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ABSTRACT

Internet Data Center (IDC) supports the reliable operations
of many important Internet on-line services. As the demand
on Internet services and cloud computing keep increasing
in recent years, the power usage associated with IDC opera-
tions has been uprising significantly. The cyber and physical
aspects of IDCs interact with each other, and brings un-
precedented challenges in power management. While most
existing research focuses on reducing power consumptions of
IDCs, this paper studies the problem of minimizing the to-
tal electricity cost geared to quality of service constraint as
well as the location diversity and time diversity of electric-
ity price under multiple electricity markets. We jointly con-
sider both the cyber and physical management capabilities
of IDCs, and exploit both the center-level load balancing,
and the server-level power control in a unified scheme. We
model the problem as a constrained mixed integer program-
ming based on Generalized Benders Decomposition (GBD)
technique. Extensive evaluations based on real-life electric-
ity price data for multiple IDC locations demonstrates the
effectiveness of our scheme.

Categories and Subject Descriptors

C.4 [Performance of Systems]: Design studies

Keywords

Cyber-physical system, distributed Internet data center, load
balancing, power control

1. INTRODUCTION

Our daily lives are increasingly dependent upon both the
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world’s physical infrastructure and cyber infrastructure. Phys-
ical devices, computers, servers, mobile devices are more and
more inter connected through networks. These complex sys-
tems are referred to as cyber-physical systems (CPSs), as
they feature the tight integration and coordination between
the system’s computational and physical components.

The past decade witnessed tremendous growth of online
applications and services, including Email, bogging, social
networking, entertainment, and e-commerce. Together with
the recent trend of cloud computing, more and more data
and computation are migrated to or hosted on the Internet
Data Centers (IDCs). IDC has many benefits including data
reliability, ease of management for end users, and low amor-
tized cost of ownership. For example, it uses geographical
distribution and replication to improve data reliability [14].
Also, IDC operators such as Google, Micrsoft, and Ama-
zon.com etc can use economies of scale and statistical multi-
plexing to amortize the total cost of ownership over a large
number of machines and users [1, 10, 18, 20].

Today’s IDCs are achieving significant advances in com-
munication and computation capabilities. However, along
with the increasing demand of online services and the asso-
ciated deployment of IDCs, the cost on powering up (and
cooling) these Internet Data Centers is increasing signifi-
cantly. In the U.S., it is reported that IDC facilities con-
sume approximately 2% of all electricity, with an estimated
growth rate of 12% per year. A recent study estimated that
the worldwide spending on enterprise and data center power
and cooling to top $30 billion in year 2008 and is likely to
even surpass the spending on new server hardware [25].
Therefore, the need for power management of IDCs is be-
coming ever more urgent and important.

On the other hand, the technology advances of IDC design
bring many new opportunities for IDC power management.
In the server level, existing technics include Chip Multi-
Processing (CMP), Dynamic Voltage and Frequency Scal-
ing (DVFS), Sleep Scheduling and Virtual Machine Manage-
ment. In the data center level, we can exploit load balanc-
ing and task scheduling to support power efficiency. These
new technologies enable the the complex interactions be-
tween the cyber and physical aspects of IDCs as well as
bring many new challenges [14]. It is desirable to co-design
the software architecture together with the physical infras-



tructure to maximize resource utilization and save power.
For example, when service load increases, we can leverage
load balancing and service aggregation on the computation
and communication (cyber) side together with server-level
adaptation and sleep (ON/OFF) scheduling on the physical
side to save power and at the same time meet service-level
agreement (SLA).

There are extensive existing research on power manage-
ment of server farms [8, 12, 13, 25]. Most of these power
management approaches focus on how to reduce the power
demands of data center. However, the ultimate goal of IDC
service providers (such as Google, Microsoft etc.) is to re-
duce the total operating cost: it not only depends on the
power consumed by the IDCs, but also depends on the elec-
tricity price which could exhibit location and time diversity.
Recently, there are research work on this goal (i.e. minimiz-
ing the total electricity cost) [4, 16]. However, those work
did not take server-level design into considerations, which is
an important mechanism to reduce power consumption.

