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Abstract 

Cloud computing, a new and promising distributed computing technology, offers a pay-per-use 
foundation for large-scale scientific and business process applications. With the advancement of cloud 
computing, artificial intelligence, and big data, demands for cloud resources, particularly certain unclear 
and emergent resource demands, are fast increasing. Classical cloud resource allocation approaches do 
not assist the emergent mode in terms of ensuring resource allocation timeliness and optimization. The 
proposed method employs an Adaptive Neuro-Fuzzy Inference System Quality of Service Aware Genetic 
Algorithm (ANFIS-QoSGA) method for quickly determining the best VM for each job. This paper 
proposed an improved resource allocation optimization technique that takes into account the goals of 
reducing deployment costs, balancing the load, and increasing the Quality of Service performance. Cloud 
customers' main challenge is deciding the resources to use for the deployment of their applications 
without negotiating the Quality of Service requirements. The proposed algorithm takes into account ‘n’ 
Number of customers Quality of Service needs and resources allocated inside the limited cost constraints. 
The proposed approach's major goal is to reduce task computational time, cost, and energy consumption 
while maximizing meaningful resource use. Extensive studies show that the suggested method 
outperforms other similar scheduling techniques in terms of energy cost and has a better outcome in 
terms of total execution time which is reduced by 4%, 8%, and 11% when compared with RAA-PI-
NSGAII, SFWOA,NSGA-III and makespan, degree of imbalance, and security value under high load 
conditions. 

Keywords: Cloud Computing; Resource Allocation; ANFIS; VM; QoS; GA; deployment cost. 

1. Introduction 

The term "cloud computing"[1,2] refers to a collection of resources including computational servers, storage 
servers, and database servers. Cloud offers clients these services on a pay-as-you-go basis. Virtualization 
technology is used in cloud computing to partition enormous physical resources into multiple virtual resources. 
In a cloud platform, a huge number of clients can access these virtual resources at any time and from any 
location. With the implementation and advance of cloud computing, artificial intelligence and big data, an 
increasing number of applications are being installed on cloud platforms, whose resource demands have become 
progressively huge. In recent decades, the academic and industrial communities have been mutually more 
interested in the cloud paradigm. Instead of retaining and establishing a local data center, most people and 
company systems suggested to delegate enormous amounts of data to a cloud database. Cloud customers have 
access to a variety of cloud services provided via the public cloud. The cloud computing model, on the other 
hand, is a new design in the cloud setting that permits for the efficient use of resources, infrastructure, and 
energy at 1 or more levels of abstraction, with services delivered over a computer network or the internet.  
In the cloud, resource distribution based on customer application requirements is a big challenge. Determining 
the appropriate physical servers on which to install virtual machines (VMs) is a challenge of VM placement in 
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the resource allocation process [3-5]. Resource allocation is utilized in the cloud framework to improve 
customer happiness while reducing processing time. Minimizing resource usage ensures cloud service quality, 
satisfaction for the service provider, and increased throughput. This technique can not only meet VM resource 
demands, but also increase the cloud platform's resource consumption. A variety of algorithms [6] are presented 
to resolve the resource allocation problem. Resource allocation is a major issue in cloud data centers, and it is 
frequently described as a single objective function. To formulate the challenge, we used the proposed model's 
QoS performance as the main objective. The key objectives for issue formulation in several models are QoS, 
energy usage and deployment cost. For discovering discrete solutions, the suggested technique employs a 
branch and bound algorithm. 
The following are the paper's main contributions: 

 The goals of the proposed method are to reduce deployment costs, balance the load and increase QoS 
performance. 

 The ANFIS model takes input parameters such as cost, energy, resource utilization, and QoS 
requirements to achieve the best outcomes.  

 These output parameters are fine-tuned utilizing the genetic algorithm (GA).  
 The GA algorithm aids ANFIS in adjusting the membership functions. The algorithm's result is ensured 

to be the prime optimal solution. 
 Consider primary scheduling objectives such as computing time, energy consumption and resource 

usage while designing the multi-objective optimization problem. 
 The rest of the paper is laid out as follows. Section 2 discusses the research that has been done in 

relation to the present resource allocation strategies. Section 3 shows how to formulate an issue as well 
as how to allocate resources. The optimization approach for cloud resource allocation is discussed in 
Section 4. The performance evaluation with respect to various workloads is explained in Section 5. 
Finally, Sect. 6 brings the study to a conclusion. 

