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Abstract
Background and Objective: Previous works on pricing in cloud computing environments assumed cloud servers are homogeneous. The
assumption of homogeneous servers was not realistic and cannot accurately model practical deployment scenarios of cloud servers since
cloud providers deploy heterogeneous servers with different service rates and capacities. The objective of this study was to model a
pricing scheme for heterogeneous cloud computing servers based on response time and slowdown. Methodology: To overcome the
above challenge, this study proposed a pricing model for heterogeneous multiserver cloud computing system. Heterogeneous multiserver
cloud computing systems had different capacities in terms of service rate and processing power. The proposed pricing mechanism was
charged based on mean response time and mean slowdown. Mean slowdown was introduced as a performance metric because it was
representative of the size of all requests in the system unlike mean response time used in previous studies which was representative of
the size of requests which were larger in size and not representative of all requests. Queueing theory was employed to derive expressions
for revenue in terms of mean response time and mean slowdown. The performance of the heterogeneous multiserver system was
compared to homogeneous system using MATLAB. Results: Numerical results showed that heterogeneous multiserver system
generated more revenue than homogeneous multiserver system especially at high load and high arrival rate values for both pricing
mechanisms based on response time and slowdown. It was further observed that more revenue generated when mean slowdown
was used as a charging metric than when mean response time was used, especially at high load values and high arrival rates.
Conclusion: Heterogeneous multiserver system generated more revenue than homogeneous multiserver system. In addition, mean
slowdown generated more revenue when used as a charging metric than mean response time.
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A service provider can build different multiserver systems

INTRODUCTION

for different applications domains, such that service requests
Cloud computing has emerged as a vital practice for the

of different nature were sent to different multiserver systems15.

online provisioning of computing resources as services1,2. This

Each multiserver system contains multiple servers that can be

technology allows scalable on demand sharing of resources

devoted to serve one type of service request and application.

and costs among a large number of end users. Cloud

The configuration of a multiserver system was characterized

computing enables end users to process, manage and store

by two basic features, i.e., the size of the multiserver system

data efficiently at very high speeds at reasonable prices.

(the number of servers) and the speed of the multiserver
system (execution speed of the servers).

A majority of technology experts expect that by 2020
most people will access software applications online and share

Pricing is a critical factor for organizations offering

and access information through the use of remote server

services or products16. Customer behavior, loyalty to a provider

networks using the cloud, rather than depending primarily on

and the organizationʼs success was normally affected by how

tools and information housed on their individual personal

the price was set. Pricing is the process of determining what
a service provider will receive from an end user in exchange

3

computers .

for their services. According to Weinhardt et al.17 cloud

Cloud computing providers offer many services to their
including infrastructure as a service (IaaS),

computing success can be obtained only by developing

platform as a service (PaaS), software as a service (SaaS),

adequate pricing techniques. Therefore, developing an

storage as a service (STaaS), security as a service (SECaaS), test

appropriate pricing model will help achieve higher revenues.

customers,

Existing studies on pricing in cloud computing

4

environment as a service (TEaaS), etc .
In cloud computing, computing infrastructure and

environments assume cloud servers are homogeneous15,18,19.

services should always be available on computing servers

Homogeneous cloud computing servers consists of same

(which are distributed among all continents) to enable

storage capacity, processing power, energy supply and same

companies access their business services and applications

service rate. However, the real case scenario of cloud server
systems was not represented by homogeneous servers. Cloud

5

anywhere in the world whenever they need to .
Many definitions have been presented for cloud

server systems consist of heterogeneous servers with different

computing6,7. According to the University of California at

service rates20. The need for increased heterogeneity in the

Berkeley, “Cloud computing refers to both the applications

computing systems was partially as the need for high-

delivered as services over the internet and the hardware and

performance, highly reactive systems that interact with other

systems software in the data centers that provide those

environments too21. Therefore, the motivation for developing

services”8. Cloud computing comes from the use of a cloud-

pricing models for heterogeneous multiserver systems stems

shaped symbol as an abstraction for the complex

from the fact that pricing models based on homogeneous

infrastructure it contains in system diagrams

9,10

multiserver systems cannot accurately represent current

.

