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Abstract— Power consumption cost constitutes significant portion of a data center’s total operational cost. Variations in 

parameters, such as power demand, electricity price, and renewable power generation effects the data center’s power 

consumption cost. Therefore, in this paper, a smart power management system based on a robust energy cost optimization 

algorithm is proposed for the data center. The designed robust optimization algorithm coordinates data center workload, battery 

bank, diesel generators, renewable power, and trade electricity price in real-time and day-ahead power market to reduce expected 

energy consumption cost. The uncertain parameters, such as data center workload and renewable power are computed using 

forecasting algorithms. The optimization algorithm is used to limit unbalance power purchase from real-time power market due to 

uncertainty of real-time electricity price. The algorithm formulation is obtained using mixed-integer linear programming. Moreover, 

a model to calculate prices to be used in service level agreements with data centers’ clients for on-demand cloud services is 

designed considering operational cost of the data center. Simulations are performed on actual data center workload, weather 

parameters, and electricity price. The results have shown that the proposed methodology is an effective tool to minimize data 

center operational cost.   
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1 INTRODUCTION

HE usage of online applications and cloud services has 
incredible increased over the past decade. Together 

with the modern development in cloud computing, enor-
mous data centers are installed world-wide to service user 
requests with better management, reliability, and cost ben-
efits [1]. A major issue in large scale data centers is energy 
consumption cost. For example, Google spends more than 
$35M annually on electricity cost that contributes a major 
portion of their overall expenditures per annum [1], [2].  

The data centers acquire the required electricity from 
smart grids. Smart grids provide electricity with different 
prices based on different time scales [3]. The data center 
can decrease the operational cost by efficiently utilizing the 
day-ahead power market for long time periods. The elec-
tricity price in day-ahead power market always remains 
less compared to the real-time [3]. To efficiently utilize 
day-ahead market, the data centers need to become smart 
by accessing real-time states, such as (a) power demand, 
power availability, and electricity price, (b) accurately 
forecasting parameters, such as electricity demand, renew-
able power generation, and energy price, and (c) utilization 
of renewable power generation. Therefore, the cloud data 
centers can use a combination of forecasting algorithms, 
Power Management Model (PMM) and robust optimiza-
tion technique as a useful tool to reduce energy cost. 

When power outage occurs, the data center operation 
is affected with the increased energy cost. The increased 
energy cost is because of the temporal and spatial varia-
tions of electricity prices and backup diesel generators cost. 
The diesel generators can run for several hours due to one 
or multiple reasons among the following: (a) shortage of 
renewable energy resources, (b) limited capacity of Unin-
terruptible Power Supply (UPS), and (c) power outage in 
the main grid [4]. The backup diesel generator cost is often 
higher than the electricity price offered to the data centers 
[5]. The data center energy cost elevates enormously due 
to frequent power outages. The data centers’ operators 
must exploit the opportunities of renewable energy gener-
ation to reduce energy consumption cost, when power out-
age occurs (spatial diversity is exploited). Moreover, the 
operators can schedule particular hours to store excess en-
ergy into battery bank, when the power prices are low or 
the renewable power is in excess. The battery bank is uti-
lized when the power outage occurs for few minutes to re-
duce energy consumption cost, instead of backup diesel 
generators. Temporal diversity is exploited using battery 
bank by reducing energy consumption price. 

In addition to the concern of minimizing data center 
energy consumption cost, another important and funda-
mental aspect still requires attention: how to provide just-
in-time customer services at lowest possible prices. This 
question requires the development of an efficient Service 
Level Agreement (SLA) for data center customers to offer 
reasonable and low-cost cloud computing services. The 
proposed work provides a thorough treatment to the is-
sues addressed above, with a comprehensive theoretical 
derivation and simulations. The main contributions of the 
paper are stated below: 
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• Considering power outages, we develop a smart 
Power Management Model (PMM) for the data centers 
to manage dynamic energy requirements.  

• A robust optimization model is also developed for the 
data center. The optimization model minimizes the 
operative net power consumption cost that is calcu-
lated as the total power consumption cost of data cen-
ter minus total benefits of power demand. The Mix-
Integer Linear Programming (MILP) algorithm is used 
to solve the developed robust optimization model. 

• The detailed heat rate analysis of the data center is in-
cluded in the robust energy cost optimization that es-
timates an accurate time span for the utilization of bat-
tery bank in case of power outage. The phenomenon 
minimizes energy cost by delaying diesel generation. 

• A Nonlinear Autoregressive Network with Exogenous 
Inputs (NARX) and Neural Network (NN) based fore-
casting algorithm (NARX-NN) is developed to predict 
data center CPU utilization. Moreover, we propose a 
two stage Particle Swarm Optimization (PSO) based 
NARX-NN algorithm to predict wind speed for meas-
uring renewable power generation. Both algorithms 
minimize day-ahead energy cost of the data center.  

• We formulate a pricing model for SLAs with data cen-
ters’ clients. The model calculates on-demand cloud 
services cost utilizing dynamic energy consumption 
cost along with operational and capital expenditures. 
The paper is ordered as follows: Related work regard-

ing data center energy cost reduction is presented in Sec-
tion 2. The system model is defined in Section 3. Section 4 
elaborates NARX-NN forecasting model to predict data 
center power consumption and wind energy. Section 5 pre-
sents real-world data traces and simulation setup. The re-
sults are discussed and analyzed in Section 6. Section 7 
concludes the paper along with proposed future work. 

2 RELATED WORK 

Many new methodologies aimed to improve data center 
energy efficiency by introducing power saving circuit and 
algorithms at system level [6], [7]. These techniques had 
substantially decreased the power consumption at compo-
nent level within a data center. However, the electricity 
cost is a substantial portion of the data center’s total effec-
tive cost and the obligation is to decrease this cost as much 
as possible. In [8], authors utilized battery banks of data 
center to reduce power consumption cost by operating in 
wholesale power market. Moreover, the authors used Lya-
punov optimization based stochastic algorithm to find a 
trade-off among energy storage devices and cost saving 
[8]. However, the authors ignored the impact of power out-
age/blackouts that had increased over the years [9]. There-
fore, in this paper, an inclusive energy management and 
energy cost optimization model is proposed for the data 
center while considering power outages. 

A large body of research work have focused different 
power outage scenarios within the data centers. The data 
centers have battery banks as a backup power source in 
case of temporary power outages. However, data center 
servers are unable to run on UPS for more than a few 

minutes in the absence of cooling system [10]. The issues 
faced by data center includes: (a) increasing electricity 
bills, (b) power outages, and (c) growing carbon footprints. 
The solution to such problems is to make data center smart 
that must have the capability to increase energy efficiency, 
reliability, and sustainability [11]. A carbon-aware energy 
cost reduction technique for distributed internet data cen-
ters is presented in [12]. The recent advancements brought 
diesel generators and renewable energy sources, such as 
solar and wind in data centers [13]. The authors formulate 
an optimization problem to minimize data center expected 
energy cost and carbon emission. The optimization prob-
lem is solved using Lyapunov optimization technique. In 
[13], the authors designed a power management mecha-
nism and energy cost optimization methodology for the 
data centers. When power outage occurred in the main 
grid, the data center will operate on the diesel generators, 
energy storage devices, and renewable energy sources. In 
[14], the authors investigated data center energy manage-
ment problem in smart micro-grids. The authors mini-
mized time average expected energy cost of the data cen-
ters using stochastic programming considering ramping 
constraints of backup diesel generators, charging and dis-
charging efficiency parameters of the battery bank, and 
data center interactive and resource elastic workload. 
However, in [12], [13], and [14], the authors did not use any 
prediction algorithms to exploit the benefits of low electric-
ity prices in day-ahead power market for data center en-
ergy cost reduction. Therefore, we exploit the benefit of 
day-ahead power market in our proposed model. 