2. Related Work 

This section examines a variety of existing allocation strategies. Subhash et al. [7] presented the Sunflower 
Whale Optimization Approach (SFWOA) as an effective optimization algorithm for resolving resource 
allocation difficulties. To obtain optimal resource allocation, it exploited the humpback whale's hunting 
approach and foraging behaviour, as well as the unusual behaviour of sunflowers. By adjusting the number of 
iterations, SFWOA was able to achieve the best utilization of resources of 0.942 utilizing 20 VMs, maximum 
utilization of memory of 0.215, maximum utilization of CPU of 0.269 utilizing 15 VMs, and minimal skewness 
of 0.001 with 25 VM’s. Gong et al. [8] suggested an adaptive control strategy for allocating cloud resources 
based on resource demands and workload requests. Using multivariable control, numerous resources were 
successfully distributed to multiple services based on varying requests. This strategy addressed the service need 
and enhanced resource consumption, however it didn't assess efficiency. 

Chen et al. [9] proposed the RAA-PI-NSGAII evolutionary method for solving the multi-objective 
optimization paradigm, that not only enhances the features and distribution consistency of the set of solutions 
but it also speeds up the resolving time. The outcomes of the experiments revealed that the algorithm is capable 
of not just allocating resources swiftly and ideally for emerging demands, but can also balance the use of all 
types of resources. To improve cloud energy efficiency, Li-Der Chou et al. [10] created a dynamic power saving 
resource allocation (DPRA) employing the PSO technique. The least-square regression model was utilized to 
forecast PM resource use. To improve the implementation of the data center in the cloud, it neglected to account 
the progress iteration and the time of selection. It could be used for topology structures with a variety of 
networking capabilities. 

 Xi Liu et al. [11] proposed a swarm optimization approach for more efficient cloud resource allocation. 
By balancing the exploitation and exploration parameters, it successfully used the searching behavior and 
improved the algorithm's performance. This strategy maximized resource utilization while neglecting to account 
for scalability. 

 To improve both agreement index and resilience, Miriam et al. [12] suggested a novel resource 
allocation methodology for cloud service providers to plan and allocate resources efficiently. The resource 
allocation scheme's main idea is to use the Non-Dominated Sorting Genetic Algorithm (NSGA-III) to efficiently 
distribute resources. In addition, the NSGA-III was updated to accommodate any interim data sources. 
Furthermore, because the search is not based on any indices, it is faster than other optimization techniques. 
Wang et al. [13] proposed a decentralized multi-agent (MA) supported allocation of VM mechanism in the 
cloud. The allocation of VM to each PM was decided using an auction-based methodology. The negotiation-
based paradigm was created to swap duties in order to save energy costs. It failed to handle the bi-objectives as 
well as the energy cost at the same time. 
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3. Problem Formulation 

The main problem with cloud computing is that choosing the right combination of resources depending on the 
user's needs [14] is a difficult undertaking. Most users supply several activities with various requirements, like 
computing time, energy usage, memory use, time delay, transmission of data, reaction time, and so on, and they 
are referred to as the complexity of modeling and cost, energy, total cost, and so on. When handling an greater 
number of user requests in cloud computing, start-up time, scheduling cost, execution time, computation, and 
energy are all critical for scheduling algorithms. Another difficulty with scheduling is that it necessitates more 
time spent in the environment. As a result, optimization methods can be utilized in the cloud computing 
environment to reduce the computational assessing job scheduling. The problem is structured for the most 
efficient use of resources in cloud, and it uses data from cloud service providers' resources as input. Although 
the service providers supply customers with similar resources, they differ with regard to price range, QoS 
performance, and service kind. All information regarding the resources needed by the clients is displayed by the 
service providers. 

