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Abstract 

In recent years, the adoption of cloud computing has surged, with organizations and individuals 

increasingly leveraging cloud solutions for data storage and processing. This growing reliance 

on cloud services necessitates effective load balancing in decentralized cloud environments to 

optimize resource utilization, enhance system performance, and improve user experiences. 

However, current load-balancing techniques often fail to address scheduling performance 

issues, primarily due to task-shifting problems stemming from improper priority assignments. 

These deficiencies can lead to deadlocks, task collisions, and failures, increasing time 

complexity and hindering overall system efficiency. To address these issues, we propose a 

novel On-Demand Pre-Emptive Self-Scheduling (ODPSS) approach incorporating a Max-

Queuing Energy-Aware Request Protocol (MQEARP) tailored for decentralized cloud 

environments. Our methodology begins with collecting virtual incoming request tasks from the 

web request handler within the cloud server, creating cloud request logs. We utilize a Task Time 

Intensity Rate (TTIR) to estimate task completion times, which are subsequently integrated 

into each task by establishing a max queue priority system. We employ Particle Swarm 

Optimization (PSO) to refine our approach further and evaluate critical server handling 

parameters, including energy consumption, processing time, queuing length, demand, and 

request delay dependencies. This evaluation yields an absolute mean rate based on the 

maximum count of requests the server handles, enabling us to prioritize and queue tasks 

effectively within the Max-Queuing Energy-Aware Request Protocol (MQEARP) framework. 

The OnDemand service is activated as the web server receives dynamic requests, allowing 

tasks to await processing in the queue. To manage this influx efficiently, our Enhanced 

Preemptive Self-Scheduling strategy facilitates the transition of OnDemand requests into a 
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prioritized queue, enabling the deployment of temporary Virtual Machines (VMs) to alleviate 

the cloud server's workload. After the extended OnDemand service is completed, these virtual 

servers are terminated, effectively reducing the operational burden on the cloud infrastructure. 

The objectives of the proposed technique are to enhance productivity, optimize server resource 

allocation by considering the varying importance of user tasks, and mitigate the risk of server 

failures. By addressing the identified challenges and filling existing research gaps, our 

proposed method aims to contribute significantly to the field of cloud computing, paving the 

way for more efficient and reliable load-balancing solutions in decentralized environments. 

Based on the performance analysis of the proposed method, such as delay tolerance, energy 

consumption, execution cost efficiency, self-scheduling, time complexity, and resource 

allocation number, cloud request logs are generated, and evaluation of the ODPSS method 

improves to 96.9%. 

Keywords: Load balancing, self-scheduling, max-queuing, energy, cloud environment, virtual 

machine, request protocol, TTIR and ODPSS. 

1. Introduction 

The evolution of machines and sensors connected is changing almost every facet of human 

existence. It has had a significant socioeconomic influence and changed several industries. 

Although Cloud Computing (CC) can afford an extensive selection of efficient web-based 

facilities, it has grown steadily popular in recent years. The way businesses handle their 

computing needs has changed due to this technological advancement, which offers scalable 

and flexible outcomes to meet the cumulative needs of contemporary programs. Although 

cloud infrastructures manage workloads and resources effectively, several problems could 

arise. One essential method for dividing up incoming tasks or requests among several servers 

is Load Balancing (LB). This offers constant system stability, effective resource management, 

and system enhancement. Numerous factors, such as evolving labor force variations, diversity 

of resources, changing requirements for scalability, and shifting program difficulties, contribute 

to the complexity of LB in systems in the cloud.   

Virtual Machines (VMs) with different durations, start times, and execution times are assigned 

jobs in the CC environment. As a result, it is crucial to distribute these loads between the VMs. 

To maximize their potential and boost system performance, LB must be implemented so that 

each VM is balanced. LB is a complex topic in CC. Deploying these properties in the cloud is 

challenging because the workload fluctuates based on user requirements. LB is a method that 

distributes requests between several machines using task scheduling so that a more significant 

number of jobs may be executed in less time while also monitoring the performance of VMs 

[3].   

In the context of distributed computing, workflow is commonly used. Workflow activities must 

be appropriately mapped to CC resources because, in general, a job's speed and duration in a 

resource are inversely correlated. Resources may be in different locations at different times due 

to their inclusion in the proposed architecture. The energy and bandwidth utilization of 

resources is also restricted. So, it makes sense to cluster computing resources [4].    
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Dynamic LB techniques yield fault-tolerant systems that scale with the number of VMs and 

jobs in an actual environment. Task completion is impeded by the overloaded VM, resulting in 

resource waste. The CC aspect of virtualization enables the user to be separate from the 

underlying work carried out by the other components inside the CC. Clusters are created by 

grouping various virtual computers. The cloud service provider that hides the existence of a 

physical server from the virtual instance it is operating on is the most secure in terms of security. 

If this is the case, a committed hacker will have difficulty attempting to hack the specific task 

available in the physical environment. To increase security, the work requires a Service Level 

Agreement with third parties [5]. The existing LB approaches frequently fail to address 

scheduling performance difficulties, mainly due to task-shifting issues caused by incorrect 

priority assignments. These flaws can cause deadlocks, task collisions, and failures, raising 

temporal complexity and reducing overall system efficiency.   