The growing trend of distributed renewable power 
generation, scalable energy storage, and mature demand 
response programs brings opportunity to involve an opti-
mal bidding policy in day-ahead power market. The cloud 
data centers can coordinate energy generation, predict en-
ergy consumption of its components, and can purchase 
more usable electricity in day-ahead as compare to real-
time power market to minimize operational cost. In [15], a 
probability-based optimization model is presented to min-
imize predictable cost of smart grid by trading in day-
ahead and real-time power market. In [16], the authors 
proposed an online data center’s workload scheduling al-
gorithm based on Lyapunov optimization technique. The 
algorithm minimizes the carbon-aware electricity cost by 
finding the tradeoff between electricity cost and delay tol-
erant workload of the data center without knowing the fu-
ture states of the time-varying system. In another recent 
study, the problem of long-term energy management in 
multiple data centers’ microgrids is investigated [17]. The 
authors formulate a stochastic problem to minimize the 
long-term operational cost of the data center by consider-
ing the uncertainty of the electricity cost, renewable power 
generation, and data center workload. To the best of our 
knowledge, the novelties of the paper are as follows: 
• Considering the uncertainties of electricity cost in day-

ahead and real-time power market, renewable power 
generation, and data center workload, the techniques 
proposed in [13] and [15] are combined and extended 
to develop an energy cost minimization algorithm for 
the data center. Moreover, for the first time, we used 
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data center as a bidding agent in power market to 
draw financial benefits as a vital part of cost function.  

• To minimize the uncertainties of the renewable power 
generation and data center’s workload, we proposed a 
novel NARX-NN-PSO based prediction algorithm that 
uses robust Prediction Intervals (PIs) to evaluate the 
prediction accuracy rather than conventional point 
forecasting techniques. The accuracy of the model is 
compared and analyzed with state-of-the-art. 

• Considering power management and energy cost re-
duction, we introduce a modified chargeback model to 
calculate per server cost in the SLA to improve usage-
based-pricing plan for the data centers’ customers.  
 

TABLE 1 

Notations Used in the System Model 

Notation Definition 

Indices  

𝑡 Length of time slot in Hours up to  𝑁ℎ = 24 

𝑝 Index for scenarios of day-ahead power market 

prices, running from 1 to 𝑁𝑃 

𝑤 No. of wind speed scenarios from 1 to 𝑁𝑤 

Constants  

𝑊𝑚𝑖𝑛, 𝑊𝑚𝑎𝑥 Lower-upper bounds on wind speed 

𝐷𝑠
𝑚𝑖𝑛 , 𝐷𝑠

𝑚𝑎𝑥 Lower-upper bounds on diesel generator ‘𝑗’ 

𝐸𝑢
𝑚𝑖𝑛, 𝐸𝑢

𝑚𝑎𝑥 Min.  Max. energy storage bound on the batteries 

𝑔𝑏
𝑐(𝑡),𝑔𝑏

𝑑𝑐(𝑡) Charging and Discharging power of the batteries 

in time slot ‘𝑡’ 

𝑝𝑏 Cost incurred by battery charging /discharging 

𝑃𝑚𝑎𝑥 Max. threshold on main grid available power 

𝑃𝑝,𝑃𝑤 Probability of scenario ′𝑝′ and ′𝑤′, respectively 

𝛤(𝑝, 𝑤) Control parameter for the level of robustness dur-

ing scenarios ‘𝑝’ and ‘𝑤’ 

Binary Variables 

𝑥𝑊(𝑡) 1, if wind speed is within the operating range of 

wind mill. 

𝑍𝑐(𝑡) 1, if batteries are charging and 0 otherwise 

𝑍𝑑𝑐(𝑡) 1, if batteries are discharging and 0 otherwise 

𝐴𝑝(𝑡) 1, if main grid power is purchased, 0 otherwise 

 𝐵𝑠(𝑡) 1, if power is sold to the main grid, 0 otherwise 

𝑢(𝑝, 𝑤, 𝑡) 1, if data center is schedule to operate during sce-

narios ‘𝑝’ and ‘𝑤’ in time slot ‘𝑡’ and 0 otherwise 

Continuous Variables 

𝒫(t) Data center’s total power consumption in time ‘t’ 

𝔘(t) Normalized CPU utilization of the data center 

𝑃𝑅(𝑡) Available power of the main grid for data center 

𝑃𝑊(𝑡) Total wind power generation of the wind farm 

𝑚(𝑡) Total number of ‘on’ servers in time ‘t’ 

𝑃𝐷𝐺(𝑡) Total power of diesel generators in time ‘𝑡’ 

𝐶𝐷𝐺(𝑡) Total generation cost of all diesel generators 

𝐸𝑢(𝑡) Energy level of batteries in time slot ‘𝑡’ 

𝑃𝑃(𝑡) Power purchased from main grid in time ‘𝑡’ 

𝑃𝑆(𝑡) Power sell to the main grid in time slot ‘𝑡’ 

𝑆𝑝(𝑡) Day-ahead electricity purchasing price  

𝑆𝑠(𝑡) Day-ahead electricity selling price to main grid 

𝑚𝑏(𝑡) Marginal benefit of data center power demand 

𝐵(𝑡) Power consumption benefit of data center power 

demand at point  𝐵𝑚𝑖𝑛(𝑡) 

𝑝𝑟𝑡(𝑡) Real-time electricity purchase price  

𝑃𝑅(𝑝, 𝑤, 𝑡) Real-time power purchased (positive) or sold 

(negative) from main grid for scenarios ′𝑝′ and 

′𝑤′ in every time slot ‘𝑡’ 

3 SYSTEM MODEL 

The system model for cloud data center used in this work 
is depicted in Fig. 1. The model comprises of the following: 
(a) main grid (utility grid), (b) wind power generation, (c) 
diesel generators, (d) background load, (e) data center bat-
teries bank, (f) smart energy management system, and (g) 
data center as fixed (minimum power requirement) and 
demand responsive load (load based on workload). The 
main grid is one of the primary sources of energy for the 
cloud data center. The diesel generators are considered as 
dispatchable power resource within the data center, pos-
sessing a very fast response time for reliability considera-
tions [13]. The background load indicates the residential 
and/or industrial load attached with the main grid other 
than the data center power load.  
       Due to the intermittent generation of the wind power, 
a data center cannot run solely on the wind power genera-
tion. The data center must require a minimum dedicated 
power supply from the main grid on some pre-defined tar-
iffs. Therefore, only partial power consumption of the data 
center at peak load will come from the wind power gener-
ation. In this paper, the wind power and main grid power 
supply are considered as the primary sources of energy for 
the cloud data center. The two operational modes of the 
cloud data center are: (a) grid-connected and (b) islanded. 
In grid-connected mode, cloud data center and main grid 
will exchange power transactions. For example, when an 
excess of wind power is generated in the data center, the 
excess power can be sold to the main grid on less price than 
the power purchase from the main grid. When an outage 
occurs in main grid, the data center will be disconnected 
from the main grid to operate in islanded mode. In this 
0mode, battery bank and wind power generation will pro-
vide power to the data center computing equipment. The 
backup diesel generators will turn-on when the power out-
age is extended, and data center needs to turn-on cooling 
equipment. The symbols and notations for the system 
model are shown in Table 1. 

3.1 SMART POWER MANAGEMENT SYSTEM 

3.1.1 DATA CENTER POWER CONSUMPTION MODEL 

Consider 𝔐 number of homogenous servers in the data 
center and 𝑚(𝑡) denotes the number of ‘on’ servers to pro-
cess workload in time slot 𝑡. The data center power con-
sumption is the sum of power consumption by computer 
servers, cooling plants, and lighting facilities [18]. The 
power consumption is calculated as [18]: 
 

𝒫(t) = 𝑚(𝑡)[𝒫𝐼 + (PUE − 1)𝒫𝑃 + (𝒫𝑃 − 𝒫𝐼)𝔘(t)]. (1) 

In Eqn. (1), 𝒫I represents power consumption of an idle 
server and 𝒫P is the server’s average peak power. The term 
𝔘(t) denotes CPU utilization in time slot 𝑡, and PUE is the 
power usage effectiveness of the servers that is the ratio of 



4 IEEE TRANSACTIONS ON CLOUD COMPUTING,  VOL.  #,  NO.  #,  MMMMMMMM  2017 

 

the data center’s total power consumption to the data cen-
ter’s power consumption at compute servers [18].  