3.1. System Model 

The cloud data center paradigm is represented in Fig. 1 by a group of computing servers that can accept 
containers and virtual machine (VM) events depending on the job requirements. The cloud environment is made 
up of the numbers of service providers who supply services and the infrastructures of consumers who make 
requests. When a large number of requests for identical resources arrive in the cloud, there is a resource 
shortage, and the question is how to allocate the resources to the users. For task execution, each virtual machine 
obtains numerous configurations, such as memory, cost, and size. 

 
 

Fig 1: Proposed Framework 
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Customers' needs, such as QoS and money to install the application, are also included in this problem 
description. The customer requirements are shown in Table 1.The deployment of user applications in the cloud 
necessitates a variety of resources at various levels. As a result, the customer must buy the resources needed to 
meet the application's requirements. 

Notation Description 
Td Total duration for application distribution 
Ecd Predicted computing demand 
Edbd Expected demand for database 
Rtdb Time of response of instance for database 
Rtc Time of response for computing instance 
Rqs Application Storage required 
Cmax Maximum Cost for application deployment 

Table 1: Customer Requirements 

3.2. Load balancing 

In cloud computing, load balancing ensures that resources such as hard drives (storage), virtual machines 
(VMs), network interfaces, and servers deployed on physical servers are distributed equally. When loads are 
scheduled on VMs running on physical nodes, it is possible that some of the VMs will be overused while others 
would be underused. As virtual machines (VMs) become overused, their makespan (the time it takes for a VM 
to finish all the tasks assigned to it) rises. If VMs are under-utilized, the makespan falls while the cost of 
resource usage increases since the available resources (VMs) are not fully employed, that result in resource 
wastage. Reduced makespan must not be accompanied by higher resource consumption costs, and vice versa.  
 The concept of load balancing relates to the procedure of reallocating workload in a distributed system, 
so that no server becomes overused, underused, or idle. By accelerating several limited characteristics such as 
response time, execution time, system stability, and so on, load balancing improves cloud performance. This is 
an NP-hard optimization technique for scheduling jobs. The method to improve the quality of services (QoS) is 
to balance the load among machines, which will assist in increasing resource usage and throughput, while 
minimizing the makespan, response time ,  latency, and cost of balancing the load across machines. Therefore, 
the load should be distributed among the VMs so that both makespan and costs can be controlled and balanced. 

 
Fig 2: Load balancing 

 

This study proposes and implements an Adaptive Neuro-Fuzzy Inference System (ANFIS)-QoS Aware Genetic 
Algorithm (GA) (ANFIS-GA) technique for fast selection of the best VM, which is described in the next 
section. 

4. Proposed Methodology 

The deployment of user applications in the cloud necessitates a variety of resources at various levels. As a 
result, the customer must buy the resources needed to meet the application's requirements. 

4.1. ANFIS Model 
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For the QoS aware Genetic algorithm, the ANFIS rule [15] is used for parameter optimization. The adaptive 
neuro-fuzzy inference system is a piece of equipment that integrates fuzzy logic and artificial neural networks to 
make influential processing. For each of the input with 1 as the maximum value and 0 as the minimum value, 
two rules have been established in this article. It's a multilayer feed forward network where a specific function is 
performed on each node of the input signals. 

The circle and square node symbols are used to denote different learning parameters. The parameters 
that must be changed to attain the required input–output characteristics are determined by the learning rules. The 
ANFIS architecture and inputs are shown in Fig 3. The ANFIS model takes as input parameters such as cost, 
energy, resource utilization, and QoS requirements. To achieve the best outcomes, these output parameters are 
fine-tuned utilizing the genetic algorithm (GA). The GA algorithm aids ANFIS in adjusting the membership 
functions. 

It is stated that the fuzzy inference system contains five layers of adaptive network with 2 inputs a & b 
and only 1 output c. The function of the node in the jth position of the lth layer is indicated as Ol,j are of the same 
function family as those of the node in a similar layer, as shown beneath: 

 
Fig 3: ANFIS Model 

Layer 1: Input layer is denoted as layer 1. Every node j in layer 1 denotes the square node by the node function 
Ol,j and the function of membership of Aj which defines the degree to which the presented influences the 
quantifier Aj. The input of the function of membership is bell-shaped membership function, with the highest 
value being 1 and 0 being the minimum value. 

