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a b s t r a c t

Even if the cloud computing data centers are emerging as new candidates for replacement, traditional data
centers are still growing rapidly in both number and capacity to meet the increasing demands for highly
responsive computing and massive storage. Making the data center more energy efficient is therefore a
necessary task. A traditional data center has many distinguished features with heterogeneous hardware,
heterogeneous workload, average load rate focused, intensive time and personal effort for administrative
tasks. This paper will propose a way of saving energy for traditional data centers considering all the above
features. The basic idea is rearranging the allocation in such a way that energy is saved with suitable
human effort. The simulation results show the efficiency of the method.

© 2011 Elsevier B.V. All rights reserved.
1. Introduction

A traditional data center is used to host computer systems and
associated components. Even if the cloud computing data centers
are emerging as new candidates for replacement, traditional data
centers are still growing rapidly in both number and capacity to
meet the increasing demands for highly responsive computing and
massive storage. Alongwith this expansion is a significant increase
in the energy consumed by those centers. According to [1], data
centers in USA consumed about 61 BkWh and accounted for 1.5%
of total US electricity consumption in 2006. Thus, making the data
center more energy efficient is a necessity.

In a research collaboration between CreateNet and ENI Spa
about energy efficiency in data centers, ENI’s data center is used as
the research target. A traditional data center like ENI’s data center
has the following characteristics:

• Mixed hardware environment. The hardware in a data center is
usually heterogeneous including servers, storage and commu-
nication infrastructure. They can be fromdifferent vendorswith
different technologies, for example, servers with single core,
double cores, quad cores, etc. Some of them have power man-
agement features, some do not have.

• Multiple software architecture,multiplemanagement tools and
a great number of different applications.Most of themare based
on four main basic services, which are database service, unified
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communication service, mailbox service, and Bea Weblogic.
This will lead to complex workload. It is interesting to see that
most of the applications are transaction oriented.

• Generally the downgrading of performance in short time pe-
riod is not so important. The average load and trend analysis, for
capacity matters, are the primary concerns. The most common
metricwhichhas to bemeasured in order to satisfy SLAs defined
with its customers is availability. Performance requirements,
instead, are not strongly defined. The center monitors many in-
frastructural metrics (cpu, memory, i/o) periodically. When the
load exceeds warning thresholds, the reason will be analyzed.
If necessary, the center plans the addition/reconfiguration of
hardware resources.

• The application deployment/redeployment needs long time and
much manpower cost. When a new business requirement has
to be addressed and a new application has to be deployed
the ICT division does the following tasks: gathering all the re-
quirements; designing the architecture; sizing of infrastructure
(server, storage, connectivity); installation and customization
of packages; stress test and, if needed, hardware resizing; go
live; monitoring. Most of resource allocation and deployment
tasks have been done manually. The reason for manual deploy-
ment is the complexity of application configuration and hard-
ware configuration in the data center. For example, a group
of IBM servers are running AIX with WebSphere Extended
Deployment middleware. Another group of HP servers are run-
ning HPUX with SmartFrog middleware for deployment man-
agement. Those two groups of servers do not have a shared file
system. If wemove aWeb Service application from IBM servers
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toHP servers,wehave to do at least twomanual activities, copy-
ing data from IBMservers toHP servers andwriting deployment
script for SmartFrog. As the data center has a variety of applica-
tions and a middleware infrastructure, preparing before hand
all possible deployment scripts is not practical. Depending on
the complexity of the environment, the activities may require
days, weeks or months, especially, in the first deployment. In
case of simple adjustments, the timelinemay bemore efficient:
hours, days.

There are many traditional data centers like ENI data center
worldwide. Within the scope of this paper, we will focus on such
type of data center. We have not noticed any previous works ad-
dressing all above constraints.Most closely previousworks assume
to have a fast application deployment tool. Thus, they do not con-
sider the constraint of human effort required for deployment in
practice. Applying proposed energy efficient solutions to practice
might need great manpower effort that a data center cannot pro-
vide. This paper will propose a solution to this problem. In partic-
ular, this paper will answer two main questions.

• What is the most efficient way to save energy without using
human effort?

• What is the most efficient way to save energy with a certain
amount of human effort?

The basic idea is using a heuristic to do the consolidation
and rearranging the allocation in a way that saves energy with a
suitable human effort. The novelty of our work is the heuristic of
giving priority to servers according to their number of cores. The
server having greater number of cores will have more chance of
having full load. The server having smaller number of cores will
have less chance of having full load and will have more chance of
being turned off to save energy.With this heuristic, we can find out
good solution in a short period of time without having to search
over large search space.

The paper is organized as follows. Section 2 describes the re-
lated works. Sections 3 and 4 analyze the energy consumption
model and the energy efficient resource allocation respectively.
Section 5 presents the experiment. Section 6 concludes the paper
with a short summary.

2. Related work

There aremanyworks related to job/task allocations in clusters.
Some of them focus on load balancing algorithms [2,3] to balance
computational work among different machines, improving the
performance of the cluster systems. Other works [4–7] focus on
optimizing the computing resource usage. This means trying to
use the smallest computing resource to processmaximumnumber
of valuable tasks. The work in this paper focuses on trying to
use smallest amount of energy to process maximum number of
tasks. In a homogeneous system, there is no difference between
optimizing energy and optimizing the computing resource usage.
But in the heterogeneous system, a solution of optimizing the
computing resource usage may not energy efficient.