In this paper, we propose MEC-IDC, a joint load balanc-
ing and power control scheme for distributed IDCs. In our
scheme, load balancing is conducted on the data center level,
and power control is conducted on the individual server level
by exploiting server ON/OFF and Dynamic Voltage and Fre-
quency Scaling (DVFS). The center-level load balancing and
server-level power control work together to minimize the to-
tal electricity cost while at the same time satisfies the qual-
ity of service delay requirements to the users. We formulate
the total electricity cost minimization problem for IDCs in
a multi-electricity-market environment [16] as a constrained
optimization problem, in which the constraints capture the
delay guarantee and workload requirements. We then pro-
pose an efficient solution based on the extension of Gener-
alized Benders Decomposition (GBD) [2] technique.

The main contribution of this paper is summarized as fol-
lows:

e First, we investigate the important problem of mini-
mizing the total electricity cost for IDC service providers
under a multi-electricity-market environment. Our for-
mulation captures both center-level load balancing and
server-level power control capabilities so as to achieve
the goal of minimizing the total electricity cost of IDCs,
while in the same time can guarantee the quality of
service experienced by end users.

e Second, we propose an efficient solution based on the
extension of GBD technique to obtain the optimal load
balancing and power control scheme for electricity cost
minimization. Further, we evaluate the formulation
and solution based on real-life electricity price data
and shows that significant total electricity cost reduc-
tion can be achieved.

The rest of this paper is organized as follows. Section 2
discusses related work. Section 3 proposes the MEC-IDC de-
sign and gives the problem modeling and formulation. Sec-
tion 4 gives the solution for the two-component design. Sec-
tion 5 discusses a multi-electricity market environment to
emulate the main Google IDC locations and shows that the
proposed MEC-IDC scheme could greatly reduce the total
electricity cost. Finally, Section 6 concludes the paper.

2. RELATED WORK
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Cyber-Physical System (CPS) has many applications such

as health care, transportation and automotive networks, aerospace

and avionics, automated manufacturing, blackout-free elec-
tricity generation and distribution, optimization of energy
consumption in buildings and vehicles, critical infrastruc-
ture monitoring, disaster response, efficient agriculture, and
environmental science [17, 34, 7]. Good overviews of differ-
ent CPS research aspects can be found in the position papers
published in the recent NSF workshops on CPSs [22].

Internet Data Center (IDC) is one important emergent
CPS. Online applications and services supported by IDC
are primarily for communication and computation purposes,
but the continuous operation and correct functioning are
constrained by the physical resources such as power con-
sumptions. In this paper, we study the total electricity cost
minimization problem in a multi-electricity-market environ-
ment for IDCs. In this section we discuss the work most rel-
evant to ours. For related work on multi-electricity-market
environment, please refer to [16].

2.1 Power Management in IDCs

Along with the surging energy usage of IDCs, power man-
agement is becoming an ever more important and active
research area. A latest overview of challenges toward power
management in IDCs is presented in [14]. Energy-efficient
servers can be enabled by existing energy saving solutions
including low power chipset with chip multiprocessing [15],
virtualization technologies [26, 23], power control theories
[35] and other techniques [25].

While most of the existing technologies have been devel-
oped to reduce the total power consumptions of IDCs [8,
12, 13, 21, 27, 31, 36], recently Qureshi et al. [4] and Rao
et al. [16] study the novel problem of minimizing IDC total
electricity cost. In [4] Qureshi et al. focus on the evalua-
tion of electricity price data and in [16] Rao et al. focus on
modeling and formulation of load balancing for IDCs. How-
ever, they do not take server-level design into consideration,
which is important for reducing power consumption.

2.2 Constrained Mixed Integer Nonlinear Pro-
gramming: Problem and Solution

The decision variables in constrained mixed integer non-
linear programming problems (MINLP) include both integer
variables and continuous variables. Optimization models of
an MINLP structure arise in a variety of fields, including
chemical engineering and reliability networks. A general
MINLP is known to be NP-hard and no efficient solutions
exist when the problem size is large because the search space
may increase exponentially. However, for some practical ap-
plications, the MINLP problem often possesses some special
structures that can be exploited for designing effective solu-
tions. One special situation is that fixing the discrete vari-
ables renders the objective function convex for continuous
variables. In this paper, we utilize the efficient Generalized
Benders Decomposition (GBD) [2] technique to solve the
mixed integer non-linear programming problem (MINLP)
under our formulation. GBD has been used in a variety of
research work [6]. The proposed algorithm is expected to
converge to the optimal solution within a finite number of
iterations.