3.1.2 Power Management Model 

In this paper, all models are discrete time models, where 
the length of a coarse grain time slot 𝑁ℎ = 24 hours is the 
time in which the power management decisions and dy-
namic pricing decisions are managed, such as day-ahead 
or week-ahead. Each coarse grain time slot is further di-
vided into fine grained time slots of length 𝑡 ∈ 𝑁ℎ such as, 
an hour. The available power for the data center from the 
main grid is 𝑃𝑅(𝑡), where the 𝑃𝑅(𝑡) is upper bounded by 
some 𝑃𝑚𝑎𝑥(𝑡), which depends on total power generation of 
the main grid and its own background load.  
       We consider that cloud data center has several identi-
cal wind turbines. The total wind generating power is the 
summation of every individual wind turbine in the spatial 
field. Let 𝑃𝑊(𝑡) be the total wind power generation of the 
wind farm in time slot 𝑡. However, due to the safety and 
energy efficiency reasons, the wind turbines are subject to 
operate within the limits that depends on the wind condi-
tion (cut-in wind speed velocity and cut-out wind speed 
velocity) and system design. Therefore, a binary variable 
𝑥𝑊(𝑡) is defined to check the generation of wind farm as 
the power generation will be zero if the wind speed veloc-
ity is not between the cut-in and cut-out wind speed limits. 

𝑥𝑊(𝑡) = {
1     𝑊𝑚𝑖𝑛(𝑡) ≤ 𝑊(𝑡) ≤ 𝑊𝑚𝑎𝑥(𝑡)

0               𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                       
 (2)  

where 𝑊𝑚𝑖𝑛(𝑡) and 𝑊𝑚𝑎𝑥(𝑡) are the lower and upper 
bounds of wind speed. 
       The backup diesel generators are required when there 
is an outage in the main grid (islanding). The piece-wise-
linear production cost model is utilized to represent diesel 
generators cost [19]. Let 𝑁 be the number of segments for 
piece-wise-linear production cost curve for each diesel 
generator. For each segment 1 ≤ 𝑠 ≤ 𝑁, a binary varia-
ble 𝑍𝐷𝐺,𝑗

𝑠 (𝑡) ∈ {0,1} and continuous variable 𝑌𝐺𝐷,𝑗
𝑠 (𝑡) are de-

fined. A constraint ∑ 𝑍𝐷𝐺,𝑗
𝑠 (𝑡) ≤ 1𝑁

𝑠=1  is imposed on the die-
sel power generation. If the power produced by diesel gen-
erator 𝑗 is within the desired range [𝐷𝑠

𝑚𝑖𝑛, 𝐷𝑠
𝑚𝑎𝑥], 

then ∑ 𝑍𝐷𝐺,𝑗
𝑠 (𝑡) = 1𝑁

𝑠=1  or 0 otherwise [19]. The continuous 
variable 𝑌𝐺𝐷,𝑗

𝑠 (𝑡) keep tracks of the power generation of die-
sel generator 𝑗 in time slot 𝑡. 

𝑍𝐷𝐺,𝑗
𝑠 (𝑡)𝐷𝑠

𝑚𝑖𝑛 ≤  𝑌𝐺𝐷,𝑗
𝑠 (𝑡) ≤ 𝑍𝐷𝐺,𝑗

𝑠 (𝑡)𝐷𝑠
𝑚𝑎𝑥, (3) 

where 𝐷𝑠
𝑚𝑖𝑛 and 𝐷𝑠

𝑚𝑎𝑥 are the lower and upper limits on the 
diesel generation in time slot 𝑡 corresponding to segment 
𝑠. The 𝑃𝐷𝐺(𝑡) is the total power generation of diesel gener-
ators, which is written as [13]: 

𝑃𝐷𝐺(𝑡) = ∑ ∑
 𝑌𝐺𝐷,𝑗

𝑠 (𝑡)

∆𝑇

𝑁

𝑠=1

𝑁𝑑

𝑗=1
. (4) 

     In Eqn. (4), the ∆𝑇 is the duration in which the diesel 
generators remain ‘on’ and 𝑁𝑑 are the total number of die-
sel generators required in time duration ∆𝑇. Let 𝛼𝑠,𝑗 and 
𝜕𝑠,𝑗 represents the y-intercept and slope of the segment 𝑠 
allied with diesel generator 𝑗. Consider 𝑆𝐷𝐺,𝑗(𝑡) be the die-
sel generator’s startup cost. Therefore, the total power gen-
eration cost of all diesel generators is [13]: 
 

𝐶𝐷𝐺(𝑡) = ∑ [∑ (𝜕𝑠,𝑗  𝑌𝐺𝐷,𝑗
𝑠 (𝑡) + 𝛼𝑠,𝑗 𝑍𝐷𝐺,𝑗

𝑠 (𝑡)) +𝑁
𝑠=1

𝑁𝑑
𝑗=1

                   𝑆𝐷𝐺,𝑗(𝑡)]. 

(5) 

The 𝐸𝑢(𝑡) is the energy level stored in the batteries in 
time slot 𝑡. The batteries power is affected by the efficiency 
of the UPS charging or discharging. The charging and dis-
charging power of the batteries are denoted by 𝑔𝑏

𝑐(𝑡) and 
𝑔𝑏

𝑑𝑐(𝑡) in the data center battery bank. The cloud data cen-
ter must have 100% uptime to complete all jobs. Therefore, 
batteries must be charged to the minimum power require-
ment. The level of energy storage in the UPS batteries is: 

 
𝐸𝑢

𝑚𝑖𝑛 ≤  𝐸𝑢(𝑡) ≤ 𝐸𝑢
𝑚𝑎𝑥. (6) 

 
The battery leakage and DC/AC conversion losses are 

not considered in battery bank model. The energy level 
𝐸𝑢(𝑡) in UPS batteries follows the dynamics given in [11]: 

𝐸𝑢(𝑡 + 1) = 𝐸𝑢(𝑡) + ∆𝑇 (𝑔𝑏
𝑐(𝑡) − 𝑔𝑏

𝑑𝑐(𝑡)), (7) 

to keep track of the batteries status in charging or discharg-
ing modes, two binary variables 𝑍𝑐(𝑡) and 𝑍𝑑𝑐(𝑡) are de-
fined. If batteries are charging, 𝑍𝑐(𝑡) = 1 or 0 otherwise. 
Similarly, 𝑍𝑑𝑐(𝑡) = 1 if the batteries are discharging or 0 
otherwise. To avoid loss in generality, the batteries are not 
charged and discharged simultaneously and follow the 
model as 𝑍𝑐(𝑡) + 𝑍𝑑𝑐(𝑡) ≤ 1 [13]. 

To balance the power supply and system dynamics in 
the cloud data center, Eqn. (8) is required to be balanced. 
 

𝑃𝑃(𝑡) + 𝑃𝑊𝐸(𝑡) + 𝑃𝐷𝐺(𝑡) + 𝑃𝐵(𝑡) = 𝒫(𝑡) + 𝑃𝑆(𝑡), (8) 

where 𝑃𝑊𝐸(𝑡) = 𝑥𝑊(𝑡)𝑃𝑊(𝑡), which is a nonlinear term in 
which 𝑃𝑊(𝑡) is a continuous variable and 𝑥𝑊(𝑡) is a binary 
decision variable that is linearized as: The 𝑃𝑊(𝑡) is 
bounded below by zero and bounded above by the maxi-
mum wind power generation 𝑃𝑤

𝑚𝑎𝑥(𝑡); therefore, if the 
term 𝑃𝑊𝐸(𝑡) ≤  𝑃𝑤

𝑚𝑎𝑥(𝑡) × 𝑥𝑤(𝑡) and 𝑃𝑊𝐸(𝑡) ≤ 𝑃𝑤(𝑡), then 
𝑃𝑊𝐸(𝑡) ≥ 𝑃𝑤(𝑡) − (1 − 𝑥𝑤(𝑡))𝑃𝑤

𝑚𝑎𝑥(𝑡) and also 𝑃𝑊𝐸(𝑡) ≥ 0. 
Therefore, in Eqn. (8), the 𝑃𝑊𝐸(𝑡) is linearized as: 𝑃𝑤(𝑡) −
(1 − 𝑥𝑤(𝑡))𝑃𝑤

𝑚𝑎𝑥(𝑡). In Eqn. (8), the term 𝑃𝐵(𝑡) =
𝑔𝑏

𝑑𝑐(𝑡)𝑍𝑑𝑐(𝑡) + 𝑔𝑏
𝑐(𝑡)𝑍𝑐(𝑡). The upper bounds are also im-

posed on the power purchased and power sold and are 
represented as: 

(0 ≤ 𝑃𝑃(𝑡) ≤ 𝑃𝑃
𝑚𝑎𝑥(𝑡)𝐴P(𝑡)),  

(0 ≤ 𝑃𝑆(𝑡) ≤ 𝑃𝑆
𝑚𝑎𝑥(𝑡)𝐵S(𝑡)).      

