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Abstract: Resource pricing in cloud computing has become one of the main challenges for cloud 

providers. The challenge is determining a fair and appropriate price to satisfy users and resource 

providers. To determine a fair price, it is necessary to consider the conditions and needs of both 

parties: provider and user. This research tries to provide a pricing mechanism for cloud computing 

based on game theory. The proposed mechanism takes into account three factors including fault 

possibility, interaction between virtual machines, and energy consumption to reach a fair price. In 

the proposed game, the provider decides on the price of the virtual machine which can be offered 

to the user on each physical machine and the user decides between the virtual machines offered to 

run its application. The whole game is implemented as a function of the resource broker component. 

The proposed mechanism is simulated and evaluated using the CloudSim simulator. Its 

performance is compared with several previous recent mechanisms. According to the results, the 

proposed mechanism has been able to determine a more reasonable price for the user and the 

provider which increases the overall profitability of the cloud system. 

Keywords: cloud computing; pricing model; energy consumption; dynamic game 

 

1. Introduction 

Over the past few decades, cloud computing has emerged as a new technology in the 

information technology industry [1]. This technology provides users with many resources and 

services based on user demand [2]. Cloud computing services are offered in three categories: 

infrastructure as a service, platform as a service, and software as a service. Google Docs, Google App 

Engine, and Amazon Elastic Compute Cloud (Amazon Ec2) are examples of the most popular cloud 

computing services [3]. Cloud computing is becoming increasingly popular among users due to 

features such as high computing power, low costs, and flexibility. Users can use cloud computing 

resources without having to pay for expensive hardware and software only by paying for rental 

services according to the Service Level Agreement (SLA), from the cloud service providers [4]. The 

SLA is formulated as a formal commitment between the user and the provider to compensate the 

users if the provider fails to provide the expected level of service [5]. 

With decades of emerging cloud computing technology, there are still many challenges that need 

to be addressed. The services provided by the cloud providers are not free and customers have to 

pay a fee based on the amount of resources and the length of time they are used. Cloud pricing plan 

has a significant impact on the system's economic benefits. Pricing policies in the cloud are in two 

fixed and dynamic types. Fixed pricing is a strategy in which a price is established and maintained 

for services during a specific period. This price can be determined based on hours of resource usage, 

gigabytes of data storage, etc. Usage-based and subscription-based are examples of fixed pricing 

strategies [2]. In dynamic pricing, users pay for services based on service features, user characteristics, 
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and the interaction of supply and demand in the market. Although a dynamic pricing strategy 

imposes more computational overhead, it also has more economic benefits [6]. 

Due to the complex, large-scale, and competitive environment of the cloud, resource allocation 

and pricing have always been important challenges for researchers. Cloud providers want to 

optimize their resource utilization and also keep the customers satisfied and loyal to maximize their 

revenue. The purpose of this study is to present a fair pricing method based on game theory. The 

proposed method determines the price based on both users’ resource consumption and providers’ 

expenses such as Purchase and maintenance costs. Furthermore, the proposed pricing method takes 

some new factors that play an important role in cloud operational costs into account. These factors 

are the amount of power consumed for the user’s request, the probability of successful job execution 

as well as the interactions between virtual machines when allocated on the same resource. The game-

based pricing method also considers the market supply and demand to provide a more precise and 

fairer price. 

The rest of the paper is organized as follows: in section 2, a review of the recent literature on 

pricing methods is presented. Section 3 provides a detailed description of the proposed game-based 

pricing method and the preliminaries required. The experimental results and performance evaluation 

of the proposed method are discussed in Section 4. The performance of the proposed method is 

evaluated in comparison with other recent pricing methods based on the simulation study. Finally, 

section 5 concludes the paper with a summary. 

2. Related work 

In this section, a review of related works about Pricing Models in cloud computing environments 

is presented. Some previous research such as [7] and [4] introduced and compared different types of 

pricing methods in cloud computing. Auction-based pricing which is sometimes referred to as 

dynamic pricing, is a common pricing mechanism for clouds [8–10,38]. 

In [11], the authors proposed the online extended consensus revenue estimate mechanism for 

conducting a recurrent, multiunit, and single-price auction in the Infrastructure as a Service (IaaS) 

cloud resource setting. This mechanism is both envy-free and truthful, and it is capable of generating 

profits that are close to optimal. It incorporates a system for dynamically determining reserve prices 

based on the Power Usage Effectiveness (PUE) of the data center and the costs of electricity. Through 

simulation-based evaluation, its effectiveness has been demonstrated in various market conditions, 

surpassing the traditional uniform price auction. The authors also investigated the importance of 

prior knowledge in maximizing profit by considering the execution time of virtual machines. A small-

scale experimental study involving 10 users has confirmed the truthfulness of this mechanism in a 

real-world testing environment. 

