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Abstract 

Cloud centers operate based on virtualization and distribution of resources. 

Effective distribution and automatic scaling are the major advantages provided 

by cloud environments. This paper proposes an effective provisioning of 

resources with it major significance on minimizing the cost, maximizing the 

quality parameters and improving resource utilization. Resources are provided 

as packages and not independent entities. This mandates the need for optimal 

QoS matching rather than accurate matching. Identifying and matching QoS 

requirements is the major operation to be carried out in the proposed 

architecture. This work proposes a modified PSO technique known as EPSO. 

The local optimal issue in PSO is overcome by incorporating Simulated 

Annealing as the global solution identifier component. The proposed EPSO not 

only exhibits higher efficiency, but also faster and better results on comparison 

with existing techniques incorporating a meta-heuristic optimizer. Experiments 

show that the proposed EPSO exhibits low time requirements and prediction 

levels leading to high performance. 
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1. INTRODUCTION 

Cloud computing has emerged as a popular computing model due to its flexible and 

pay-as-you-go nature. It provides access to computational resources through 

virtualization. The major advantage of using cloud based resources is that it eliminates 
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the need for dedicated hardware. Hence organizations with varying requirements finds 

utilizing cloud resources, as an elegant and cost effective solution. The advantages 

cloud providers gain is that they virtualize the cloud environments and provide it to 

users on a shared basis. As customers are multiplexed on the same physical hardware 

and software architecture, it becomes more profitable for the cloud providers. 

Cloud environments usually offers utilities such as Software as a Service (SaaS), 

Platform as a Service (PaaS), Infrastructure as a Service (IaaS) and several other such 

services. However, SaaS, PaaS and IaaS offers to be the most utilized services. 

Resource allocation in virtual environments are the major requirements for any cloud 

architecture. Efficiently performing the allocation process proves to be advantageous 

for both the consumer and the provider.  However, the resource heterogeneity and 

unpredictable workload levels pose major complications in the allocation process. High 

scalability levels offered by cloud architectures depicts theoretically unlimited 

computational resources to the consumers. Hence they are offered automatic resource 

upscaling, which acts as the major advantage of a cloud system. However, high 

adaptation levels of cloud based systems and high utilization levels of resources has 

brought more challenges for the resource allocation systems. 

Resource provisioning in the virtual cloud environment is defined as the process of 

allocating services to the customer. However, in real time, consumers are not provided 

such flexible environments to define their resource requirements. Instead, the 

requirements are already grouped in terms of processing, memory and network 

configurations and are available as packages. The consumer is required to select any 

one of these configurations. However, the requirement and available QoS values do not 

exactly match, hence the selection process becomes an optimization problem. This 

paper presents a swarm based optimizer that effectively identifies the appropriate 

packages for user’s requirements such that the QoS values closely match with low of 

QoS difference levels. 

 

2. RELATED WORKS 

Cloud resource provisioning is usually carried out based on several major requirements 

such as quality of service, energy, resource utility, load balancing, cost etc. This section 

discusses recent contributions in provisioning grouped based on the requirements. 

An agent based resource allocation technique for cloud resource provisioning is 

presented by Bajo et al. in [1]. This technique leverages the advantages of the 

virtualization environment by upscaling the resources directly rather than moving 

nodes. This results in effective load balancing and reduced computational time. A 

similar load balancing scheme was proposed by Shaw et al. in [2]. 

A modelling scheme for allocating cloud resources is presented by Vakilinia et al. in 

[3]. It presents a view of the type and number of resources required to create cloud 
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centers based on the velocity of the requirement requests. A similar experimental based 

approach is proposed by Wolke et al. in [4]. 

An energy and QoS aware resource allocation technique is presented by Peng et al. in 

[5]. This technique has its major focus on energy conservation, hence proposes to 

reduce energy losses occurring due to resource heterogeneity. Other energy aware 

techniques include heuristic based resource allocation by Beloglazov et al. in [6] and 

Hasan et al. in [7]. A Genetic Algorithm (GA) based energy aware scheme is proposed, 

which utilizes the power efficiency based on powerMark, a novel metric introduced by 

Peng. A task scheduling and resource allocation technique for cloud is proposed by Yi 

et al. in [8]. This technique operates on disassembly. An ACO based resource 

management scheme for cloud is presented by Tiwari et al. in [9]. This is a resource 

management based optimization scheme applied on virtual machines in cloud. Another 

similar nature inspired resource allocation technique is proposed by Jason et al. in [10], 