The literature has recorded many works using dynamic voltage
scaling (DVS) to save energy in the real time system. In [8–12],
the authors present energy-aware methods to schedule multiple
real time tasks in multiprocessor systems that support dynamic
voltage scaling. Also using dynamic voltage scaling capability,
the work in [13–15] concentrates on the problem of energy
minimization for hard real time tasks that are scheduled on an
identical multiprocessor platform. The authors in [16] tried to save
energy using soft real time CPU scheduling for mobile multimedia
systems. Considering the memory energy consumption, [17]
describes a way of scheduling that has impact on the effectiveness
of frequency scaling at saving energy. All above works concentrate
on controlling directly the energy consumption of hardware by
adjusting voltage. This technique can also be applied at the data
center level. In fact, we integrate the voltage adjustment to our
mechanism. However, because of focusing on real time tasks on
multiprocessor system, they did not consider the technique of
reducing active computing nodes which is an efficient method to
reduce energy consumption [18]. Switch on and off computing
nodes need too much time for real time tasks.

There are some works targeted at reducing power and thus
improving the performance per watt of a homogeneous as well as
heterogeneous cluster running a single application [18–21]. Those
works consider request distribution to optimize both power and
throughput in heterogeneous server clusters. Their mechanism
takes the characteristics of different nodes and request types into
account. All not necessary computing nodes will be turned off.
However, all of them considered single core computing nodes. The
case of the cluster including different number of cores servers is
not examined. As analyzed in next sections of this paper, selecting
suitable servers in the set of heterogeneous number of cores
servers can lead to significant energy reduction. More over, our
problem has broader scope with many applications running on
heterogeneous infrastructure.

The literature recorded many works proposing the application
of resource on demand model [22–24] to data centers. In this
model, all resources of the data center are combined in a pool
and are shared among all applications. The load rate for the
next time slot is predicted by using a prediction algorithm.
Based on this prediction, the resource in the pool is allocated to
applications in a way that satisfies the demand while optimizing
the energy consumption. All machines not on demand are turned
off or placed in sleep mode to save energy. In theory, this is the
most energy efficient resource allocation model for data centers.
However, applying this model to data centers like ENI’s facesmany
difficulties. To apply the resource on demand model, the data
center needs many people to do the deployment/redeployment
tasks when the load rate changes. If all thousands of applications
need adjustment, the data center cannot have enough people to do
this.

The work in [25] built an integrated framework for energy
savings in large scale distributed systems such as grids and clouds.
The authors discussed several techniques such as defining different
policies for OAR [26], power off idle nodes, predicting the future
load, etc., to save energy in grid and cloud environment. Our work
is different from the work of [25] in several fundamental aspects.
We focus on transaction oriented applications but not on batch
jobs. We study the data center management with staff effort but
not fully automatic.

There are some previous works also considered the staff efforts
as a constraint [27,28] as in this paper. However, the semantic of
the previous works and the work in this paper is different. In those
previous works, running a task in data center requires not only the
computing resources but also the human technical support. The
work in this paper requires human effort just for the scheduling
task. Moreover, those previous works considered optimizing the
cost in the inter data center context, while the work in this paper
considers the energy consumption within a data center.

3. Energy consumption model

According to [29], the server power consumption counts for up
to 75% of the total energy consumption of a data center. Thus, in
this paper, we focus on reducing the server energy consumption.

Assume that we have set of exchangeable server R. Exchange-
able means that an application can run on any set of servers ⊂ R.

R is divided into n class {R1, . . . , Ri, . . . , Rn} according to the
number of cores in each server. In each class, the CPU has identical
working clock rate.
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Table 1
Energy consumption measurement results of many computer components.

Component Idle (W) Max load (W)

CPU 8.49 38.66
RAM 6.06 6.23
HD 5.93 7.59

For simple, we assume that the number of RAM and storage
increasing linearlywith the number of cores in each server.We also
assume that each core in R has approximately similar performance.
This assumption derived from two facts. Firstly, the hardware
in a data center usually has 4 years life cycle, thus, the single
core low speed CPUs are dropped. Secondly, in recent years, the
microprocessor industry only focuses on increasing the number of
cores in each CPU but not on increasing the clock rate.

Some modern servers provide the possibility to shut off com-
ponents such as memory banks or hard disks when they are not
used. Even if those activities can save some energy, using them in
the data center faces many difficulties. Not all of the servers sup-
port those features especially the old ones. Using those features re-
quire sophisticated data center hardwaremanagement toolswhich
may be expensive or not matured. Besides that, the advantage of
those features is the fast recovery to deal with rapid load changing
but this advantage has little effect in data center like ENI’s. As ana-
lyzed in Section 1, load in data center is quite stable. If there is load
changing, it will be analyzed carefully before having any hardware
adjustment and this process happens not in the scale of seconds
but in the scale of days or even weeks. Thus, in this paper, we do
not consider the possibility of shutting off components but we fo-
cus on shutting down the whole server.