In [8], a double-auction pricing model named Combinatorial Double Auction Resource 

Allocation (CDARA) is proposed to balance profit between user and provider. In [11], the CDARA 

model has been improved. To achieve more fairness, this model not only considers the price but also 

other quality of service parameters in the resource allocation process. If the provider does not meet 

the required service quality, it imposes penalties on providers and diminishes their reputation. In 

[10], the resource allocation problem is formulated as a linear programming model to maximize the 

total profit of users and providers using a combinatorial double auction-based pricing mechanism. 

In [38], a QoS-based auction method is proposed which attempts to dynamically determine the price 

based on the quality of service parameters (such as availability) to increase the provider’s profit. 

Performance-based pricing is another approach in which cloud providers are paid based on the 

actual consumption of their resources. For example, Lucani et al. proposed a pricing model according 

to the CPU capacity consumed by the user application [12]. They considered the number of CPU cores 

and even the selected CPU frequency in the pricing model. Similarly, in another study, Aldossary et 

al. proposed an energy-aware pricing policy that considers the amount of energy consumption in 

addition to the actual resource usage per unit such as memory, network, and disk. For this purpose, 

a mathematical approach has been used to calculate energy consumption and resource usage [13]. 
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The distinction between customers and the use of incentive mechanisms has always been the 

focus of pricing methods. For example, Chi et al. proposed a fairness-aware pricing model to increase 

the profitability of cloud infrastructure providers [14]. They offered lower prices to the customers 

whose requested resources can be allocated easily to encourage them to use cloud services more. 

Using algorithms from financial option theory, Sharma et al. proposed a pricing architecture for cloud 

services. A general formula, called compound-Moores law, was proposed for computing the price 

based on parameters such as resources’ characteristics, inflation rate, and depreciation. They also 

used a genetic algorithm and fuzzy logic-based approach to measure the amount of potential loss of 

cloud providers [15]. 

The law of supply and demand in marketing is another basis for determining cloud service 

prices. Cong et al. proposed a dynamic model that determines the price for cloud services according 

to the real supply and demand relationship. They used a closed loop control mechanisms to 

dynamically adjust the price for cloud services. They also considered penalties for service level 

agreement violation by the provider and rewards for users who are not sensitive to delay [5]. In 

similar research presented in [16], authors also proposed a value-based pricing solution that uses a 

hedonic regression model to estimate how much a customer is willing to pay for the cloud service. 

The amount of energy consumed is another important factor that has been considered recently 

in pricing methods for both achieving a more fair price and making computation more green [13,17]. 

For example, Qui et al. [17] have presented a greedy-based pricing solution to reducing cloud energy 

consumption and moving towards Green cloud computing. They showed that the price of resources 

should be proportional to their energy consumption. 

Several dynamic pricing models have been conducted based on game theory [18–22,37]. In [18], 

authors suggest a framework for the cloud computing market to make the market uniform and 

competitive, whereby users can purchase resources from different companies and flexibly exchange 

their idle resources. Then, a static Game-based pricing method is proposed to mathematically model 

the pricing problem and develop an optimal strategy for the user and cloud provider. 

In a study of price competition in a diverse cloud market, the authors examined the rivalry 

between cloud service providers (CSPs) and cloud users [19]. They devised a two-stage non-

cooperative game, where CSPs established prices to maximize their revenue in the first stage. By 

utilizing an iterative algorithm, they obtained Nash equilibrium prices and analyzed the convergence 

properties. In the second stage, cloud users opted for services based on both performance and price, 

employing an evolutionary game approach. The result demonstrated that the rate of arrival or 

resource capacity had a more substantial impact on the CSP side, influencing equilibrium prices and 

utilities, as opposed to the cloud user side, which affected user cost and arrival rates. 

In [23], a framework was introduced that acts as an intermediary between multiple cloud 

platforms to facilitate the processing of large-scale data streams. This framework offers cloud services 

for streaming big data processing to users. The process includes renting computer resources from 

various cloud services and providing users with different service interfaces. To enhance revenue and 

mitigate risk, a Pricing-Repurchasing strategy is developed, which entails entering into long-term 

rental contracts with users. The Pricing-Repurchasing problem was mathematically formulated as a 

two-stage leader-follower game (Stackelberg), and the equilibrium was thoroughly analyzed. The 

simulations were conducted to evaluate the effectiveness of the pricing strategy, demonstrating that 

it generates more revenue for the intermediary compared to other approaches. 

Authors in [20], formulated the problem of setting prices for cloud web services with a 

collaborative game theory approach. They concluded that cloud platforms can co-exist if they adopt 

the same type of pricing strategy. 