3. TOTAL ELECTRICITY COST MINIMIZA -

TION: DESIGN, MODELING AND FOR-
MULATION

In this section, we first provide an overview of our two-
component decoupling design. We then present the details
for modeling the total electricity cost, workload constraint
and end-to-end delay constraint as well as formulating the
total electricity cost minimization problem as a constrained
mixed-integer programming problem for Internet Data Cen-
ters (IDCs). Based on detailed discussions, we decompose
the constrained optimization problem into two subproblems,
which coincides with our proposed two-component decou-
pling design.

3.1 Two-Component Decoupling Design

In this subsection, we provide a description of our two-
component decoupling design architecture. Figure 1 shows
the overall architecture of total electricity cost minimization
problem. There are N IDC locations and C front-end web
portal servers. Under the dynamics of electricity prices, we
calculate the CPU frequency f;, the number of On-state
servers at IDC location i as well as the workload \;; assigned
from front-end web portal server j to IDC location i. Lj is
the requests demand at each front-end web portal server j.

The service delay of a request is composed of two parts:
the first part is the transmission delay from the front-end
web portal to the server in the IDC which services the re-
quest; the second part is the delay of service (including the
queueing delay) at the server. For most of current deploy-
ments, the transmission delay is incurred on the Internet
and is usually not directly controllable by the IDC service
providers, while the service delay of the servers can be con-
trolled by the service providers. In order to meet the delay
quality of service, we design a two-component decoupling
approach which takes both transmission delay and server
service delay into accounts.

The two-component design is illustrated in Figure 2: after
the client request reaches the service provider’s front-end
web portal, the first component will assign the request to a
specific sever in one of the IDC according to the capacities of
the IDCs. The request will then be serviced at the assigned
server with controllable service speed which is managed by
DVEFS policies. This corresponds to the second component.
The delay from the first to the second component is the
transmission delay, while the delay in the second component
is the server service delay.

3.2 Notations

We introduce notations used in this paper in Table 1.

3.3 Modeling and Formulation of Total Elec-
tricity Cost Minimization Problem

Formulation of Total Electricity Cost Minimization
Problem. The objective of the power management problem
in this paper is to minimize the total electricity cost Tiotai
for IDCs in a multi-electricity-market environment. Hence,
we use the total electricity cost ! as the objective function

'Note that energy is the time integral of power consumption,
and electricity cost is the time integral of the product of
electricity price and power consumption. In this paper we
mainly discuss the optimization at a specific time, hence we
omit the time integral in the formulation. So we use power
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Table 1: Notations
IDC location 7

i
J Front-end web portal server j
t Time ¢
N Total number of IDC locations
C Total number of front-end web portal servers
L; Total workload at front-end web portal server j
Pri(t) | Spot price of electricity at 4
Po; Power consumption for one server at 4

Aji The request rate from j to ¢

D; The end-to-end delay constraint at ¢

mi The number of turned on servers at %

fi The CPU frequency at ¢

A; Server power consumption specified parameter
B; Server power consumption specified parameter

to be minimized. The total electricity cost function is in the
general form:

N
Ttotal = Z miP”V‘i (t)POi.

=1

In this paper, we adjust the On/Off of servers and develop
a dynamic voltage and frequency scaling (DVFS) scheme to
achieve lower power consumption at each IDC location and
balance the workloads distributed among IDC locations and
front-end web portal servers. Hence, the decision variables
are the number of On-state servers m,;, the server work-
ing frequency f; and the assigned workloads Aj;. The con-
straints are the workload constraints from front-end web
portal servers and the delay and device constraints at IDC
locations.

In conclusion, we have the following optimization problem
named PO:

N
min Z m; Pr;(t)Po;,
-1

mi, fisNji :
subject to

Delay constraint, Vi=1,...,N,
Workload constraint, Vj=1,...,C,

Device constraint, Vi=1,...,N.

Total Electricity Cost Modeling for IDC. The electric
power grid in North America is operated on a regional ba-
sis by regional transmission organizations (RTOs). Regions
in which most large-scale data centers are built are under
competitive electricity market structure. The spot price of
electricity is determined by the clearing of supply and de-
mand functions, while transmission limits are observed. A
bottom-up bid-based stochastic price model [28] is adopted
here to characterize the hourly spot price dynamics Pr;(t).

