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Abstract
In the era of information explosion, the energy consumption of cloud data centers is significant. It’s critical to reduce
the energy consumption of large-scale data centers while guaranteeing quality of service (QoS), especially the energy
consumption of video cloud computing platforms. The application of virtual machine (VM) consolidation has been
regarded as a promising approach to improve resource utilization and save energy of the data centers. In this paper,
an energy efficient and QoS-aware VM consolidation method is proposed to address the issues. A combined prediction model based on grey model and ARIMA is applied to host status detection, and we provide a new scheme that
VM placement policy based on resource utilization and varying energy consumption to search most suitable host and
VM selection policy called AUMT selecting VM with low average CPU utilization and migration time. Extensive experimental results based on the cloudsim simulator demonstrate that proposed approach enables to achieve the objectives reducing energy consumption, number of migrations, SLAV and ESV by an average of 56.07%, 79.21%, 91.01%
and 84.34% compared with the benchmark methods and the AUMT can reduce energy consumption, the number of
migrations and ESV by an average of 15.46%, 28.11% and 3.96% compared with the state-of-the-art method.
Keywords: Cloud computing platforms, Virtual machine consolidation, Energy consumption, QoS
Introduction
The vital issue of energy comsuption is always with data
centers today. The mainly factors are high operating cost
and envirmental impact for cloud provider. According
to Koomey’s report [1], the total operating cost plays
an important role in the annual electricity cost of a
large-scale data center account for about 41%. However,
according to Shehabi’s latest report [2], power consumption about 45% through a new resource management
method can reduce.
The virtualization technology of large-scale data center
[3] provides an opportunity to dynamically consolidate
VMs of the data center. Dynamic VM consolidation technology uses real-time VM migration to package as many
*Correspondence: jyyu@henu.edu.cn
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VMs as possible on a host and switches the low-utilized
hosts to a low power consumption mode to save the
energy and improve resource utilization of hosts for the
data center [4]. However, considering the variable workloads of applications running on the VM [5, 6], additional
migrations lead to hamperring the quality of service
(QoS) and results in increasing in some aspects about
response time, failure and time-out, [7] as well as it may
increase the costs of energy consumption and VM migration, thus dynamic VM consolidation may lower the QoS
and even increase energy consumption if the technology
applied inappropriately.
Since the fluctuating workloads of VMs running
on the hosts in the data center, some working state of
hosts will be seem as overloaded and other hosts are
underloaded [8]. Dynamic VM consolidation is exactly
efficient method that improve resource utilization and
keep in a normal working state to perform tasks while
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maintaining service of agreement (SLA) for whole
hosts in the data center. Dynamic VM consolidation is
divided by several steps to effectively reallocate VMs
to hosts involves (1)detecting the overloaded host; (2)
selecting the migrated VM from the overloaded host;
(3)detecting the underloaded host; (4) selecting the targeted host for migration; (5)execute the consolidation
[9]. Specifically, when the host with overloaded status,
the host try to migrate VMs to suitable hosts to keep
its in better working condition meanwhile guaranteeing
the QoS for the data center, and taking into consideration the additional energy consumption generated by
switching the power state of the host from idle to low
power state [10, 11], it is necessary to switch all the
underloaded hosts and limit the frequency with the
objective of energy saving. Current and future CPU
utilization indicators are considered as reliable characteristics of overloaded and underloaded hosts, and
CPU utilization has the greatest impact on energy consumption [12, 13], so predicting short-term future CPU
utilization based on historical data enables to determine host’s state to turn off the underloaded hosts to
save energy and to reduce the number of additional VM
migrations for the overloaded hosts while guaranteeing
quality of service (QoS) to some extent.
In this paper, it mainly focus on the reduction of
energy consumption, the number of virtual machine
migrations and SLA violations while guaranteeing QoS
in the cloud data centers, we devise a VM consolidation
framework involves identification of the underloaded
and overloaded hosts, an efficient virtual machine
placement strategy that building new mapping relationships between the most suitable hosts and migrated
virtual machines and then virtual machine selection
strategy that selecting virtual machines from the overloaded hosts to migrate.The main contributions of this
paper are as follows:
• Formulation of combined prediction model based on
grey model and the ARIMA model to predict CPU
utilization of all hosts to determine the status about
overloaded or underloaded.
• Proposal of VM selection policy called AUMT that
selecting VM with minimum cost in combination of
both average CPU utilization and migration time.
• Proposal of VM placement heuristics approach called
CUECC that determining targeted host with the
maximum reward in combination of both real-time
CPU utilization and energy consumption changes
when the virtual machine placed.
• Extensive experiments were conducted on Cloudsim for evaluating the performance of the proposed
approach based on real-world workload traces.
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The rest of this paper is organized as follows. Related
works are discussed in Section 2. Section 3 provides
system framework and host status detection approach
based on combined prediction. Section 4 introduces the
VM selection strategy AUMT, VM placement strategy.
Section 5 evaluates the proposed approach based on the
experimental environment, performance metrics, comparison benchmarks and extensive simulation results.
Section 6 concludes and describes future work.