This paper contributes to applying the ODPSS technique for gathering virtual receive request 

tasks from load-balancing request handlers on cloud servers and generating their corresponding 

records. Additionally, it utilizes the TTIR technique based on request protocols to estimate task 

completion times in maximum queue scheduling. The proposed method also incorporates the 

PSO algorithm to assess server processing parameters, including energy consumption, 

processing time, queue length, demand, and delay dependency. Furthermore, it integrates 

maximum queue tasks into self-scheduling according to request protocols to accomplish LB in 

cloud environments. This technique is improved by the MQEARP framework, which offers 

absolute average speedup based on the maximum number of features. Finally, by analyzing the 

differing priorities of user tasks, the suggested ODPSS method's effectiveness can increase 

productivity and optimize server resource allocation while lowering the chance of server tasks. 

 

Figure 1. The Basic Architecture Diagram based on the Cloud Environment 

As illustrated in Figure 1, the proposed method provides a basic architecture diagram based on 

the load context of the improved on-demand preemptive self-scheduling based on load-

balanced request protocols in cloud servers. Furthermore, virtual incoming request tasks can 

be collected, and related logs can be created. Additionally, it uses essential algorithms to 

improve productivity, optimize server resource allocation, estimate task completion time, 
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analyze server performance parameters, and provide average speed based on features. 

Furthermore, resource allocation based on load-balancing techniques can be applied to enhance 

resource allocation, lower the likelihood of outages, and efficiently distribute multi-client 

requests among several servers.  

2. Literature Survey 

By identifying overloaded and underloaded nodes, an LB technique divides the load among 

them. This challenge has piqued scholars' interest in the last decade, and numerous solutions 

have been offered [6]. This absence motivated researchers to conduct the present 

investigation to compile and analyze previously published papers on fault tolerance LB 

methods in CC.  

The literature has employed various LB strategies to improve end-user satisfaction, optimize 

cloud service efficiency overall, and manage and fulfill client requests for suitable cloud nodes 

[7]. An efficient LB technique increases efficiency and support utilization by evenly 

distributing workload throughout the system's nodes.  

Based on task and workflow scheduling solutions for the cloud, the recommended PSO was 

thoroughly examined in the literature [8]. Furthermore, it analyses the goals, characteristics, 

and limitations of the PSO algorithms used to classify the suggested scheduling schemes.   

Virtual Machine (VM) efficiency metrics are derived from their creation parameters and 

monitored in a CC environment [9]. Gene Expression Programming (GEP) is used to create 

symbolic regression frameworks that explain VM effectiveness and estimate VMH loads after 

LB.  

The suggested method considers VM priority, resource allocation, and Quality of Service (QoS) 

task characteristics to optimize resources and improve LB [10]. The suggested LB technique 

addresses the challenges stated along with the current examination gap on the basis of the 

literature's conclusions.   

The suggested approach makes use of hybrid approaches such as fuzzy-tOPSIS and PSO. The 

multi-objective Service Level Agreement (SLA)-based work scheduling problem is resolved 

in the cloud [11] through Fuzzy TOPSIS, which weighs the total energy, price, and 

implementation period as a gauge of objectivity.   

The suggested Predictive Priority-based Modified Heterogeneous Earliest Finish Time 

(PMHEFT) methodology has resolved the glitch and can foresee the application's future 

resource requirements. They proposed the PMHEFT approach to reduce the make-span of a 

particular workflow application by enhancing the LB across all VMs [12].  

They introduce LB for Resource Optimization (LBRO), a collaborative cloudlet platform 

designed to handle CC difficulties despite keeping customer needs foremost [13]. Because of 

the distance and reliance on the Internet, remote cloud solutions face network latency and 

capacity limitations. 
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They established the Resource Intensity Aware LB technique (RIALB). It calculates the best 

weights for considering communication costs and performance loss caused by migrations. 

However, the particular characteristics of clouds present severe obstacles to producing effective 

and efficient LB [14].  

The standard Ant Colony-based Optimization (ACO) approach is split into two stages. The 

initial stage addresses the complex planning issue with an event-based scheduler. These two 

approaches constrain project planning and resource allocation [15]. Yet, it is also necessary to 

control the system's stability and be adaptable when updating it. Static data is utilized to 

optimize project schedules. 

The Rock Hyrax methodology utilizes objective functions to match jobs with accessible 

capabilities. The goal function considers a range of QoS characteristics, including makespan, 

reaction time, and energy efficiency. To group related resources, scheduling also considers the 

behavior and characteristics of the node, including its processing capacity, storage, and network 

connectivity [16].  

An energy-aware LB challenge with latency in a CC architecture. The LB issue mainly 

discusses two key performance metrics: response time and energy [17]. As a result, energy 

minimization should be considered when LB is critical for providing improved QoS.  

Regarding the additional workload per VM, they offer a fair task LB technique to improve the 

architecture mean reaction time and makespan in the cloud architecture [18]. The concern is a 

fundamental finite-state Markov process with a balancing equation for each state.  

Table 1. Cloud Performance based on Task Scheduling 

Author Year Methodology Limitation Achieved 

Result 

B. Kruekaew 

[19] 

2022 Multi-objective 

task scheduling 

optimization 

based on the 

Artificial Bee 

Colony Algorithm 

(MTSO-ABC) 

Although virtualization is critical in 

cloud technology, difficulties 

happen frequently, including poor 

scheduling or assigning tasks to 

VMs that cannot match the requests. 