In order to simplify the problem, we make a few impor-
tant assumptions. We assume that the power consumption
is equal for all servers at each location. Furthermore, the
machines are load-balanced in steady-state, such that each
machine at each location has the same utilization, the same
frequency, and the same traffic arrival rate. We approxi-
mate power consumption Po; by the following function of

consumption directly instead of energy consumption.
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Figure 1: Overall Architecture of Total Electricity Figure 2: Decoupling Design Architecture of Total

Cost Minimization Problem

CPU frequency f; for each server at each IDC location i:

where A; and B; are positive constants. In realistic systems
p varies between 2.5 and 3. A;, B;, and p can be obtained by
curve fitting against empirical measurements when profiling
the system off-line.

Thus, the total electricity cost for NV IDC locations is given
as:

N
Tiotar = »_ miPri(t)(Asf? + Bu). (1)
=1

Workload Constraint Modeling. We denote the re-
quests demand at each front-end web portal server j as L;
(j = 1,...,C). The request arrival rate from front-end web
portal server j to IDC location i is Aj;. Therefore we have:

N
S Ni=L;Vi=1,..C. (2)

i=1

All the requests demands are sent to several locations of In-
ternet data centers so as to be processed. There are numbers
of servers at each location so that it can afford large amount
of computations. However, there is a limitation M; on the
number of servers m; at each location i of IDCs. Therefore,
we have

Delay Constraint Modeling. We use the M/M/n queue-
ing model to model each server in the data center. In the
M/M/n queueing model, the average delay D, is expressed
as ﬁl_)\PQ, given the number of servers n, the service rate
u, the arrival rate A\ and the probability of customers wait-
ing in queue Pg. In a data center, without loss of generality,
we can assume that the servers are always busy, i.e. there
are always requests waiting in queue. Hence, we have Py

equals 1.
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Electricity Cost Minimization Problem

At IDC location ¢ with m; servers, when each sever has

c
the service rate u; and the total arrival rate is > Aj;, the
j=1

DiCPU

average delay is given as

D,CPU _ 1

—
mipi — 32 Aji
ie=1
To meet the requirements of end users, there is a delay
constraint D; for the average delay at each IDC location i:

O§—1 < D;.

el <
miti = 3 Aji
ie=1
Note that u; is in terms of #(ofrequests)/s and the server
working frequency f; at each IDC location ¢ is in terms of
#(ofcycles)/s, we convert p; to fi by u; = %, where K is
in terms of #(ofcommands)/requests. Thus we have:

1

— < D (4)
7= 2 A
j=1

Every machine may impose a limit on computing rate due
to its physical limitations. We use fimaqz to refer to this
limit:

fi S fi,maaw (5)

3.4 Decomposition of the Total Electricity Cost
minimization Problem
In this section, we present the decomposition of the total
electricity cost minimization problem coinciding with the
two-component decoupling design shown in subsection 3.1.
Based on the modeling and formulation in the above sub-



section, problem PO can be rewritten as follows:

N
min _ZmiPm(t)(Aiff + By),

mi, fisNji P

subject to
! - < DiVi=1,..,N,
m;(fz - Z >‘JI
j=1
N
Z>\ji = L;,vj=1,..C,
i=1
m; < M;,Vi=1,..,N,
mg S N,Vizl,...,N,
f’i S fi,maz,v7: = 1,...,N. (6)

c N c
We define \; = > \j;, then we have > \; = > L; =L,

Jj=1 i=1 j=1
where L is the amount of total workload from all front-end
web portal servers. Based on the formulation of PO, without
the loss of generality, we can decompose the load balancing
process of planning the workload assigned from each front-
end web portal server j to each IDC location 7 into two
steps: we first calculate \; to decide the amount of workload
assigned to each IDC location i according to L; we then
determine \j; based on the relative location information of
front-end web portal servers and IDCs. Then we have the
equality optimization problem, namely, P0-1, as following:

Ma
<
|

\i,Vi=1,.., N,

.
Il
-

i = Lj,\V/j: 1,...,C. (7)

&sz

s
Il
-

and the constrained optimization problem, namely P0-2, as
following;:

N
min m; Pri(t)(A: ff + Bs),
mi, fi i =
subject to
1 .
— < D;,Vi=1,..,N,
mifi _ )\
K X2
N
Sa- L
i=1
m; < Mi,V’i:l,...,N,
m; € N,Yi=1,..,N,
fi < fimas,Vi=1,..,N. (8)
Let & = [f1,..., fzy,m1,...,mn, A1, ..., An]T be the vector
of decision variables. Introducing the Lagrangian multi-
plier v2 and multiplier vectors vy = [vll,...,le}T, vy =
[vs1,...,v3n] and v4a = [Va1,...,van], We can write the La-