  (9) 

where         𝑃𝑃
𝑚𝑎𝑥(𝑡) ≥ (𝒫(t) + 𝑔𝑏

𝑐(𝑡)) and 
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Fig.1. System Model for a Cloud Data Center.  
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𝑃𝑆
𝑚𝑎𝑥(𝑡) ≥ (𝑃𝑊(𝑡) + 𝑃𝐷𝐺(𝑡) + 𝑔𝑏

𝑑𝑐(𝑡)). 

3.2 ROBUST OPTIMIZATION FOR ENERGY COST 

MINIMIZATION 

A robust optimization technique is used to calculate: (a) 
optimal power requirement from the main grid, (b) elec-
tricity buying and selling schedules for day-ahead power 
market, (c) battery bank’s charging and discharging sched-
ules, and (d) power generation of the diesel generators. 
The optimization problem is solved using MILP that has 
three steps [15].  
• First, the cloud data center will send the power re-

quirement into the day-ahead power market before 
the available power from main grid and real-time and 
day-ahead power market prices become known. The 
cloud data center power requirement is realized by the 
NARX-NN based forecasting algorithm.  

• In the second step, the day-ahead power market will 
be cleared, and day-ahead power market prices will be 
known to the cloud data center. The power outputs 
from the main grid and renewable sources, such as 
wind are realized before the releasing prices of power 
market for every time t. The cloud data center will en-
sure the schedules of: (a) data center power consump-
tion requirements, (b) power requirement from the 
main grid, renewable energy sources, and diesel gen-
erators, and (c) charging or discharging of the battery 
bank to guarantee optimal operation at each hour.  

• In the third step, the real-time power market prices are 
gathered and the required unbalanced power will be 
accommodated from the real-time power market. The 
real-time and day-ahead electricity prices are fore-
casted values taken from NYISO [20].  

      

𝐶𝐸
𝑇 = 𝑚𝑖𝑛 ∑ 𝑃𝑝 [∑(𝑆𝑝(𝑡)𝑃𝑃(𝑡) + 𝑆𝑠(𝑡)𝑃𝑠(𝑡))

𝑁ℎ

𝑡=1

𝑁𝑃

𝑝=1

+ ∑ 𝑃𝑤 {∑ 𝐶𝐷𝐺(𝑡)

𝑁ℎ

𝑡=1

𝑁𝑤

𝑤=1

+ ∑ 𝑝𝑏 (𝑔𝑏
𝑐(𝑡)𝑍𝑐(𝑡) + 𝑔𝑏

𝑑𝑐(𝑡)𝑍𝑑𝑐(𝑡))

𝑁ℎ

𝑡=1

− ∑(𝑚𝑏(𝑡)𝒫(𝑡) + 𝐵(𝑡)𝑢(𝑝, 𝑤, 𝑡))

𝑁ℎ

𝑡=1

+ ∑(𝑝𝑟𝑡(𝑡)𝑃𝑅(𝑝, 𝑤, 𝑡) + 𝑞(𝑝, 𝑤, 𝑡))

𝑁ℎ

𝑡=1

}

+ 𝑍(𝑝, 𝑤)𝛤(𝑝, 𝑤)] 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
(10) 

Subject to                                      
                               Eq. (1) - Eq. (9), and 

𝑞(𝑝, 𝑤, 𝑡) + 𝑍(𝑝, 𝑤) ≥ 𝛥(𝑝, 𝑤, 𝑡)𝑌(𝑝, 𝑤, 𝑡) 
𝑞(𝑝, 𝑤, 𝑡) ≥ 0  ∀𝑝, ∀𝑤, ∀𝑡 
𝑌(𝑝, 𝑤, 𝑡) ≥ 0  ∀𝑝, ∀𝑤, ∀𝑡 

−𝑌(𝑝, 𝑤, 𝑡) ≤ 𝑃𝑅(𝑝, 𝑤, 𝑡) ≤ 𝑌(𝑝, 𝑤, 𝑡) ∀𝑡, ∀𝑝, ∀𝑤 
𝑍(𝑝, 𝑤) ≥ 0 ∀𝑝, ∀𝑤 

  

 
     The objective function of robust optimization process is 
given in Eqn. (10) subject to the defined onstraints. The 
function aims to minimize the net power consumption cost 
of the data center, which includes: cost incurred by pur-
chasing and selling electricity from main grid in day-ahead 
power market (line 1), power generation cost of dispatcha-
ble diesel generators including startup cost of the genera-
tors (line 2), degradation cost of the battery bank due to 
charging and discharging (line 3), minus the total benefit 
of the data center power demand (line 4 [14]), buying/ sell-
ing electricity from real-time power market (line 5), and the 
linearized robust controlling parameter using strong dual-
ity theory (last term of line 5 and line 6).  
     In Eqn. (10), the power purchase price 𝑆𝑝(𝑡) ∈
[𝑆𝑝

𝑚𝑖𝑛, 𝑆𝑝
𝑚𝑎𝑥] from the main grid, and power sold price 

𝑆𝑠(𝑡) ∈ [𝑆𝑠
𝑚𝑖𝑛, 𝑆𝑠

𝑚𝑎𝑥] to the main grid are determined, when 
every time slot 𝑡  starts and will remain persistent during 
time 𝑡 and 𝑆𝑝(𝑡) ≥ 𝑆𝑠(𝑡). 
     As we know, the real-time electricity price is hard to es-
timate and can vary significantly with the change in oper-
ational conditions of the main grid. To incorporate fluctu-
ations in real-time power market price (𝑝𝑟𝑡(𝑡)), we decide 
a bounded range for 𝑝𝑟𝑡(𝑡) based on the statistical analysis 
of past real-time pricing data. The 𝑝𝑟𝑡(𝑡) will take the val-
ues in [𝑝𝑟𝑡(𝑡) − 𝛥(𝑝, 𝑤, 𝑡) ,  𝑝𝑟𝑡(𝑡) + 𝛥(𝑝, 𝑤, 𝑡)], where 
𝛥(𝑝, 𝑤, 𝑡) ≥ 0. Therefore, despite of only using the ex-
pected real-time price and multiply it with the unbalanced 
power, we use a robust optimization control parameter 
(𝛤(𝑝, 𝑤)) to minimize the unbalanced power. The 𝛤(𝑝, 𝑤) 
is an integer that takes values between [0 to 𝑝𝑤𝑡], such as 
𝛥(𝑝, 𝑤, 𝑡) ≥ 0, i.e. 𝑝𝑟𝑡(𝑡) value represents uncertainty for all 
𝑝, 𝑤, 𝑡. The parameter 𝛤(𝑝, 𝑤) will control the robustness in 
the objective function. The objective function value can be 
increased effectively by varying 𝛤(𝑝, 𝑤). If 𝛤(𝑝, 𝑤) = 0, we 
ignore the real-time power market price uncertainty. If 
𝛤(𝑝, 𝑤) = 𝑝, 𝑤, 𝑡, then all uncertainties of the real-time 
power market prices are considered (means optimis-
tic/conservative solution). Therefore, we conclude that the 
cloud data center must buy/ sell unbalanced power in 
real-time power market at any price depends on conditions 
of the power market. The 𝛥(𝑝, 𝑤, 𝑡)|𝑃𝑅(𝑝, 𝑤, 𝑡)| is taken as 
the disadvantage for using real-time power market, which 
alleviates cloud data center’s energy eccentricity. If 𝛥(𝑝,𝑤,𝑡) 
is maximum, we consider the worst real-time electricity 
price scenario and thus effect will be improved by the 
outer minimization in objective function. The variables 
𝑞(𝑝, 𝑤, 𝑡) and 𝑍(𝑝, 𝑤) are the dual variables used to convert 
maximization into minimization problem [15]. The strong 
duality theory converts the non-linear real-time market 
price into MILP form. The 𝑌(𝑝, 𝑤, 𝑡) is the auxiliary varia-
ble used to linearize expression, the variable defines upper 
and lower bound on real-time power purchase from and 
sold to the power market.  