deployment scenarios of cloud servers that deploy servers

One attractive cloud computing environment is a three-

with different service rates and capacities.

tier structure, which consists of infrastructure vendors, service
providers and customers . An infrastructure vendor maintains

Relatedly several researches based on mean response

basic hardware and software facilities12. A service provider

time to charge in cloud computing16,17,19 however, mean

rents resources from the infrastructure vendors and provides

response time tends to represent the performance of just a

various services to customers. A customer submits a service

few big requests since they count the most in the mean

request to a service provider receives the desired result from

because their response times tend to be highest22. In other

the service provider with certain service level agreement and

words an improvement in mean response time could imply

pays for the service based on the amount of the service and

the performance of a few big requests has improved. Mean

the quality of the service.

response time was the total time a request spends in the

11

system and this includes, waiting time in the queue and

Basically, a service level agreement (SLA) represents an

service time23.

agreement between a customer and a provider to receive a
particular service provision13. SLAs contain quality of service

Other parameters that could be used to charge in cloud

(QoS) parameters that must be maintained by a provider (e.g.

computing was mean slowdown24. Mean slowdown is the

response time, bandwidth, storage, reliability, deadline,

ratio of mean response time to the size of the request25. The
advantages of mean slowdown over mean response time is

14

throughput, delay and cost) .
33
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that it is more representative of the performance of a larger
fraction of requests. Secondly, mean slowdown ensures that
a requestʼs mean response time is correlated to its size.
Wang et al.26 developed two distributed algorithms for
the net profit optimization, net profit optimization for divisible
jobs (NPOD) and net profit optimization for indivisible jobs
(NPOI). An indivisible job is a job that cannot be interrupted,
while a divisible job is one that can be interrupted. The
authors proved via simulations that the two algorithms can
increase revenues and reduce electricity costs by comparing
it to the largest job first (LJF) algorithm. However, the authors
considered only static job arrivals and departures. In addition,
they assumed that the servers at all data centers were
homogenous, which does not depict the real cloud server
deployment scenarios. The disadvantage of homogeneous
multiserver system was that it exhibits increased execution
time for several tasks with overall reduction in performance.
Mihailescu and Teo27 introduced a dynamic pricing
scheme for federated clouds, in which resources were shared
among many cloud service providers. The authors carried out
simulations to determine the efficiency of this approach by
comparing it to a fixed pricing scheme. They found that
dynamic pricing achieved better average performance with
increasing buyer welfare and numbers of successful requests.
However, fixed pricing achieved better scalability in the case
of high demand in the market.
In an effort to maximize revenue, Feng et al.19 scheduled
the cloud resources among different service instances
adaptively based on the dynamically collected information. In
their study, each service instance, a virtual machine associated
with a user, is modeled as a FIFO (first in first out) M/M/1/FIFO
queue system. The authors proposed two customer-oriented
pricing mechanisms; mean response time (MRT) and instant
response time (IRT), in which the customers are charged
according to achieved service performance in terms of mean
response time. The optimal number of servers required to
maximize profit were obtained.
The pricing mechanism proposed by Cao et al.15 is as:

 m1 (m) j
(m)m 
Po   


m!(1  ) 
 j  0 j!

1

(2)

In a recent study, Cao et al.15 proposed an optimal
multiserver configuration for profit maximization in a cloud
computing environment. The authors assumed the
multiserver system to be homogeneous implying that the
servers are identical, in addition, mean response time was
used as the performance metric. However, homogeneous
multiserver system cannot capture the heterogeneity
exhibited by cloud servers28. Furthermore, profit maximization
based on mean response was representative of profit of
requests which were larger in size and not representative of all
requests. To overcome the above challenge, this study
proposed a revenue model which takes into consideration the
heterogeneity of the servers and charges according to
achieved service performance in terms of mean response time
or mean slowdown.
MATERIALS AND METHODS
This study used analytical methodology to evaluate the
performance of the proposed models. Analytical methodology
is a generic process combining the power of the scientific
method with the use of formal process to solve any type of
problem. An analytical model therefore is a set of
computational algorithms or formulae used to analyze
systems. Analytical models provide faster and more
computationally efficient methods of obtaining performance
measures.
In modeling revenue based on mean response time and
mean slowdown, queueing theory was used. Queueing
models are suitable in a variety of environments ranging from
common daily life scenarios to complex service and business
processes, operations research problems, or computer and
communication systems. Queueing theory has been
extensively applied to evaluate and improve system