A server can run many applications. Each application has dif-
ferent usage of different components of a computer. For exam-
ple, some tasks are pure CPU intensive while others make use of
CPU, frequently access memory or storage. Modeling this behav-
ior in theory is very complex. However, there is a way to work
around this issue. In [19], the authors measure energy consump-
tion of many components within a computer. The authors found
that when they disabled all the on-board components, such as
Firewire, network, sound and COM ports, and learned that overall
energy use dropped by 2Watts. Thus, we can omit the energy con-
sumption of those components. Also in [19], the authors measured
the energy consumption of each component in idle state and in full
load state. Even the method of measurement was not described,
the technique for that task is not so complicated. Indeed, we can
measure the current of the component at its power supplying ca-
ble, the 4 pin or 8 pin connectors. The load dedicated for each com-
ponent can be implemented in few lines of programming codes.
The result of those measurements is presented in the Table 1.

From this practicalmeasurement results, we can see that highly
utilize memory, storage or network adapter does not have much
influence on the increasing energy consumption of a server. The
main influential factor is CPU usage rate. In other word, no matter
if the running application uses pure CPU cycle or also accesses
memory, hard disk or network adapter, we only focus on the CPU
usage rate to model the energy consumption of a server. In this
paper, we use the linear relation between the increase in computer
power consumption and the increase in CPU power consumption
as presented in Formula (1).

Ei = Ci + (Eimax − Ci) ∗ αi ∗

mi
k=1

Pik

Pimax − Piidle
(W). (1)

With

• Ei is the power used in one second of the server in class i while
running application.
• Ci is the power used in one second of the server in class i while
idle.

• Eimax is the power used in one second of the server in class iwith
max load.

• Pik is the increasing power consumption of core k of the server
in class i in one second while running application.

• Pimax is the power used in one second of the CPU of the server
in class i with max usage rate.

• Piidle is the power used in one second of the CPU of the server in
class i while idle.

• αi is the proportionality constant of the server in class i.
• mi is the number of cores of the server in class i.

According to [30,31], Pik can be presented with following
formula

Pik = βi ∗ f 3i ∗ Uik (W). (2)

With

• βi is the proportionality constant of the server in class i.
• fi is the frequency at which the CPU is operating of the server in

class i.
• Uik is the average usage rate of the core k of the server in class i

in one second.

As the loads of the data center are mainly transaction oriented
applications, we focus on this type of application in this paper. In
each server, there is a load balancer inside the OS to distribute
evenly the workload to cores. Thus, Uik is identical for every core k
of the server in class i. We have the server energy consumption as
in Formula (3).

Ei = Ci + (Eimax − Ci) ∗ αi ∗
mi ∗ f 3i ∗ Ui

Pimax − Piidle
(W). (3)

We have a set of N deployed application A running on R.
Each application aj ∈ A is running on a set of mixed server
{t1j, . . . , tij, . . . , tnj}, with tij is the number of server in class i
joining the set of server running application aj. As each application
has built in a load balancer to distribute evenly the workload over
many servers, we can assume that the average usage rate Uj is
identical for all running cores.

The total energy consumption of servers in a data center is
presented in Formula (4).

E =

N
j=1

n
i=1

tij ∗

Ci + (Eimax − Ci) ∗ αi ∗

mi ∗ f 3i ∗ Uj

Pimax − Piidle


(W). (4)

4. Energy efficient resource reallocation algorithm

4.1. Formal problem statement

Assume that at the beginning, each application aj ∈ A is running
on a set of mixed server {t1j0, . . . , tij0, . . . , tnj0} with usage rate
Uj0. This value is the average usage rate determined by long term
observation using monitoring tools such as BMC Patrol or Tivoli.

After rearrangement, each application aj ∈ A is running on a set
of mixed server {t1j1, . . . , tij1, . . . , tnj1} with usage rate Uj1.

E1 =

N
j=1

n
i=1

tij1 ∗


Ci + (Eimax − Ci) ∗ αi ∗

mi ∗ f 3i ∗ Uj1

Pimax − Piidle


(W).

(5)

Assume that, the data center is willing to spend P person hours
to do the rearrangement.We have to rearrange A on R in away that
minimizes the energy consumption E1 with the total human effort
not over P .
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Table 2
Energy consumption parameters of the system.

Serv. type (i) Total number Nr. cores (mi) Ci (W) Eimax (W) Piidle (W) Pimax (W) fi (GHz) αi

1 4 1 75.42 102.22 7.57 31 2.0 2.93∗10−27

2 2 2 76.44 103.39 9.88 33.18 1.9 1.7 ∗ 10−27
We have following constraints.
• With each server class, total number of servers used by A must

less than the number of server that the data center has.
N
j=1

tij1 ≤ |Ri| ∀i ∈ {1, . . . , n}. (6)

• The usage rate of each application aj ∈ Amust less than themax
usage rate Ujmax so the QoS can still be maintained.