83% 

Aggarwal, A 

[20] 

2019 Self-Adaptive 

Fruit Fly 

Optimization 

(SA-FFO) 

Yet, jobs that various users 

contribute may have variable 

memory space, data traffic, and 

reaction time requirements.  

53% 

Jafarnejad 

Ghomi, E [21] 

2019 PSO  The manufacturing sector is a 

complex operation that uses cutting-

edge technology.  

48.6% 
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M. Menaka [22] 2024 Supportive PSO 

with Time-

Conscious 

Scheduling 

(SPSO-TCS) 

To resolve the resource allocation 

strategy of the cloud architecture, an 

exhaustive examination of the data 

caused by this process is required.  

69% 

S.Rekha  [23] 2020 Multi-Level 

Queue Scheduling 

with PSO (MlQS-

PSO) 

Devices have an operating system, a 

small browser, and far less memory.  

71% 

Zi-Ren Wang 

[24] 

2024 Multi Adaptive 

Learning for 

PSO(MALPSO) 

Determining the best plan for 

resource allocation is critical for 

improving effectiveness.  

73.2% 

Kumar, M [25] 2020 PSO Thus, a compromise approach is 

required to balance opposing goals.  

74.6% 

Shikha 

Chaudhary [26] 

2023 Modified PSO The selected method of scheduling 

defines whether to allocate assets to 

carry out tasks in a successful way 

to meet the needs of the end users, 

which has an impact on the general 

efficiency of the cloud system.  

3.48% 

M. Menaka [27] 2024 Time-Conscious 

Scheduling 

combined with 

Supportive 

Particle Swarm 

Optimization 

(SPSO-TCS) 

Clients must connect to servers to 

utilize on-demand services. Yet, 

power usage has become an issue. 

75% 

Sirisha Potluri 

[28] 

2020 Task Particle 

Optimization 

(TPO) 

It could get complicated to solve 

efficiently and effectively as the 

issue's size and dimensions grow.  

74.8% 

Farid, M [29] 2020 PSO Among the primary issues 

associated with the suggested 

solution is managing QoS 

concerning performance and 

reliability through the workflow 

scheduling procedure. This means 

using heterogeneous cloud 

resources to schedule complicated 

processes in a way that 

30% 
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simultaneously minimizes 

execution time and costs.  

Khaledian, N 

[30] 

2024 PSO- Simulated 

Annealing (PSO-

SA) 

An IoT application may 

demonstrate numerous critical 

criteria at the same time, such as a 

deadline and runtime, while also 

facing resource constraints and 

excessive energy consumption. This 

has led to the adoption of a 

computing environment and 

scheduling as a primary concern.  

9% 

 

Table 1 shows that cloud performance can be evaluated regarding task scheduling using the 

previous section's methods, limitations, and implemented results. 

A unique method called Priority-based LB (PLB) is developed for the CC environment. The 

PLB uses several queues to enable resilient and adaptable job scheduling. Previous studies have 

created numerous ways to prioritize jobs and map them to various cloud resources. A 

performance bottleneck remains due to insufficient attention devoted to underutilized resources 

and low-priority processes, eventually leading to a starving concern [31]. 

A creative approach for job scheduling that addresses time execution and energy usage by 

utilizing an energy-efficient dynamic decision-making process. The proposed method quickly 

adapts to mobile device energy, time computation, and CC workloads. Utilizing the suggested 

empirical methodology is task scheduling. Yet, while using a mobile phone for work, energy 

supply and transmission pose problems for time management and energy efficiency [32].  

The author recommended employing Dynamic Voltage and Frequency Scaling (DVFS) in 

combination with a cost-to-time ratio modification strategy to address task scheduling on 

heterogeneous multiprocessor systems using an efficient Cuckoo Search methodology that uses 

adaptive discovery probability and Gaussian random walk. Nevertheless, the recommended 

approach often has time constraints. Since excessive energy consumption is a barrier to HPC 

systems, one critical research challenge for heterogeneous computational systems is how to 

provide services to applications to minimize energy consumption while meeting the time needs 

of the applications [33].   

The author devised an optimization model called the Greedy-based Best Fit Decreasing 

(GBFD) method. The GBFD algorithm uses a cost efficiency factor determined by CN 

properties to choose an appropriate CN for each VM request. However, prior relevant works 

typically ignore the impact of dependability problems, like Computing Node (CN) recoveries 

and failures, which don't accurately represent real-world CDC scenarios [34].   

Cloud federation allows for resource pooling; however, the current techniques of building 

federations require complicated computation to ensure federation stability. To solve this 
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shortcoming, the author presented Cloud Light-Federation Sharing (CLFS), a Pareto optimum 

resource-sharing solution that allows each cloud to choose the best strategy for itself and form 

a federation without the need for laborious computations to divide up service requests and 

earnings. Furthermore, Cloud Cooperative-Federation Sharing (CCFS), an ideal resource-

sharing solution where cloud providers fully cooperate and share revenues fairly, was 

developed [35]. 