In [24], the authors explored the issue of maximizing revenue in the context of Software as a 

Service (SaaS) and IaaS providers. They depicted this issue by viewing it as a Stackelberg game and 

examining the presence and uniqueness of the game equilibrium. Furthermore, the examination of 

the influence of resource prices on the users' desire to utilize the service was conducted, and a 

dynamic pricing strategy was proposed to maximize the revenue for both SaaS and IaaS providers. 

By conducting simulations, the results demonstrate that the proposed strategy surpasses fixed 
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pricing and auction-based pricing mechanisms in terms of revenue maximization and resource 

utilization. 

Yeet al. put forward a pricing strategy that is equitable for cloudlet resources to strike a balance 

between the interests of Cloudlet Infrastructure Providers (CIPs) and enhance overall profits [25]. 

They introduced a model based on game theory that takes into account the initial quotes, idle resource 

rates of CIPs, and the overall profit of the Cloudlet Federation (CLF). The strategy for adjusting prices 

takes into consideration demand-side psychology and the rate at which the game process converges. 

The research demonstrates the existence of a solution that achieves Nash equilibrium and introduces 

an algorithm, known as the game pricing approach based on selection times, to solve the model. The 

results indicate significant improvements in total profit (more than 20%) and resource utilization 

(over 50%) when compared to existing methods. 

A study in cloud manufacturing examined three resource-sharing strategies: independence, 

alliance, and cooperation with a cloud platform operator [26]. The study analyzed the impact of these 

strategies on meeting client requirements. The results, modeled as a two-stage Stackelberg game, 

demonstrated that an alliance among suppliers resulted in lower system profit compared to 

independent sharing. This was in contrast to the preferences of the platform operator. The analysis 

also highlighted the complexities involved in task and profit allocation when multiple suppliers were 

involved. Suppliers with lower prices had the advantage in tasks and profits, based on varying 

marginal prices. These findings guide suppliers in choosing appropriate resource-sharing strategies 

in cloud manufacturing. 

In [27], a hybrid approach is used to optimize fair prices of resources through stock market-

based technical analysis and maximize resource utilization using Stackelberg output volume in a 

cloud service provider pool. The experiment incorporates three price rebalancing methods: 

exponential moving average, pivot point analysis, and relative strength index. The proposed 

approach ensures higher revenues and improved utilization rates for service providers, while 

subscribers benefit from fair prices and enhanced resource availability. Overall, this solution benefits 

both service providers and subscribers by optimizing revenue, and resource utilization, and ensuring 

fair pricing and resource availability. 

As mentioned above, cloud pricing policies can be categorized as fixed and dynamic ones. In 

fixed methods, the price cannot be well adapted based on the supply and demand of the cloud 

market. Therefore, lower economic profit and customer satisfaction are expected for fixed pricing 

strategies in compared to dynamic ones. In this paper, a dynamic game-based pricing method is 

proposed to make the estimated price fairer and increase the provider’s profit and customer 

satisfaction. The proposed method is modeled using a dynamic game framework. The game is 

defined between the provider and the user. The effect of other cloud providers and market conditions 

is seen as the relation of supply and demand in the proposed method. To achieve a near to fair price, 

the proposed method considers a comprehensive set of factors influencing price such as energy 

consumption, the amount and duration of resource usage, depreciation, and maintenance costs. 

Furthermore, virtual machines' performance interference effects and failure probability of cloud 

resources are incorporated into the proposed pricing method as two new influencing factors. 

3. System model 

The system model adopted in this study is introduced in this section. This study aims to propose 

a game-based pricing model; by using it, a cloud provider can set a fair price for their services and 

increase its economic profits while attracting customers. The cloud environment consists of m 

physical machines (ሼPMଵ, PMଶ, … , PM୫ሽ) that each one can execute multiple virtual machines. The 

system model also includes a resource broker for the cloud environment. This component is 

responsible for managing resources and acts as an intermediary between the cloud user and the cloud 

provider. The cloud broker component receives the user request which includes the amount of 

resources required, the volume of the task (expressed in million instructions), the deadline of the task, 

and also the amount of total budget the user can spend. Therefore, a user request can be described 

by the following Quadruple. 
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𝑈𝑠𝑒𝑟_𝑅𝑒𝑞𝑢𝑒𝑠𝑡 = (𝑁𝑢𝑚_𝑜𝑓_𝐶𝑜𝑚𝑝𝑢𝑡𝑖𝑛𝑔_𝐸𝑙𝑒𝑚𝑒𝑛𝑡𝑠, 𝑇𝑎𝑠𝑘_𝑣𝑜𝑙𝑢𝑚𝑒, 𝐷𝑒𝑎𝑑𝑙𝑖𝑛𝑒, 𝐵𝑢𝑑𝑔𝑒𝑡) 

The cloud broker finds the equilibrium of the game between players and allocates the proper 

virtual machine with a fair price to the user’s request. The general model of the system is shown in 

Figure 1. 