GA based technique proposed by Hallawi et al. in [11]. Several allocation algorithm 

based techniques were also proposed such as best first based VM allocation scheme for 

cloud resource allocation is proposed by Shrivastava et al in [12], modified round robin 

algorithm for resource allocation in cloud by Pradhan et al. in [13] and bin packing 

based dynamic resource allocation scheme proposed by Wolke et al. in [14]. Other 

popular resource allocation schemes include dynamic resource allocation by Saraswathi 

et al. in [15], Hasan et al. in [7] and Patel et al. in [19]. 

 

3. EPSO BASED CLOUD PROVISIONING 

Cloud provisioning is the process of assigning appropriate resources for the consumer 

such that overutilization and under-utilization are avoided. Requirements from cloud 

include CPU, network, node, storage and VM.  Each resource will also be available at 

varied configuration levels in the virtual machines. Identifying the accurate 

virtualization requirements for these resources will avoid underutilization and 

overutilization states. However, these factors are unavoidable, as cloud providers assign 

resources to consumers in terms of packages and not as individual entities. Hence 

accurate matching of resources is not possible, however, the QoS difference between 

requirements and the provisioning packages can be minimized to the maximum possible 

extent. 

Resource provisioning in cloud can be categorized as a Multi-Criteria Decision Making 

(MCDM) problem. Several optimization parameters such as cost, Quality of Service 

parameters, energy, resource utility levels, load balancing levels, etc. can be used for 

optimization. This work considers cost, effective resource utility and QoS as the major 

parameters of importance. Depending on customer’s applications, several combinations 

of parameters are used to identify the QoS sufficiency. Prominently used quality 

parameters are listed in table 1. 
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Table 1. QoS Parameters Considered for Evaluation. 

 

QoS Parameters 

Considered for Evaluation 

Description 

Bandwidth (Bw) 

Maximum data transmission level supported by the 

cloud system. 

 

Computation Capability 

(CC) 

It is defined as the maximum amount of processing 

that can be handled in a given time period. 

𝐶𝐶 =
𝑚𝑎𝑥𝑡𝑎𝑠𝑘(𝐸𝑥𝑒𝑡𝑖𝑚𝑒) −  𝑚𝑖𝑛𝑡𝑎𝑠𝑘(𝐸𝑥𝑒𝑡𝑖𝑚𝑒) 

𝐴𝑣𝑔𝑡𝑎𝑠𝑘(𝐸𝑥𝑒𝑡𝑖𝑚𝑒)
 

Availability (Av) 

It refers to a usable resource at a point in the cloud.  

𝐴𝑣 = ∑
𝑀𝑇𝐵𝑀

𝑀𝑇𝐵𝑀+𝑀𝑇𝑇𝑅𝑟𝑒𝑠𝑜𝑢𝑟𝑐𝑒𝑖   

MTBM represents the Mean Time Between 

Maintenance and MTTR represents the Mean Time to 

Repair a resource 

Reliability  

It is the ability of a task presented to cloud within a 

stipulated time. 

𝑅 =
∑ 𝐸𝑥𝑒𝑡𝑖𝑚𝑒𝑡𝑎𝑠𝑘

𝑇𝑜𝑡𝑎𝑙𝑡𝑖𝑚𝑒
 

Throughput  

It is defined as the number of tasks to be completed in 

a defined time interval. 

𝑇 = ∑ 𝐸𝑥𝑒𝑡𝑖𝑚𝑒
𝑡𝑎𝑠𝑘

 

 

Though there are several other QoS parameters available for cloud provisioning, these 

are considered to be the most significant entities required for all consumer application 

irrespective of the type of the application. 

Cost is defined as the monetary value of the package determined by the cloud provider. 

The cost to be paid by the consumer is defined by 

 
where Ci represents the cost of resource i per unit time and Ti represents the time of 

utilization of resourcei 

 

User requirements are provided to the cloud system in terms of these parameters. The 
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input requirements are analyzed and their corresponding QoS levels are identified. This 

formulates the first phase of the proposed resource provisioning system. 