Related work
Extensive researches has been foucsed on the energy efficiency of data centers. With the wide popularization of
virtualization technology, a good deal of previous works
have used VM consolidation as an effective solution
energy saving for data center. The methods [13, 14] use
real-time migration to pack existing VM into fewer hosts
and periodically shut down idle hosts. Generally speaking, the problem of dynamic VM consolidation can be
divided into several sub-problems. Previous approaches
in this area usually underlined a sub-problem of the general process.
In some methods, VM consolidation is regarded as
an optimization problem and solved by known convex optimization solutions. In the heterogeneous cloud
centers, Wu et al. [15] in order to reduce the migration
cost of VMs and the energy consumption, an improved
grouping genetic algorithm based on the score function
is proposed, and the final experimental results can meet
the experimental objectives. Ashraf et al. [16] propose
a novel multi-objective ant colony algorithm for VM
consolidation that can meet the objectives of minimum
number of VM migrations and active hosts in heterogeneous cloud centers.
Beloglazov et al. [13] considering the variable workloads in cloud data centers, propose host status detection
based on historical CPU utilization involves interquartile
range (IQR), median absolute deviation (MAD) and local
regression (LR). Beloglazovet et al. [12] propose a low
static CPU utilization threshold, when host’s the CPU
utilization below the threshold, all VMs will be migrated
to active hosts without overloaded and the host will
switch to idle state to save energy.
Farahnakianet [17] predict the CPU utilization of the
future host using a linear regression method based on the
historical CPU utilization to ensure whether the future
CPU utilization of the host is overloaded, and to decide
to migrate some VMs of the host and reduce SLA violations; meanwhile, the underloaded host according to the
predicted value lower the low threhold will migrate all
VMs and the host is switched to the sleep state to reduce
overall energy consumption for cloud data center.
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Haghshenas and Mohammadi [18] propose a new linear regression method to predict the CPU utilization of
hosts based on the historical data and to select the targeted hosts with higher utilization for VM allocated.
Suhib et al. [14] based on the historical CPU utilization
of the hosts, a Markov prediction model is applied to
identify the future hosts’ status about overloaded, normal
or underloaded, which can avoid addtional migrations.
Li et al. [19] devise the method that host overloaded
detection based on a robust linear regression, which is
applied to improve the accuracy of the results about predicted value, eight error reduction methods are used in
the paper, it enables to reduce SLAV to some extent. The
new approach about EQ-VMC was proposed in [20], the
authors introduce improved discrete difference evolution
algorithm to obtain the deployment vector between each
VM and all physical machines in the global search space
and optimize the vector to find the most suitable host for
the migrated VMs.
Laili et al. [21] propose a new iterative budget algorithm, which is adopted to reduce the costs include
migration, communication and underloaded for node,
then the proposed approach based on budget heuristic strategy and multi-stage selection strategy to deploy
the appropriate host during VM migration. Sharma et al.
[22], in order to solve the situation of unreliable physical
resources deployed during VM consolidation, it mainly
focus on a failure-aware VM consolidation mechanism.
This mechanism provides real-time monitoring of failures of consolidation occuring and immediately consolidate physical resources in the data center. Jheng et al. [23]
devise a gray prediction model to predict the future CPU
utilization of the host, but the model does not guarantee the accuracy of the prediction results due to fluctuations in workload. Chehelgerdi-Samani and Safi-Esfahani
[24] using the known ARIMA model, a framework called
PCVM.ARIMA was developed to detect host overloads
during VM consolidation and thus reduce unnecessary
migration of VMs.
Xu et al. [25] introduce a lightweight interferenceaware VM live migration strategy based on designing a
simple multi-resource demand-supply model to cope
with the incurred performance interference and cost on
both source and destination servers during and after such
VM migration. Xu et al. [26] propose a Heterogeneity and
interference-aware VM provisioning framework for tenant applications called (Heifer) to create VM instances of
the good-performing hardware type by explicitly exploring the hardware heterogeneity and capturing VM interference. Xu et al. [27] devise future research challenges
pertinent to the modeling methods and mitigation techniques of VM performance overhead in the IaaS cloud
based on the obtained insights into the pros and cons
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of each existing solution. Liu et al. [28] design control
framework by taking advantage of the Lyapunov optimization techniques to make online decisions on request
admission control, routing, and virtual machine (VMs)
scheduling. Deng et al. [29] devise Reliability-Aware
server consolidation strategy called RACE to address
when and how to perform energy-efficient server consolidation in a reliability-friendly and profitable way.
Syh et al. [30] use the grey Markov prediction model
to identify the host’s future state with overloaded or
underloaded and to confirm its’ effectiveness in reducing the number of VM migrations and energy consumption but without account of the long execution time.
Calheiros et al. [31] apply the ARIMA model with 91%
prediction accuracy for the variable workloads and evaluate the accuracy of its resource utilization and QoS. The
combined prediction model can improve the accuracy
between real and predicted value [32]. For this reason, in
this study, we use a combined model based on ARIMA
and GM(1,1), which can improve accuracy to a certain
extent [32].