𝑂ଵ,௝ ൌ 𝜇𝐴௝ሺ𝑥ሻ   𝑓𝑜𝑟𝑗 ൌ 1,2 
 

  𝜇𝐴௝ሺ𝑥ሻ ൌ
ଵ

ଵା൥ቆ௫ି
ೝೕ
೛ೕ

ቇ
మ

൩

೜ೕ    (1) 

where 𝑟௝,𝑝௝,𝑞௝ denotes the parameters, q denotes the (+) ve value & r indicates the centroid of the curve. 
 
Layer 2: All nodes in this layer denotes the square node, denoted as 𝛱, which generates input signals and sends 
the product output. 

𝑂ଶ,௝ ൌ 𝑤௝ ൌ 𝜇𝐴௝ሺ𝑥ሻ ൌ 𝜇𝐵௝ሺ𝑦ሻ𝑓𝑜𝑟𝑗 ൌ 1,2    (2) 
 

Layer 3: The square node, denoted by M, is shown by each node in this layer. According to the equation below, 
the jth node computes the ratio of the jth rule's firing strength to the total of all the rules' firing strengths. This 
layer's output is stated as normalized firing strengths. 
   𝑂ଷ,௝ ൌ 𝑤௝=

௪ೕ

௪భା௪మ
𝑓𝑜𝑟𝑗 ൌ 1,2     (3) 

Layer 4: The node function represents the square node in every node j in this layer. This layer's attributes are 
represented by succeeding attributes. 
    𝑂ସ,௝ ൌ 𝑤௝𝑓௝ ൌ 𝑤௝ሺ𝑡௝ ൅ 𝑢௝ ൅ 𝑣௝ሻ   (4) 

Where 𝑡௝, 𝑢௝&𝑣௝ denotes the features. 
Layer 5: The only node in layer 5 denotes the circle node, denoted as𝛴, that calculates the total output by 
adding all of the input signals as shown in the equation given. 
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   𝑂ହ,௝ ൌ ∑௝ 𝑤௝𝑓௝=
∑ೕసభ ௪ೕ௙

∑ೕసభ ௪ೕ
 = output   (5) 

4.2. Requirements for QoS performance 

Several things must be considered while deploying the customer-satisfied application to the cloud. The database 
instance's reaction time and the instance of computing’s response time are the two aspects in question. The 
database's response time is mostly determined by the anticipated demand (Edbd). The passion distribution 
technique is used to model the database demand. Equation 7 depicts the response time of an application's 
database instance with a service rate of𝑆ோௗ௕. 

𝑇ௗ௕ூሺ𝑆ோௗ௕ሻ ൌ
ሺௌೃ೏್ሻషభ

ଵି
ಶ೏್೏
ೄೃ೏್

      (6) 

The database instance's response time should not be shorter than 𝑇ௗ௕ூ. 𝑇ௗ௕ூ is the highest value stated by the 
client for database instance response time. 

𝑇ௗ௕ூሺ𝑆ோௗ௕ሻ ൑ 𝑅𝑡ௗ௕      (7) 
Another key concern when deploying an application to the cloud is the computer instance's reaction time. 
Assume that 𝑀𝐼ோ௧is the computing instances' minimum response time and 𝐸௖ௗ is the predicted rate of arrival of 
the request for application to the computing instance. Equation depicts the model for computing instance 
response time. 

    

𝑇௖ሺ𝑀𝐼ோ௧ሻ ൌ
ሺெூೃ೟ሻషభ

ଵି
ಶ೎೏

ಾ಺ೃ೟

      (8) 

The compute instance's reaction time should not be shorter than Tc. The Tc is the customer-specified highest 
response time. 

𝑇௖ሺ𝑀𝐼ோ௧ሻ ൑ 𝑅𝑡௖       (9) 

4.3. Resource Allocation using QoS Aware Genetic Algorithm 

The algorithm's major goal is to improve the quality-of-service performance. The algorithm's result is ensured to 
be the prime optimal solution. The best solutions, on the other hand, are never-ending. Cloud service companies 
typically supply a limited number of computing and database instances. To locate appropriate cloud resources 
depending on the needs of the customer's application, algorithm 1 is designed. The Genetic algorithm was used 
to determine the best answers in this case. The genetic algorithm is regarded as one of the top effective methods 
for resolving problems of optimization such as resource allocation. 

