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Abstract—In this paper, we investigate the problem of developing a geographical load balancing (GLB) scheme for distributed Internet
data centers (IDCs) when they are price-makers in the deregulated electricity markets, i.e., GLB may impose impact on electricity prices
in IDC locations due to the large power consumption of IDCs. Taking into account the dynamic characteristics (e.g., time-varying power
demands and generation outputs) and actual physical constraints (e.g., active/reactive power flow balancing, transmission congestion,
and network loss) of smart grids, it is difficult to obtain price impact models with analytical expressions accurately. As a result, it is
challenging to design an efficient GLB scheme without requiring price impact models. To overcome the above challenge, we propose
a price-sensitivity aware GLB scheme. The key idea of the proposed scheme is to impose proper limits on the workloads allocated
to the IDC locations with high price-sensitivity coefficients by exploiting a number of interactive information between IDCs and main
grids, so that the sudden increase in the total cost could be avoided. Here, the price-sensitivity coefficient is defined as the ratio of the
percentage change in price to the percentage change in IDC power demand. Extensive simulation results show the effectiveness of
the proposed GLB scheme.
Index Terms—Distributed Internet data centers, smart grid, price-makers, geographical load balancing, energy management
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I NTRODUCTION

With the proliferation of cloud computing and Internet
online services, more and more data and computation
are migrated to geographically distributed Internet data
centers (geo-distributed IDCs) for reliability, management and cost benefits. A critical problem faced by an
IDC operator is how to cut the electricity bill for its data
centers, which represents a significant portion of the IDC
operational expenditure [1].
To cut the electricity bill for geo-distributed IDCs, an
effective way is to run them in smart grid (i.e., a nextgeneration electrical power system that is typified by
the increased use of communications and information
technology in the generation, delivery and consumption
of electrical energy [2]) and one salient benefit is that
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electricity bill could be reduced by exploiting the spatial and temporal variations of electricity prices. In the
early pioneering works, Qureshi et al. [1] and Rao et
al. [3] designed a novel strategy of geographical load
balancing (GLB) to reduce the electricity bill for IDCs in
the deregulated electricity markets. The key idea of the
strategy is to dispatch the requests from IDC locations
with high electricity prices to those with low electricity
prices, which has attracted a lot of attention. Until now,
extensive studies have been done to improve the GLB
performance from different aspects [4]–[30].
However, most existing work considers that IDCs are
price-takers (i.e., GLB does not affect electricity prices).
In fact, IDCs are large power consumers in smart grid
and have flexible power demands, thus GLB may affect
electricity prices in several cases. For example, prices
will be affected if the power demand shifted to an IDC
location represents the marginal load in that region, i.e.,
adding that load to the region requires the activation of
some expensive generators or removing it allows some
expensive generators to be shut down. Furthermore,
some metropolitan areas (e.g., New York, Los Angeles
CA [31]) have many IDCs belonging to different IDC
operators. When multiple IDC operators implement GLB
simultaneously, their respective IDCs in the same region
with low price would result in a significant increase of
the power demand. Perhaps one operator’s IDC power
demand is not enough to affect prices, but multiple operators’s aggregated power demand could be sufficiently
high to affect prices.
In this paper, we intend to investigate the problem of
minimizing the total cost (including the electricity bill
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and revenue loss due to the degraded service performance) associated with geo-distributed IDCs when they
are price-makers in the deregulated electricity markets,
i.e., GLB may impose impact on electricity prices in IDC
locations. In general, to achieve the above aim, an IDC
operator needs to know the impact model of GLB upon
prices. In [5] [22] [23], some price impact models with
analytical expressions have been adopted to describe the
relationship between IDC power demands and prices.
However, considering the dynamic characteristics (e.g.,
time-varying power demands and generation outputs) and actual physical constraints (e.g., active/reactive
power flow balancing, transmission congestion, and network loss) of smart grid, it is difficult to obtain price
impact models with analytical expressions accurately.
Therefore, it is challenging to design an efficient GLB
scheme for geo-distributed IDCs when the accurate price
impact models are unavailable.
To overcome the above challenge, we propose a pricesensitivity aware GLB scheme without requiring the
analytical expressions of price impact models. The key
idea of the proposed scheme is to impose proper limits
on the workloads allocated to the IDC locations with
high price-sensitivity coefficients by exploiting a number
of interactive information between IDCs and main grids,
so that the sudden increase in the total cost could be
avoided. Specifically, based on two times of interactions
between IDCs and main grids, the price-sensitivity coefficients at all IDC locations could be obtained. Here,
the price-sensitivity coefficient is defined as the ratio of
the percentage change in price to the percentage change
in IDC power demand. Intuitively, the prices in IDC
locations with high price-sensitivity coefficients could
be reduced dramatically when the corresponding workloads are reduced, while the reduced workloads would
be migrated to other IDC locations with lower pricesensitivity coefficients (i.e., the impacts on the prices in
such IDC locations are smaller). Consequently, the total
cost could be potentially reduced. Inversely, we could
gradually increase the limits imposed on the workloads
allocated to the IDC locations with high price-sensitivity
coefficients if the total cost could be reduced constantly.
Once there is a sudden increase in the total cost, the
iteration is terminated and the optimal workload limit
is decided.
The main contributions of this paper could be summarized below:
• We formulate a total cost minimization problem for
an IDC operator considering the impact of GLB
upon electricity prices.
• We propose a price-sensitivity aware GLB scheme to
utilize the accurate price impact information effectively based on the interactive information between
IDCs and main grids. Extensive simulations show
the effectiveness of the proposed GLB scheme.
• We design a distributed algorithm with low computational complexity to solve the formulated problem
based on Alternating Direction Method of Multipliers
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(ADMM) framework after the price impact information is obtained under the proposed GLB scheme.
The rest of this paper is organized as follows. Section 2
introduces related work. Section 3 describes model and
formulation. Section 4 proposes a GLB scheme and a
solving algorithm. Section 5 conducts performance evaluation. Finally, some concluding remarks are provided
in Section 6.