System framework and host status detection based
on combined prediction model
In this section, we introduce the system framework based
on the proposed approach and describe the proposed
strategy for the key elements, host status detection, of
VM consolidation.
System framework

Figure 1 pictures the system architecture of this
paper, which presents the whole procedure of VM
consolidation.
Our implementation consists of m heterogeneous
hosts (i.e.,H =< h1 , h2 , . . . , hm >, i ∈< 1, m >) in a
cloud data center. Each host is characterized by different
resource types such as CPU, memory size, network bandwidth and storage capacity. Additionally, CPU is usually
measured in million instructions per second (MIPS). At
any given time, many simultaneous users use the services of a cloud data center. The provisioning of n VMs
(i.e., V =< v1 , v2 , . . . , vn >, j ∈< 1, n >) is requested by
users. Since the workloads fluctuating, the request utilization of running hosts and VMs will vary all time. For
this reason, this paper proposed a novel VM consolidation algorithm, which can be implemented regularly to
optimize the performance of the cloud data center. Our
proposed approach is executed every 5 minutes in the
cloud data center to reduce energy consumption and the
number of active hosts and the number of migrations.
The system architecture contains two types of agents, the
global manager (GM) deployed under the master node,
and the local managers (LMs) where all hosts are fully
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Fig. 1 System architecture. Combined model:= Combined prediction model of GM(1,1) and ARIMA, CUECC:=determining targeted host with the
maximum reward in combination of both real-time CPU utilization and energy consumption changes when the virtual machine placed, AUMT:=VM
selection strategy that selecting VM with minimum cost in combination of both average CPU utilization and migration time

distributed [30]. The following operations are performed
in each iteration;
(1) Each LM will regularly monitor the current
resource utilization of all VMs of the host, and each
LM uses a combined prediction method to predict
the future CPU utilization of the host based on the
historical CPU utilization.
(2) GM will collect the running status of the host in the
LMs, the CPU utilization and the number of VMs
running on the host.
(3) GM will send relevant migration commands to the
VM monitor(VMM) to execute the host detection
algorithm based on the combined prediction model,
and use the proposed algorithm to select and place
the VM.
(4) After VM monitor receiving the migration command, migration will start.
Power and energy consumption model

When a set of hosts in active state in the cloud data centers, due to the change of host’s working status, the CPU
of host will change instantaneously and power varies
according to CPU utilization. The power consumption is
defined as follows:

P(ui ) = Piidle + (Pimax − Piidle ) ∗ ui

(1)

where Pimax , Piidle , ui present maximum power of host
when experiencing full CPU utilization, minimum
power of host with sleep state and host’s CPU utilization
respectively.
CPU utilization may change over time, so power of the
host will be fluctuate with CPU utilization varying, which
means that the host’s energy consumption is a function of
power and CPU utilization. Therefore, Eiconsum, the energy
consumption generated by the host in active status, is
defined as follows:

Eiconsum =

t2

P(ui (t))dt
t1

(2)

Live migration cost

By using VM live migration technology [33], VMs can be
transferred between hosts without being suspended. The
average performance degradation is equivalent to 10% of
the CPU utilization of the VM during the migration [34].
Therefore, the cost of migration based on research [13] is
defined as follows:
mig

tj

=

degra

vj

vjram

(3)

hbw
i

= 0.1 ×



mig

t0 +tj

t0

uj (t)dt

(4)
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mig

where tj , vjram present the migration time required,
RAM used for vj , hbw
i is the available bandwidth of the
degra
host hi ; uj , vj
present utilization of VM and the performance degradation during VM migration.
Host status detection based on combined prediction

In this section, formulation of combined prediction
model based on GM(1,1) and ARIMA in this subsection
and apply it in the host status detection approaches.
GM(1,1)

In the gray prediction model family, the most commonly
used is the gray model [35]. Grey forecasting is an exponential forecasting model. The accumulated generation
operation (AGO) of the original sequence can reduce
the noise of the original sequence. The first-order linear
differential equation is used to model the data sequence
from AGO, which can predict the future trend [30].
Suppose there are n samples in a set of data, and each
sample is independent and has no relationship. Assume
the host’s historical CPU utilization data with n samples
(time point) as:

X

(0)

= {x

(0)

(1), x

(0)

(2), . . . , x

(0)

(n − 1), x

(0)

(n)}

(5)

Construct the AGO. Let X (1) be the transformation
sequence of X (0)

X (1) = {x(1) (1), x(1) (2), . . . , x(1) (n)}, where

x(1) (k) =

suitable for stationary time series data. ARMA involves
two critical phases that 1) using AR model to gain the
current value based on linear combination of p past
observation and a random error together with a constant term and 2) applying MA model (line regression)
to obtain current observation of the time series against
the random shocks of one or more prior observations.
When time series data is non-stationary, the defined
by (1 − L)yt = yt − yt−1 difference operation for time
series data can obtain stable data. Thus, ARIMA(p,d,q)
is ARMA with d different times. ARMA(p,q) and
ARIMA(p,d,q) [36] are expressed by Eqs. (9) and (10),
respectively.