In Eqn. (10), we consider cloud data center power load 
as fixed load plus price responsive demand load, such as 
servers and cooling system. The data center benefit func-

tion ∑ (𝑚𝑏(𝑡)𝒫(𝑡) + 𝐵(𝑡)𝑢(𝑝, 𝑤, 𝑡))
𝑁ℎ
𝑡=1  utilized in his re-

search is similar to the one derived and explained in Ref. 
[14]. The benefit function is considered as three-piece piece 
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wise linear function. The proposed robust optimization 
problem presented in Eqn. (10) is solved by using an itera-
tive algorithm to derive hourly real-time power purchase 
curve [21]. For clarity, the detailed description is presented 
in the Algorithm 1. 

3.3 MODEL FOR THE POWER OUTAGE IN MAIN GRID 

In this paper, transmission lines failures and transformer 
failures are considered as the main power outage initiators 
that totally abandon cloud data center or reduce available 
power. To determine power outage, another binary varia-
ble 𝐸(𝑡) is defined. If 𝐸(𝑡) = 1, then power outage occurs 
in main grid, otherwise 𝐸(𝑡) = 0. Eqn. (11) defines the re-
lationship between the cloud data center and main grid. 

 0 ≤ 𝐴𝑝(𝑡) + 𝐵𝑠(𝑡) ≤ 𝐸(𝑡). (11) 

3.4 PRICING MODEL FOR SERVICE LEVEL AGREEMENT IN 

DATA CENTERS 

The pricing model involves collection and correlation of 
billing data records and then apply an effective pricing 
model for generating customer bills. The pricing model 
helps in estimating the optimal price for the on-demand 
cloud services to be used in SLAs of the data center with 
the clients. The model determines the direct and indirect 
cloud services cost. We model cost as 100% CPUs utiliza-
tion cost per server. The capital and operational expendi-
tures of the data center are considered to estimate per 
server cost per hour. For capital expenditures, we consider 
server cost, payroll, facility cost, maintenance cost, and 
software licenses. The capital expense cost item, such as 

servers, and building facility need to be amortized over 
their life cycle. Typical age of a computer server is 3-5 years 
[22]. Similarly, the data center building facility has a life 
time of 10-15 years. The daily cost of capital expense item, 
𝐷𝑐𝑒𝑖  is calculated using depreciation model as [22]: 
 

𝐷𝑐𝑒𝑖 =
𝐶𝑜𝑠𝑡 𝑜𝑓 𝐼𝑡𝑒𝑚 ∗ 𝐼𝑟

1 − (
1

1+𝐼𝑟
)

𝐿 . 
 

(12) 

where 𝐼𝑟 is the daily inflation rate of the item (for example, 
3%/365.242) and 𝐿 is the life of the item in days. The main 
operational expenditure is the dynamic energy consump-
tion cost of the data center that constitutes major percent-
age of overall data center’s cost, as shown in Fig. 2 [22]. The 
model presented in Fig. 2 is broadly accepted as good qual-
ity data center design practice [22], [23]. It is dependent on 
PUE of the data center [22]. The total daily cost of the data 
center is the sum of capital expense items, such as depreci-
ation costs of the data center facility and servers, and oper-
ational expenses, such as payroll cost, software licenses, 
maintenance cost, and energy consumption cost 𝐶𝐸

𝑇. Fig. 2 
presents the average percentage cost partition for about 
12.5K servers in a data center [24]. The power and cooling 
cost percentage in Fig. 2 is dynamic due to power market 
and as a result other percentage will change accordingly. 
The cost per server per day is calculated by dividing total 
daily cost with number of servers. Similarly, cost per vir-
tual machine can be calculated by dividing cost per server 
to target consolidation ratio of virtual machines per server. 
The three main pricing plans for cloud computing are: (a) 
on-demand pricing, (b) reserved pricing, and (c) spot in-
stances. In this paper, our focus is on-demand pricing.  

4 FORECASTING MODEL 

This work use NARX for wind speed forecasting and CPU 
utilization forecasting in a data center. The NARX is a finite 
dimension system with order 𝑛𝑥 and 𝑛𝑦 and have scalar 
variables 𝑦 and 𝑢 that are defined by Eqn. (13): 
 

�̂�(𝑡) = 𝑓 (
𝑦(𝑡 − 1), 𝑦(𝑡 − 2), … , 𝑦(𝑡 − 𝑛𝑥),    

 𝑢(𝑡 − 1), 𝑢(𝑡 − 2), … , 𝑢(𝑡 − 𝑛𝑦)
), 

   (13) 

where  𝑦(𝑡) is the auto-regressive (AR) output of the sys-
tem and 𝑢(𝑡) is the exogeneous (X) input of the system. The 
𝑛𝑥 and 𝑛𝑦 are the orders of AR and X, respectively and 𝑓 is 
the nonlinear function. The NN is the interconnected layer 

ALGORITHM 1: OBTAIN 𝑃𝑘
𝑅(𝑝, 𝑤, 𝑡) IN 𝑘 ITERATIONS 

Input: 𝐼𝑘, 𝑝𝑟𝑡(𝑡), 𝛤(𝑝, 𝑤). 

Output:  𝑃𝑘
𝑅(𝑝, 𝑤, 𝑡). 

Definitions: 𝐼𝑘 is factor that takes values in increasing order 

in interval [0,1] with the step interval of 𝛿 =

0.01, 𝑝𝑟𝑡(𝑡) is the real-time electricity price in 

power market, 𝑝𝑚𝑖𝑛
𝑟 (𝑡) 𝑎𝑛𝑑 𝑝𝑚𝑎𝑥

𝑟 (𝑡) are the min-

imum and maximum values of the real-time 

electricity price in power market, respectively, 

the 𝑃𝑘
𝑅(𝑝𝑤𝑡) is the real-time power purchase 

from the main grid and  𝑠𝑟(𝑡) is the adjusted 

real-time electricity price. 

Initialization: Set 𝑘 = 1, 𝐼𝑘 = 0, 𝑠𝑟(𝑡) = 𝑝𝑚𝑎𝑥
𝑟 (𝑡), 𝛤(𝑝, 𝑤) = 0. 

1. WHILE 𝛤(𝑝, 𝑤) ≤ 𝛤(𝑝, 𝑤)𝑚𝑎𝑥 do 

2. WHILE 𝐼𝐾+1 < 1 do 

3. COMPUTE deviation in price as follows: 𝛥𝑘(𝑝, 𝑤, 𝑡) =

𝐼𝐾(𝑡)[𝑝𝑚𝑎𝑥
𝑟 (𝑡) − 𝑝𝑚𝑖𝑛

𝑟 (𝑡)] 

4. COMPUTE Price Intervals:  

                             [𝑝𝑚𝑎𝑥
𝑟 (𝑡), 𝑝𝑚𝑎𝑥

𝑟 (𝑡) − 𝛥𝑘(𝑝, 𝑤, 𝑡)] 

5. SOLVE Robust Optimization Function using MILP (Eq. 

(10)). 

6. GET 𝑃𝑘
𝑅(𝑝, 𝑤, 𝑡). 

7. SET 𝑠𝑟(𝑡) = 𝑝𝑚𝑎𝑥
𝑟 (𝑡) − 𝛥𝑘

(𝑝, 𝑤, 𝑡). 

