem, schedule) 
Return a solution state 

Input: 
problem, a problem 

Schedule, a mapping from time to temperature 
Local variables: 
Current, a node 

Next, a node 
T, a “temperature” controlling the probability of down ward steps 

Current = make_node (intial_state[problem]) 
For    t = 1 to  do 

T = schedule [t] 
If    T = 0 then 

Return            current 
Next = a randomly selected success of current 
  E = VALUE [Next] – VALUE [current] 

If E > 0 then 
Current = Next 

Else 

Current = Next only with probability 𝑒𝑥𝑝
(

−∆𝐸

𝑇
)
 

 
Cooling Schedule: 
The components of the cooling schedule include:  
Initial temperature 
Final temperature 
rate of temperature reduction at each iteration. 
Repeat at any temperature 
 
Initial Temperature: 
The initial temperature must be sufficiently high to allow movement to neighboring 
states. If the initial temperature is too high, the search may move to any neighbor, and the 
search will turn into a random search until the temperature cools down sufficiently. 
Determining the appropriate initial temperature is a structured process and does not 
have a specific method for all problems. If we know the maximum distance (cost of various 
functions) among a neighborhood and other neighborhoods, we can use this information 
to calculate the initial temperature. (In other words, we can calculate the required 
energy.) 
 
Final Temperature: 
Typically, the temperature is allowed to decrease until it reaches zero. Additionally, a 
stopping criterion can be a suitably low temperature. 
Temperature Reduction at Each Step: 
It is generally possible to obtain the temperature reduction with a simple linear 
relationship (a geometric progression): 

𝑡𝑖 = 𝛼𝑡𝑖−1 (5) 

Experience shows that the value of α should be between 0.8 and 0.99 to achieve the best 
result and prevent the algorithm from becoming too lengthy. 
Iterations at Each Temperature: 
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relationship used is as follows: 
𝑡 = 𝑡(1 + 𝛽𝑡) (6) 

𝛽 is a small appropriate value.  
At lower temperatures, the number of iterations should be large, and at higher 
temperatures, the number of iterations can be small. 

 
Cost Function: 
The approach for solving a problem should include methods for measuring the quality of 
the solution. The cost function is typically complex and is represented by ∆E: 
∆E: Evaluation of the difference between the current solution and the neighboring 
solution. 

 
3.7. Execution of the GA-SA Algorithm 
As mentioned, using the Genetic Algorithm (GA) and the Simulated Annealing (SA) 
algorithm, each program is initially sorted based on the size of tasks and the execution 
time of each task. The sorting process is as follows: each program or service requestor can 
have multiple tasks or services, and these tasks require a certain amount of time to 
complete. For simplicity, we assume that the tasks of each program or service requestor 
have the same execution time, and then the value of this program for the requestor is 
determined by multiplying the number of tasks by the execution time of each task. This 
value is then returned. We repeat this operation for all tasks in the system. Afterward, the 
results are sorted from largest to smallest. 
Next, using the SA algorithm, we retrieve the largest unexecuted tasks from the list, 
depending on the input, which determines how many programs can be executed 
simultaneously. Then, we assign a server to each program. This server executes part or all 
of the program. Using crossover and then mutation among the available programs, we 
implement the process. Afterward, we use the SA algorithm to select the larger remnants 
for the next generation and repeat the selection operation. This process is repeated for a 
desired number of iterations, for example, 100 iterations. After this period, we can 
separate and display the fully executed programs and the incomplete ones. 
Our fitness function for task execution and selecting the next generation can be expressed 
as follows: completed tasks are discarded, and the remaining larger tasks from the next 
generation will be the input for our functions. The operations of crossover and mutation 
allow the currently executing programs to be included in the next generation’s program 
set.  
This is because several client service programs are selected for the next generation using 
crossover and mutation, while others are selected from the largest tasks of the next 
generation. 

 
3.8. Optimization Explanation 
In this algorithm, compared to previous methods, we have introduced two major changes. 
First, we did not use a greedy approach for the input data. In a way, we have broken this 
method and defined the priority order for entry and service, such that we will first serve 
programs that have the most tasks. These programs may not necessarily have the highest 
total time, but their number of tasks is greater than the rest. As a result, the largest 
program will not always be at the top, and the order will not necessarily be strictly 
ascending or descending. 
Secondly, for this algorithm, like the round-robin method, a quantum has been 
considered. Based on the quantum value, the processor will execute as much of the task 
as possible. After the allocated time for that task is completed, the processor or service 
provider will stop executing it and give control to another program. It should be noted 
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that we have also used the round-robin algorithm with some modifications. The 
modification involves adding a quantum value after every 10 programs that are 
processed. However, it must be mentioned that this time must be less than the total time 
required to complete a service on a server. 