4.3.1. Chromosome Representation 

We examined the customer QoS needs as well as the available Resources when creating the chromosomal 
representation. The chromosome representation in the genetic algorithm is shown in Equation. 

𝜆ሺ𝑝, 𝑞ሻ ൌ 𝑄௣൫𝑅௤൯, 𝑤ℎ𝑒𝑟𝑒𝑝 ൌ 1, … 𝑛, 𝑞 ൌ 1, … 𝑚   (10) 
where the chromosomal representation is 𝜆ሺ𝑝, 𝑞ሻ,the QoS needs are p and the available resources are q. 

4.3.2. Initial Population 

Population initialization is a significant aspect in the evolutionary algorithm, and an appropriate population 
results in a fine-tuned output. The population initialization in the genetic algorithm is represented in Algorithm 
1. 

4.3.3. Fitness Function 

For each chromosome that has been initialized, the fitness function is determined. This fitness feature improves 
the solution's quality. The goal of the resource scheduling method is to make the resources respond as quickly as 
possible. 

𝑓 ൌ 𝑤ଵሺ𝑚𝑎𝑥 ሺ𝑇ௗ௕ூሺ𝑆ோௗ௕ሻ, 𝑇௖ሺ𝑀𝐼ோ௧ሻሻ    (11) 
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Fig 4: Flowchart for QoS Aware Genetic algorithm 
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Algorithm 1: ANFIS-GA algorithm 
 
Input: QoS requirements, no. of iterations, deployment cost𝛿 , threshold, Resources A 
Output: Maximized QoS Performance 
Step 1: Initialize Population 
Begin 
 for p in 1 to n do 
  for q in 1 to n do 
   𝑖𝑓ሺ𝛿 ൐ 𝑇ሻ𝑡ℎ𝑒𝑛 
    A=A-Aq 

   else 
    Compute Eqn 7 &Eqn 9 
   End if 
  End for 
 End for 
Step 2:  while t<maximum no. of iterations 
  for each chromosome 
   Compute the fitness value using Eqn 
   ANFIS rule is used to achieve best results  
   if (𝑇ௗ௕ூሺ𝑆ோௗ௕ሻ ൑ 𝑅𝑡ௗ௕), then f is high 

if (𝑇ௗ௕ூሺ𝑆ோௗ௕ሻ ൒ 𝑅𝑡ௗ௕), then f is low 
   if (𝑇௖ሺ𝑀𝐼ோ௧ሻ ൑ 𝑅𝑡௖ሻ,then f is high 
   if (𝑇௖ሺ𝑀𝐼ோ௧ሻ ൒ 𝑅𝑡௖ሻ,then f is high 
   End if 
   End if 
   End if 
   End if 
Step 3:   perform the crossover & mutation operation 
  End for 
 record the optimal soln for current iteration 
 t=t+1; 
 if current iteration result is not same as last 
 then k=0; 
 else 
 k=k+1; 
 end if 
end while 

 

4.3.4. Cross over and mutation 

Originally, 2 chromosomes are chosen at random from the G𝜖 {0, 1} value assigned to each chromosome. For 
the chromosomes that are chosen with the probability Pc random number G𝜖 {0,1} allocated to every 
chromosome, a cross over mechanism is used. If G < Pc, the chromosomes will crossover at one point. For the 
best results, the mutation level is kept low. The mutation is performed by changing the position of one single bit 
in the chromosomes. 
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Fig 5: One Point Crossover 

5. Results and Discussion 

With regard to the evaluation metrics, this section elaborates on the results and discussion obtained utilizing the 
suggested ANFIS-GA. The experiment is carried out on a computing platform comprised of five machines each 
with 20 GB of RAM and 5 TB of storage. CloudSim is used to create the simulation environment. CloudSim's 
virtualization engine constructs the data centers. This section discusses the experimental findings. 

5.1. Evaluation Metrics 

The proposed optimization algorithm's performance is measured using performance metrics like utilization of 
memory, utilization of resources, skewness and utilization of CPU. 