192

grangian function for problem PO0-2 as:

N
L(a?,’l)l,’l)z,’l)g,’l)4) Zm»LPTZ(t)(Alflp—i—Bl)
=1

N

1 mi fi
+ vii( 55 — + i)
N
+ (L — Z Ai)
N i=1
+ Z’Usz(mz Mi)
2;1
—+ Z’U41(f1 - fi,maz)~ (9)

The Karush-Kuhn-Tucker (KKT) conditions associated
with the optimization problem are:

Vo L(z,v1,v2,v3,v4) =0,

N
1 mlfl
(5 — Ai) =0,
;vl(Di +X)=0

K

N
ngi(mi — Ml) = 0,
=1

N
Zv4i(fi - fi,maz) =0. (10)
=1

The last four equations are the complementary slackness
conditions, which state that for all inactive constraints the
corresponding Lagrange multiplier is zero. For our problem,
the KKT conditions give:

R T
om; Pri(t)(Aif{ + Bi) Vli g + v3; =0, Ve,

oL - i .

of; = pmiPri(t)Aifi(p R UMT[Z =0,V,

oL o

N = v —wv2 =0,Y4,j. (11)

Since vi; = v2 > 0, we have D%_ - %ﬂ + X =0,Vi. We

can write problem P0-2 as:

N
min ZmiPm(t)(Aifip + B;)T,
™Mi,Ji i=1

subject to

N mlfl 1
=)=
@;1 K Di) ’

m; SM“VZ:L,N,
m; €N,Vi=1,...,N,
fi < fimaz,Vi=1,.. N. (12)
We first solve the above mixed integer nonlinear optimiza-
tion problem (MINLP) to decide m; and f; for each IDC

location i, and then calculate the workload assigned to IDC

: : o mify 1
location i by \; = D



4. SOLUTION AND ALGORITHM DESIGN

In this section, we present the solutions for problem PO
(including P0O-1 and P0-2) in section 3. Based on the de-
composition of problem PO, we first show that problem PO-
1 can be regarded as an assignment problem. We then solve
problem P0-2, which is a mixed integer nonlinear program-
ming, by an extension of Generalized Benders Decomposi-
tion(GBD) [2] technique.

4.1 Solution of Problem Po-1

In this subsection, we leverage the relative location infor-
mation of all the front-end web portal servers and IDCs to
solve problem PO-1.

We define a general cost function W (3, 1) for front-end web
portal server j and IDC location ¢. The function value of
W (34,14) is decided by the delay of transmission networks from
front-end web portal server j to IDC location i. The problem
of choosing Aj; to minimize the total weight function value
for all the front-end web portal servers can be described by
the following optimization problem:

c N
mind 0> W5,
7T oi=1i=1

subject to

C
SN o= A Vi=1,..,N,

N
SN = LivVi=1,.C (13)

Figure 3: Illustration of the Simple Case in Subsec-
tion 4.1

To illustrate the solution of the above problem, without
the loss of generality, we consider a simple case that N = 3
and C' = 5. The above problem can be looked at graphically
as shown in Figure 3. We have IDC locations S1, S2, S,
S4 and S5 (including the dummy locations) and front-end
web portal servers T1, 15, T3, T4 and Ts. The lines from Tj
to S; represent the values of the cost function, with all the
W (j,4) and W (j,5) set to 0. Given these two sets of nodes
with equal size, together with the values of the cost func-
tion, problem 13 can be regarded as an assignment problem,
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which has been well studied. We can utilize existing algo-
rithms to solve this problem, and interested readers please
refer to [11].

4.2 Solution and Algorithm Design of Prob-
lem Po-2
In this subsection, we extend the efficient Generalized
Benders Decomposition(GBD) [2] technique to solve prob-
lem PO0-2, which is a mixed integer non-linear programming
problem (MINLP). We first give the basic definitions that
will be used in the algorithm:

DEFNITION 1. We define the electricity cost function F(m, f)

and the load constraint function G(m, f) as following:

N
i=1
N mlfl 1
G(m,f) = L- 2 (T—E)-

i=1

DEFNITION 2. LetV = {m € M| there exits f € F such that

G(m, f) < 0}, where M = m;|m; € (0, M;],Vi and F =
filfi € (0, fimax],Vi. For any fixred m € V, we define the
subproblem NLP(m) as following:

i F(n
min F' (1, f),
subject to
G(m, f) <O0.