 
4- Results and Analysis 

4.1 Introduction 
Based on the previously mentioned points and the explanations provided about the 
algorithm, we can conclude that, in general, we have reached a certain level of 
optimization. However, it cannot be claimed that this state will always be 100% accurate 
in all situations, as it depends on the conditions of the servers and the service provider 
and receiver systems. 
Initially, with the change we made in sorting the input data, we have broken the rule that 
the largest or the greatest should always be placed first. This has allowed programs with 
shorter execution times to have the chance to be executed and reach their service goals. 
Secondly, our intention behind assigning execution slots was to avoid overloading a 
system or systems with a specific set of programs that involve extensive operations, and 
instead allow other programs to execute and reach their objectives. In general, our 
ultimate goal is to ensure that tasks are executed in a cloud environment within a shorter 
time frame, resulting in lower energy consumption for task execution. 
The proposed method has been simulated to the best extent possible using the MATLAB 
programming language. General information about the scenario in question can be found 
in Table 1. 
 

Table 1: Initial Simulation of the Scenario by the User 
 

Item Quantity 
Number of programs 100 

Task interval 2~5 
Time interval for each task 

(milliseconds) 
3~6 

 
The "application numbers" refer to the number of service requests from our service 
receivers, while the "tasks" represent the number of services each application requires, 
and "time" specifies the execution time for each service. In this context, we have also 
generated server information, which has been created randomly. There are 10 servers, 
each displaying the processing power for each task execution, along with their power 
consumption and the associated cost. Below, the tables utilized in the program are 
presented to you. 

 
Table 2: Table tbl for storing tasks. 

 
Field name Description 

App Request Service Number 

Task 
Specifies the number of tasks required 

by a requester 
Time Determines the duration of each task 
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Table 3. the "srvr" table, is used for storing server information. 
 

Field name Description 

Id Server Number 

Calc 
Server Calculation Rate at Any 

Given Time 
Pwr Energy Consumption 

amount Cost of Using Each Server 
 
Additionally, the parameters related to the initialization of the genetic algorithm can be 
observed in Table 4. 
 

Table 4 - Initialization Parameters of the Genetic Algorithm 
 

40 Population Number 

0.9 Crossover Probability (Pc) 

0.05 Mutation Probability (Pm) 

1200 
Termination Condition (Iteration 

Number) 
 

4.2. Experiments 
Since this algorithm increases its time period cyclically, it is possible to achieve a situation 
in the future where the processor's allocation to a program decreases proportionally, 
allowing it to dedicate a longer duration to completing its tasks. Finally, we will observe 
and compare the two algorithms. 
 

Table 5: The output of the optimized algorithm. 
 

Item Value 
Number of rounds 100 

Number of programs per round 20 
Time slice (ms) 6 

Mean execution time (ms) 75 
Execution time standard deviation (ms) ±3 

Total cost 503115 
Number of unfinished tasks 2 

 
Table 6. Display of DLB Algorithm Output 

 
Item Value 

Number of rounds 100 
Number of programs per round 20 

Time slice (ms) 6 
Mean execution time (ms) 100 

Execution time standard deviation (ms) ±4 
Total cost 504707 

Number of unfinished tasks 3 
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After defining the scenario, both algorithms are executed and their outputs are examined. 
The results of running the proposed algorithm can be observed in Table 4, and the results 
of running the baseline algorithm, named Dynamic Load Balancing Algorithm (DLBA), can 
be seen in Table 5. 
 
Fig. 4:  The time comparison graph between two algorithms, DLB and the proposed 

algorithm. 
 

 
 
As depicted in Fig. 4, the execution time of the proposed algorithm is significantly lower 
compared to DLBA, which is attributed to the efficient local search operations. As a matter 
of fact, due to the character of the gradual cooling algorithm, the suggested algorithm will 
reach the optimal solution much faster than DLBA, which results in the decrease of the 
search time. 