1
(m)m

G  .  m 
.
Po 

m! (1  )2 

behavior19,15. Specifically, this study used the M/Mi/m/FCFS

(1)

queue system, where M represents Poisson arrival with
mean arrival rate (λ) per request with exponentially distributed
inter arrival times. Poisson distribution best models random

Where:
" = Service charge per unit amount of service
Po = As given in Eq. 2
m = Number of servers
D = Load in the system
Po = Probability

arrivals into systems. Poisson probability distribution23 is
given as:

P(x) 

34

 x e
x!

x  0, 1, 2,...

(3)
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Where:
x = Number of arrivals in a specific period of time
λ = Average, or expected number of arrivals for the specific
period of time
e = 2.71828

customers were always served by the fastest servers, i.e., when
k<m customers were present, servers 1, 2... k were used.
The study formalized the resource allocation problem by
considering various parameters such as pricing mechanisms,
arrival rates, service rates and available resources. The model
metric used was revenue. Revenue was the income generated.

Mi represents the service time for server i. The amount of
time dedicated to each request on each server is exponentially
distributed, with a service rate µi, where i = 1, 2, 3... m. The
number of parallel servers is m. The queue discipline for each
queue was first come first served. The server allocation policy
was fast server first (FSF). FSF policy is used to select which
server to be allocated a request whereas in each server,
requests were serviced using FCFS policy. The service intensity,
D is defined as the ratio of arrival rate to the service rate,
D = λ/µ. The last m represents the number of servers.

Revenue has been used in literature as a performance metric
to evaluate the performance of different pricing schemes15,18.
The revenue generated was expressed in terms of
performance parameters like task mean slowdown, i.e., the
ratio of the time taken to complete a task to the size of the
request, this includes task waiting time and task execution
time. The mean slowdown was the source of customer
satisfaction. A service provider should keep the mean
slowdown to a low level by providing enough servers and/or
increasing server speed and be willing to pay back to a
customer in case the mean slowdown exceeds certain limits.

System model: A cloud service provider serves userʼs requests

The promised mean slowdown to complete a service was

by using a multiserver system which was constructed and
maintained by an infrastructure vendor and rented by the
service provider. This study considers a heterogeneous
multiserver system where the service rate of each server was
different. Customers submit service requests to a service
provider and the service provider serves the requests by using
the multiserver system. Since the servers were heterogeneous,
the selection policy employed to select servers was fast server
first (FSF) and the scheduling policy in each server was FIFO.
The response time for each customer were determined and
mean slowdown calculated upon which the price was
charged.
This study considers a multiserver heterogeneous
queueing system in which the arrivals follow a Poisson process
with mean arrival rate 8 and exponentially distributed inter
arrival times. Poisson arrival rates were assumed since the
requests into the servers were random and memory less.
Memory loss was due to the fact that the arrival of the next
request does not depend on the arrival of the past requests.
The multiserver system maintains a queue with an infinite
capacity. The multiserver system was treated as an
M/Mi/m/FSF queueing system. The M/Mi/m/FSF queue model
was used to drive the mean revenue brought by a service
provision. There were m servers (i.e., blades/processors/cores)
with different service rates (measured by the number of
packets that can be executed per unit time) µm, (i = 1, 2... m)
for each of the m servers and the service times at each server
follows exponential distribution. Each request requires exactly
one server and the queue discipline was first come first
served (FCFS). This study also assumed that the servers were
ordered in decreasing service speed. This implies that the