Utilization of resources: It is defined as the ratio of the number of allotted resources to the total number of 
resources available, denoted as 

  𝛼 ൌ
஺

்
        (12) 

where A is the number of resources allocated and T is the total number of resources. 
 
Utilization of memory: It is defined as the ratio of the amount of memory required to complete a task to the total 
amount of memory existing in the cloud, which is computed as, 

   𝑀 ൌ ∑௬
௜ୀଵ ቀ

௠೔

௔೔
ቁ     (13) 

where𝑚௜is the memory required to accomplish the task and 𝑎௜is the total available memory. 
 
Utilization of CPU: It is defined as the ratio of the number of CPUs requested to complete the work to the total 
number of CPUs available. 

   𝐶 ൌ ∑௬
௜ୀଵ ቀ

ோ೔

ே೔
ቁ      (14) 

where 𝑅௜is the CPU needed to accomplish the task and 𝑁௜is the total number of available CPU. 
 
Skewness: It's a metric for detecting unequal resource use on a cloud server. 

  𝑆௡ ൌ ቀ
஺೙

஺
െ 1ቁ       (15) 

where 𝑆௡ is skewness and 𝐴௡ is the average resource utilization. 
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(a)                                                                                      (b) 

Fig 6: Comparison for 20 virtual machines a) Utilization of CPU b) Utilization of Memory 

 
(c)       (d)   

Fig 6: Comparison for 20 virtual machines a) Utilization of resources b) skewness. 

Fig. 6 presents the results of a comparison analysis using the proposed method, which took into account 20 
virtual machines. Fig. 6a shows the CPU consumption as a function of the number of iterations. When the 
number of iterations is set to 20, the CPU used by known algorithms such as NSGA-III, SFWOA, and RAA-PI-
NSGAII is 0.0018, 0.021, and 0.0325, respectively, but the proposed ANFIS-GA used 0.1501.The utilization of 
memory use in relation to the number of iterations is shown in Fig 6b. When the number of iterations is set to 
30, the memory used by current algorithms such as NSGA-III, SFWOA, and RAA-PI-NSGAII is 0.008, 0.010, 
and 0.115, respectively, but the proposed ANFIS-GA used 0.1308. 

 The utilization of resource use in relation to the number of iterations is shown in Fig 6c. When the 
number of iterations is set to 20, the resources used by known techniques such as NSGA-III, SFWOA, and 
RAA-PI-NSGAII are 0.0087, 0.010, and 0.6594, respectively, but the proposed ANFIS-GA used 0.7206.The 
study of skewness in relation to the number of iterations is shown in Fig 6d. When the number of iterations is set 
to 40, the skewness produced by current techniques such as NSGA-III, SFWOA, and RAA-PI-NSGAII is 
0.1259, 0.0508, and 0.0302, respectively, whereas the suggested ANFIS-GA obtained 0.0209. 
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Fig 7: Average Response Time 

The proposed work's average service response time is examined and compared to existing approaches. The 
proposed work is demonstrated to have a minimal service response time based on the experimental results. The 
optimal resource selection, which significantly reduces time consumption, is the fundamental cause for the short 
service response time. 

 
Fig 8: Analysis of Execution time 

The proposed work's average service response time is examined and compared to existing approaches. The 
proposed work is demonstrated to have a minimal service response time based on the experimental results. The 
optimal resource selection, which significantly reduces time consumption, is the fundamental cause for the short 
service response time. 

6. Conclusion 

To achieve the ideal settings in the cloud server, we created the fuzzy-based QoS Aware GA optimization 
method in this study. The method creates a suitable server for the virtual machine based on the rule scheme for 
improved CPU and memory usage. The key problem in the cloud system is allocating resources while meeting 
client QoS requirements while staying within limited cost. Customers can select the best resources for their 
application deployment by contacting cloud service providers. For determining the optimal discrete solution to 
the issue, the suggested technique employs the genetic algorithm. The experiments were carried out on a variety 
of workloads utilizing a real-time cloud service provider. The findings showed that the suggested technique is 
effective at maximizing the QoS performance trade-off with a less execution time of 4%, 8%, 11% when 
compared with RAA-PI-NSGAII, SFWOA, NSGA-III with less computational cost. 
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