2

R ELATED W ORK

By exploiting the price variations, lots of GLB schemes
have been designed to cut the electricity bill for geodistributed IDCs. Generally, the existing GLB schemes
could be divided into two categories based on the types
of IDCs in the deregulated electricity markets, i.e., pricetakers and price-makers.
• Price-takers. In [1], Qureshi et al. proposed the idea
of exploiting the spatial and temporal variations in
electricity prices to cut the electricity bill. In [3] [4],
Rao et al. formulated the optimization problem of
minimizing the electricity bill based on the idea in
[1]. In [6], Li et al. proposed an integrated model
considering electricity prices and power management capability of IDCs. In [9], Guo et al. proposed
a GLB scheme based on energy storage, which could
utilize the spatial and temporal diversities of prices
simultaneously. In [8], Yao et al. proposed a two
time scale control algorithm to cut the electricity bill
with the consideration of delay tolerant workloads
by exploiting the spatial and temporal variations in
the workload arrival process and electricity prices.
In [25], Xu et.al. proposed a workload management algorithm for geo-distributed cloud services
to minimize the summation of the electricity bill,
bandwidth costs and revenue loss. In [26], Ren et al.
proposed a thermal-aware scheduling algorithm to
minimize the weighted summation of electricity bill
and fairness. In [28], Ren et al. proposed a wateraware GLB scheme by exploiting the spatial and
temporal diversities of water efficiency and electricity price. In [29], Luo et al. proposed a novel architecture and two algorithms for unified spatial and
temporal load balancing. In addition, some efforts
have been made towards green data centers [10]–
[16], [27], where the spatial diversity of renewable
energy could be utilized to save energy cost and
reduce carbon emission. More related work could
be found in [32] and the references therein.
• Price-makers. In [5], Wang et al. investigated the
problem of minimizing the electricity bill considering the impact of GLB on prices. To be specific,
the price impact model was proposed based on
the historical fitting of power demand and price
data. In [22], Wang et al. proposed a stackelberg
game-based optimization framework of the smart
grid with distributed PV power generations and
data centers, and the IDC operator could know the
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impact of GLB on electricity prices according to
power-dependent pricing models. In [23], Zhang et
al. intended to minimize the energy cost of data centers with the assumption that price functions could
be obtained from the grid operators, which can
derive the fitted price-demand curves by executing
the optimal power flow (OPF) models repetitively.
Considering the dynamic characteristics of power
grids, the price functions in [23] should be updated
in each time slot. When the simplified direct current
(DC) OPF models are adopted in IDC locations, the
price functions could be obtained within a short
time. However, the execution time may be large
when the alternating current (AC) OPF models with
large grid size are adopted in some IDC locations
[33] (e.g., NYISO and CAISO1 ). Consequently, price
functions may be unavailable within the specified
time limit due to the number of running ACOPF
models needed in fitting the price-demand curves
is large.
Different from the existing works, we develop a pricesensitivity aware GLB scheme by fully exploiting a number of interactive information between IDCs and main
grids within the specified time limit, without requiring
the analytical expressions of price impact models.