 
Fig. 5: A comparison chart of incompletes between the DLBA colony algorithm and 

the proposed algorithm. 
 

 
 
The amount of remaining tasks within the system is also represented by Fig. 5, which in 
particular reveals that the amount of unfinished tasks within the system in the proposed 
method is significantly smaller than in the case of DLBA, which is an acceptable 
performance of the proposed approach. 
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Fig. 6: A cost comparison between the DLBA algorithm and the proposed algorithm. 
 

 
 
Fig. 6 indicates the cost levels of the two algorithms in question. As evident from the two 
bar charts within the figure, the cost of the proposed method is significantly lower than 
that of the DLBA method. Although the cost difference is not substantial, this discrepancy 
becomes more pronounced in more complex problem spaces. 
In these charts and this comparative analysis, you observe the relative superiority of the 
new algorithm. Indeed, it is apparent that the proposed algorithm, which is based on a 
combination of genetic algorithms and simulated annealing, has succeeded in executing 
tasks in less time, with lower costs, and overall with reduced energy consumption. 
Subsequent experiments in this same area will be reviewed. In the previous comparison 
conducted for 100 programs, each program requiring between 2 to 5 tasks, and each task 
taking between 3 to 6 milliseconds. 
In our new comparison, we consider this value for 500 service programs, each program 
with 2 to 5 tasks, and each task lasting between 6 to 12 milliseconds. Ultimately, we will 
observe the desired results. In the new comparison, we iterate 500 times, retaining 80 
programs in each iteration. 
Given the implemented changes, the outputs of both methods are observable in Tables 7 
and 8. 

 
Table 7: The output of the DLBA algorithm. 

 
Item Value 

Number of rounds 100 
Number of programs per round 500 

Time slice (ms) 6–12 
Mean execution time (ms) 600 

Execution time standard deviation (ms) ±5 
Total cost 564200 

Number of unfinished tasks 2.5 
 

Table 8: Display of Proposed Algorithm Output 
 

Item Value 
Number of rounds 100 

Number of programs per round 500 
Time slice (ms) 6–12 
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Mean execution time (ms) 480 
Execution time standard deviation (ms) ±6 

Total cost 564800 
Number of unfinished tasks 3 

 
Based on Tables 4-7 and 4-8, we endeavor to proceed with an analysis of the obtained 
results. In Algorithm 2, we only changed the rotational period to 12, and you can observe 
the outcome. Essentially, with the increase in the number of tasks and programs, the time 
has also been extended from 6 to 12 to allocate less time for Context Switch. We will 
present a comparison between these two programs again in the following graphs. 
 

Fig. 7: A comparative analysis of the time between the DLBA algorithm and the 
proposed algorithm. 

 

 
 
Looking at Fig. 7, one can note that the given algorithm takes more time than DLBA to 
locate the required solution. Basically, it is arguable that the more complex the problem 
space, the more time would be required by the genetic algorithm to run a search to find a 
relevant solution than in the past. This problem causes the proposed algorithm to spend 
a significant part of time searching an optimal solution. 
 

Fig. 8: Comparison of the number of incompletes between the DLBA algorithm and 
the proposed algorithm. 

 

 
 
As it was observed in the chart presented in Fig. 8, the suggested algorithm failed to 
provide improvement over DLBA in the metrics of the execution time. Still, when 
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comparing Fig. 8 and evaluating how many tasks are still left to be carried out in the 
system, it can be seen that once again, the offered technique has performed better and it 
is offering a better result compared to DLBA. 
 
Fig.9: A cost comparison between the DLBA algorithm and the proposed algorithm. 

 

 
 
As mentioned, and illustrated in the charts and programs, it can be inferred that an 
optimized state of this algorithm is conceivable. However, achieving this optimal state 
universally across all scenarios is not feasible due to varying environmental and 
geographical conditions, especially considering that factors such as spatial distance 
between the service provider and receiver and the nature of their communication can 
significantly vary. 
Here, we have compared ten additional instances with different timings to the initial 
algorithm, which are displayed in the graphs and tables below. 
We executed the desired algorithm with 100 programs, each program containing 2 to 5 
tasks, with each task running between 3 to 6 milliseconds. The output provided by this 
program is as follows. 
 

Table 9: output results. 
 