Uj0 ≤ Ujmax ∀j ∈ {1, . . . ,N}. (7)
And

Uj0 ∗

n
i=1

mi ∗ tij0

≤ Ujmax ∗

n
i=1

mi ∗ tij1 ∀j ∈ {1, . . . ,N}. (8)

• The total number of usedpersonhoursmust less than P . Assume
that each server moving needs h person hours.

N
j=1

n
i=1

(tij1 − tij0) ∗ k ∗ h < P (9)

if tij1 < tij0 then k = 0. In this case, the number of server at class
i is reduced. We only need to turn off the server. Thus, it does
not need person effort.
if tij1 > tij0 then k = 1. In this case, the number of server at class
i is increased.We need person effort to install and configure the
server.
The above analysis can be presented with following formula.

N
j=1

n
i=1

max(0, tij1 − tij0) ∗ h < P. (10)

4.2. Basic idea

To save server energy consumption in a data center, we have
three tools.
• Changing operation frequency of CPU. In this approach, CPU

works with light load will be reduced the operation frequency
to save energy. We assume that the performance of CPU is
linear with the operation frequency. Assume that a server with
current operation frequency fi has average usage rate Ui. The
energy consumption is presented in Formula (3). Assume that
Uimax is the maximum usage rate that the server can still run
the application without decreasing QoS. If we decrease the
frequency to l = Uimax

Ui
times, the usage ratewill increase l times.

The energy consumption now will be:

Ei1 = Ci + (Eimax − Ci) ∗ αi ∗
mi ∗ f 3i ∗ Ui

Pimax − Piidle
∗

l
l3

(W). (11)

Since l > 1, Ei1 < Ei.
• Workload consolidation. The light load application running on

many computers will be arranged to run on smaller number
of computers. Others will be switch off to save energy. For
example, an application is running on 5 single core servers with
10% average usage rate. We can turn off 4 servers and let the
application running on one server. This action does not affect
Table 3
Application parameters of the system.

App. (j) Req. cores (tj) Uj

1 4 1.0
2 4 0.1

Table 4
Two extreme resource allocation solutions.

Solution 1 Solution 2
App. 1 App. 2 App. 1 App. 2

Server type 1 4 0 0 4
Server type 2 0 2 2 0

E w/o f change (W) 567.15 519.156
E with f change (W) 561.76 508.46

the performance of the application while saving great amount
of energy.

• Workloadmoving. The totalworkloadwill be distributed to het-
erogeneous servers in away that optimize energy consumption.

Wewill study these tools with a basic scenario. Assume that we
have a system with energy consumption parameters as described
in Table 2. The data is derived from the real measurement [32].

Assume that the system is running applications with parame-
ters described in Table 3.

We will look at two extreme resource allocation solutions as
described in Table 4. Assume that at the beginning, the resources
are allocated with solution 1. In the first solution, the heavy load
application is allocated to four single core servers and the light load
application is allocated to twoduo cores servers.With this solution,
we can apply consolidation and frequency adjustment to save
energy. We apply formula (4) to compute the consumed energy
without orwith frequency changing.With frequency changing, the
frequency of the light load server is reduced 10 times. The result is
thatwe save about 6W. Ifwe apply consolidation first by switching
off a duo core server running application 2without affecting its QoS
and then adjust CPU frequency, we will save about 106 W.

In the second solution, the heavy load application is allocated
to two duo cores servers and the light load application is allocated
to four single core servers. With solution 2, we can apply both
frequency adjustment and workload consolidation techniques to
save energy. First, we switch off three single core servers running
application 2 without affecting its QoS. Then, we adjust CPU
frequency. Thus, the energy consumption of solution 2 is only
about 283 W and we save about 225 W.

From the analysis above, we have some observations.

• Only adjusting the frequency does not bring significant energy
saving for a data center as optimizing the resource allocation
and workload consolidation.

• A suitable resource allocation is a good precondition to apply
frequency adjustment and workload consolidation techniques
to save energy.

Thus, in our approach, we will optimize the resource allocation
and workload consolidation first. After that, we will adjust the
frequency. In particular, we will move the heavy load applications
to new servers with great number of cores servers while moving
light load applications to old server with smaller number of cores
servers. This approach is promising on the basis of two facts.
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Fig. 1. Overall architecture of T-Alloc algorithm.
• The new generation computer components have higher perfor-
mance and consume less energy than the old generation. Thus,
running heavy load applications on the new hardware saves
more energy than running on the old hardware.

• When a light load application is running on old servers with
small number of cores, we can easily switch off some computers
without affecting the QoS of this application.

4.3. T-Alloc algorithm

The overall architecture of the T-Alloc algorithm is described in
Fig. 1.

The input of the algorithm is the resource configuration and the
current resource allocation solution. The input data is processed
through steps of consolidation, moving workload, exchange
workload and changing frequency if possible. The mechanism of
frequency adjustment is described carefully in the early part of
Section 4.2. Thus, we will focus on the method of consolidation,
moving workload and exchanging workload. For presentation
purpose, we use solution 1 of the scenario in Section 4.2

4.3.1. Consolidation
To do the consolidation, we use the procedure presented in

Algorithm 1. With each application, first, we compute the number
of spare cores W . W is computed by getting the total number of
cores running the application minus the total number of core need
to run the application at the usage rate u_max. u_max is highest
usage rate that still ensures the Quality of Service (QoS) for the
application. Then, we map as much servers as possible to those
cores and mark them as spare. After that, we remove spare servers
out of the list of servers running that application.