 

Figure 1. The architecture of cloud computing system. 

4. The proposed game-based pricing method 

As mentioned before, the proposed pricing method is formulated using a dynamic game. The 

details of the proposed pricing method are described in this section by introducing the game model, 

the game’s player and their action space, and the game’s payoff functions. It describes how the game 

tree (extensive form) is constructed by the cloud broker and how a proper virtual machine with a fair 

price is allocated to the user by finding the Nash equilibrium of the game. 

4.1. The game’s components 

The game consists of two players. The first player is the user and the second player is the cloud 

service provider. The possible actions (action set) for each player are defined as follows: The first 

player can select between different 𝑛  virtual machines that are offered by the provider 

(ሼ𝑉𝑀ଵ, 𝑉𝑀ଶ, … , 𝑉𝑀௡ሽ). Each virtual machine offered will have its price, the action set of the second 

player is the interval ሾ0, 𝑃଴ሿ where 𝑃଴ is the maximum price that the user is willing to pay for the 

service. The user decides such that he/she can get the required quality of service at the lowest cost. 

However, the cloud provider chooses the proper price such that it can maximize its profit. Therefore, 

the utility (payoff) functions of the players can be defined as follows: 

Definition 1: The utility of the Cloud Provider (CP) corresponding to action 𝑃௜ of the cloud 

provider and action 𝑉𝑀௝ of the user is computed based on the equation 1: 𝜋௖௣൫𝑉𝑀௝  , 𝑃௜൯ = 𝑃 − (𝐹𝑃 × 𝑃)      (1) 

Where parameter 𝐹𝑃 indicates the probability that the user’s task faces a failure during its 

execution and doesn’t complete successfully; parameter 𝑃  is calculated based on the following 

equations: 𝑃 = ቀ𝑟𝑞 + ொ೔ொబቁ × 𝑃௜𝑇𝑊       (2) 

𝑄௜ = 𝛼 𝑃௜ + 𝛽        (3) 𝑊 =  𝑤ଵ ோ௘௤௨௘௦௧௘ௗ_௉௥௢௖௘௦௦௜௡௚_௣௢௪௘௥஽௘௙௔௨௟௧_௉௥௢௖௘௦௦௜௡௚_௉௢௪௘௥ + 𝑤ଶ ோ௘௤௨௘௦௧௘ௗ_ெ௘௠௢௥௬_௦௜௭௘஽௘௙௔௨௟௧_ெ௘௠௢௥௬_௦௜௭௘   (4) 

Where parameter 𝑄௜ in equation 3 indicates the number of users requesting the service at the 

price 𝑃௜ and 𝑄଴ represents the maximum market demand (in terms of customer number) for the 

cloud services at the price of zero (Figure 2 shows the relationship between demand and price). When 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 25 December 2023                   doi:10.20944/preprints202312.1386.v2

https://doi.org/10.20944/preprints202312.1386.v2


 6 

 

the number of users applying for cloud resources is high, the cloud provider can also raise the bid 

price. Conversely, when the number of applicants decreases, the price should also be lowered to 

attract more customers [15]. The 𝑄௜ parameter is considered for this purpose and is calculated using 

equation 3. The value of 𝛼, 𝛽, and 𝑄଴ parameters can be determined by studying the demand and 

supply relationship for the cloud services in the market. It should be noted that the value of 𝛼 

parameter is less than zero (𝛼 < 0). The 𝑟𝑞 parameter is a coefficient to make a difference in the cost 

of using expensive hardware over the low-cost one. Parameter 𝑇  indicates the duration of the 

resource usage. The longer the resource usage duration is, the higher the cost of using the resource 

would be. The 𝑃௜ parameter specifies the price for a virtual machine with default processing power 

and memory amount. If the user requests a virtual machine with different processing power or 

memory amounts, the price of the virtual machine should be adjusted according to the amount of 

resources consumed. This adjustment is done by the use of parameter  𝑊 . The value of the 𝑊 

parameter is calculated based on the equation 4. This parameter helps to set the price based on the 

amount of resources consumed. The more requested resources will cost more. The 𝑤ଵ  and 𝑤ଶ 

parameters represent the weight of two memory and the processing element resources in the final 

price of the virtual machine and can be set by the cloud provider. 

 

Figure 2. The relationship between price and demand. 