8. UPDATE 𝐼𝑘+1 = 𝐼𝑘 + 𝛿 

9. END WHILE 

10. UPDATE 𝛤(𝑝, 𝑤) = 𝛤(𝑝, 𝑤) + 1 

11. RETURN 𝑃𝑘
𝑅(𝑝, 𝑤, 𝑡). 

12. RETURN 𝑝𝑟𝑡(𝑡) = 𝑠𝑟(𝑡) 

13. END WHILE 

 

Fig. 2. Percentage Cost Partitions for 12.5K Servers Data Center. 
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of nodes called neurons. The architecture of the NN has 
one input layer and one output layer of neurons that are 
interconnected by intermediate layers called hidden lay-
ers. In this work, we use NARX model with feedforward 
Neural Network (NN) having single hidden layer that es-
timated the nonlinear function (𝑓(. )). The forecasting 
model is named as NARX-NN. As the previous true values 
of the output (wind speed and CPU utilization) are known; 
therefore, during the training process we use feedforward 
series-parallel architecture, as shown in Fig. 3 [25]. 
    In feedforward NN, the number of neurons in the hid-
den layer are user defined and can vary from zero to infin-
ity depends on data size. However, number of neurons in 
the input and output layer depends on the number of input 
and output variables, respectively. Let 𝑥𝑗

𝑇(𝑡) is the input 
vector and �̂�𝑇(𝑡) is the regression vector presented as: 

�̂�𝑇(𝑡) = [𝑦(𝑡 − 1), … , 𝑦(𝑡 − 𝑛𝑦), 𝑢(𝑡 − 1), … , 𝑢(𝑡 −
𝑛𝑥)], (14) 

     The �̂�𝑇(𝑡) is assigned to the input vector to make input 
layer. The output of the hidden layer is generated as:  

 
𝑧𝑖 = 𝑓𝑖

ℎ(∑ 𝑤𝑖𝑗
ℎ (𝑡)𝑥𝑗(𝑡) + 𝑏𝑖

ℎ𝑛
𝑗=1 ), (15) 

where 𝑛 is the number of input neurons in the NN that are 
computed as 𝑛 = 𝑛𝑥 + 𝑛𝑦 + 𝑛𝑏, 𝑖 is the 𝑖th hidden unit, 
𝑤𝑖𝑗

ℎ (𝑡) is the weight associated with the 𝑗th input and 𝑖th 
hidden unit, 𝑏𝑖

ℎ is the bias term of the 𝑖th hidden unit, and 
𝑓 is the nonlinear activation function (sigmoid function) 
applied to the weighted sum of the exogeneous inputs. The 
architecture of a single hidden unit is shown in Fig. 4. The 
input of the output layer is computed as: 
 

𝑁𝑘
𝑞(𝑡) = (∑ 𝑤𝑘𝑖

𝑞 (𝑡)𝑧𝑖(𝑡)ℎ
𝑗=1 ), (16) 

where 𝑘 is the 𝑘th output unit, 𝑤𝑘𝑖
𝑞 (𝑡) is the associated 

weight between the 𝑖th hidden layer and 𝑘th output unit. 
The output of the output neurons is computed as:  
 

�̂�(𝑡) = 𝑓𝑘
𝑞

(𝑁𝑘
𝑞(𝑡)), (17) 

where 𝑓 is the linear activation function defined as: 
𝑓𝑘

𝑞
(𝑁𝑘

𝑞(𝑡)) = 𝑁𝑘
𝑞(𝑡). The output of the NARX-NN is deter-

mined by the number of output samples lie within the de-
fined Prediction Intervals (PIs). If the error is not up to the 
desired performance, then the weights and bias are ad-
justed and retrained using training algorithm until the de-
sired coverage is obtained. 
    Both the PIs and Confidence Intervals (CIs) are im-
portant methods to represent uncertainty in forecasting 
problem. The CI deals with the prediction uncertainty of a 
fixed value that is unknown, while PI describes the predic-
tion uncertainty of future comprehension [25]. Therefore, 
PI accounts more uncertainty compared to CI, such as var-
iance in the noise and mis-specification of model [25]. In 
literature, many methods are employed to construct PIs for 
uncertainty assessment in prediction output, such as Delta, 
Bayesian, neural network, and bootstrap. In this paper, the 
bootstrap algorithm is exploited to construct PIs for NN 
forecasting models because of it’s less computation time  as 
complex derivatives or higher order hessian metrics are 
not required to solve [26]. The inclusion of prediction un-
certainty in the deterministic training approach of the NN 
improves the reliability of the forecasted output.  

4.1 COVERAGE WIDTH BASED CRITERION 

An interesting named Coverage Width based Crite-
rion (𝐶𝑊𝐶) is proposed for the PI-based forecasting [24]. 
The 𝐶𝑊𝐶 is written as: 
 

𝐶𝑊𝐶 = 𝑃𝐼𝑁𝑅𝑊(1 + 𝛾(𝑃𝑜𝐶)𝑒−𝜃(𝑃𝑜𝐶−𝜇)), (18) 
 

where the 𝑃𝑜𝐶 is the probability of coverage index calcu-
lates the percentage of prediction model’s output values lie 
inside the PIs. The lower and upper bound of PIs are cal-
culated by bootstrap algorithm using the historical data of 
corresponding target output [26]. For example, if the value 
of 𝑃𝑜𝐶 is 100%, then all target values are within bounds but 
for an effective PI, the value of 𝑃𝑜𝐶 must be above a nom-
inal coverage level (𝜇) that is selected as 90% for both fore-
casting problems, such as wind speed, and CPU Utiliza-
tion. Note that the nominal coverage level is different for 
different applications [26]. The PI Normalized Root Mean 
Square Width (𝑃𝐼𝑁𝑅𝑊) index is similar to Root Mean 
Square Error (RMSE) that magnifies wider PIs and results 
in improved training performances [27]. The objective of 
forecasting problem is to maximize 𝑃𝑜𝐶 and mini-
mize 𝑃𝐼𝑁𝑅𝑊. The 𝛾(𝑃𝑜𝐶) = 1 for training. The terms 𝜃 
and 𝜇 are the two control parameters. The variable 𝜃 is the 
hyper parameter used to magnify the difference between 
𝑃𝑜𝐶 and 𝜇. The value of 𝜃 is selected as 50 [20]. The Eqn. 
(18) states if 𝑃𝑜𝐶 is unsatisfied, then the exponential term 
will be penalized. If 𝑃𝑜𝐶 ≥ 𝜇, then there is a balance be-
tween 𝑃𝐼𝑁𝑅𝑊 and 𝑃𝑜𝐶. Therefore, 𝐶𝑊𝐶 is a descent tool 
for the assessment of 𝑃𝑜𝐶 and 𝑃𝐼𝑁𝑅𝑊. The term 𝛾(𝑃𝑜𝐶) is: 
 

𝛾(𝑃𝑜𝐶) = {
0  ; 𝑃𝑜𝐶 ≥ 𝜇
1  ; 𝑃𝑜𝐶 < 𝜇

. (19) 

 

Fig. 4. Single Neuron’s Output in Hidden Layer of Feed Forward NN. 
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Fig. 3. The Architectural Overview of the Series-Parallel Neural Net-
work. 
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In testing phase, if 𝑃𝑜𝐶 ≥ 𝜇, then 𝛾(𝑃𝑜𝐶) = 0 means the 
accuracy of the prediction is 100% in testing phase. If 
𝛾(𝑃𝑜𝐶) = 1, then the penalty is determined by 𝐶𝑊𝐶. 