3

M ODEL

AND

F ORMULATION

We consider an IDC operator having N IDCs located
in some independent electric regions as shown in Fig.
1, where front-end servers, IDCs and main grids could
be identified. Specifically, a front-end server acts as a
load balancer that receives incoming service requests
and dispatches them to different IDCs for processing,
while IDCs act as power loads in main grids. Since
there is communication interconnection between IDCs
and main grids, each IDC i (each main grid i) could
obtain price (load) information from the main grid i
(IDC i), where 1 ≤ i ≤ N . In the following parts, we
will introduce the models associated with IDCs. Then,
we formulate a total cost minimization problem for the
IDC operator with the consideration of the impact of
GLB upon electricity prices. Note that a {time-slotted
}
system with the scheduling horizon T := 1, 2, · · · , T
is considered in this paper and the length of each slot
is normalized to a unit time so that power and energy
could be used equivalently.
3.1 Models Associated With IDCs
3.1.1 Workload Allocation Model
Suppose IDC i consists of Ci processing servers, which
are assumed to be homogeneous in this work. Moreover,
we mainly focus on interactive workload (e.g., “requestresponse” type web services [4])2 . In time slot t, the total
1. http://www.nyiso.com/, http://caiso.com/
2. More workload types would be considered in future work, e.g.,
batch workload.
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Fig. 1: System model

amount of incoming interactive workload (in number of
processing servers required) at the front-end server f
(1 ≤ f ≤ F ) is λf,t . Let df,i,t be the amount of interactive
workload distributed from front-end server f to IDC i
at slot t. Then, we have
∑N
df,i,t = λf,t , ∀f, t,
(1)
i=1

df,i,t ≥ 0, ∀f, i, t.

(2)

3.1.2 Power Consumption Model
The energy efficiency of a data center is always measured
by power usage effectiveness (PUE), which is defined as
the ratio of the total power consumption at a data
center to the power consumption at IT equipments. It
is obvious that PUE is larger than one since the power
consumption of a data center is the summation of the
power consumed by cooling system, distribution system
and IT equipments. Let PUEi be the PUE of IDC i, Piidle
peak
and Pi
represent the idle power and peak power of
a server in IDC i, respectively. Denote the total power
consumption in IDCi at slot t as Pi,t . Then, Pi,t can be
estimated by [1]
∑F
Pi,t = αi + βi
df,i,t , ∀i, t,
(3)



f =1

(

)
peak
peak
where αi , Ci Piidle +(PUEi −1)Pi
, βi , Pi −Piidle .
As in [25], the contribution of the peak demand charge
in the electricity bill accounts for 25%-40%. To limit
peak power consumption of IDC i all the time, Pilimit
is adopted as in [23] and [24] (In future work, we would
minimize the summation of demand charge and energy
cost during a period as in [25]). Then, we have
Pi,t ≤ Pilimit , ∀i, t.

(4)

Without loss of generality, Pilimit is set to be the maximum power consumption of IDC i. As a result, (4) is
equivalent to (5) as follows,
∑F
df,i,t ≤ Ci , ∀i, t.
(5)
f =1
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3.2 Total Cost Minimization Problem

notations. Then, P2 could be given by

In this work, we mainly focus on minimizing the total
cost of geo-distributed IDCs in the scheduling horizon,
where the cost consists of the electricity bill and the
revenue loss due to the degraded service performance.
Specifically, the total electricity bill of IDCs is given by3
Γ1 =

T ∑
N
∑

4

(P2) min

N (∑
F
∑
(
i=1

s.t.

N
∑

)
)
Si (df,i )βi + ωLf,i df,i + Si (df,i )αi

f =1

df,i = λf , ∀f,

df,i ≥ 0, ∀f, i,
Si,t (Pi,t )Pi,t ,

(9a)

i=1
F
∑

(6)

t=1 i=1

df,i ≤ Ci , ∀i.

(9b)
(9c)

f =1

where Si,t (·) denotes electricity price function associated
with the electric region i at slot t.
For interactive applications, latency is the most important performance metric and a moderate increase in
user-perceived latency would translate into substantial
revenue loss for the IDC operator [25] [35] [37]. In this
paper, we focus on the end-to-end propagation latency 4
between users and IDCs, which largely accounts for the
user-perceived latency compared to other factors, such
as queueing delays along various bottlenecked links and
transmission delays of packets [37]. The propagation
latency Lf,i between the front-end server f and IDC i can
be obtained through empirical approaches, such as active
measurements. The dis-utility of the interactive workload aggregated at front-end server f depends on the ex∑N
perienced mean propagation latency i=1 df,i,t Lf,i /λf,t .
As in [25], the following convex function is adopted
to convert the mean propagation latency into revenue
∑N
loss, i.e., ω i=1 df,i,t Lf,i /λf,t , where ω is a conversion
factor. Then, the total revenue loss of serving interactive
requests is given by
Γ2 = ω

T ∑
F ∑
N
∑

In order to solve P2, the analytical expressions of
Si (·) for all i should be provided. Instead of assuming
predefined expressions as in previous works [5] [22] [23],
we intend to solve P2 by fully exploiting a number of
interactive information between IDCs and main grids,
which offers two advantages. On one hand, there is no
need to fit price impact models with estimation errors in
each time slot (note that power demands and generation
outputs in power grids are both time varying). On the
other hand, the prices obtained through the interactive
information are accurate since they are generated by the
grid operators themselves. Once we obtain the accurate
price information, we should utilize such information
efficiently so that the total energy cost could be reduced.
In the following parts, we first introduce a novel GLB
scheme, which could utilize the price information efficiently. Then, a distributed algorithm is designed to solve
P2 once Si (·) for all i reduce to specific values under the
proposed GLB scheme.