Definition 2: The utility of the user (customer) corresponding to action 𝑃௜ of the cloud provider 

and action 𝑉𝑀௝ of the user himself/herself is computed based on equation 5: 𝜋௨൫𝑉𝑀௝  , 𝑃௜൯ = 𝐵𝑢𝑑𝑔𝑒𝑡 − 𝐶      (5) 

Where the 𝐵𝑢𝑑𝑔𝑒𝑡 parameter indicates the money that is available to the user and parameter 𝐶 

represents all costs required to provide the service (the user’s final payment amount). The 𝐶 

parameter is computed based on the following equation: 𝐶 = 𝜋௖௣൫𝑉𝑀௝  , 𝑃௜൯ + 𝐸௝       (6) 

Parameter 𝐸௝ indicates the expenses corresponding to the energy consumed by virtual machine 𝑗 (𝑉𝑀௝) for performing the user’s job. This parameter is calculated based on the equation 7: 𝐸௝ = 𝑃𝑜𝑤𝑒𝑟௝ × 𝑇 × 𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦_𝐶𝑜𝑠𝑡     (7) 

Where 𝑃𝑜𝑤𝑒𝑟௝ shows the power consumption rate of the machine 𝑗. 

4.2. Constructing the game tree 

As mentioned before, the proposed game involves one decision step for each player. Therefore, 

the game has a tree of depth 2. The root is a decision node for the user that each branch leading away 

from it, represents a possible action that could be taken by the user. At this decision node, the user 
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should select a virtual machine among different candidate virtual machines offered by the cloud 

provider. It is assumed that the cloud would offer one virtual machine on each physical machine if it 

is possible (for example, if enough resources are available on that physical machine to create the 

requested virtual machine). The nodes placed at depth one are the decision nodes for the cloud 

provider. Each node corresponds to a situation in which the provider should decide on the price (𝑃௜) 
of the offered virtual machine. The structure of the game tree is shown in Figure 3. Constructing the 

extensive form (tree) of the proposed game would consist of two main steps. The first step is to form 

the action set of the first player (user) by finding the candidate virtual machines. The second step is 

to determine the possible actions of the provider and finally the expected payoffs for the two players. 

 

Figure 3. The tree of the proposed game. 

4.2.1. Step one: finding the candidate virtual machines 

In the process of constructing the game tree, the proposed method checks each physical machine 

whether it is possible to create the requested virtual machine of the user on it. This checking is 

necessary to constitute the action set of the first player (user). Creation of the requested virtual 

machine might not be possible on all physical machines due to the lack of available resources or the 

adverse effect of other virtual machines on the performance. Different virtual machines running 

simultaneously on the same physical machine can adversely affect the performance of each other due 

to the shared use of resources [36]. To have a good resource allocation, increase system efficiency, 

and also offer a fairer price considering such effects would be beneficial. In cases where multiple 

virtual machines placed on the same physical machine are responsible for executing programs with 

high consumption of a particular resource, such as CPU and memory, these effects would be more 

serious [28]. In such cases, the over-utilized resource could become a bottleneck or a breakpoint for 

the system and eventually lead to service degradation. As studied and reported in [29], the 

completion time of a processor- or memory-intensive task can be double or even worse if another 

processor- or memory-intensive task use simultaneously the same physical resource. Using the 

findings of [29], the proposed method considers these conflicts and leaves the physical machines that 

cannot execute the user’s task promptly out of the tree construction process. Furthermore, physical 

machines that don’t have enough available resources would be also excluded from the tree 

construction process. 

4.2.2. Step two: Constructing the cloud provider’s sub-games 

At this step, the proposed method constructs the second depth of the game tree. The resource 

broker (which is responsible for constructing and solving the game) computes the provider’s payoff 

for choosing different prices in each decision point based on equation 1. As an increase in the price 

leads to a lower demand for the resource, choosing higher prices doesn't necessarily mean more profit 

for the cloud provider. 
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According to equation 1, for computing the benefit of each action for the provider, the penalty 

corresponding to each action must also be calculated. The proposed approach considers this penalty 

for cloud providers due to the probability of unsuccessful execution of the user’s task and SLA 

violation. Considering this probability leads to better resource allocation since the provider tends to 

improve its profit. Execution of users’ tasks may fail due to various reasons, such as resource 

breakdown and system overload [32]. In the event of an error or a malfunction, the provider should 

be obliged to compensate the user for violating the service level agreement. To reduce the amount of 

penalty paid by the provider, the proposed method uses a failure probability model presented in [33]. 

This model helps to predict the failure probability of a task execution on a physical machine with a 

high accuracy (up to 90%). 

In addition, the cost of energy amount needed to be consumed for executing the user’s task on 

each virtual machine is estimated at this step (according to the model in equation 7). Because large-

scale computing systems such as clouds have high energy consumption rates, a significant portion of 

their operating costs are related to paying electricity bills [30,31]. Given that high energy consumption 

imposes high expenses on the cloud providers, the proposed model considers energy consumption 

as an effective factor in resource allocation and pricing mechanisms. 