yt = c + ǫt +

p


ai yt−i +

i=1



1−

p

i=1

q


bj ǫt−j

j=1




q

ai Li (1 − L)d yt = 1 +
bj Lj ǫt
j=1

(9)

(10)

Combined prediction

Combined prediction model performs better in the
accuracy compared with ARIMA and GM(1,1) [32], it’s
beneficial to predict host’s CPU utilization according
k


x(0) (i), k ∈< 1, . . . , n >

(6)

i=1

Consequently, the model of the first-order differential
equation GM(1, 1) is:

dx(1)
+ ax(1) = b
dt

(7)

To obtain the predicted value of the primitive data at
time (k + 1), the inverse AGO (IAGO) is used to establish the following gray model [30]:


b −ak

e (1 − ea )
x(0) (k + 1) = x(0) (1) −
(8)
a

to short-term historical data to determine future working state of host and to avoid addtional migrations and
improve QoS for cloud data centers. Thus, the combined
prediction model is appied in this paper. The predicted
value denoted by Ypredict is defined as follows:

x(0) (k + 1)
Ypredict = α1 yt + α2

(11)

0 < α1 < 1,

(12)

Subjects to the constraints are:

0 < α2 < 1

α1 + α2 = 1

(13)

ARIMA

Box and Jenkins proposed a method that includes a
five-step process of identifying, selecting, and evaluating conditional mean models [36], which is based on
the autoregressive integrated moving average (ARIMA)
model.
This model is expressed as ARIMA(p,d,q). Where p, d
and q are non-negative real numbers. ARMA model is

Host overload detection

In the cloud data centers, the host with overloaded status
exerts an impact on QoS and increases SLA violations. It
is important to determine whether future working state
of the host is overloaded and to reduce additional migrations and energy consumption caused by the overloaded
host. Hence, host overloaded detection Algorithm 1 is
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proposed in this subsection. The approach according to
the CPU utilization based on real-time and the predicted
value calculated by Eq. (11) using historical short-term
CPU utilization.
We assume a set of n VMs and a set of m heterogeneous hosts in the data center, the mapping relationships
between VMs and hosts denoted by xij is displayed as
Eq. (14), when a new VM is placed on the host, the value
about xij is equal to one otherwise zero.

1, if vj placed on hi
xij =
(14)
0, otherwise
It’s known that the host’s CPU utilization is subject to
fluctuating workloads of VMs. And host’s CPU utilization varies depending on the number of VMs placed on
the host and the varying CPU utilization of VM. So the
CPU utilization of the host is calculated as follows:

ui =

n

j=1 xij

mips

× vj

× uj

mips
hi

mips

(15)

mips

where the vj
and hi
present the maximum CPU
capacity of the host and VM in MIPS, respectively and
the uj is CPU utilization of VM running on the host.
The CPU utilization varying real-time since the varying workloads of the VM running on the host. Since
time series data is the historical data of CPU utilization
recorded every 5 minutes on each host in this paper. To
obtain the dynamic upper threshold denoted by tu, it is
defined as follows:

tu = 1 − s ∗ Mad

As the Algorithm 1 describes that host overloaded
detection. Firstly, the input of the algorithm is a active
host, use Algorithm 3 to get the predicted value based
on combined prediction model to predict CPU utilization of the host in line 1, then calculate the current host
utilization using Eq. (15) in line 2. Obtaining dynamic
upper threshold in line 3. In proposed approach (in lines
4-18), if the utilization of the host is higher than the upper
threshold, it’s status is regarded as overloaded. Using Eq.
(16) to set the upper threshold. In terms of the length of
the historical CPU utilization data, the length of 18 performs best. If the length of historical CPU utilization data
is less than 18 and the current utilization of host is higher
than the threshold, the host is considered overloaded,
otherwise it’s not. Similarly, when the length of historical
CPU utilization data is more than 18, the status of host is
regarded as overloaded as current CPU utilization of host
and predicted value are higher than the threshold.
Host underload detection

When the LM detects the host with underloaded status
based on the combined prediction model, GM sends migration conmmands to VMM to migrate all VMs, reducing the
number of active hosts with low CPU utilization and switching the hosts to idle mode are main access to reduce energy
consumption, thus it is vital to ensure the most underloaded
host from the list about host and the algorithm of host
underloaded detection is presented as follow.

(16)

Where the s is safety parameter and Mad presents the
method (Mean absolute deviation) to handle historical
data.