Algorithm 1 Initial consolidation procedure
1: for each application aj do
2: W = Floor(aj.total_cores−aj.u_rate∗aj.total_cores/u_max)
3: Sort list of servers running aj according to number of cores in

ascending order
4: Map servers toW
5: Mark mapped servers as spare
6: end for

Mapping servers toW can be modeled as following.
• There are totalW number of cores.
• There is a set S containing N servers.
• Each server si has its weight wi equals to its number of cores.
• We have to map W to as many servers as possible. Thus, the

value ci of each mapped server si is 1.
This is exactly the 0/1 knapsack problem. To solve the 0/1

knapsack problem, we use dynamic programming technique.
Algorithm 2 describes the phase of determining the value matrix
B. The value of the solution to i servers either include server si, in
which case it is ci plus a subproblem solution for (i−1) servers and
theweight excluding number of corewi, or does not include server
si, in which case it is a subproblem solution for (i − 1) servers and
the same weight.

Algorithm 3 describes the phase of determining the final result.
The set of items to take can be deduced from the value matrix
B, starting at B[N][W ] and tracing backwards where the optimal
values came from.

In our example, we can do the consolidation with application 2.
After this step, we have a spared duo core server.
Algorithm 2 Determining the value matrix
1: for w = 0 toW do
2: B[0][w] = 0
3: end for
4: for i = 1 to N do
5: B[i][0] = 0
6: for w = 0 toW do
7: if wi ≤ w then
8: if ci + B[i − 1][w − wi] > B[i − 1][w] then
9: B[i][w] = ci + B[i − 1][w − wi]

10: else
11: B[i][w] = B[i − 1][w]

12: end if
13: else
14: B[i][w] = B[i − 1][w]

15: end if
16: end for
17: end for

Algorithm 3 Determining the final results
1: i = N
2: k = W
3: if B[i][k]! = B[i − 1][k] then
4: Mark the sub-job si as in the knapsack
5: k = k − wi
6: i = i − 1
7: else
8: i = i − 1
9: end if

App 1 

1.0

(4,0)

App 2 

0.2

(0,1)

Fig. 2. List of applications.

4.3.2. Moving workload
Step 1. Forming list of spare servers. In our example, we have

only one spared duo core server.
Step 2. Forming list of applications in the current solution. In our

example the list is as in Fig. 2.
The second field is the usage rate of the application. The third

field is the current resource allocation solution.
Step 3. Finding candidates to move.
To find candidates for moving, we use Algorithm 4.
At substep 3, we compute

L = aj.total_cores − aj.u_rate ∗ aj.total_cores/u_max + mi.

At substep 4 we use Algorithms 2 and 3.
In our example, we have only one tuple (1, 1, 1).
Step 4. Select the item having the biggest H in the control list.
Step 5. Update the solution and update the total number of used

person hours Ptotal using the best tuple. Assume the best tuple is
(j, k,H), we will perform Algorithms 2 and 3 to mark the mapped
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Algorithm 4 Finding candidates to move procedure
1: for each server k type i in list of spare servers do
2: for each application aj in list of applications do
3: Compute number of spare cores L in application aj

including server k
4: Map servers in application aj to L
5: number of spare servers H= number of mapped servers -1
6: Store tuple (j, k,H) in a list
7: end for
8: end for

App 1 
1.0

(2,1)

App 2 

0.2

(0,1)

Fig. 3. List of applications before exchanging workload.

Server 3 

1

1

Server 4 

1

1

Server 1 

2

2

Server 2 

1

2

Fig. 4. List of servers.

servers as spare. Then, we add server k to the application aj and
remove spare servers out of application aj.

Step 6. Repeat from step 2 to step 5 until Ptotal exceeds Pmax or
the control list is empty.

In our example, we can move workload from two single core
servers running application 1 to the spared duo core server. With
this action, we have two spared single core servers. If Ptotal does
not exceed Pmax and the control list is empty, we continue with the
exchange workload.

4.3.3. Exchange workload
Step 1. Forming list of applications in the best found solution. In

our example, the list is as in Fig. 3.
Step 2. Forming list of servers appear in the best found solution.

In our example, the list is as in Fig. 4.
The second field is the application id that the server is executing.

The third field is the number of core of this server.
Step 3. Finding candidates to exchange.
To find candidates for exchanging, we use Algorithm 5.

Algorithm 5 Finding candidates to exchange procedure
1: for each application aj in list of applications do
2: for each server k type i in list of servers do
3: Compute number of spare cores L in application aj

including server k
4: Determine list of spare servers in application aj
5: Move spare servers to original application al own server k

and move server k out of al
6: Compute number of spare coreM in al
7: Determine list of spare servers in application al
8: Compute number of person hour P to handle the exchange
9: Compute rate R= number of spare servers / P

10: Store tuple (j, k, R) in a list
11: end for
12: end for

At substep 3, we compute

L = aj.total_cores − aj.u_rate ∗ aj.total_cores/u_max + mi.
App 1 

1.0
(0,2)

App 2 
0.2
(2,0)

Fig. 5. State of applications after substep 5.