4
4.1

df,i,t Lf,i .

(7)

t=1 f =1 i=1

Based on the above models, we can formulate a total
cost minimization as follows,
(P1) min Γ1 + Γ2

(8a)

s.t. (1) − (3), (5),

(8b)

where the decision variable is df,i,t . Since there is no
temporally-coupled constraint in P1, solving P1 is equivalent to solve the subproblem P2 in each slot t
individually. For simplicity, we omit subscript t in all
∑N
limit Ŝ
3. Power demand charge in this paper is equal to
i
i=1 Pi
(where Ŝi denotes peak demand price at IDC i), which is a constant
and could be removed for simplicity.
4. In addition to the propagation latency, the processing latency
within data centers are also important. Since the incoming interactive workload in this paper is expressed as the number of required
processing servers (which could indirectly reflect the requirement of
processing latency according to the relationship model between the
number of processing servers and processing latency in many existing
works [3] [11]), the processing latency is not explicitly considered. In
future work, we would consider the processing latency explicitly.

A LGORITHM D ESIGN
The Proposed GLB scheme

In this subsection, we propose a price-sensitivity aware
GLB scheme to utilize the price impact information effectively. To measure the impact of GLB upon electricity
price, we define a price-sensitivity coefficient, which is
the ratio of the percentage change in price to the percentage change in IDC power demand (Similar definitions
could be found in economics books [39]).
( S2 − S1 ) ( P 2 − P 1 )
i
i
i
εi =
/ i2
, ∀i,
(10)
Si2 + Si1
Pi + Pi1
where εi denotes the price-sensitivity coefficient in IDC
location i; Si2 and Si1 are electricity prices corresponding
to the given IDC power demands Pi2 and Pi1 , respectively.
By observing the expression in (10), we know that the
price-sensitivity coefficients in all IDC locations could
be obtained through two times of interactions between
IDCs and main grids. Intuitively, we should impose
limits on the workloads allocated to the IDC locations
with high price-sensitivity coefficients. The reason is that
the prices in IDC locations with high price-sensitivity
coefficients could be reduced dramatically when the
corresponding workloads are reduced, while the reduced
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workload would be migrated to other IDC locations with
lower price-sensitivity coefficients (i.e., the impact on the
prices in such IDC locations is smaller). Consequently,
the total cost could be potentially reduced. Inversely,
we could gradually increase the limits imposed on the
workloads allocated to the IDC locations with high pricesensitivity coefficients if the total cost could be reduced.
Once there is a sudden increase in total cost, the iteration
is terminated and the optimal workload limit is found.
Based on the above-mentioned idea, we propose a pricesensitivity aware GLB scheme in Algorithm 1, where
lines 3-6 denote two times of information interactions
between IDCs and main grids; N ′ denotes the set of
IDC locations experiencing positive price jumps. When
|N ′ | = 0, IDCs are acted as price-takers. At this time,
the algorithm would be terminated. Otherwise, we will
decide Ri (i.e., the limit imposed upon the workload
allocated to IDC i) one by one for all i ∈ N ′ as shown
in lines 12-35. The key idea of deciding Ri is to find the
turning point (i.e., there is a sudden increase in total cost)
by gradually increasing the workload limit related to the
IDC locations with high price-sensitivity coefficients. In
algorithm 1, ri ∈ (0, 1) is the search step; ς is the search
precision and Ci κmin denotes the minimum workload
limit associated with IDC i.
It is worth noting that the proposed scheme obtains
the accurate electricity prices corresponding to the given IDC power consumptions through the information
exchange between data centers and main grids (see the
lines 4, 6, 20 of Algorithm 1). The purpose of multiple
information exchanges is to find the optimal workload
opt
limit Ri in IDC locations with high price-sensitivity
coefficients εi , though such exchanged information could
also be used to generate some linear approximations of
price impact models. In contrast, the previous works
[5] [22] [23] need to fit some price impact models with
historical data first and then use them to make decisions.
Thus, in the previous works, prices are inaccurate and
the corresponding schemes could not be applied to
the situation without explicit forms of the price impact
models.
The illustration of time scales associated with the
proposed GLB scheme is provided in Fig. 3, where Tidc,t
denotes the execution time of the proposed distributed
algorithm, while Tmg,t denotes the time of solving an
optimal power flow (OPF) models given the IDC power
demand Pi,t and background loads (i.e., conventional
electricity users). Given the specified time limit Ttotal,t ,
the maximum number of interactions between IDC i and
main grid i (i.e., wmax ) is ⌊Ttotal,t /(Tidc,t + Tmg,t )⌋, where
⌊ϖ⌋ denotes the operation that rounds ϖ to the nearest
integer towards minus infinity. For example, if we set
Ttotal,t = 300 seconds, Tidc,t = 2 seconds, Tmg,t = 30
seconds, then, we have wmax = 9. In addition, since
Ttotal,t is small (e.g., several minutes), it is reasonable to
assume that the incoming workloads λf,t at slot t could
be known accurately [12]. Moreover, current background
loads have inflexible usage patterns and their demands