Algorithm 2: Host underload detection

Algorithm 1: Host overload detection

As the Algorithm 2 shows that underloaded host
detection. Firstly, the input and output of the algorithm is the list of host and is the host with most insufficient CPU utilization, respectively. Initiating the CPU
utilization of host with predicted and real value using
Eqs. (11) and (15)the minimum CPU utilization and
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underloaded host in lines 1-3, the low threshold we set
is 0.3 in line 4. Selecting the host with minimum CPU
utilization in lines 5-34 in this paper. When the length
of historical CPU utilization is less than 18, if the host’s
real CPU utilization is lower than the threshold we set,
the host considered to be an underloaded(in lines 6-13);
when the length is more than 18 (in lines 14-24), then
gain the host of real and predicted CPU utilization in
lines 16-17 and gain the mean value about two types of
utilization in line 18, if the host’s CPU utilization of real
and the predicted value are lower than the threshold we
set and searching the host with minimum mean CPU
utilization in lines 15-23, only those conditions satisfied
the host will be regarded as most underloaded.
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cloud data centers of energy consumption, the number of
migrations and is to improve QoS.
The average CPU utilization of a VM is an indicator of
the working status of VM placed on the host, and VM
with low CPU utilization will have little influence on
performance degradation when performing migration,
denoted by uave
j , is defined below:

uave
j

=

length

uj
length
k=1

(17)

where length and uave
j indicate the length of VM’s historical CPU utilization and average CPU utilization of VM vj.
mig

costj = uave
× tj
j

(18)

When VM migration triggerring, the VM with the minimum value calculated by Eq. (18) is preferred to select.
The proposed algorithm for VM selection

Algorithm 3: Get PredictionValue

As presented in Algorithm 3, the combined prediction
model is used to predict the CPU utilization of the host,
and finally more accuratly predicted value about CPU utilization is obtained. The input of the algorithm is historical
CPU utilization data and perform the first-order linear difference on the data to obtain a relatively stable sequence,
then use the ARIMA model to obtain the predicted value,
then to reduce the error by an average of a set of predicted
values based on ARIMA model and use the grey model to
gain the CPU prediction utilization, finally use the Eq. (11)
to get the combined predicted value.

The proposed VM placement policy
In this section, we introduce a new VM selection policy
with consideration of both historical CPU utilization and
migration time, and then propose a new VM placement
strategy based on the real-time CPU utilization and variable power consumption when a new VM placed on the
targeted host.
VM selection strategy

In the cloud data centers, varying CPU utilization of VMs
is one of the key drivers of fluctuating CPU utilization of
hosts. The VMM module performs when the host was
identified as overloaded, in this article, the VM selection strategy called AUMT based on both average CPU
utilization of VMs and the migration time, the migrated
VMs with regard to proposed method is to alleviate the

Algorithm 4: VM selectionThe pseudo-code of the
AUMT is shown in Algorithm 4, the input and output
of this algorithm is an overloaded host and the VM is to
migrate, obtaining VMs migrated from the host (in line
1) and finding the VM with minimum value calculated by
18 (in lines 6-12)), eventually, return the VM.
Destination host selection

In the procedure of VM consolidation, it’s vital to solve
the mapping relationship between hosts and VMs, which
means to find the most proper host. When the VMM
triggers migrating, this study gives priority to considering whether the host’s status with overloaded when the
VM placed on the host, it avoids repeated migration.
Therefore, the increase in CPU utilization and power
consumption of the host, denoted by uincre
and piincre , are
i
defined as follows:
mips

uincre
=
i

vj

∗ uj

mips
hi

and the piincre is calculated as follows:

(19)
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piincre = p(ui + uincre
i
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(20)

Where p(ui ) presents that power consumption before
)
the VM migrates to the targeted host and p(ui + uincre
i
shows that power consumption generated by the VM
migrated to the host.
When the VM migrates to the targeted host, we should
ensure the host’s capacity of residual CPU utilization
to meet the resource request of the VM, the capacity of
residual CPU utilization, denoted by ui , is defined as
follows:

), �utili > 0
�ui = tu − (ui + uincre
i

(21)

Where the value about tu is obtained by the Eq. (16), only
the value about ui is more than zero, the host will be a
targeted host.
In order to select the most suitable host and achieve
the objectives of reducing energy consumption and the
number of migrations, we take into consideration host’s
real-time CPU utilization and power consumption
and try to place all VMs on the host within the upper
threshold. Meanwhile, high CPU utilization results in
the SLA violations, all VMs allocated will placed on the
host in a normal status. The function is calculated using
Eq. (22) to alleivate the problem below:

Score(hi ) = (1 − ui ) ×

1
incre

1 + e−pi

we propose a heuristic approach to tackle the problem
that using the score calculated by Eq. (22) with maximum value symbols that the host is suitable for placement. The Algorithm 5 is embedd with the approach
of host’s status detection and targeted host selection as
shown below.