4.2 TRAINING ALGORITHM FOR NARX-NN  

The purpose of the training phase is to get high values for 
𝑃𝑜𝐶 and narrow 𝑃𝐼𝑁𝑅𝑊 to get an estimation of PI. Here, 
the traditional gradient based training methods for NARX-
NN, such as Levenberg-Marqardt Back Propagation (LM-
BP) algorithm is not suitable for multi-objective prediction 
problems because the gradient methods often trap into lo-
cal minima. Therefore, the use of global search algorithm, 
such as Particle Swarm Optimization (PSO) algorithm is 
more appropriate in training phase to optimally select the 
weights and basis of NARX-NN. 
    The procedure is divided into three subparts: (a) train-
ing, (b) validation, and (c) testing. The termination crite-
rion for the training phase is to get the minimum value of 
𝐶𝑊𝐶, which corresponds to the maximum value of 𝑃𝑜𝐶 ≥
𝜇, or the PSO algorithm reaches maximum iterations limit. 
The PIs are calculated by applying bootstrap algorithm on 
the training data. Once the optimal values for NARX-NN 
weights and basis are achieved, the PIs are generated for 
validation and testing phase by the same process. The val-
idation phase determines the optimum structure of the 
NARX-NN and undermine constraints if any. The testing 
phase evaluates the performance of the forecasting model. 

5 DATA TRACES AND SIMULATION SETUP 

5.1 WIND SPEED FORECASTING MODEL AND WIND 

ENERGY CALCULATION 

The dataset for wind speed forecasting is taken from Na-
tional Estuarine Research Reserve System [24]. The se-
lected State for the dataset is Texas. The meteorological 
data parameters used in the wind speed forecasting model 
are: (a) average air temperature (oC), (b) average relative 
humidity (%), (c) average barometric pressure (mb), and 
(d) wind speed (m/s). The air temperature, humidity, and 
air pressure must be included as inputs for the wind speed 
forecasting models because of their high impact on the 
wind speed [28]. The data is collected for every hour. We 
used ten years’ hourly data (Jan. 2004 – Dec. 2013) in the 
wind speed forecasting model. We used the similar mete-
orological data parameters and data preparation method 
to increase the prediction accuracy as used in [28]. In [28], 
the authors used conventional NARX-NN point forecast-
ing algorithm that used Mean Absolute Error (MAE); how-
ever, we used PI based performance evaluation technique 
in the day-ahead NARX-NN prediction model. Moreover, 
in this work, the PSO algorithm is incorporated in the 
training of NARX-NN model instead of LM-BP algorithm 
(standard gradient based algorithm) because of its inherit 
ability to converge to global minima.  

The proposed wind speed forecasting model comprises 
of two main stages. In first stage, hourly historical data of 
weather parameters is used as an input to estimate wind 
speed’s monthly patterns for the previous year (year 2012) 
and up-coming year (year 2013), as presented in Fig. 5. In 
Fig. 5, the 𝑈1, 𝑈2, and 𝑈3 are the inputs denoting the air 

temperature, humidity, and air pressure data, respectively 
for the corresponding month. The symbol 𝑦1 is the actual 
hourly wind speed data of the corresponding month. We 
use eight years’ data in the training phase to estimate the 
monthly wind speed trends for both year (2012 and 2013), 
as shown in Fig. 5. The monthly wind speed trends are 
then concatenated to get yearly trend of wind speed for 
both years (2012 and 2013). In second stage, the hourly gen-
eral pattern of 2012 (from first stage) and actual hourly 
wind speed data of 2012 are used to train another PSO 
based NARX-NN model and calculate optimum structure, 
as drawn in Fig. 6. The general hourly trend of the predic-
tion year (2013) from the first stage is used to simulate the 
developed model to forecast hourly wind speed data for 
the prediction year. This novel statistical and NN based ap-
proach is useful to predict general patterns of the coming 
year by constructing a data integrating algorithm using 
NN. Fig. 7 presents the wind speed forecasting results for 
the month of January 2013. The two stage PSO based 
NARX-NN model demonstrates a significant improve-
ment in results. The predicted wind speed remains within 
the upper and lower bounds for most of the time. The com-
parative results of the proposed wind speed forecasting 
model with other forecasting models, such as Auto-Re-
gressive with Exogeneous (ARX) inputs, Auto-Regressive 
Moving Average with Exogeneous (ARMAX) terms, Non-
linear Auto-Regressive with Exogenous (NARX) inputs, 
Regression Tree (RT), LM-BP neural network (LM-BP-
NN), and LM-BP-NARX-NN model are tabulated in Table 
2. The NARX-NN-PSO is relatively better than rest of the 
techniques in terms of 𝐶𝑊𝐶 as presented in Table 2. The 
MATLAB system identification toolbox is used to imple-
ment ARX, ARMAX, NARX, and RT models and NN 
toolbox for the implementation of LM-BP-NN and LM-BP-
NARX-NN models [29], [30]. All of the aforementioned 
techniques are parametric modelling techniques. In ARX, 
the previous values of the inputs and output variables are 
regressed linearly to generate the next value of the output 
variable [29]. The ARMAX is the advance form of ARX that 
also includes the properties of the error terms in the model 
to minimize the error further [29]. The NARX is the non-
linear extension of the ARX that has the capability to cap-
ture the nonlinearity of the system as well. The NARX 
model is already illustrated in Eqn. (13). The recursive least 
square estimation method is utilized to predict the param-
eters of the ARX, ARMAX, and NARX models [29]. The RT 
is the more general approach to derive prediction by add-
ing few simple if-then rule with the regression model, such 
as ARX and ARMAX. The inclusion of if-then rules has bet-
ter prediction accuracy compared to ARX and ARMAX, as 
shown in Table 2. All of the aforementioned models are 
conventionally point forecasting models that uses MAE to 
evaluate the predicted output. However, in this research 
all algorithms utilize PI based 𝐶𝑊𝐶 technique for evaluat-
ing predicted outputs. Moreover, the wind speed data has 
much higher uncertainty; therefore, to capture variability 
in the wind speed data, the PIs width in wind speed fore-
casting is larger [26]. In Table 2, we observe that the 
𝑃𝐼𝑁𝑅𝑊 values are higher for wind speed forecasting. 
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In wind turbine, the energy conversion is mainly de-
pending on the sweep area of wind turbine and wind 
speed in the area. The mechanical power converted from 
wind speed by a wind turbine is calculated as: 

𝑃𝑤
𝑖 (𝑡) = {

1

2
𝜌𝐴𝑣3𝐶𝑃     𝑥𝑤(𝑡) = 1 

0                    𝑥𝑤(𝑡) = 0 
 , (20) 

where 𝑖 is the index of wind turbine, 𝜌 is the air density, 
𝐴 = 𝜋𝐿2 is the blade area, 𝑣 is the wind speed (m/s), and 
𝐶𝑃 is the power coefficient. We used the V90 1.8MW wind 
turbine model with rated power of 18,00KW [31]. A total 
of 10 wind turbines will generate 18MW in total, the peak 
power consumption of a 12.5K machines is 18.75MW; 
therefore, 10 wind turbines are considered fulfilling an ap-
prox. 95% of total peak power requirement of the data cen-
ter at rated wind speed. The blade length 𝐿 of the turbine 

is 44 meters, 𝜌 = 1.23
kg

m3, and power coefficient, 𝐶𝑝= 0.27. 

The wind turbine’s cut-in speed is 4m/s, cut-out wind 
speed is 25m/s, and rated wind speed is 14m/s [31]. The 
predicted and real-time wind speed data presented in Fig. 
7 is used in Eqn. (20) to calculate wind form power gener-
ation. The results of the forecasted and real-time wind 
power generation are depicted in Fig. 8. 