4.3. Finding the sub-game perfect Nash equilibrium of the game 

To solve the game and find the sub-game perfect Nash equilibrium, the backward induction 

method is used. First, the lower level (provider level) sub-games are solved. It should be determined 

which actions the provider (final mover) should take in each possible circumstance to maximize its 

profit. Second, the upper level (user level) sub-game should be solved. By solving this sub-game the 

Nash equilibrium actions for both players would be determined. 

Lower-level sub-games: in each of these sub-games, the optimal price for the corresponding 

candidate virtual machine should be determined so that the cloud provider’s profit is maximized. 

Therefore, the derivative of the provider’s payoff function concerning variable 𝑃௜ should be found. 

This derivative is set equal to zero and the equation is solved for 𝑃௜. First, the extended form of the 

provider’s payoff function is written as follows: 

𝜋௖௣൫𝑉𝑀௝ , 𝑃௜൯ = ቆ𝑟𝑞 𝑃௜𝑇𝑊 + 𝛼𝑃௜ଶ𝑇𝑊 + 𝛽𝑃௜𝑇𝑊𝑄଴ ቇ− ቆ𝐹𝑃𝑟𝑞𝑃௜𝑇𝑊 + 𝐹𝑃𝛼𝑃௜ଶ𝑇𝑊 + 𝐹𝑃𝛽𝑃௜𝑇𝑊𝑄଴ ቇ 

Now: 𝜕𝜋௖௣൫𝑉𝑀௝  , 𝑃௜൯𝜕𝑃௜ = 0  ⇒ 

൬𝑟𝑞 𝑇𝑊 + 2 𝛼 𝑃௜𝑇𝑊 + 𝛽𝑇𝑊𝑄଴ ൰ − ൬𝐹𝑃𝑟𝑞𝑇𝑊 + 2 𝐹𝑃𝛼𝑃௜𝑇𝑊 + 𝐹𝑃𝛽𝑇𝑊𝑄଴ ൰ = 0 

Therefore, the optimal price in each possible circumstance can be finally calculated as follows: 

𝑃∗ = 𝑄଴𝑟𝑞 + 𝛽−2 𝛼  

Upper-level sub-game: after determining the best response of the second player (𝑃∗) to the user’s 

actions in the lower-level sub-games, now, the upper-level sub-game can be solved. At this step, the 

best response of the user to the cloud provider’s action would be also determined. Knowing the price 

selected by the provider for each candidate virtual machine, the resource broker can calculate the 

amount of the user’s profit for each action and choose the most proper virtual machine for the user. 

For calculating the user’s profit, equations 5, 6, and 7 are employed by the resource broker. Therefore, 

the best response of the user to action 𝑃∗ of the provider can be determined as follows: 
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𝑉𝑀∗ = Argmax௏ெೕ 𝜋௨൫𝑉𝑀௝  , 𝑃∗൯ 

The action pair (𝑉𝑀∗, 𝑃∗) is a Nash equilibrium because both players’ action is the best response 

to each other. 

5. Results 

In order to evaluate the performance of the proposed pricing model, it has been compared with 

the methods offered by Chi et al [14] and Dabbagh et al [34]. The proposed model was implemented 

by using the NetBeans integrated development environment and the CloudSim 4.0 [35] simulator. In 

the simulation, the cloud provider has several physical machines with various hardware 

characteristics. One hundred user requests have been considered to be submitted to the system 

through the simulation period. The implementation parameters are considered the same as shown in 

Table 1. 

Table 1. Implementation Parameters. 

Value Definition Parameter 

(Symbol) 

1 Number of Cloud providers 𝑛𝑢𝑚௣௥௢௩௜ௗ௘௥௦  
100 Number of Users’ requests 𝑛𝑢𝑚௨௦௘௥௦ 

5 Number of physical machines 𝑛𝑢𝑚ு௢௦௧௦ 
1 Number of requests each user submit 𝑛𝑢𝑚௥௘௤௨௘௦௧௦ 

High Speed = 0.5 

Medium Speed = 0.3 

Low speed = 0.1 

Resource quality coefficient for various 

machine categories 𝑟𝑞 𝟖 ~ 𝟏𝟐𝟖 GB The physical machine's RAM memory 𝑅𝐴𝑀 𝟏𝟔 ~ 𝟐𝟓𝟔 Number of processing elements 𝐶𝑃𝑈 𝟏𝟎$ 

(per one simulation time 

unit) 
Price for each processing element 𝑃𝑟𝑖𝑐𝑒஼௉௎ 𝟏𝟎$ 

(per one simulation time 

unit) 

Price for each 256 MB RAM memory 𝑃𝑟𝑖𝑐𝑒ோ஺ெ 

50 Time slot Simulation run time 𝑇𝑖𝑚𝑒_𝑆𝑙𝑜𝑡 𝟕𝟎~ 𝟑𝟎𝟎 W 
The power consumption rate of the 

physical machine 
𝑃𝑜𝑤𝑒𝑟௉ெ 

Each physical machine is a powerful server that consists of several computing elements. 