5

could be regarded as inelastic [5]. As a result, the price
information obtained from the interactions between IDCs and main grids are accurate. Once the accurate price
information Si1 is obtained, P3 in Algorithm 1 becomes
a convex optimization problem as follows,
(P3) min

N (∑
F
∑
(
i=1

s.t.

N
∑

)
)
Si1 βi + ωLf,i df,i + Si1 αi

f =1

df,i = λf , ∀f,

(11a)

i=1

df,i ≥ 0, ∀f, i,
F
∑

(11b)

df,i ≤ Ri , ∀i.

(11c)

f =1

Pi1,t
Tmg ,t

Si1,t

Tidc ,t

Pi ,2t
Si2,t

Ttotal ,t

Pi *,t
Si*,t

6ORW

t

Fig. 2: An illustration of time scales associated with the proposed algorithm

4.2 The Solution To P3 under the Proposed GLB
scheme
In P3, there are F N variables and F N + F + N constraints. Since an IDC operator may deploy tens of
geo-distributed IDCs and hundreds of thousands of
front-end servers around the world, P3 is a large-scale
optimization problem. The scale and structure of P3
motivates us to design a scalable and robust distributed
algorithm that is suitable for practical implementations.
A possible way of obtaining a distributed algorithm for
P3 is based on dual decomposition [43], which decomposes the Lagrangian dual problem of P3 into independent subproblems that could be solved in parallel.
Unfortunately, the objective function in P3 is not strictly
convex. As a result, dual decomposition does not apply
here, because it requires the objective function to be
strictly convex [44] [45]. Since ADMM could be used to
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Algorithm 1 : The proposed price-sensitivity aware GLB
scheme
1: Input: Arrival requests λf , iteration limit w max .
opt
2: Output: Optimal workload allocation df,i and workopt
load limit Ri .
3: Workloads are uniformly allocated to all IDC locations and the corresponding IDC power demands are
Pi1 (1 ≤ i ≤ N ).
4: After receiving the IDC power demand Pi1 , main
grid i returns the price Si1 to the IDC i.
5: The IDC operator makes decision by solving P2 with
prices Si1 (1 ≤ i ≤ N ). Suppose the corresponding
optimal value, power demand and workload distribution are ψ2 , Pi2 and d2f,i , respectively.
6: After receiving the IDC power demands Pi2 , main
grid i returns the price Si2 to the IDC i.
7: N ′ ={Si2 > Si1 , i ∈ N }.
opt
8: If |N ′ | = 0, df,i = d2f,i ; return;
9: Sorting εi (i ∈ N ′ ) in descending order, and the
10: corresponding index matrix is J.
11: Iteration number w = 0.
12: for j = 1 to |J |
13:
i = J(j), Rup,i = Ci , Φ1 = +∞,
14:
Ri,min = Ci κmin , Ri,max = Ri,min + Ci ri ,
15:
while (Ri,max − Ri,min ≥ ς and w < wmax )
16:
Solving P3 with Rk = Rk,max (if k = i); Rk = Ck
17:
(if k ∈
/ J). Suppose the corresponding IDC power
18:
consumption and workload distribution are Piw
19:
and dw
f,i , respectively.
20:
After obtaining Piw , main grid ∑
i returns the price
21:
Siw to the IDC i, Φ(Ri,max ) =
Siw Piw .
i

if Φ1 < Φ(Ri,max )
if Rup,i > Ri,max
Rup,i = Ri,max
end
R
−R
Ri,max = Ri,min + i,max 2 i,min
else
Φ1 = Φ(Ri,max )
Ri,min = Ri,max
Ri,max = min{Ci , Rup,i , Ri,min + ri Ci }
end
w = w + 1,
end
opt
opt
Ri = Ri,min , df,i = dw
f,i .

22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:

end

solve a large-scale convex optimization problem without assuming strict convexity of the separable objective
function, we are thus motivated to propose an ADMM
based distributed algorithm [38].
Since ADMM framework is applicable to the optimization problem with separable convex function and
linear equality constraints, we transform P3 into P4 by
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adopting a set of auxiliary variables, i.e., df,i = gf,i .
N ∑
F
∑

(P4) min

Si βi gf,i +

i=1 f =1

s.t.