expressed in the service level agreement. If the actual length
of a service was within the service level agreement, the service
could be fully charged. However, if the actual length of a
service exceeds the service level agreement, the service
charge could be zero. Therefore, longer length of service
implies that the service was not charged for. On the other
hand, the shorter the actual length of a service was, the
greater the service charge.
Derivation of revenue under heterogeneous multiserver
system in terms of response time: The heterogeneous
multiserver system consists of servers with different
capabilities in terms of general purpose processor, special
purpose processor, or a co-processor. The heterogeneous
multiserver system could be modeled using the M/Mi/m
queue system. In which case the first M denotes Markovian
and represents Poisson arrivals into systems, mi represents the
service rates for servers i = 1, 2... m. The service rates were
exponentially distributed and variable and depends on the
state i in which the system was. The allocation policy in the
system was fastest server first (FSF). The service rate is defined
as shown in Eq. 4:
0

µ1
µ1  µ2

µi  .
.

.

µ1  µ2  ...  µm
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i0
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i2

(4)
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Fig. 1: State transition diagram for M/mi/m queue system
In this case, µ1>µ2> ...µm. This implies µ1 is the fastest

Expression in Eq. 6, 7 and 8 can be generalized into:

server and µm is the slowest server. Equation 5 formulated in
two ways when the system contains less than m jobs, in which

Pm 

µi is a variable and when there are m or more jobs in the

m
.P0
µ1 (µ1  µ2 )(µ1  µ2  µ3 )...(m m )

(9)

system, in which case µi is a constant.
The state transition diagram for M/mi/m system is shown

Where:

in Fig. 1.
Define:

mm = µ1+µ2+µ3+.... +µm
 i
im
 µ j
j 1
mi  
m
m  µ i  m
j
 m 
j1


From Eq. 9, note that µ1 appears in all the denominators.
This implies that µ1 appears m times and thus has a great

(5)

influence on the probability. Similarly, the service rate µ2 has
the second largest weight on the probability and appears
(m-1) times, µm which is the slowest service rate appears
once.

When i = 1, the system was in state 1 and there was 1 job

The probability Pi to find i jobs in the system is as follows:

present in the system and only one server was processing the

If i<m:

work (this server assumed to be the fastest). When i = 2, the
system was in state 2 and there were 2 jobs present in the
system and two servers were processing the work (the two

Pi 

servers are assumed to be the fastest).

ik  i

Using the state transition diagram in Fig. 1, determine the

i
.P0
 k 
  µ j 
 j1 

probability of queueing (i.e. the probability that a newly
arriving service request must wait because all the servers were

And if i>m:

busy). Under the stable conditions:
µ1P1 = λP0 from which:
P1 

Pi 

P0
µ1

2
P0
µ1 (µ1  µ2 )

3
P0
µ1 (µ1  µ2 )(µ1  µ2  µ3 )

im

.P0


i
.P0
im

k
 i  µ  m


k
1
j
j



Pi  
 j1 
i


(
.P0 i  m
  mj 1 m j   m m im


(7)

(µ1+µ2+µ3) P3 = λP2 from which:

P3 

m j   mm 

(6)

(µ1+µ2) P2 = λP1 from which:

P2 



i

m
ji

Where:
j

m j   µk

(8)

k1
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and:
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m
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k1

Using the fact that all probabilities Pi must obey the
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Finally:

m 1
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i 0
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is necessary to find its expectation (Lq):

Lq 

Lq 

m



o

im



Po . m m  .m
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1
cj  1 µ j m m
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j1
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j1
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im
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.   i  m  i  m

(20)
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Let k = i-m:
Po . m m  .m
m

Substituting D into Eq. 13 leads to the following

Lq 

expression for Po:


m
  (m m )   i


m
   m  .  
  j1 j  i  m



(18)

i

im
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i
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i 0
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  i  m  .P
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In order to prevent the queue from growing indefinitely,

m 1

(17)

To find the average number in the queue or execution, it

the system utilization:
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m
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j1
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. .
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m
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is the size of the request. x can also be expressed as the
reciprocal of average service rate, 1/µ. Therefore, mean
slowdown is given as:

Using littleʼs law, the average task response time is:

T

Lq


Po . m m  .(m1)
m





m
j1

1
.
m j  .(1  ) 2 

(25)
Po .(m m ) m .(m1) 1
.
mj  1 m j  .(1  )2 

S=
1
µ

The mean revenue G brought by a service provision is
derived from Cao et al. 15 as:
 P . m m .(m1) 1 
G    om m
. 
   j  1 m j  .(1  ) 2  



Basing on pricing model in Cao et al.15, the mean revenue

(26)

G brought by a service provision is:

Where a is the service charge per unit amount of service
and Po is as given in Eq. 17. Derivation of revenue under
homogeneous multiserver system in terms of mean slowdown
In this section, the expression for revenue in terms of
mean slowdown was derived. Using the expression for the
average task response time given in Eq. 25 and the definition
of mean slowdown being the ratio of average task response
time to the size of the request, the expression for mean
slowdown can be given as !/x, where x is the size of the
request. x can also be expressed as the reciprocal of average
service rate, 1/µ. Therefore, mean slowdown is given as:

1
(m)m

.
Po 
 m 
m! (1  ) 2 

S=
1
µ

(29)

.
G=

Po .(m m )m .(m1) 1
.
 mj  1 m j .(1  )2 
1
µ

(30)

Where " is the price constant and Po is as given in Eq. 17.
The price constant is the service charge per unit amount of
service15. Next, the performance of the derived models was
evaluated.
RESULTS
The basic mathematical symbols and the evaluation

(27)

parameters that were used in this study were presented.
Table 1 shows the basic mathematical symbols used in the
analysis.
Table 2 shows the evaluation parameters used in the

Basing on pricing model in Cao et al.15, the mean revenue
G brought by a service provision is given as:
 1

(m) m

.
P
  m 
2 o
m!
(1
)




G = . 


1


µ



analysis. The number of servers has been fixed to 5 to ensure
that the total service rate for both homogeneous and
heterogeneous servers were the same and to ensure that
the difference in performance was not brought by the fact

(28)
Table 1: Basic mathematical symbols used in the analysis

Where:
a = Service charge per unit amount of service
Po = As given in Eq. 17

Parameter

Meaning

λ
"
µ
ρ
m

Mean arrival rate of requests
Service charge per unit amount of service
Mean service rate of requests
System utilization
Number of servers

Table 2: Evaluation parameters

Derivation of revenue under heterogeneous multiserver
system in terms of mean slowdown: In this section, the
expression for revenue under heterogeneous multiserver
system in terms of mean slowdown is derived. Using Eq. 25
and the definition of mean slowdown being the ratio of
average task response time to the size of the request, the
expression for mean slowdown can be given as !/x, where x
38

Parameter

Value

Servers in homogeneous multiserver system
Servers in heterogeneous multiserver system
Packet arrival rate

5
5
0-14 packets secG1

Service rate for homogeneous multiserver
Service rates for heterogeneous multiserver
Price constant for service instance, a
Total service rate for all servers

3 packets secG1
1, 2, 3, 4, 5 packets secG1
10 cents
15 packets secG1

Revenue ($)
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400
350
300
250
200
150
100
50
0

Comparison of homogeneous and heterogeneous

Homogeneous multiserver system
Heterogeneous multiserver system

0

0.1

0.2

0.3

0.4

0.5

multiserver systems in terms of load and arrival rate: In this

0.6

0.7

study, the variation of revenue with load and arrival rate for
homogeneous and heterogeneous multiserver systems were
investigated.
Figure 2 and 3 shows a graph of revenue as a function of
load and arrival rate for homogeneous and heterogeneous
multiserver systems. Equations 1 and 26 were used to plot the
graphs. It was observed that revenue increases with increase
in load as well arrival for both homogeneous and
heterogeneous multiserver systems. This was due to the fact
that as the load in the system increases, there was increased
number of requests to be processed and hence more revenue
generated. The reason for the increase in arrival rate is same as
discussed by load. It was further observed that homogeneous
multiserver system generates more revenue than
heterogeneous multiserver system for low load values less
than 0.5, however, for load values greater than 0.5 the
heterogeneous multiserver system generates more revenue
than homogeneous multiserver systems. The difference in
revenue was more pronounced at higher load values.
It was also observed that for low arrival rate values, the
revenue generated from homogeneous and heterogeneous
multiserver systems are almost the same, however, as the
arrival rate increases the revenue generated from
heterogeneous multiserver system was higher than revenue
generated from homogeneous multiserver system. The
difference in revenue was higher at higher arrival rate values.