App 1

1.0
(0,2)

App 2 
0.4

(1,0)

Fig. 6. State of applications after step 5.

With k = 1 and j = 1, in our example, L = 2.
At substep 4, we use Algorithms 2 and 3 to determine list of

spare server in a−j. In our example, two single core servers running
a1 is spared.

At substep 5, we have state of a1, a2 as in Fig. 5.
At substep 6, we computeM

M = al.total_cores − al.u_rate ∗ al.total_cores/u_max.

In our example,M = 1.
At substep 7, we use the same procedure in substep 4 to

determine the spare server. In our example, there is one spare
server.

At substep 8, we compute

P = 1 + total spared server at substep 4
− total spared server at substep 7.

In our example, P = 2.
At substep 9, we compute

R = total spared server at substep 7/P.

In our example, R = 0.5.
Step 4. Select the item having the biggest R in the control list.
In our example, we have only 1 tuple (1, 1, 0.5).
Step 5. Update the solution and update the total number of used

person hours Ptotal using the best tuple.
In our example, we have the result as in Fig. 6.
Step 6. Repeat from step 1 to step 5 until Ptotal exceeds Pmax or

the control list is empty.

4.4. Algorithm analysis

Assume that:

• The total number of servers in the data center is Ns.
• The total number of application running in the data center isNa.
• The average number of cores per server is nc .
• The average number of servers running an application is ns.
• The average total number of spare cores per application is nsc .

This number always less than or equal to total number of cores
running the application nsc ≤ ns ∗ nc .

• The number of spare servers is nss. This number equals to total
number of server minus occupied servers nss = Ns − Na ∗ ns.

• The times of finding candidate (step 3, moving workload
algorithm) is Nfc . This value is always less than or equal to the
number of spare servers Nfc ≤ nss. Thus, Nfc ≤ Ns − Na ∗ ns.
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Table 5
Server configuration.

S. type (i) Cores (mi) Ci (W) Eimax (W) Piidle (W) Pimax (W) fi (GHz) αi

1 1 75.42 102.22 7.57 31 2.0 2.93∗10−27

2 2 76.44 103.39 9.88 33.18 1.9 1.7 ∗ 10−27

3 4 95.75 171.70 20.14 91.88 2.2 1.68∗10−27

4 6 128 229 22 99.6 2.4 0.93∗10−27
Table 6
Resource scenarios.

Scenario Nr. server
type 1

Nr. server
type 2

Nr. server
type 3

Nr. server
type 4

Modern—1 40 80 120 200
Normal—2 120 100 100 100
Old—3 200 120 80 40

Consolidation algorithm takesO(Na∗ns∗nsc) times. Themoving
algorithm takes O(Nfc ∗ nss ∗ Na ∗ ns ∗ nsc) times. The exchange
algorithm takes almost the same number of times as the moving
algorithm.

We can consider that thewhole algorithm takesO(M) = O(Nfc∗

nss ∗ Na ∗ ns ∗ nsc) times.

M = Nfc ∗ nss ∗ Na ∗ ns ∗ nsc . (12)

By replacing values of Nfc, nss, nsc , we have

M ≤ (Ns − Na ∗ ns) ∗ (Ns − Na ∗ ns) ∗ Na ∗ ns ∗ ns ∗ nc . (13)

Consider variable X = Na ∗ ns, we have f (X) = ns ∗ nc ∗ X ∗

(Ns − X)2. Getting the first derivation of f (X), f (X) has maximum
at X =

Ns
3 . Thus, we have

M ≤


2
3

2

∗
1
3

∗ (Ns)
3
∗ ns ∗ nc . (14)

As ns < Ns, we have

M ≤


2
3

2

∗
1
3

∗ (Ns)
4
∗ nc . (15)

From this analysis, we can consider the whole algorithm takes
maximum O(N4

s ) times.

5. Experiment

The experiment is done with two main goals. The first goal is
studying the saving rate of the reallocationmechanism in different
resource configuration scenarios and different number of total
person hours that the data center is willing to provide to do the
arrangement. The second goal is checking the efficiency of the
proposed algorithm with other employed methods.

5.1. Studying the saving rate experiment

We use 4 server classes correlated to single core, duel cores,
quad cores and six cores with the energy consumption data is as
in Table 5. This data is derived from real measurement [32].

Wegenerated 3 resource scenarios:moderndata center, normal
data center and old data center as in Table 6. In the normal data
center, the percentage of many cores server is dominated. In the
old data center, the percentage of small number of cores server is
dominated.

In data center like ENI’s, the value from 70% to 80% of CPU usage
rate is generally considered as the upper threshold to ensure QoS.
Thus in our experiment, we assume the heavy load rate is 75%.
Table 7
Load distribution models.