N
∑

N ∑
F
∑

ωLf,i df,i

(12a)

i=1 f =1

df,i = λf , ∀f,

(12b)

i=1

df,i , gf,i ≥ 0, ∀f, i,
F
∑

gf,i ≤ Ri , ∀i,

(12c)
(12d)

f =1

df,i = gf,i , ∀f, i.

(12e)

Let X collects the variables df,i , gf,i for all f and i.
Then, the augmented Lagrangian Lρ (X, µf,i ) of P4 can
be obtained as in (13), where µf,i is the dual variable
associated with (12e).
Following the ADMM framework, we can design a
distributed algorithm as follows,
1. Initialization: all decision variables are initialized
to be zero. For each iteration k = 0, 1, 2, · · · , repeat the
following three steps until convergence.
2. df,i -minimization: Each front-end server f solves
the following problem for dk+1
f,i in parallel.
k
(P5) min Υ1 (df,i , gf,i
, µkf,i )
∑N
s.t.
df,i = λf ,
i=1

df,i ≥ 0, ∀i.

(16a)
(16b)
(16c)

According to KKT optimality conditions [40], we have
k
+ ηf − δf,i = 0,
ωLf,i + µkf,i + ρdf,i − ρgf,i
∑N
df,i = λf ,

(17)

df,i ≥ 0,
ηf ∈ R,

(19)
(20)

δf,i ≥ 0,
df,i δf,i = 0,

(21)
(22)

i=1

(18)

where ηf and δf,i are dual variables associated with the
constraints (16b) and (16c), respectively; (17) corresponds
to the first-order optimality condition; (18) and (19) are
primal feasibility conditions; (20)-(21) are dual feasibility
conditions; (22) captures the complementary slackness
condition. Since df,i and δf,i never appear at the same
time in (17), we have
{
ηf + µkf,i + ωLf,i }
k
dk+1
=
max
g
−
,0 ,
(23)
f,i
f,i
ρ
∑N
where ηf can be determined by i=1 df,i = λf . Specifically, we can obtain the optimal ηf using binary search
(The solving steps could be found in the Algorithm 2)
∑N
since
i=1 df,i would be gradually increased to λf as
the decrease of ηf . Finally, the dk+1
f,i,t could be determined
based on (23).
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Lρ (X, µf,i ) =

N ∑
F (
∑
i=1 f =1

)
ρ
Si βi gf,i + ωLf,i df,i + µf,i (df,i − gf,i ) + (df,i − gf,i )2 .
2

k
Υ1 (df,i , gf,i
, µkf,i ) =

N (
∑

k
Υ2 (dk+1
f,i , gf,i , µf,i ) =

f =1

3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:

k
, ξ.
Input: µkf,i , gf,i
k+1
Output: df,i .
k
Initialization: Set ηfmin = mini {ρgf,i
− ρλf − µkf,i −
max
k
k
ωLf,i }, and ηf = maxi {ρgf,i − µf,i − ωLf,i }.
while ηfmax − ηfmin > ξ do
ηf = (ηfmax + ηfmin )/2.
for i = 1, 2, · · · , N do
Obtain df,i,t according to (23).
end
∑N
if i=1 df,i > λf then
Set η min = ηf .
∑N f
else if i=1 df,i < λf then
Set ηfmax = ηf .
else ηfmax = ηfmin .
end
end
end
Set dk+1
f,i = df,i .

3. gf,i -minimization: Each IDC i solves the following
k+1
problem for gf,i
in parallel.
k
(P6) min Υ2 (dk+1
f,i , gf,i , µf,i )

s.t.

F
∑

gf,i ≤ Ri ,

(24a)
(24b)

f =1

gf,i ≥ 0, ∀f.

(24c)

According to KKT optimality conditions [40], we have
Si βi − µkf,i + ρgf,i − ρdk+1
f,i + φi − ϕf,i = 0,
∑F
gf,i ≤ Ri ,

(25)

gf,i ≥ 0,

(27)

φi , ϕf,i ≥ 0,
∑F
φi (
gf,i − Ri ) = 0,

(28)

ϕf,i gf,i = 0,

(30)

f =1

f =1

(14)

)
ρ 2
Si βi gf,i − µkf,i gf,i + gf,i
− ρdk+1
f,i gf,i .
2

Algorithm 2 : Obtain dk+1
f,i in iteration k
2:

(13)

)
ρ
k
ωLf,i df,i + µkf,i df,i + d2f,i − ρdf,i gf,i
,
2

i=1
F (
∑

1:

7

(26)

(29)

where φi and ϕf,i are dual variables associated with the
constraints (24b) and (24c), respectively; (25) corresponds