DEFNITION 3. For any m € F, we define the feasibility-
check problem NLPF(m) as following:

min
min 3,

subject to
/BZGt(m7f)’t:17"’7q'

NLP(m) is feasible if and only if NLPF(m) has a positive
optimal value B* > 0.

a
DEFNITION 4. Let A ={> ¢:,vb > 0,t =1,...,q}, where
t=1

¥ is the optimal multiplier vector for NLPF (1) and L(f, k)

F(n, f) +xTG (i, f), where k is the optimal multiplier vec-
tor for NLP(m). We define the master problem MGBD as
following:

min «,
meM

subject to

Q
\%

in L >
min L(f, k), V& 2 0,

> minyT G )
0 > ;rggw G(m, f), Vi € A

Based on the above definitions, an iterative scheme can
be developed as follows:

ALGORITHM 1. Step 0. Choose m' € M. Set LB® =
—00, UB® = 400, I’ = J° =0, k= 1.
Step 1. Solve NLP(m").
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Figure 4: Daily Electricity Price Data for Three Ma-
jor Locations of Google IDCs on May, 2009

o If NLP(mF) is feasible, we obtain an optimal solu-
tion f* and an optimal multiplier vector k*. Set I* =

I*=YU{k} and J¥ = J*71. Set UB* = min{UB*~', F(m*, f*)}.

IfUB" = F(m", f¥), set (m*, f*) = (m*, f*).

o If NLP(m*) is infeasible, solve NLPF (i) and obtain
an optimal solution f* and an optimal multiplier vec-
tor ¥, Set J* = J*"U{k} and IF = "1

Step 2. Solve the master problem MGBD and obtain
an optimal solution (o®,mik +1}). Set LB* = o*. If
LB* > UB*, stop and (m*, f*) is the optimal solution to
the MINLP. Otherwise, set k:=k + 1 and go to Step 1.

S. PERFORMANCE EVALUATION

In this section, we present the electricity price data at
certain locations for Google Internet Data Centers (IDCs)
and evaluate the performance of the proposed method based
on real-life electricity price data [16]. We show the total
electricity cost reductions by comparing results of the pro-
posed total electricity cost minimization method and the
optimal power control method based on the data of May
2nd, 2009 [16]. We then present the optimal workload as-
signments to these IDC locations.
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Figure 5: Hourly Electricity Price Data for Three
Major Locations of Google IDCs on May 2nd, 2009

5.1 Electricity Price at Certain Locations for
Google Internet Data Centers
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In this subsection, we present the electricity price data at
certain locations for Google Internet Data Centers (IDCs)
obtained from publicly available government agencies [32] [33].
The locations include Mountain View, California, Houston,
Texas, and Atlanta, Georgia.

The electricity system in the US is organized in cross-
state regions such as New England, PJM (primarily cover-
ing Pennsylvania, New Jersey, and Maryland), and ERCOT
(Texas). Both regulated utility structure and deregulated
wholesale market structure exist in different regions. While
the two locations of Mountain View and Houston are in the
deregulated electricity market regions, the other one in in-
terests (i.e. Atlanta) is located in the regulated utility region
(with fixed electricity price). For the two deregulated mar-
ket regions, California has an hour-ahead forward market,
whereas Texas has a 15-min ahead forward market. From
the raw data we calculate the average daily electricity price
for all these locations on May, 2009 and present the results
in Figure 4 (www.caiso.com, www.ercot.com) [16]. We also
calculate the hourly electricity price for all these locations
on May 2nd, 2009 and present the results in Figure 5 [16].
Figure 6 [16] illustrates the different dynamics for Houston.
Compared to the hourly market, the 15 mins real-time mar-
ket is more volatile, with more high-frequency variations.

5.2 Performance Evaluation Based on Real-
life Electricity Price Data for Google IDCs

Service providers like Google requires large computational
resources in order to provide reasonable service. Google has
a large number of data centers scattered around the world.
At least 12 significant Google IDC installations are located
in the United States. In this paper, we evaluate the perfor-
mance of the proposed method with the electricity prices for
three of these locations: Mountain View, California, Hous-



ton, Texas, and Atlanta, Georgia [32] [33]; and five front-end
web portal servers.