(22)

The aim of this Eq. (22) is to illustrate that the same
power consumption generated by the host when the VM
placed on it has advantage in selecting a host with low
CPU utilization and the VM placed on the same CPU
utilization of host with high energy-efficiency, which enables to increase resource utilization for the cloud data
centers.
The VM Placement strategy

The GM collects the running status of host in the data
center, when the LM monitors the status of host is
underloaded or overloaded the GM sends commands to
each VMM to perform migration according to the live
and predicted CPU utilization of host, the most underloaded host is to migrates all VMs to some hosts then
to switch the host to idle state to save energy, the overloaded host performs the migration module to migrate
some VMs to suitable host to avoid SLA violations.
How to address the problem mapping relationships
between VMs and hosts is also regarded as multidimensional bin-packing and NP-hard problem [37],

Algorithm 5: VM Placement

As the Algorithm 5 shows that VM placement based
on the proposed approach. Firstly, after determining the
list of VMs to be allocated, sorts the VMs in CPU utilization descending in line 1. About the list of host, use
the combined prediction model to predict the CPU utilization of the hosts until the remaining hosts of status
without overloaded and underloaded (in lines 5-10). If
the value about ui is more than zero, the host has sufficient resource capacity to place the VM, otherwise it
cannot be placed. As confirming �ui > 0, and then meet
the conditions that there are available CPU utilization in
MIPS for host when the VM places it. In the end, apply
the Eq. (22) for each host and select the host with a maximum score as the targeted host and execute migration.
Time complexity analysis: We assume that the number of N VMs migrated and a set of M hosts selected,
after sorting the utilization of VMs, the time complexity is O(NlogN) at this time. When VMs are placed
on the host, the host’s selection time is complicated,
which is O(M), and the time complexity of Algorithm 5
is O(NlogN + MN ), meanwhile the time complexity is
O(n2 ) when M is equal to N in the worst case.

Experimental evaluation
In this section, we describe our relevant experimental
setup, comparison benchmarks and performance metrics, which are introduced to evaluate the performance of
the proposed algorithm in this paper.

Wang et al. Journal of Cloud Computing

(2022) 11:50

Page 9 of 18

Table 1 Power Consumption of the selected servers at different load levels(in Watts)
Host Type
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Experiment setup

This paper uses cloudsim [38] as a simulation platform to
test our proposed approaches. In the cloud platform, we
simulated 800 heterogeneous hosts. The state of the hosts
involves two types: 400 HP ProLiant ML110 G4 server
( Intel Xeon 3040, 2 cores* 1.86 GHz) and 400 HP ProLiant ML110 G5 servers (Intel Xeon 3075, 2 cores* 2.26
GHz) and Table 1 shows the relationship between energy
consumption and CPU utilization of different servers. In
the experiment, we use four types of Amazon EC2 VMs
as shown in Table 2. In order to validate the performance
of our proposed algorithm in real cloud data centers,we
used 10 workloads provided by the planetlab project [39].
PlanetLab is a computer cluster project distributed all
over the world. The project collects CPU utilization data
VMs from servers in more than 500 locations around the
world. The project monitors the CPU utilization of host
every five minutes, and the measurement period is one
day. We chose a 10-day workloads tracking from March
2011 to January 2011 and Table 3 shows specific data.
Comparison benchmarks

To validate the performance of the proposed algorithm,
the power-aware heuristic algorithm (PABFD) proposed
in paper [40] is compared. we choose benchmark consolidation algorithms with five host’s state detection
algorithms are composed of static threshold (THR),
interquartile range (IQR), local regression (LR), mean
absolute deviation (MAD) and LR robust (LRR) and two
vitual machine migration selection algorithms are composed of minimum migration time(MMT) and maximum correlation (MC) are embedded with PABFD to
compare the proposed approach. Meanwhile, α1, α2 are
equal to 0.47 and 0.53, the safety parameter for IQR, LR,
LRR and MAD are set to 1.2 and for THR is set to 0.8. All

Table 2 Configurations for Amazon EC2 VMs

comparative experiments are compared using cloudsim
under the state of 10 workloads.
Performance metrics

In a cloud environment, a user submits a request to
create a VM to the data center and signs a service level
agreement with the data center. According to [13], the
service level agreement is defined by the capabilities
that the host and the previously recommended software
measurement environment must meet the service quality
requirements. SLATAH indicates that the percentage of
the active host where the utilization is 100% is defined as:

SLATAH =

M
1  Toveri
M
Tactivei

(23)

i=1

where M, Toveri and Tactivei present the number of hosts in
active status, the time experiencing 100% CPU utilization
of the host and the running time of host in active state
(serving VMs) respectively.
When VM live migration technology triggers, the performance of VMs migrated will be affected. The performance degradation due to VM migration, denoted by
PDM, is defined as follw:

PDM =

N
1  Cdegrj
N
Creqj

(24)

j=1

where N, Cdegrj and Creqj present the number of VMs, the
performance degradation caused by migration and the
Table 3 Planetlab trace data
Workloads Date

Number
of
servers

Number of
VMs

Mean

St.dev

w1

2011/03/03 800

1052

12.31% 17.09%

w2

2011/03/06 800

898

11.4%

w3

2011/03/09 800

1061

10.70% 15.57%

w4

2011/03/22 800

1516

9.26%

w5

2011/03/25 800

1078

10.56% 14.14%

16.83%
12.78%

VM type

CPU[MIPS]

RAM[GB]