3. Proposed Methodology 

In this section, we use the proposed ODPSS approach to collect virtual receive request tasks 

from web request handlers on cloud servers and generate their logs. The task completion time 

can be estimated by establishing a maximum queue priority system based on TTIR technology 

integrated with each task. Moreover, utilizing the PSO algorithm, the presented method can 

estimate server processing parameters, including energy consumption, processing time, queue 

length, demand, and delay dependencies. In addition, an MQEARP framework can be created 

to prioritize and order tasks and assign an absolute average speed based on the maximum 

number of functions. Furthermore, according to the proposed method, the virtual server can be 

shut down when the extended on-demand service ends and the operational load on the cloud 

infrastructure can be effectively reduced. The effectiveness of the proposed ODPSS method 

can improve productivity and server resource allocation by taking into account the different 

importance of user tasks and reducing the risk of server failure. 

 

Figure 2. The Proposed Architecture Diagram for ODPSS 

Evaluate the task 

execution using TTIR. 

Server handling 

Parameter using PSO. 

Maximum count of 

requests using 

MQEARP 

 

 

Crate request log using 

OSPSS 
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According to the proposed ODPSS method's architecture diagram, productivity is improved, 

as shown in Figure 2. Furthermore, it estimates the task execution time using the proposed 

TTIR technique, optimizes the server processing parameters based on PSO, calculates the 

maximum number of requests using the MQEARP method, and calculates the absolute average 

rate. Moreover, to maximize the number of requests the server handles, a self-scheduling 

strategy can also be used to prioritize requests according to demand by creating a cloud request 

log using the proposed formal ODPSS method. In addition, resource allocation can be 

improved by targeting the importance of different user tasks. 

3.1 Task Time Intensity Rate (TTIR) 

 This section uses the task time-intensity rate to evaluate the execution time and generate 

maximum queue priority settings. To assess the scheduling time of real-time tasks based on the 

TTIR technique, the intensity ratio can be calculated by integrating different arrangements for 

real-time tasks in the current scheduling process. Furthermore, real-time jobs are scheduled on 

virtual machines using the proposed TTIR approach, thus reducing the expected execution time 

of the submission queue. Moreover, task completion times and intensity ratios can be analyzed 

by developing a maximum queue priority system for real-time task scheduling in cloud 

environments. 

Algorithm: TTIR 

Input: Initialize the number of requests 

Output: Intensity rate of execution time ← 𝐼𝑅 

Start 

Step1: Request time←number of request time of 𝑅1 

Step2: Calculate the time scheduling task ←assigned scheduling time of 𝑅1 

For each request, 𝑅𝑖, to the assigned time, do 

 Ts ← compute time scheduling task toRi  

  If 𝑠𝑐ℎ𝑒𝑑𝑢𝑙𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 𝑡𝑎𝑠𝑘 ≠  Ts, then 

Step 3: Estimate the intensity ratio execution time← 𝐸𝑥𝑒(𝑡) 

𝐸𝑥𝑒(𝑡) = 𝐸𝑡 + 𝑇(𝑅𝑖, 1)     

 𝑇(𝑅𝑖) = 𝐸𝑇𝐼𝑅 . 𝑤(𝑅)     

Return 𝐼𝑅 

  End if 

End for each 

End 

 A TTIR pseudocode representation of the algorithm can estimate the time it takes to 

process a request and complete a task. Let’s assume 𝐸, 𝐸𝑡 −eexecution time task, 
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(𝐼𝑅) −intensity rate, 𝑅𝑖 −request task time, 𝑐(𝑅𝑖, 1) −communication request time, Ts −task 

scheduling, and 𝑅1 −request time, w-weight. 

3.2 Particle Swarm Optimization (PSO) 

In this section, the particle swarm optimization algorithm evaluates critical server processing 

parameters by analyzing the dependencies of energy consumption, processing time, queue 

length, demand, and request delay. The PSO algorithm can estimate these server processing 

parameters based on the social behavior of bird flocks. Additionally, they propose a population-

based search function to create clusters from individual particles using the PSO method. When 

the PSO optimization problem differentiates between a specific task or several sequences of 

functions, particle swarm optimization can analyze the candidate particles in the swarm based 

on parameters. In addition, each particle in the PSO system transits a multi-dimensional probe 

region to change its position in space, searching for individual experiences and neighboring 

particles. Particles can provide an optimal solution for optimally arranging neighboring 

particles. By measuring the performance parameters of the PSO algorithm on the server 

functions, the fitness function adjusts the output of each element that characterizes the 

optimization problem. 

The position and velocity criteria for each job can be the maximum number of iterations the 

PSO method searches for perfect self-scheduling until it reaches a stopping criterion or a 

sufficient average fitness value completion period. In addition, the velocity and position of the 

working particle must be calculated, as shown in Equations 1 and 2.  

Vid
t+! = 𝐼𝑅wid

t+! + Cl ∗ rli ∗ (Pid − Xid
t ) + C2 ∗ r2i ∗ (Pgd − Xid

t )  (1) 

Xid
t+1 = Xid

t + Vid
t+1        (2) 

Step 1: Initialize each particle's position and velocity with swarm self-scheduling 

Step 2: Evaluate the fitness of the scheduled particles by mean completion time← Fv 

For compute fitnessXi > PB  

PB(i) = Xi  

If evaluating the fitness function PB(i) > GB(i) 

GB(i) = PB(i)  

Step 3: Particle velocity can be optimized using equation 1. 