To emulate Google IDC server power consumption, we as-
sume that the total workload from five front-end web portal
servers to three back-end IDCs in the three respective loca-
tions (i.e. C = 5, N = 3) is 10° requests per second; the
delay constraint is 1 ms. We assume that the servers at one
location is homogeneous, i.e. A; and B; are the same for
each server at location i. A; is a coefficient for calculating
the effect of frequency changes and B; represents the fixed
energy consumption regardless of the current frequency set-
ting. To derive server parameters, experimental data from
[19, 29] are referred. Servers at all the locations are single
processor machines: location 1 server has an Intel Pentium
D 950 3.4 GHz CPU; location 2 server has an AMD Athlon
64 X2 4800+ 3.0 GHz CPU; location 3 server has an In-
tel Pentium 4 630 3.0 GHz CPU. In the simulation, we use
p = 3. The parameters are summarized in Table 2, and
Table 3.

Table 2: Parameters of Three Google IDC Locations
i | fimax M; D; A B;
1 3.4 | 50000 | 0.001 | 3.206 | 68
2 2.4 50000 | 0.001 | 4.485 | 53
3] 3.0 50000 | 0.001 | 2.370 | 70

Table 3: Parameters of Five Google front-end web
portal servers

J 1 2 3 4 5
L; | 30000 | 15000 | 15000 | 20000 | 20000

To compare the total electricity cost of our proposed to-
tal electricity cost minimization method and the optimal
power control method(i.e, without consideration of variable
electricity price), we also solve the following constrained op-
timization problem:

subject to

Figure 7 shows the comparison of hourly total energy con-
sumption for our proposed total electricity cost minimization
method and the optimal power management while Figure 8
shows the comparison of hourly total electricity cost. As we
can see, the optimal power management guarantees the low-
est energy consumption all the time. However, lower power
consumption does not ensure lower electricity cost in a multi-
electricity-market environment. With total electricity cost
minimization, the electricity cost is greatly reduced in ev-
ery single hour, which indicates that the proposed method
would help service providers save a lot in their electricity
bill.

5.3 Server-Level Power Control at IDC loca-
tions
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Figure 7: Hourly Energy Consumption for Three
Major Locations of Google IDCs on May 2nd, 2009
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Figure 8: Hourly Total Electricity Cost for Three
Major Locations of Google IDCs on May 2nd, 2009

Figure 9 and Figure 10 show the CPU frequencies and the
number of servers for each location to run to meet the work-
load requirement and the quality of service constraints for
all the front-end web portal servers. First we observe that
it is obvious that the CPU frequency and the number of
servers at each location vary a lot with the electricity price
variations, which indicates the optimal workload assignment
changes with time for different locations. As a result, it is
necessary to calculate the CPU frequency and the number of
servers for different time at different locations. However, as
the workloads at different locations may vary, there might
be increasing bandwidth cost. In this paper, though we fo-
cus on the simple setup without considering bandwidth con-
straints, it is worth noting that our formulation can be easily
extended to accommodate the bandwidth constraints. On
the other hand, a service provider as large as Google can ne-
gotiate contracts with bandwidth providers on a nationwide
basis.

5.4 Center-Level Load Balancing for IDCs

Figure 11 illustrates the optimal workload assignment for
all of the three IDC locations. We can see that there is a
coherent relationship between the variations of the hourly
workload assignment shown in Figure 11 and the dynamics
of the hourly electricity price shown in Figure 5. This in-
dicates that the electricity prices at different IDC locations
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Figure 9: Server Frequency for Three Major Loca-
tions of Google IDCs on May 2nd, 2009
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cations of Google IDCs on May 2nd, 2009

affect the amount of optimal assigned workload.
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Figure 11: Assigned Workloads for Three Major Lo-
cations of Google IDCs on May 2nd, 2009

6. CONCLUSION

Power expenses are becoming an increasingly important
fraction of the Internet Data Center (IDC) operating cost.
In this paper, we investigate an emergent yet important
problem of minimizing the total electricity cost for IDC un-
der a multi-electricity-market environment, where the price
of electricity could exhibit time and location diversities. We
propose MEC-IDC, a joint load balancing and power man-
agement scheme that can minimize the total electricity cost
for such an environment while guaranteeing the quality of
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service to the end users. Extensive evaluations based on real-
life electricity price data for multiple Google IDC locations
demonstrates the effectiveness of MEC-IDC.
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