Model Rate
(%)

Server type 1
(%)

Server
type 2

Server
type 3

Server
type 4

1 75 60 40 20 10
1 45 30 30 30 30
1 20 10 30 50 60
2 75 33 33 33 33
2 45 33 33 33 33
2 20 33 33 33 33
3 75 10 30 50 60
3 45 30 30 30 30
3 20 60 40 20 10

From this value, we derived the normal load rate and the light load
rate are 45% and 20% CPUusage rate respectively. For each resource
scenario, we distribute the server to 54 applications according to
three distribution models as in Table 7. We choose 54 applications
for several reasons. It is big enough to describe the stated scenario.
It imposes a significant load to Mixed Integer Linear Programming
(MILP) solver used in the performance comparison experiment.
Increasing more number of application will greatly increasing the
runtime of MILP solver in an unnecessary way. Moreover, taking
aside some applications require only one core, this number scales
well with the actual number of applications in real data center. In
the first model, many old servers are working with heavy load rate
and many modern servers are working with light load rate. In the
second model, the percentage of heavy load servers, normal load
servers, light load servers are approximately equal. In the third
model, many old servers areworkingwith light load rate andmany
modern servers are working with heavy load rate.

For each resource scenario, for each distribution model, we ap-
ply the energy efficient policies and calculate the energy consump-
tion. In the experiment, we assume that u_max = 0.75 and each
server reconfiguration needs one person hour. We will change the
number of person hour from 0 to the level which brings no further
improvement in energy saving. The simulation is done on a virtual
machine with CPU 2.4 GHz, RAM 1 GB, Ubuntu Linux 8.4. Each run-
ning instance needs less than a second. The simulation results are
presented in Table 8. The data in the Table 8 is the power used of
each allocation solution and is measured in kilowatt.

The percentage of saving derived from Table 8 is presented
in Table 9. The original power consumption without frequency
adjustment is used as the reference.

From the simulation result, we have some comments.
Saving rate when applying rearrangement and consolidation

for distribution model 1 is the biggest and for distribution model
3 is the smallest. In the distribution model 1, many old servers
are working with heavy load rate and many modern servers
are working with light load rate. Thus, in the rearrangement,
the chance of moving heavy load from old servers to modern
servers is higher. The consequence is the higher saving rate. In the
distribution model 3, many old servers are working with light load
rate and many modern servers are working with heavy load rate.
This distribution is already efficient in energy consumption. Thus,
the chance of improving is lower.
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Table 8
Simulation results.

Scen-Mod f change Org 0 (ph) 4 8 12 16 20 24 28

1–1 w 52.04 34.05 32.52 30.98 29.91 28.93 28.17
1–1 w/o 58.06 35.79 34.05 32.72 31.72 30.83 30.18
1–2 w 55.65 41.79 36.89 35.89 34.77 33.75 33.24
1–2 w/o 60.72 43.18 37.90 36.94 36.04 35.14 34.68
1–3 w 60.88 51.08 50.18 49.37 48.99
1–3 w/o 64.67 52.30 51.43 50.64 50.26
2–1 w 44.51 30.25 27.95 25.85 24.15 22.66 21.47 20.41 20.17
2–1 w/o 48.58 31.37 29.08 26.98 25.32 23.87 22.70 21.66 21.45
2–2 w 45.97 32.56 28.78 27.24 25.80 24.59 23.59 23.08
2–2 w/o 49.65 33.92 29.62 28.08 26.64 25.52 24.59 24.16
2–3 w 48.49 35.50 34.35 33.58 32.84 31.97
2–3 w/o 51.55 36.52 35.37 34.61 33.85 33.05
3–1 w 42.63 30.40 28.87 27.34 25.81 24.28 22.76 21.23 19.79
3–1 w/o 45.54 31.43 29.90 28.38 26.85 25.32 23.79 22.26 20.83
3–2 w 42.23 27.86 24.92 23.01 21.30 20.03 19.65
3–2 w/o 45.13 28.91 25.92 24.01 22.36 21.10 20.72
3–3 w 43.24 26.87 25.72 25.33
3–3 w/o 45.99 27.62 26.47 26.08
Table 9
Simulation results in % of saving rate.

Scen-Mod f change Org 0 (ph) 4 8 12 16 20 24 28

1–1 w 10.3 41.3 43.9 46.6 48.4 50.1 51.4
1–1 w/o 0 38.3 41.3 43.6 45.3 46.8 48.0
1–2 w 8.3 31.1 39.2 40.8 42.7 44.4 45.2
1–2 w/o 0 28.8 37.5 39.1 40.6 42.1 42.8
1–3 w 5.8 21.0 22.4 23.6 24.2
1–3 w/o 0 19.1 20.4 21.6 22.2
2–1 w 8.3 37.7 42.4 46.7 50.2 53.3 55.8 57.9 58.4
2–1 w/o 0 35.4 40.1 44.4 47.8 50.8 53.2 55.4 55.8
2–2 w 7.4 34.4 42.0 45.1 48.0 50.4 52.4 53.5
2–2 w/o 0 31.6 40.3 43.4 46.3 48.6 50.4 51.3
2–3 w 5.9 31.1 33.3 34.8 36.2 37.9
2–3 w/o 0 29.1 31.3 32.8 34.3 35.8
3–1 w 6.3 33.2 36.6 39.9 43.3 46.6 50.0 53.3 56.5
3–1 w/o 0 30.9 34.3 37.6 41.0 44.4 47.7 51.1 54.2
3–2 w 6.4 38.2 44.7 49.0 52.8 48.9 56.4
3–2 w/o 0 35.9 42.5 46.7 50.4 53.2 54.0
3–3 w 5.9 41.5 44.0 44.9
3–3 w/o 0 39.9 42.4 43.2
Saving rate when applying rearrangement and consolidation
for resource scenario 1 is the smallest and for scenario 3 is the
biggest. In resource scenario 3, number of old servers is large and
number of modern server is small. Thus, the probability of old
servers handling heavy load is higher and we have more chance
of successfully doing rearrangement and consolidation. In resource
scenario 1, number of old servers is small and number of modern
server is large. Thus, the probability of old servers handling heavy
load is smaller and we have less chance of successfully doing
rearrangement and consolidation.