Step 4: Use Equation 2 to optimize particle self-scheduling positions 

Step 5: If the termination criteria are not met, go to steps 2 and 3. 

Return← Fv 

Stop 

 Important parameters can be estimated from the task handler on the server until the time 

to complete the average fit value is sufficient to analyze the particle velocity and position. The 
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maximum number of iterations can also be analyzed to search for a self-schedule. Let’s assume 

t-iteration, d-dimension, w-inertia weight, Cl,  C2 −acceleration constants, R-random values, V-

velocity, P-particle, Pgd −global best position, GB −Global best, Fv − fitness value, 

PB(i) −particle best position. 

 

                    

Figure 3. The Flowchart Diagram for PSO 
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Based on the flowchart of PSO, the particle parameters can be analyzed by starting the particle 

parameter server, optimizing the number of iterations to evaluate the value of the fitness 

function, and selecting the optimal position, as shown in Figure 3. 

3.3 Max-Queuing Energy-Aware Request Protocol (MQEARP) 

In this section, we use the Max-Queuing Energy-Aware Request Protocol (MQEARP) to handle 

the maximum count of requests the server handles. This approach is a clever solution to these 

problems by utilizing the strength of the cloud environment. MQEARP promises to increase 

network longevity, enhance performance, and adjust to the dynamic nature of optimizing 

energy consumption and utilizing CC resources. In addition to addressing the urgent energy 

efficiency problem, this protocol opens the door for further advancements in wireless network 

routing. 

Because of the global nature of client requests and the limitless capabilities of cloud 

architecture, both the number of queuing models and the source of customers are unrestricted. 

The protocol usually distributes the load among nodes to increase the network's lifespan and 

guarantee dependable communication. The following basic equations could be applied in such 

a protocol. The energy consumed by a node to transmit a packet can be represented as equation 

3, 

𝐺𝑑𝑎(𝑝) = 𝐹𝑣(𝐺𝑒𝑙𝑒𝑐 . 𝑢 + 𝜀𝑎𝑚𝑝. 𝑢. 𝑝
2)        (3) 

  𝐺𝑑𝑎(𝑝) is the transmission energy over the distance 𝑝; 𝑢 is the number of bits in the 

packet; 𝑝 is the distance to the receiver; 𝐺𝑒𝑙𝑒𝑐 is the energy consumed per bit by the transmitter 

or receiver electronics; and 𝜀𝑎𝑚𝑝 is the energy consumed by the transmit amplifier. The residual 

energy of a node after transmitting a packet can be represented in below equation 4, 

𝐺𝑞 = 𝐸𝑠 − ∑𝐺𝑑𝑎(𝑝)          (4) 

Here, 𝐺𝑞 represents the residual energy of the node, 𝐸𝑠 is meant for the initial energy of the 

node, and the total energy consumption in the transmission is represented by ∑𝐺𝑑𝑎(𝑝). The 

queue length H of a node, which represents the number of packets waiting to be transmitted, is 

represented in equation 5, 

𝐻 = 𝐻𝑘 + 𝜆 − 𝜇          (5) 

here, the previous queue length is represented by 𝐻𝑘, 𝜆, and 𝜇 is known for the packet and 

service packet arrival. A combined metric for selecting the next hop node, considering both 

energy and queue  length, is illustrated in equation 6, 

𝐿𝑥 = 𝛼.
𝐺𝑞

𝐸𝑠
+ 𝛽. (1 −

𝐻𝑥

𝑄𝑚𝑎𝑥
)         (6) 

here, 𝐿𝑥 is known for node 𝑥 metric, and the 𝛼  and β are known as weighting factors. Equations 

7 below illustrate the routing decision to select the next hop, N. It can be based on the node 

with the maximum 𝐶𝑥  value: 

𝑁 = 𝑎𝑟𝑔𝑚𝑎𝑥𝑥{𝐶𝑥}          (7) 
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To handle the maximum count of requests, the server capacity can be determined by the below 

equation 8, 

𝐵 =
∑ 𝜇𝑥
𝑛
𝑥=1

𝜆
           (8) 

here, 𝐵 is meant for the capacity to handle the request, ∑ 𝜇𝑥
𝑛
𝑥=1  is meant for the amount of 

service rate of whole nodes, and the whole arrival rate of requests is illustrated as 𝜆. The 

protocol balances energy consumption and queue length to maximize the network's lifetime 

and handle the maximum number of requests.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4: Flowchart Diagram of the MQEARP  
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In Figure 4, they illustrate the flowchart of the MQEARP method. This flowchart illustrates 

how the protocol controls energy and queue length to provide effective request processing 

while preventing overloads and using less energy. 

3.4 OnDemand Pre-emptive Self-Scheduling (ODPSS) method 

This segment mainly focuses on the on demand pre-emptive self-scheduling method, designed 

for container cloud tasks. In this section, we initially clarify the task, excluding the issue of the 

container cloud. The OnDemand service is activated as the web server receives dynamic 

requests, allowing tasks to await processing in the queue. To manage this influx efficiently, our 

Enhanced Preemptive Self-Scheduling strategy facilitates the transition of OnDemand requests 

into a prioritized queue, enabling the deployment of temporary VMs to alleviate the cloud 

server's workload. 