Therefore, multiple virtual machines can be assigned to one physical machine simultaneously. 

Physical machines are considered to be heterogeneous and thus have different resource 

characteristics as can be seen from Table 1. The resource broker that is responsible for building the 

game tree and solving it, has full information about the physical machines and their characteristics. 

The broker has also a list of the available resources on each physical machine which is updated 

continually. Having such information helps the broker determine all the candidate virtual machines. 

An example of a user’s request is shown in Table 2. It should be noted that all the considered 100 user 

requests are not necessary to be submitted to the system through the simulation period. In fact, a 

number of the requests that are submitted to the system follow a simple linear supply and demand 

model. 
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Table 2. A user request example. 

Value Definition Request fields 

63 Unique identifier for each request Request ID 

8 
Number of processing elements requested by the 

user 
Required PE 

2 GB Storage space requested by the user Required RAM 
1 CPU-intensive (1) or Memory-intensive (2) Request type 
9 

(simulation 

time) 

The time that the request is submitted to the 

system 
Submit time 

35 

(simulation 

time) 

The time spent by the system executing the task Execution time 𝟐𝟓𝟎$ Total money that can be spent on executing the job User budget 

5.1. Evaluation of the proposed method in terms of users’ profit 

Users' profits are defined as the amount of money left over from their budget after their request 

is met by the system. To have a fairer evaluation, the average amount is reported in Figure 4. Since 

the number of users who submit their requests to the system can be different based on the supply 

and demand model as well as the pricing method applied, the average amount of profit per user 

would be a better comparison criterion. It is calculated based on the following equation: 𝑃𝑟𝑜𝑓𝑖𝑡௨௦௘௥௦ = ଵ௡ ∑ 𝐵𝑢𝑑𝑔𝑒𝑡௜ − (𝜋௖௣(𝑉𝑀௜∗ , 𝑃௜∗ ) + 𝐸௏ெ೔∗௡௜ୀଵ )     (8) 

Where 𝑛 indicates the total number of requests submitted to the system and fulfilled during the 

simulation time. The other parameters are described in the previous sections. 

 

Figure 4. Comparison of the proposed method with related ones from the viewpoint of average profit 

per user. 

As can be seen, the average amount of profits users gain by the proposed approach and the 

method proposed by Chi et al are the same. However, with this difference based on the demand and 

supply model employed, the total number of requests submitted to the system during the simulation 

period is 94, 98, and 85 for the proposed method, the approaches proposed by Chi et al. and Dabbagh 

et al. respectively. It should also be noted that 93, 86, and 85 requests from the submitted ones have 

been fulfilled during the simulation period respectively. 

Since most of the focus in the method proposed by Chi et al. has been on increasing the 

profitability of the users, they have made significant strides in this direction as can be seen in Figure 

4. Their method usually offers the lowest price per time unit for the virtual machines; however, 

considering the conflicts between virtual machines and heterogeneity in resources by the proposed 
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method, results in better mapping of the jobs and thus usually lower execution time. This is why the 

final cost for users is reduced in the proposed method and the users experience almost the same profit 

in the proposed method and the one proposed by Chi et al. 

5.2. Evaluation of the proposed method in terms of provider’s profit 

Considering conflicts between virtual machines, heterogeneity in resources, and energy 

consumption costs, helps the broker reduce the operational costs of the cloud provider and increase 

the success rate in performing users’ requests. As stated in the previous section, the broker takes these 

parameters into account when constructing the game tree and calculating the players’ utility for each 

possible action. Paying attention to various aspects when assigning users’ requests to virtual 

machines and offering a price for that virtual machine not only can increase the cloud provider’s 

revenue but also its profit. The total revenue of the provider is calculated by the following formula: 𝑅𝑒𝑣𝑒𝑛𝑢𝑒௖௣ = ∑ (𝜋௖௣(𝑉𝑀௜∗ , 𝑃௜∗ ) −௡௜ୀଵ 𝑃𝑒𝑛𝑎𝑙𝑡𝑦௜)   (9) 