After rearrangement and consolidation, saving rate by adjusting
the frequency is not as good as before. It is because, at this point,
the usage rate of each server is approximately equal to the max
usage rate. Thus, we have smaller chance of performing frequency
adjustment. This is important for traditional data centers as not all
servers have energy saving features.

The saving rate is significant. With just few human hours effort
the saving energy can reach from 20% to 40%. Themaximum saving
rate can reach up to 58% for some scenarios. It is much better
than just using frequency adjustment with the saving rate from
5% to 10%. As the load from data centers like ENI’s is quite stable,
one change can takes long effect. This character and the good
performance of the algorithm are strong incentives to apply the
work of this paper to real environment.

The runtime of the algorithm is very fast with each running
instance is always less than a second. The conducted simulation
uses about 400 servers which equals to the number servers of
an intermediate side data center. From the algorithm analysis,
the whole algorithm takes O(N4

s ) times. Thus, the runtime of the
algorithm increases by a power four with the increase of number
of servers. The conducted simulation uses about 400 servers which
equals to the number servers of an intermediate side data center.
For large data centers having 1000 of servers, the expected runtime
of the algorithm is about 39 s. Thus, this algorithm can scale well
with wide range of data centers.

5.2. Checking the algorithm efficiency experiment

To check for the efficiency of the proposed algorithm, we
employ Mixed Integer Linear Programming (MILP) technique to
solve our problem.We use Gnu Linear Programming Toolkit (glpk)
as the MILP tool. MILP is also used in the work [7] that is the
most similar to our work but applied for optimizing the computing
resource usage. MILP cannot solve our problem with the man
power constraint as presented in Formula (10). The reason is that
constraints in MILP are usually linear formulas but Formula (10)
is not the linear one. Thus, we use MILP to solve the problem
as presented in Formulas (5)–(8). This means that MILP should
find out an as efficient as possible solution regardless of human
effort constraint. To be fair, the number of human effort required
by MILP solution will be the constraint parameter for the T-Alloc
algorithm. We still use the resource configuration and workload
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Table 10
Simulation results of T-Alloc and MLP.

Scen-Mod f change T-Alloc MLP
Power ph Power ph

1–1 w 28.17 19 32.61 48
1–1 w/o 30.18 19 33.42 48
1–2 w 33.24 20 37.19 64
1–2 w/o 34.68 20 37.94 64
1–3 w 48.99 11 50.05 58
1–3 w/o 50.26 11 50.56 58
2–1 w 20.17 27 25.02 46
2–1 w/o 21.45 27 25.61 46
2–2 w 23.08 24 27.81 47
2–2 w/o 24.16 24 28.19 47
2–3 w 31.97 15 34.54 66
2–3 w/o 33.05 15 35.27 66
3–1 w 19.79 28 22.72 79
3–1 w/o 20.83 28 23.44 79
3–2 w 19.65 19 23.10 67
3–2 w/o 20.72 19 23.75 67
3–3 w 25.33 8 26.21 80
3–3 w/o 26.08 8 26.86 80

configuration, simulation environment as in the above experiment.
With each running instance, we set MILP timeout value as 10 min.
The runtime of T-Alloc is less than one second for each running
instance. The result is presented in Table 10.

From the result in Table 10, we can see clearly that T-Alloc
algorithm finds out better solution with much less human efforts
than MIP does in any situation.

6. Conclusion

This paper has presented a method, which reduces the energy
consumption of the traditional data center. The distinguished
characters of a traditional data center are heterogeneous resource
and most of admin works are done manually. To save energy,
we rearrange the resources allocation, do workload consolidation
and frequency adjustment. In the reallocation algorithm, we use
the fact that new generation computer components have higher
performance and consume less energy than the old generation.
Thus, we use the heuristic that move the heavy load applications
to new servers with great number of cores servers while moving
light load applications to old server with smaller number of cores
servers and then switch off as many old servers as possible. The
algorithmalso considers the constraints of humaneffort to perform
the reallocation. The performance evaluation showed that the
algorithm is more effective with old data centers or when many
old servers are working with heavy load rate and many modern
servers are working with light load rate. With short runtime and
good solution, the algorithm can be well put into the practice and
applied to operational data centers.
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