Virtualization technology offers a successful approach to managing dynamic resources in a CC 

environment. Encapsulating the service in VMs and mapping it to every physical server might 

help manage the issue of heterogeneity and platform irrelevance of users' needs more 

effectively. Here, 𝑄 = {𝑄1,  𝑄2, … ,  𝑄𝑁} represents the system's whole physical machines. The 

number of physical machines is defined as 𝑁, and the physical machine stands as 

𝑄𝑥(1 ≤ 𝑥 ≤ 𝑁). The 𝑣𝑥 is illustrated as the amount of VMs physical machines. We illustrate 

the VMs in the physical machine as 𝑄𝑥 𝑀𝑥 = {𝑀𝑥1,  𝑀𝑥2,  𝑎𝑛𝑑 𝑀𝑥𝑣}. Also, we organize M as 

the existing 𝑅 = {𝑅1,  𝑅2… ,𝑅𝑁} replaces the mapping solution after every physical machine 

𝑀 is arrange𝑀𝑥d. The mapping solution is illustrated as 𝑅𝑥 𝑤ℎ𝑒𝑛 𝑡ℎ𝑒 𝑀 𝑖𝑠 𝑎𝑟𝑟𝑎𝑛𝑔𝑒𝑑 𝑡𝑜 𝑄𝑥.  

A physical machine's load may typically be calculated by aggregating the loads of the VM 

operating on it. We assume that 𝐷 is the optimal observation period based on historical data. In 

other words, based on historical data, the monitoring zone is T from the current time. Time 𝐷 

can be divided into n periods according to the fluctuating physical machine load legislation. 

Hence, we outline 𝐷 = [(𝑑1 − 𝑑0), (𝑑2 − 𝑑1), … , (𝑑𝑛 − 𝑑𝑛−1)]. To time u, we refer 

(𝑡𝑜 𝑑𝑢 − 𝑑𝑢−1) as an outline. Yet the loads of VM are moderately constant each time; at that 

time, we are able to outline the load of 𝑢 as 𝑀(𝑥, 𝑢). Furthermore, we accomplished that in 𝐷, 

the average value of 𝑀𝑥 on 𝑄𝑥 in equation 9.  

𝑀𝑥(𝑥, 𝐷)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ = 𝐵 (
1

𝐷
∑ 𝑀(𝑥, 𝑢) × (𝑑𝑢 − 𝑑𝑢−1)
𝑛
𝑢=1 )     (9) 

A physical machine's load is frequently determined by adding the loads of its VM that are 

executing on it following the system structure. Thus, we can infer that the actual machine 𝑄𝑥 

load is illustrated in equation 10, 

𝑄(𝑥, 𝐷) = ∑ 𝑀𝑥(𝑦, 𝐷)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅𝑣𝑥
𝑦=1         (10) 

Now, V requires to be deployed for the VM. We are able to compute the load of the V using 

pertinent data because the resources required via contemporary employment VM have 

previously been determined. Therefore, when V is set up to represent a real machine, each 

actual machine's load should be shown in equation 11, 
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𝑄(𝑥, 𝐷) = {
𝑄(𝑥, 𝐷) +𝑀
𝑄(𝑥, 𝐷)

        (11) 

There is typically a shift in the system burden when 𝑀 is arranged to 𝑄𝑥. Thus, load adjustment 

is required to achieve LB. Following the arrangement of 𝑀 to 𝑄𝑥, the load variation of mapping 

solution 𝑅𝑥 in 𝐷 is,  

𝜎𝑥(𝐷) = √
1

𝑁
∑ (𝑄(𝐷)′̅̅ ̅̅ ̅̅ ̅̅ 𝑄(𝑥, 𝐷)′2)𝑁
𝑥=1        (12) 

here, 

𝑄(𝐷)′̅̅ ̅̅ ̅̅ ̅̅ =
1

𝑁
∑ 𝑄(𝑥, 𝐷)𝑁
𝑥=1         (13) 

We describe the cloud request log of 𝑉′s need to migrate to achieve LB in a given mapping 

solution to the total 𝑉. The cost divisor 𝜌(𝑅𝑥) to reach LB 𝑅𝑥 is therefore defined for each 

mapping solution 𝑅𝑥 as follows:  

𝜌(𝑅𝑥) =
𝑉′

𝑉
          (14) 

This primary goal is to request a handler within the cloud server, creating cloud request logs. 

𝜌(𝑅𝑥) in LB by identifying the 𝑅𝑥 to achieve optimal system LB. Using ODPSS, we may get 

the optimal mapping solution 𝑅′𝑥 from 𝑅𝑥. The technique was applied to resolve the container 

cloud task scheduling demand. To update the probability of advantageous scheduling activities 

in this method, use equation 15; if not, use equation 16. 

{
𝜌𝑥(𝑅𝑥) = 𝑞𝑥(𝑑) + 𝜆1(1 − 𝑞𝑥(𝑑))

𝜌𝑦(𝑅𝑥) = (1 − 𝜆1)𝑞𝑦(𝑑)      𝑦 ≠ 𝑥
       (15) 

{
𝜌𝑥(𝑅𝑥) = (1 − 𝜆2)𝑞𝑥(𝑒)

𝜌𝑦(𝑅𝑥) = 𝜆2 (𝑠 − 1) + (1 − 𝜆2)𝑞𝑦(𝑒)⁄        𝑦 ≠ 𝑥 
     (16) 

The equation above has 𝑠 as the number of demands, 𝑞𝑥(𝑑) as the probability that demand 𝑥 

will be chosen at time 𝑑, and 𝜆1 and 𝜆2 as the reward and punishment factors, respectively. 