(15)

to the first-order optimality condition; (26) and (27) are
primal feasibility conditions; (28) are dual feasibility
conditions; (29) and (30) capture the complementary
slackness conditions.
Based on (25), we have ρgf,i + φi = ϕf,i + (µkf,i +
ρdk+1
f,i − Si βi ). For all f ∈ F (F is the set of frontend servers), if µkf,i + ρdk+1
f,i − Si βi ≤ 0, then, ϕf,i > 0.
According to (30), we have gf,i = 0. Denote the rek
maining set {f ∈ F|µkf,i + ρdk+1
f,i − Si βi > 0} as F1 .
∑
k+1
k
If
f ∈F1k (µf,i + ρdf,i − Si βi ) ≤ ρRi , then, we have
φi = 0. According to (25), we have gf,i > 0. Continually,
µk −Si βi

f,i
. Otherwise,
ϕf,i = 0. As a result, gf,i = dk+1
f,i +
ρ
∑
k+1
k
if
f ∈F k (µf,i + ρdf,i − Si βi ) > ρRi , the objective
1

µk −Si βi −φi

f,i
>0
function in (24a) is minimized at dk+1
f,i +
ρ
when (28) is absent. When considering (26), we have

k+1
gf,i
< dk+1
f,i +

µk
f,i −Si βi −φi
.
ρ

Since the objective function in
µk −Si βi −φi

f,i
(24a) is convex in gf,i , for gf,i ∈ [0, dk+1
],
f,i +
ρ
it is decreasing. Thus, the optimal gf,i must satisfy
∑
µk
f,i −Si βi −φi
gf,i = Ri and gf,i = max{0, dk+1
}.
f ∈F1k∑
f,i +
ρ
g
could
be
gradually
reduced
to
be
R
Since
k
f,i
i
f ∈F1
as the increase of φi , we can obtain the optimal φi
using binary search (the specifical steps are omitted for
simplicity).
4. Dual update: Each front-end server f updates dual
k+1
k+1
k
variables as follows: µk+1
f,i = µf,i + ρ(df,i − gf,i ).
5. Stopping criterion: As described in [38], a reasonable termination criterion is that the primal residual
rk and dual
residual wk should be small enough, i.e.,
√∑
N ∑F
2 ≤ ν pri ,
rk 2 =
wk 2 =
i=1
f =1 (df,i − gf,i )
√∑
N ∑F
k+1
dual
k
, where ν pri and ν dual
i=1
f =1 (gf,i − gf,i ) ≤ ν
are feasibility tolerances for the primal and dual feasibility conditions, respectively. These tolerances can be
chosen using√an absolute and relative criterion [38],
e.g.,
ν pri =
N F ϱabs + ϱrel max{∥d∥2 , ∥g∥2 }, ν dual =
√
abs
rel
NFϱ
+ ϱ ∥µ∥2 , where d, g, and µ collect the
variables df,i , gf,i , and µf,i for all f and i, respectively.
Remarks on the Algorithm Complexity: In the proposed distributed algorithm, the subproblems in P5-P6
could be solved based on binary search. Above all, these
subproblems could be solved locally and parallelly by
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To evaluate the effectiveness of the proposed GLB
scheme, two baselines are adopted for performance comparisons, i.e.,
• Baseline-1 (B1): The algorithm that uniformly distributes service requests to all IDC locations.
• Baseline-2 (B2): The algorithm that distributes service requests to all IDC locations with the aim of
minimizing the summation of electricity bill and
revenue loss as in [25]. For fair comparison, the
bandwidth costs in [25] are set to zero. In addition, the electricity prices used in this algorithm are
obtained from the grid operators, which announce
the prices according to the submitted IDC power
demands. Since it is difficult for IDC operators to
decide the submitted power demands before they
know the prices, we evaluate the performance of
this algorithm under varying prices. Specifically,
the minimum price (the corresponding scheme is
called as B2-min) and the maximum price (B2-max)
corresponding to the minimum power consumption
(i.e., αi ) and the maximum power consumption (i.e.,
peak
Ci PUEi Pi ) are considered. Moreover, the average
value of these prices are considered (B2-mid).
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each entity (e.g., a front-end server, a data center). Therefore, we analyze the complexity of the proposed algorithm in a different way, i.e., the complexity associated with
each entity is given separately. Specifically, the computation complexity associated with each( front-end server)
and each
is given by O (Niter M1 + 1)N
( data center
)
and O Niter M2 F , respectively, where Niter denotes the
iteration number of the proposed distributed algorithm,
M1 and M2 are the maximum iteration number of binary
search in the solutions to P5 and P6, respectively. In other
words, the proposed algorithm has linear computational
complexity, which offers good scalability.
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5.1 Simulation setup
−5
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Dual residual