The next phase deals with identifying the best package to be assigned for the 

consumer’s requirements. This is a MCDM problem, requiring maximization and 

minimization of parameters using Mixed Integer Programming (MIP). The core 

formulation of the fitness function is as follows 

  

Minimize: 

𝑧 = ∑ 𝑐𝑖

𝑖

+ ∑ 𝑃𝑞𝑜𝑠𝑖

𝑖

 

Subject to 

∑ 𝑐𝑖

𝑖

 ≤  𝑐𝑝 ∀ 𝑖 

∑ 𝑃𝑞𝑜𝑠𝑖

𝑖

 ≥  𝑅𝑞𝑜𝑠𝑝 ∀ 𝑞𝑜𝑠 

 Where ci is the cost of the ith resource, Pqosi is the sum of qos properties of 

resource i and Rqosi is the sum of qos properties of the customer’s requirement. QoS of 

a resource is calculated using the below equation 

𝑋𝑞𝑜𝑠 = 𝑁𝑠𝑏𝑤 + 𝑁𝑠𝑐𝑐 + 𝑁𝑠𝐴𝑣 + 𝑁𝑠𝑅 + 𝑁𝑠𝑇 + (−𝑁𝑠𝐿)
 

Where Nsx is the normalized value of the resource parameter. 

 

The optimization process is performed using the proposed Enhanced Particle Swarm 

Optimization (EPSO). Particle Swarm Optimization (PSO) [16, 17] is a meta-heuristic 

technique designed to formulate optimal solutions for problems by iteratively refining 

candidate solutions. However, the major downside of PSO is that it has high probability 

of getting struck in local optima. Hence this work proposes Enhanced PSO (EPSO). 

PSO is hybridized with Simulated Annealing to reduce the issue of local optima. The 

formulation defined in eq is considered as the fitness function for EPSO. 

PSO operates based on particles moving in the search space. The search space is created 

by including the parameters of the packages and the requirements. Particle distribution 

is carried out on the nodes containing the requirements data. The particle best (pbest) 

and global best (gbest) are initialized to default values and particle movement is 

initiated. The best solution obtained until now by the particle under analysis is 

contained in pbest, and the best solution obtained by the swarm is contained in gbest. 

Movement of particles is defined by its velocity component. The initial velocity 

component is defined by 
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𝑉𝑖~𝑈(−|𝑏𝑢𝑝 − 𝑏𝑙𝑜|, |𝑏𝑢𝑝 − 𝑏𝑙𝑜|) 

 

where bup and blo are the upper and lower bounds of the search space. 

This initial velocity component aids in the initial movement of particles. PSO operates 

on continuous space, while the problem domain requiring solutions is discrete. Hence 

the particle positions are discretized to the nearest occurring node.  

 

The native PSO updates its pbest and gbest components using the new locations of the 

particles. However, it was identified that this operational mode leads to the particles 

getting stuck in local optima. Hence PSO is hybridized with Simulated Annealing to 

obtain EPSO. According to EPSO, only the pbest component is updated in this stage. 

After the pbest updates of all the particles is complete, the gbest is updated using all the 

available pbest components and the gbest component. 

Simulated Annealing is yet another metaheuristic technique, aids in optimization by 

approximating the global optimum of the given function. The working of simulated 

annealing is described in the algorithm below. 

 

Simulated Annealing(gbest,pbest,p) 

1. Let s = gbest 

2. For k = 1 through p : 

a. T ← pbestk 

b. Pick a random pbest (pb), snew ← pb 

c. If P(E(s), E(snew), T) ≥ random(0, 1), move to the new state: 

 s ← snew 

3. Output: the final state s 

 

Where P(e,e’,T) was defined as 1 if e’ < e and exp(-(e’-e)/T) otherwise. 

 

The final state s gives the gbest component. This is followed by further particle 

movement directed by the new velocity component. The updated velocity component 

is given by 

 

𝑉𝑖,𝑑 ← 𝜔𝑉𝑖,𝑑 + 𝜑𝑝𝑟𝑝(𝑃𝑖,𝑑 − 𝑋𝑖,𝑑) + 𝜑𝑔𝑟𝑔(𝑔𝑑 − 𝑋𝑖,𝑑) 

where rp and rg are the random numbers, Pi,d and gd are the parameter best and the global 

best values, xi,d is the value current particle position, and the parameters ω, φp, and φg 

provides the significance of current velocity, pbest and gbest vales respectively and are 

selected by the practitioner. This process is continued until solution convergence. The 

gbest value is considered as the optimal package for the requirement node from which 
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the process was initiated. 