Through several cycles, the reward-penalty approach can find the roughly ideal solution to 

scheduling demands. Its probability update randomness is robust, though. Additionally, the 

likelihood reward granularity lacks distinction between various acts. These cause issues with 

high unpredictability and poor directiveness in the result space when looking for the best 

demands, which slows down the method's convergence rate.  

A reward base odd 𝑓(𝑟𝑥 , 𝑒𝑦) accompanying via nodes and tasks is added to every scheduling 

demand by the container cloud task scheduling features to improve the algorithm's optimisation 

capability. Equation 17 is deployed to update the scheduling demand possibility for schedules 

that align with the system goal. 

{
 

 
𝑞𝑒𝑦
𝑟𝑥(𝑑 + 1) = 𝑞𝑒𝑦

𝑟𝑥(𝑑) + 𝜆1 𝑓(𝑟𝑥, 𝑒𝑦)

𝑞𝑒𝑢
𝑟𝑥(𝑑 + 1) = 𝑞𝑒𝑢

𝑟𝑥(𝑑) + 𝜆1 (𝑓(𝑟𝑥, 𝑒𝑢) −
1

𝐸−1
)

1 ≤ 𝑢 ≤ 𝐸 𝑎𝑛𝑑 𝑒𝑢 ≠ 𝑒𝑦

     (17) 
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End 

   Yes 

No 

No 

where 𝑓(𝑟𝑥, 𝑒𝑦) is the reward base probability associated to task 𝑟𝑥, 𝐸 is the total number of 

nodes, 𝜆1 is the reward factor, and 𝑞𝑒𝑦
𝑟𝑥(𝑑) is the chance of demand 𝑟𝑥 scheduling to node 𝑒𝑦 at 

time 𝑑. Equation 18 updates the scheduling demands probability for the specified action; 

equation 9 is utilized in other cases. The odds of each scheduling demand are normalized by 

Equation 18, which is 

∑ 𝑞𝑒𝑦
𝑟𝑥(𝑑 + 1) = 1𝐸

𝑑=1          (18) 

Equation 19 is deployed to update the scheduling demands possibility for schedules that are 

not in line with the system goal. 

{
 
 

 
 𝑞𝑒𝑦

𝑟𝑥(𝑑 + 1) = 𝑞𝑒𝑦
𝑟𝑥(𝑑) − 𝜆2𝑞𝑒𝑦

𝑟𝑥(𝑑)

𝑞𝑒𝑢
𝑟𝑥(𝑑 + 1) = 𝑞𝑒𝑢

𝑟𝑥(𝑑) + 𝜆2 (
1

𝐸−1
− 𝑞𝑒𝑢

𝑟𝑥(𝑑))

1 ≤ 𝑢 ≤ 𝐸 𝑎𝑛𝑑 𝑒𝑢 ≠ 𝑒𝑦

     (19) 

The other notations are the same as in equation9, and 𝜆2 is the penalty factor regarding the 

chosen scheduling operation. If the scheduling demand probability needs to be updated, use 

equation 18 (upper); otherwise, use equation 19 (lower).   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5 Flowchart Diagram of the proposed method 
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Figure 5 is the flow chart of the method, which can generate the most reasonable probabilistic 

reward and punishment behaviors based on the latest state of the resource environment, which 

significantly increases the adaptability of the learning automaton in the dynamic scheduling 

scenario of container cloud tasks. 

 In this section, the framework presents a maximum order energy-aware request protocol 

to effectively prioritize the order and analyze the absolute average rate of server processing 

requests based on the maximum number. 

4. Result and Discussion 

 In this section, the maximum number of requests the server handles can be estimated 

using an energy-aware routing protocol to improve scheduling performance and resource 

allocation targeting various critical user tasks. Furthermore, the framework enables the 

identification, evaluation, comparison, and analysis of the technologies proposed in cloud 

environments. Nevertheless, the self-programming performance of this method can be 

improved by using the C# language to describe the test results of the model. Moreover, the 

existing techniques ACO, SA-FFO, and GPFT can be compared with the proposed method. In 

addition, the proposed TTIR, PSO, MQEARP, and ODPSS techniques are compared, and the 

performance analysis is performed in terms of time complexity, cost efficiency, energy 

consumption, delay tolerance, resource allocation, and self-scheduling performance. 

Table 2. Simulation Parameter Description 

Parameter Variable 

Simulator Visual Studio 6.0 

Simulation area 500m × 500m and 1000m × 1000m 

Language C# 

The Number of Requests  5000 

Speed of Request 35 

Communication range 370 

Data Rate 5 

Packet Interval 0.3 

Simulation time (s) 250 

The initial energy of the request 3 Joules 

Transmitting Request 47dBm (LB), 25dBM (UR) 

Packet transmission size 16.64Kbps   

Total Simulation time  2000sec 
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 Comparison of simulation results using C# language-based Visual Studio 6.0 simulator 

with other analytical performance results using the proposed ODPSS algorithm described in 

simulation parameters Self-programming performance simulator in Visual Studio 6.0. In 

addition, the Load Balancer (LB) can improve the performance of User Requests (UR) by 

forwarding requests forwarded in self-scheduling. 