We consider an IDC operator having 2 front-end servers
and 4 IDCs, which are connected to 4 independent
main grids. To compute the electricity prices given IDC
demands, we use the (Optimal Power Flow) OPF solvers in MATPOWER5 , which is an open-source Matlabbased power system simulation package that provides
a high-level set of OPF and other tools targeted toward
researchers, educators, and students. To simulate the
main grids in 4 IDC locations, we adopt the power
grid topology from IEEE 24-bus Reliability Test System [41]. Some parameters associated with IDCs are
given as follows: [C1 , · · · , C4 ] = [1.2, 2.0, 1.4, 1.8] × 105 ,
peak
peak
peak
[P1 , · · · , P4 ] = [3, 2, 3, 2] × 10−4 , Piidle =0.6 × Pi ,
[PUE1 , · · · , PUE4 ] = [1.1, 1.15, 1.2, 1.13]. The parameters
used in the proposed algorithm are given as follows:
ω = 1 × 10−4 [25], θ=4.4 × 10−3 [35].
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Fig. 3: Convergence results of the proposed algorithm

5. http://www.pserc.cornell.edu/matpower/.
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Fig. 4: Performance comparison under different algorithms

5.2 Simulation results
5.2.1 Convergence Results of the Proposed Algorithm
The convergence results of the proposed distributed
algorithm under different parameters ρ and ξ are shown
in Fig. 3. Specifically, Fig. 3(a) plots the convergence of
objective value, while Figs. 3(b) and (c) show the trajectory of the primal and dual residuals, respectively. It can
be observed that smaller ξ results in faster convergence
rate since the Algorithm 2 could obtain more accurate
solution given a smaller ξ. In addition, ρ also imposes
large impact on the convergence rate of the proposed
algorithm, e.g., when we set ρ to 3.5×10−8 , the proposed
algorithm converges to a near-optimal solution within
just 60 iterations and the corresponding objective value
is 8122.1411 (note that the optimal value is 8122.1418
and CPU running time of a single Intel Core i5-2410M
2.3GHz server (4G RAM) is just 0.72 seconds). In contrast, 1030 iterations are needed to achieve the same
performance when we set ρ to 1.65 × 10−6 . Therefore,
given a proper penalty parameter (a search approach

of choosing ρ could be found in [42]), the proposed
algorithm is very efficient for practical use. Though
several front-end servers and data centers are considered
in the scenario, the proposed algorithm could offer good
scalability with the increase of front-end servers or data
centers since the computational complexity associated
with each entity (a front-end server or a data center) is
linear (see the end of Section 4.2 for more information).
5.2.2

Performance Comparisons

The performance comparisons under different schemes
are illustrated in Fig. 4. It can be found that the proposed GLB scheme achieves the best performance, e.g.,
compared with B1 and B2, the relative improvement
brought by the proposed GLB scheme is 13.5% and 9%,
respectively. The reason for such improvement could be
explained as follows: the proposed GLB scheme imposes
a limit R2 on the workload allocated to the IDC-2
location (with the maximum price-sensitivity coefficient)
so that the sudden increase in prices and the total cost

2168-7161 (c) 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TCC.2016.2564406, IEEE
Transactions on Cloud Computing
IEEE TRANSACTIONS ON CLOUD COMPUTING, VOL. XX, NO. Y, MONTH 2016

could be avoided. In contrast, large price jumps could
not be avoided under B2 as shown in Fig. 4(a). The reason is that B2 neglects the price-sensitivity information
associated with each IDC location since just prices are
adopted as the input parameters in B2. In Fig. 4(d), the
process of finding R2 is provided. It can be seen that
the reduction factor (i.e., the ratio of R2 to C2 ) could
be determined iteratively by adjusting the upper bound
Ri,max and lower bound Ri,min dynamically according to
the Algorithm 1. As explained in Section 4.1, deciding
the optimal Ri is equivalent to find the turning point
with the sudden increase in prices and the total cost by
increasing the workload limit gradually. Since the search
step ri is not small enough, the power consumption
at IDC-2 increases at first and then decreases with the
increase of iteration numbers. Considering the truth that
the total workload is a constant at the current slot, the
trend of power consumption at IDC-3 is opposite to
that at IDC-2. In summary, the proposed GLB scheme
could identify the impact of traditional GLB schemes
(e.g., B2) upon electricity prices and utilize such price
impact information effectively.

6

C ONCLUSIONS

AND

F UTURE W ORK

In this paper, we studied the problem of developing a
load balancing scheme for geo-distributed IDCs when
they are price-makers in the deregulated electricity markets. We first formulated a total cost minimization problem with the consideration of the impact of GLB upon
electricity prices. Next, we proposed a price-sensitivity
aware GLB scheme to utilize the price impact information effectively without requiring price impact models.
To solve the formulated problem under the proposed
GLB scheme, we designed a low-complexity distributed algorithm based on ADMM framework. Extensive
simulation results showed that the proposed algorithm
can save cost effectively for IDC operators. In future
work, we are interested in incorporating more complex
and practical models associated with demand charges,
request processing delay within data centers and more
types of workloads.
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