Where 𝑛 indicates the total number of requests submitted to the system and fulfilled during the 

simulation time. The cloud provider’s utility (𝜋௖௣) is calculated based on equation 1 and 𝑃𝑒𝑛𝑎𝑙𝑡𝑦௜ 
represents the financial penalty paid by the cloud for the 𝑖௧௛   request if it fails to perform 

successfully. It is assumed that in case of violating SLA, the provider must refund the total funds 

received to the user. Since the operating costs of the system can be changed with different policies for 

mapping and executing requests, the profit of the provider is also calculated by reducing the expenses 

from revenue (equation 10). 𝑃𝑟𝑜𝑓𝑖𝑡௖௣ = ∑ (𝜋௖௣(𝑉𝑀௜∗ , 𝑃௜∗ ) −௡௜ୀଵ 𝑃𝑒𝑛𝑎𝑙𝑡𝑦௜ − 𝐸௜)   (10) 

Where parameter 𝐸௜  indicates the expenses corresponding to the energy consumed for 

performing the 𝑖௧௛  request and calculated based on equation 7. Figures 5 and 6 shows the 

performance of the proposed approach in comparison to the other methods from the viewpoints of 

the provider’s total revenue and profit. 

 

Figure 5. Comparison of the proposed method with related methods from the viewpoint of the 

provider’s total revenue. 
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Figure 6. Comparison of the proposed method with related methods from the viewpoint of the 

provider’s total profit. 

As can be seen in Figure 6, the proposed method is more successful in performing users’ requests 

with lower energy consumption. The mapping obtained from the Nash equilibrium point results in 

reduced energy consumption and sometimes reduced response time to user requests. This leads to 

more profit for the cloud provider. 

5.3. Comparing the number of submitted and unanswered requests 

The proposed method has offered a higher price to the users than the method presented in [14] 

and a lower price than the method presented in [34]. As a result, the number of requests submitted 

to the system during the simulation period must be a number between the input loads for the other 

two methods. Considering operational costs in utility functions of the players could be the reason 

behind this higher price. On the other hand, considering the heterogeneity of hardware resources and 

conflicts between virtual machines in constructing the game tree, lead to better job mappings and 

thus resource utilization. Nash equilibrium strategy helps the cloud provider to make the optimal 

decision in choosing the right virtual machine for the user request and provide it to the user at a 

reasonable price. Assigning efficient virtual machines to user requests has resulted in more requests 

being submitted to the system being answered within the simulation interval. Figure 7 shows the 

total number of submitted and the total number of answered requests during the simulation interval. 

As it can be seen, the proposed method has the highest number of answered requests in compared to 

the other competitive methods. 

 

Figure 7. Comparison of the proposed method with related methods from the viewpoint of the 

number of users’ requests that can be met. 
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5.4. Comparison under different system loads 

A good pricing algorithm should perform well in different system loads. The algorithm must 

respond appropriately to the decreases and increases in demand. To simulate various system loads, 

the number of requests that should be submitted during the simulation period is considered different 

in different simulation runs. Figures 8 and 9 show the average user profit and total profit of the cloud 

provider under different system loads, respectively. 

 

Figure 8. Comparison of the proposed method with related methods under different system loads 

from the viewpoint of average user’s profit. 

 

Figure 9. Comparison of the proposed method with related methods under different system loads 

from the viewpoint of the provider’s total profit. 

As can be seen, the performance of the proposed method is better than the two other methods 

in terms of both average user profit and total provider profit for different loads. The superiority of 

the proposed method in lighter loads compared to other competitors is also more evident. The reason 

for this behavior is that in a light workload, the options ahead to allocate the appropriate resource to 

a request are more and the maneuverability of the proposed method is higher. Since the proposed 

method has a more comprehensive view of the factors influencing the finding of a good resource and 

its appropriate price, compared to the other two methods, increasing the number of options ahead 

will naturally lead to better performance as expected. 
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6. Conclusions 

Since the advent of clouds, choosing the right price for the services offered by this large-scale 

computing system has been a challenge. Considering all the various factors such as supply and 

demand, operating costs such as electricity bills, the possibility of a resource failure and the resulting 

financial and operational losses, and heterogeneity of resources in terms of the ability to execute 

different programs in a comprehensive pricing model is an issue that is less common in the past 

related work. 

In this paper, a game theory-based approach is proposed that provides a formal framework for 

considering different effective factors in solving resource allocation and pricing problems. The 

proposed approach models these problems in the form of a dynamic game between cloud user and 

provider. Since it is ultimately the user who decides whether or not to rent a resource from the cloud, 

we consider the user as the leader of the game and the player who has priority in the decision. Various 

factors have been tried to be considered in the players' profit functions to help bring the model closer 

to the real situation. The game tree is constructed and solved by the resource broker who is 

responsible for the resource allocation and management processes. The simulation results show the 

superiority of the proposed method in reducing the operating costs for the cloud provider despite 

providing a reasonable price for renting resources by users compared to previous related methods. 
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