0.8

Load ()

Revenue ($)

Fig. 2: Variation of revenue with load for homogeneous and
heterogeneous multiserver systems in terms of mean
response time

Homogeneous multiserver system
Heterogeneous multiserver system

140
120
100
80
60
40
20
0
-20
0

0.5

1.0

1.5

2.5

2.5

Arrival rate,  (requests secG1)

Revenue ($)

Fig. 3: Variation of revenue with arrival rate for homogeneous
and heterogeneous multiserver systems in terms of
mean response time
400
350
300
250
200
150
100
50
0

Homogeneous multiserver system with 5 servers
Heterogeneous multiserver system with 4 servers

Variation of revenue with load and arrival rate in terms of
mean response time: In this study, the effect of increasing

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

number of servers on revenue for a heterogeneous multiserver
system in terms of mean response time was investigated.
Figure 4 and 5 shows a graph of revenue as a function of
load and arrival rate. In doing this, Eq. 26 was used to plot the
graph. It was observed that revenue generally increases with
increase in load and arrival rate for both considered number
of servers. This was due to the fact that as the load increases,
the number of requests to be processed also increases thereby
generating more revenue. Similarly, when arrival rate
increases, the number of requests in the system also increases
and generates more revenue. It was further observed that for
low load and arrival rate values, revenue generated was
almost the same for both considered number of servers,
however, as the load and arrival rate increases the revenue
generated was higher for higher number of servers as
compared to lower number of servers. This observation
implies that deploying higher number of servers was more
effective at higher load and arrival rate values.

0.8

Load ()

Fig. 4: Variation of revenue with load for a heterogeneous
multiserver system in terms of mean response time
that the total service rate for each type of servers was
different. That was, the total service rate for 5 homogeneous
servers each with a service rate of 3 requests secG1 was
15 packets secG1, while the total service rate for 5
heterogeneous servers with service rates of 1, 2, 3, 4,
5 packets secG1 was also 15 packets secG1.
The monetary unit “cent” in this study may not be
identical but should be linearly proportional to the real cent in
US dollars15.
39

120

Homogeneous multiserver system with 5 servers
Heterogeneous multiserver system with 4 servers

140
120
100
80
60
40
20
0
-20

Mean response time
Mean slowdown

100
Revenue ($)

Revenue ($)
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80
60
40
20

0

0.5

1.0

1.5

2.5

2.5

0

0.1

0.2

Arrival rate,  (requests secG )
1

Revenue ($)

0.5

0.6

0.7

0.8

Fig. 8: Variation of revenue with load for a homogeneous
multiserver system in terms of mean response time and
mean slowdown

Homogeneous multiserver system with 5 servers
Heterogeneous multiserver system with 4 servers

300

0.4
Load ()
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8.

CONCLUSION
This study derived models for revenue for heterogeneous
multiserver system in terms of mean response time and mean
slowdown. The performance of the proposed revenue models
are compared with the homogeneous revenue model. The
numerical results obtained from the derived models show that
heterogeneous multiserver system generates more revenue
than homogeneous multiserver system. It is also observed that
more revenue is generated when mean slowdown is used as
a charging metric than when mean response time is used. The
study analyzed only the heterogeneous multiserver system
with one class of customers. In future, it can be interesting to
extend the model to multiple classes of customers where
some customers have priority over other customers.

9.

10.

11.

12.

SIGNIFICANCE STATEMENTS
This study discovers the possible ways of modeling
revenue for heterogeneous multiserver cloud computing
systems and pricing scheme based on mean slowdown. It
is expected that this study will help researchers to uncover
possible ways of modeling revenue for heterogeneous
multiserver cloud computing systems and new ways of
charging cloud computing clients.

13.

14.
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