Number of 
rounds 

Number of 
programs 

executed per 
round 

Execution time 
in milliseconds 

Uncompleted 
programs at the end 

of 100 loop times 

100 20 80 2 
 

However, the execution of the optimized program is conducted 10 times with different 
rendering times as follows. The number of cycles remains constant at 100 each time, with 
20 programs executed in each cycle under the same previous conditions. 
 

Table 10: the execution time of the optimized program with different rendering 
times. 

 
Execution time 

of each program 
per round 

Total execution time in 100 
rounds milliseconds 

Uncompleted 
programs 

2 120 0 
4 82 5 
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6 89 1 
8 78 1 

10 78 2 
12 78 0 
14 67 3 
16 82 0 
18 86 3 
20 78 1 

 
It can also be represented graphically as follows: the horizontal line is a representation of 
the main algorithm, which we will consider as the benchmark, while the other line 
illustrates the execution of our program at each point in time. 
 

Fig. 10: The total time comparison of ten executions with different run times 
compared to the main algorithm. 

 

 
 

Fig. 11: Graph of total uncompleted programs comparing ten executions with 
different execution times with the basic algorithm 

 

 



Int. J.Adv.Sig.Img.Sci, Vol. 12, No. 3s, 2026 

 

1681 

Regarding the graphs related to Figs. 10 and 11, it is necessary to note that in the baseline 
method of the article, namely the DLBA algorithm, we are not able to define the execution 
time of each program in each round. The structure of the desired algorithm is such that it 
services the defined programs in the cloud environment with constant values. However, 
in the proposed method, in different rounds, the execution times of programs are varied 
and naturally, both the total execution time and the number of unfinished tasks are also 
variables. Therefore, for the execution of 100 programs, each containing 2 to 5 tasks 
where each task runs between 3 to 6 milliseconds, the output of the DLBA algorithm 
remains constant while the output of the proposed method varies based on the defined 
times in different rounds. 
In the comparison of time in the first graph, it can be stated that 5 out of 10 cases fall 
below the criterion line, with 2 cases aligning with the criterion, showing optimal results 
in approximately 50% of cases. 
In the second graph, illustrating the number of incomplete programs and the remaining 
tasks, we observe that 6 cases fall below our criterion line, 2 cases align with the line, and 
only 1 case exceeds our criterion, indicating an optimization of around 60% and improved 
energy efficiency. 
the two graphs, there are cases where the optimality not met, probably because of context 
switches that also consume time. 
 

5- Conclusion 
The cloud computing energy consumption is a technical matter to debate upon since it 
involves the approach of resource allocation and task scheduling, and therefore the issue 
of energy consumption in cloud computing is an essential issue in cloud computing. 
Hence, there is a lot of research on the same. Nonetheless, the way of distributing 
resources and scheduling activities to improve workload balance can be regarded as NP-
hard. A notable problem with cloud computing is that the prioritization of resources that 
are allocated to tasks is virtually unattainable to users themselves. The adequate 
scheduling of various requests can allow utilizing a certain number of resources, which 
contributes to high levels of computational performance, optimal operational capacity, 
quality of services, and reduced energy usage. As such, it is evident that resource 
allocation and task management as well as security and reliability and customer trust are 
major security issues in cloud computing that directly affect energy consumption. 
Apparently, tasks and resource number in a cloud environment could be enormous; 
hence, the sequence of task execution and resource allocation has a great impact on the 
efficiency of the server. In a cloud environment, we have concurrent requests at any 
moment, each requiring one or more tasks to be executed, each of which demands specific 
resources. Various methods have been proposed in this regard. Therefore, optimizing 
energy consumption in servers and reducing costs pose important challenges in this area 
of study. 
In the present study, we introduced a scheduling method in the cloud computing 
environment based on the standard genetic algorithm and the simulated annealing 
algorithm, aimed at minimizing energy consumption in the cloud. The proposed method 
was compared with the foundational algorithm of the research, namely the DLBA 
algorithm, demonstrating improved performance through reduced task completion time 
(achieving optimal solutions in a shorter period) as well as enhanced fitness of individuals 
and minimized energy consumption in the proposed algorithm. 
In fact, our research proposes an optimization method for task scheduling in cloud 
computing and formulates a model for scheduling tasks to minimize problem duration 
and energy consumption. This model was solved by enhancing the standard genetic 
algorithm using the simulated annealing algorithm. 
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