The corresponding virtualized resources are assigned for the customer requirement. 

Resource assignment is followed by utility monitoring, which forms the final phase of 

the virtual resource provisioning architecture. As discussed earlier, resource allocation 

in cloud environments is not a single process. The extended scalability levels offered 

by cloud servers require continual monitoring of the resource utility levels in-order to 

automatically upscale and downscale resources. However, during the process of 

upscaling and downscaling, it is mandatory to identify the appropriate virtual resource 

levels such that multiple consecutive scaling is avoided. Although the identification 

procedure is similar to the previously discussed process, it is mandatory for the resultant 

package to be determined swiftly such that none of the user’s process exhibit hiccups 

during the transition. It was observed that EPSO based package selection satisfies the 

real-time constraints of the problem, hence providing faster selection time. Monitoring 

of resource utilization levels is continued until the resources are submitted back to the 

cloud provider. 

 

4. RESULTS AND DISCUSSION 

Experiments were conducted by implementing EPSO in C#.NET. Package and 

requirements dataset used in [1] were used for analysis of the proposed architecture and 

result comparison. Ten defined packages and 100 distinct requirements were provided 

to the processing module and the results were obtained. Results were analyzed in terms 

of time taken for processing and in terms of QoS values. 

 

 

 
Figure 1: Processing Time 
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Time taken for processing the requirements is measured from the time of request to the 

time of identification of the package (figure 1). It was observed that most requests took 

~1ms for processing. A very few requests exhibited time requirements of 2 ms and 3 

ms. However, such occurrences were found to be rare events. An average identification 

time of 1ms exhibits that the proposed architecture exhibits high correlation to real-time 

processing speeds. 

 

 
 

Figure 2: Comparison between Requested and Provided QoS 

 

A comparison between the requested and provided QoS levels is shown in figure 2. It 

could be observed that in most requirements, the provided QoS is higher or almost equal 

to the required QoS. The resource utilization levels are shown in figure 3. It could be 

observed that underutilization levels of 73% and overutilization levels of 26% is shown, 

indicating that most of the assigned packages correspond to higher configurations, 

while 26% of the assigned packages correspond to lower configurations compared to 

the requirements. Perfect package matching is not possible due to the defined package 

configurations. Hence overutilization and underutilization cannot be avoided. 

However, it is of paramount importance to assign packages with low QoS differences 

such that too much of resource wastage is avoided. 
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Figure 3: Resource Utilization Levels 

 

QoS difference between the provided and the required levels is shown in figure 4. It 

could be observed that except for a few requests, most of the requests exhibit very low 

QoS difference, hence depicting effective allocations. Further, the negative allocation 

levels are also maintained very low, hence exhibiting low upscale requirements. 

 
Figure 4: Observed QoS Difference Levels 
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difference levels exhibited by the techniques. 

 

 
Figure 5: Time Comparison 

 

A time comparison of ACO and EPSO in figure shows that ACO requires ~87ms for 

the optimization process, while it is completed in ~1ms in EPSO, exhibiting a huge 

scale of efficiency. A comparison of the average QoS shows that the proposed EPSO 

exhibits positive QoS difference levels depicting that the assignment is mostly higher 

than the requirement. However, the QoS difference levels of ACO shows negative 

levels, depicting that most of the assigned packages have QoS levels lower than the 

requirements.  

 

 
Figure 6: Average QoS Comparison 
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5. CONCLUSION 

Virtualized resources provide major advantages to cloud systems. However, 

appropriately allocating them is one of the major challenges facing the system. The 

resources provided by cloud providers are in the form of packages and not individual 

entities. Hence a perfect match with user requirements is not possible. The package 

selection models should identify the most appropriate package that exhibits least 

difference from the required QoS and cost. Further, identifying the appropriate resource 

levels during an upscale condition proves to be challenging. This paper proposes a fast 

and effective cloud resource provisioning system that operates to identify optimal 

packages both during the initial package selection phase and during the upscale 

condition. Upscale condition requires real time resource identification, as users should 

not experience hiccups in processing during the selection and transition periods. The 

proposed EPSO exhibits high selection levels enabling its usage in both the scenarios. 

Experiments conducted using EPSO exhibits high performances, and the comparisons 

indicates high efficiency levels both in terms of time and in terms of resource selection.  
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