Table 3. The Comparison Method of Performance Evaluation 

Number 

of 

Requests 

Methods Performance Evaluation 

Energy 

Consumption 

Resource 

Allocation 

Self-

Scheduling 

Time 

Complexity 

500 ACO 81.12 84.15 85.47 34.2 

1000 SA-FFO 83.7 86.23 87.9 31.4 

2000 GPFT 85.3 88.46 90.4 27.6 

3000 SPSO-TCS 88.1 90.47 92.6 24.9 

4000 SPSO-TCS 90.7 92.6 93.8 20.9 

5000 ODPSS 93.9 94.7 96.9 16.8 

 

 

 

Figure 6. Analysis of Comparison Performance  
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environment. By analyzing these four parameters, which are performance evaluation, energy 

consumption, resource allocation, self-scheduling, and time complexity, the proposed method 

can be compared with existing methods to improve resource allocation. The parameter 

estimation improves the self-scheduling efficiency by 96.9% of the proposed ODPSS method 

and over the previous techniques ACO, SA-FFO, GPFT, SPSO-TCS and SPSO-TCS (85.47%, 

87.9%, 89.4%, 91.3% and 93.8%). 

 

Figure 7. Analysis of Energy Consumption 

As shown in Figure 7, using the energy consumption analysis method, the proposed ODPSS 

method in the cloud environment generates cloud request records with self-scheduling based 

on queue request protocol. Furthermore, when the proposed ODPSS method was used to 

estimate the energy consumption, the performance increased to 89.16%. Moreover, the energy 

consumption performance is 79%, 82.3%, and 85.64% compared to the proposed method using 

conventional techniques such as ACO, SA-FFO, and GBFD. 

 

 

Figure 8. Analysis of Execution Cost Efficiency 
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The proposed ODPSS method in the cloud environment uses processing cost efficiency 

analysis to generate cloud request records with self-scheduling based on queue request 

protocol, as illustrated in Figure 8. Furthermore, the implementation cost efficiency is 10.1%, 

9.7%, and 8.1% compared to the proposed method using conventional techniques such as ACO, 

SA-FFO, and GBFD. Moreover, when the implementation cost was evaluated using the 

proposed ODPSS method, the efficiency was 7.2%. 

 

 

Figure 9. Analysis of Delay Tolerance 

The ODPSS method proposed for the cloud environment employs processing delay tolerance 

analysis to create cloud request logs with self-scheduling based on a queue request protocol, as 

demonstrated in Figure 9. In addition, the implementation delay tolerance was 12.9%, 9.4%, 

and 6.4% compared to conventional techniques like ACO, SA-FFO, and GBFD. Furthermore, 

when assessing the implementation cost with the ODPSS method, the delay tolerance request 

logs were 5.1%. 

 

 

Figure 10. Analysis of Resource Allocation 
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 The ODPSS method for cloud environments utilizes processing resource allocation 

analysis to create a cloud request log with self-scheduling based on the queue request protocol, 

as illustrated in Figure 10. It improves resource allocation efficiency by 79.8%, 81.7%, and 

85.9% compared to traditional methods like ACO, SA-FFO, and GBFD. In addition, the 

ODPSS method achieves a 92.5% rate of analyzing resource allocation request records when 

evaluating processing. 

 

Figure 11. Analysis of Self-Scheduling Performance  

As shown in Figure 11, the cloud queue automatically indexes and creates request records based 

on the request protocol. In addition, compared to traditional technology, the improvements in 

self-scheduling capabilities were 81.8%, 87.5%, and 90.7%, respectively. The proposed 

ODPSS method for the cloud environment is processed using self-scheduling analysis. By 

analyzing the various priorities of user tasks, the performance of the proposed ODPSS 

approach can improve productivity and reduce risks for server workloads. Furthermore, 

evaluating the proposed ODPSS approach improves the self-scheduling efficiency by 96.9% 

by generating cloud request logs from server handlers. 

5. Conclusion 

In conclusion, ODPSS technology collects virtual fetch request tasks from the load-balancing 

request handler on the cloud server and generates the corresponding logs. Furthermore, it uses 

a request protocol-based TTIR technique to estimate the task completion time in maximum 

queue scheduling. The proposed method incorporates the PSO algorithm to estimate server 

processing parameters, including energy consumption, processing time, queue length, demand, 

and delay dependence. In addition, it integrates the self-scheduling of maximum queue tasks 

according to request protocol to complete LB in a cloud environment. This technique is 

enhanced by the MQEARP framework, which provides an absolute average velocity based on 

the maximum number of features. Finally, the proposed ODPSS approach's performance can 

improve productivity and server resource allocation while considering different priorities of 

user tasks. Therefore, the cloud request records are generated and evaluated based on the 

performance analysis of the proposed approach, including delay tolerance, energy 
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consumption, cost efficiency of operation, self-scheduling, time complexity, and number of 

resource allocations. By analyzing different approaches to user tasks, the proposed ODPSS 

method outperforms the previous ACO, SA-FFO, and GBFD techniques by 96.9%. 
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