Number
for cores

w6

2011/04/03 800

1463

12.39% 16.55%

High-CPU medium instance

2500

0.85

1

w7

2011/04/09 800

1358

11.12% 15.09%

Extra-large instance

2000

1.7

1

w8

2011/04/11 800

1233

11.56% 15.07%

Small instance

1000

1.7

1

w9

2011/04/12 800

1054

11.54% 15.15%

Micro instance

500

0.613

1

w10

2011/04/20 800

1033

10.43% 15.21%
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Table 4 Simulation results of PABFD and proposed algorithm
Strategy

Energy consumption(kWh)

Migrations

SLAV(×10−4)

ESV(kWh ×10−2)

iqr_mmt

215.21

29575

10.49

22.36

lr_mmt

186.66

26991

9.35

17.42

lrr_mmt

187.24

26924

9.36

17.49

mad_mmt

166.06

30710

10.84

17.88

thr_mmt

185.15

25609

8.87

16.29

Proposed

122.13

6071.1

0.85

1.02

iqr_mc

217.25

30493

10.28

22.14

lr_mc

191

28743

9.12

17.35

lrr_mc

191.14

28781

9.23

17.59

mad_mc

165.96

30785

11.06

18.30

thr_mc

183.52

25177

8.92

16.22

Proposed

120.61

5663

0.89

1.05

Fig. 2 Energy consumption of the cloud data center based on the PABFD and the proposed approach are implemented with different VM selection
method
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Fig. 3 Number of migrations of the cloud data center based on the PABFD and the proposed approach are implemented with different VM
selection method

total CPU capacity requested by vj during its life cycle
respectively.
A combined metric is introduced to violate the service
level agreement (SLA) to measure the performance degradation and service quality obstacles caused by overloaded host and VM migration.

SLAV = SLATAH × PDM

(25)

We use metrics SLATAH and PDM to measure the
degree of SLAV and express the QoS.
Since energy consumption can be reduced at the cost
of increased violations of SLA, the performance metric
according to ESV combined with energy consumption

and SLA violations (SLAV) are discussed [41], which is
defined as follows:

ESV = E × SLAV

(26)

where E presents the energy consumption produced by
all hosts in the data center.
Simulation results and analysis

In this section, we use the performance metrics to evaluate the proposed algorithm compared with the bechmarks method.
The following Table 4 displays the comparsion of
energy consumption, the number of migrations, SLAV
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and ESV, and shows specific simulation results by an
average of 10 workloads.

balance live energy consumption and CPU utilization of
host and finally it is effectiveness for energy saving.

Comparison of energy consumption

Comparsion of number of migrations

The simulation results as presented by Fig. 2 depict that
energy consumption generated by all hosts in the data
center. The proposed algorithm can achieve up to an
average of 34.62% and 35.97% energy-saving improvement compared with baseline policy PABFD when the
VM selection algorithm is MMT and MC as shown
in Fig. 2a and b. The proposed approach is to increase
resource utilization for running hosts and reduce the
number of hosts with low resources utilization based
on the host’s status detecting algorithms to switch these
hosts to idle status to save energy in the cloud data centers. Meanwhile, the introduction of Eq. (22) enables to

The simulation results, as presented by Fig. 3, indicate the
performance metric with regard to number of migrations in
the data center by using proposed algorithm. The proposed
algorithm can reduce the number of migrations by an
average of 78.19% and 80.23% compared with the PABFD
algorithm when the VM selection algorithm is MMT and
MC as shown in Fig. 3a and b. The proposed approach is
to predict the host’s future resource utilization based on a
combined prediction model to determine the host’s status.
When the host is regarded as overloaded or underloaded
by the predicted value, the host will reduce the number of
VMs running on this host to avoid addtional migrations or

Fig. 4 PDM of the cloud data center based on the PABFD and the proposed approach are implemented with different VM selection method
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Fig. 5 SLATAH of the cloud data center based on the PABFD and the proposed approach are implemented with different VM selection method

reduce the number of hosts with low resource utilization to
save energy for the cloud data centers.
Comparison of PDM

The simulation results as exhibited by Fig. 4 illustrate
that the performance degradation of VM migration in
the data centers. The proposed algorithm can reduce the
performance metric about PDM by an average of 92.84%,
91.86% respectively compared with the PABFD algorithm when the VM selection algorithm is MMT and MC
as shown in Fig. 4a and b. The results are so promising
because the host status detecting algorithms are beneficial for reducing additional migrations and ensuring the
targeted host has sufficient resource capacity for placing
a new VM before placement procedures triggering.
Comparison of SLATAH

The simulation results as shown by Fig. 5 present that
the performance metric about SLATAH in the data
center. The proposed algorithm can increase the performance metric with regard to SLATAH by an average of 6% and 2.70% compared with the benchmark
method when the VM selection algorithm is MMT and
MC as shown in Fig. 5a and b. The increased proportion of performance metrics about SLATAH contrasted
with the considerable decrease in energy consumption
and PDM, so it is negligible. The reason for the slight
increase in the SLATAH is that the proposed approach
aims to place all VMs running on the host to increase
resources utilization for the data centers to reduce the
number of idle hosts to realize energy saving and to

avoid additional migrations results in the performance
degradation of VM. Not only the resource utilization
has increased but the number of VM running on the
host also has increased for the data centers, so two factors have raised the amount of SLATAH slightly.
Comparison of SLAV

The simulation results as displayed by Fig. 6 demonstrate
that SLA violation calculated by Eq. (25) in the cloud data
centers. The proposed algorithm can reduce SLA violation
by an average of 91.23%, 90.79% respectively compared
with benchmark method when the VM selection algorithm is MMT and MC as shown in Fig. 6a and b. The performance metric about SLAV is a combined value about
metrics PDM and SLATAH, which symbols the SLA
violations for the data centers. The resutls of proposed
approach about SLAV are extremely smaller and draws a
conclusion that the peoposed scheme has superiority in
reducing SLA violations and improving QoS compared
with bechmark method in the cloud data centers.
Comparison of ESV

The simulation results as presented by Fig. 7 illustrate
that ESV is calculated by Eq. (26) in the cloud data
centers. The proposed algorithm enables to reduce the
performance metric about ESV by an average of 94.36%
and 94.21% compared with benchmark method the
PABFD algorithm when the VM selection algorithm is
MMT and MC as shown in Fig. 7a and b. This result
is significant at the 94.28% level on average. The performance metric is introduced to evaluate the overall
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Fig. 6 SLAV of the cloud data center based on the PABFD and the proposed approach are implemented with different VM selection method

conditions about SLA violation and energy consumption. The value about ESV is lower, which symbols that
the proposed approach has better perfomrmance in
improvement of energy saving and quality of service in
the cloud data centers.
Simulation results based on different VM selection strategy

To validate the proposed VM selection strategy, the
performance of AUMT is evaluated by the performance
metrics and compared with the state-of-the-art method
EQV [7] by using host status method IQR embedd with
PABFD.
The simulation results as presented by Fig. 8 depict
energy consumption generated by all hosts using

different VM selection approach in the data center. The
AUMT can reduce energy consumption compared with
MMT, MC and EQV by an average of 17.33%, 18.24%
and 15.46% respectively. The result demostrates that
the AUMT has better performance in reducing energy
consumption.
The simulation results as presented by Fig. 9 depict
number of migrations by all hosts using different VM
selection approach in the data center. The AUMT can
reduce number of migrations compared with MMT,
MC and EQV by an average of 23.95%, 26.24% and
28.11% respectively. The results show that the AUMT
has advantage in reducing addtional migrations.
The simulation results as presented by Fig. 10 show
the performance metrics about SALV and ESV using
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Fig. 7 ESV of the cloud data center based on the PABFD and the proposed approach are implemented with different VM selection method

different VM selection method in the data center. The
AUMT enables to reduce SLAV compared with MMT
and MC by an average of 37.55% and 36.31% but to
increase SLAV compared with EQV by an average of
11.08% as shown in the Fig. 10a. However, the AUMT
can reduce ESV compared with MMT, MC and EQV
by an average of 47.99%, 47.47% and 3.96% respectively
as shown in the Fig. 10b. The results draw a conclusion
that the AUMT has a better performance in ESV combined with SLAV and energy consumption contrasted
with EQV.

Conslusion and future work
To achieve the goal of reducing energy consumption
while guaranteeing the QoS for the cloud data center.
In this paper, host’s status detection by predicting the
CPU utilization based on combined prediction model

to ensure the host’s future states about overlaoded
and underloaded to reduce addtional migrations and
reduce the amount of host with low CPU utilization to
switch its to idle state to save energy, and VM monitor is activated to trigger migration then to use proposed policy, the fumula about the score calculated by
the Eq. (22) based on the live CPU utilization of host
and energy consumption generated by a VM migrated
to the targeted host, to search most proper host to
host VMs. The simulation results based on real plantlab workloads demostrate that the proposed approach
compared with benchmark method can acheive the
objectives of reducing energy consumption, number of
VM migrations, SLA violations and ESV by an average
of 35.30%, 79.21%, 91.01% and 94.29% respectively and
the AUMT can reduce the data centers of energy consumption, number of migrations and ESV by an average
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Fig. 8 Energy consumption of the cloud data center based on the PABFD is implemented with different VM selection method

Fig. 9 Number of migrations of the cloud data center based on the PABFD is implemented with different VM selection method
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Fig. 10 Performance metrics about SLAV and ESV of the cloud data center based on the PABFD is implemented with different VM selection method

of 15.16%, 28.11% and 3.96% compared with the cutting-edge method EQV. In sum, extensive experimental
results validates the performance and effectiveness of
the approach.
In the future, we will test our approaches on real
cloud platforms (such as video cloud computing platforms and openstack) to verify the performance of the
proposed strategy in terms of energy consumption, the
number of migrations, SLA violations and guaranteeing
the QoS of the cloud data center [42].
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