5.2 CPU UTILIZATION FORECASTING MODEL 

The CPU utilization data is obtained from the Google clus-
ter data published by Google in 2011 that consist of about 
12.5K machines [32]. The Google cluster data provides task 

demand and usage for memory, disk, and CPU. The work-
load in the cluster data is presented in the form of jobs. 
Each job can have one or more tasks and each task has dif-
ferent resource requirements. The task usage is reported 
for every five minutes’ interval. The workload traces con-
tain resource demand, usage records, and scheduling 
events for a total of 672003 jobs and 25462157 tasks for a 
period of 29 days from May 2011. In this paper, we only 
focus on CPU utilization considering that all servers are 
homogenous, i.e. the processing power of the servers is 

Table 2 
Forecasting Evaluation Indices comparison for Wind Speed and CPU Utilization 

Models 
Wind Speed  CPU Utilization (Day-Ahead)  

POC (%) PINRW (%) CWC (%)  POC (%) PINRW (%) CWC (%)  

ARX 88.44 77.22 204.11  73.99 46.77 201.55  

ARMAX 76.75 71.56 200.24  75.69 41.65 156.26  

NARX 89.19 79.51 258.91  67.09 61.51 301.90  

RT 95.97 62.33 62.33  61.45 70.53 392.27  

LM-BP-NN 79.92 72.11 198.11  81.87 31.19 91.07  

LM-BP-NARX-NN 80.65 74.02 232.19  88.25 24.00 59.69  

NARX-NN-PSO 

(Proposed) 

97.58 59.99 59.99  92.68 17.23 17.23  

 

Fig. 7. PSO-NARX-NN Test Results for Week-Ahead Wind Speed 
(Jan. 1-7, 2013). 
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Fig. 5. Monthly Wind Speed Trend Prediction using Hourly Data.  
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Fig. 6. PSO-NARX-NN Yearly Wind Forecasting Model.  

 
Fig. 8. Wind Power Generation of the Wind Farm having Ten Wind 
Mills for Jan. 1-7, 2013.  



10 IEEE TRANSACTIONS ON CLOUD COMPUTING,  VOL.  #,  NO.  #,  MMMMMMMM  2017 

 

same. The month-long CPU utilization of the Google clus-
ter is calculated from the data traces of every individual 
task. The data is normalized between 0 and 1. Two weeks 
of data is used for training, one-week for validation, and 
one-week data is used as an unseen data for the testing of 
the model. The day-ahead prediction of CPU utilization is 
depicted in Fig. 9 (a). The comparison results of the pro-
posed model are presented in Table 2. The NARX-NN-PSO 
clearly outperforms rest of the methods based on percent-
age 𝑃𝑜𝐶, percentage 𝑃𝐼𝑁𝑅𝑊, and percentage 𝐶𝑊𝐶. 

5.3 SYSTEM PARAMETERS 

The data center server parameters are selected as follows:  
𝒫𝑃 = 250W [33], 𝒫𝐼 = 150W [33], 𝑃𝑈𝐸 = 2, 𝔐 = 12,500, 
and ∆𝑇 = 1 hour. In Fig. 9(b), the day-ahead forecasted and 
real-time CPU utilization results plotted in Fig. 9(a) are 
used to calculate data center power consumption. 

5.4 ELECTRICITY PRICING DATA 

The real-time and day-ahead electricity pricing tariffs of 
Houston Texas for year 2011 are used in the simulations 
[24]. Based on this pricing tariffs, average electricity price 
per day is calculated for the month of May 2011, as pre-
sented in Fig. 10. In Fig. 10, the average day-ahead tariff is 
observed to be less than real-time pricing tariff. Moreover, 
the electricity selling price to the main grid is set as: 𝑆𝑠(𝑡) =
0.8 ∗ 𝑆𝑃(𝑡). 

5.5 DIESEL GENERATORS 

We assume the total diesel generation has the capacity to 
power the whole data center at peak load period. Ten die-
sel generators of model TP-C2000-T2-60 (2MW each) are 
considered to power data center with the startup time of 
10 seconds [5]. The fuel consumption of single generator is 
131 gallons at full load, 102 gallons at 75% load, and 73 gal-
lons at 50% load [5]. The fuel tank capacity of the generator 
is 24 hours at full load [5]. Moreover, we consider $2 as fix-
start-up cost of individual generator. The diesel cost is 
$2.75/gallon. The values 𝑌𝐺𝐷

𝑠 (𝑡) and 𝑧𝐷𝐺(𝑡) of piece-wise-
linear cost function of diesel generator are taken from [19]. 

5.6 BATTERIES BANK 

The specifications of Symmetra MW 16,00KW 480V 3-ph 
C&D Technologies UPS12-1000 by Schneider Electric Lim-

ited are used in the simulations [34]. Four 16,00 KW Sym-
metra MW are found enough to power all servers in the 
data center at peak load [34]. The Symmetra MW used 
valve-regulated lead-acid battery (VLRA) batteries with 
typical runtime of 21 minutes at 80% load, 19 minutes at 
90% load, and 17 minutes at 100% load [34]. Moreover, we 
assume charging/ discharging rates of the Symmetra MW 
16,00 KW as 𝐶𝑟 = 𝐶𝑑 = 0.64MW and charging/ discharg-
ing price as $0.1/KWh [3]. 

5.7 DC HEAT RATE ANALYSIS DURING POWER OUTAGE 

In data centers, the recommended nominal temperature 
range of the supplied air is 65oF (18.33oC) to 95oF (35oC) 
presented by American Society of Heating, Refrigerating, 
and Air-Conditioning Engineers (ASHRAE) in 2008. When 
power outage occurs, the servers remain in operation with 
the power supplied by UPS batteries. Meanwhile, the cool-
ing air is on halt until an alternative power source, such as 
a diesel generator is activated to power cooling system. 
During the off-cooling period, servers continue to generate 
heat and results in a gradual increase of room temperature. 
The situation can lead to an automatic servers’ shutdown 
or thermal damage of the servers in extreme case. An alter-
nate way of powering cooling system during the off-cool-
ing period is very costly [10]. The thermal mass of servers’ 
rack plays a significant role in eliminating the need of pro-
visioning cooling. Therefore, a good structural design of 
the data center increases the thermal damage time of the 
servers. The Khankasri’s heat transfer model is used in the 
simulation to adjust different design parameters of the 
data center to improve the thermal performance [10]. The 
server room temperature rising time span (T) is estimated 

 
Fig. 10. Day-Ahead and Real-time Average Electricity Pricing Data 
(May 2011).  

 

        (a)                                                                                                         (b) 
Fig. 9. PSO-NARX-NN based Forecasted vs Real-time Data Center CPU Utilization and Data Center Power Consumption Results. 
(a) Day-Ahead CPU Utilization, (b) Day-Ahead Power Consumption. 
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in which the air temperature of the server room will in-
crease to the maximum recommended value (95oF). In sim-
ulations, a check is imposed on the threshold limit of time 
span (T). The data center battery bank will provide power 
till threshold time span and the data center needs an im-
mediate alternative power supply to turn on cooling sys-
tem to avoid thermal breakdown point of servers (i.e. 
105oF). Fig. 11 shows the time span (T = 255 sec.) for the 
UPS unit to provide electricity during before temperature 
increases from 65oF to 95oF. Furthermore, the time span (T) 
is useful in optimizing data center energy cost by delaying 
diesel generation for couple of minutes. We use this time 
span in our simulation to turn-on the diesel generators.  

6 RESULTS AND DISCUSSIONS 

The proposed robust optimization model for data center 
energy cost is demonstrated on the system model pre-
sented in Fig. 1. For result analysis, we used forecasting re-
sults of: (a) wind speed and corresponding wind power 
output (Fig. 8), (b) data center CPU utilization and corre-
sponding data center power consumption calculation (Fig. 
9 (b)), (c) real-time and day-ahead power market price (Fig. 
10), (d) capacity of battery bank, (e) diesel generators out-
put, and (f) data center heat rate analysis results.   

We used 20 wind speed forecasting scenarios and 20 
day-ahead power market price scenarios for the validation 
of robust optimization algorithm. The operational cost of 
wind power generation is considered as zero. The study is 
conducted for day-ahead (24-hours) scheduling and coarse 
grain time slot is selected as one hour. Moreover, we pre-
sented the importance of day-ahead scheduling by com-

paring the results with real-time. Furthermore, the effi-
ciency of the robust optimization model for the data center 
energy cost minimization is presented for power outage 
scenario in the main grid. The use of data center battery 
bank is limited to a safe transition between the power sup-
plies, when an outage occurs in the main grid. The data 
center battery bank will only power the servers for a very 
limited time of T=355 seconds to avoid thermal damage of 
the data center servers in the absence of cooling system 
during main grid power failure. The usefulness of battery 
bank and turn on timings of diesel generators are further 
discussed in Section 6.3. 

6.1 RESULT ANALYSIS FOR USING DAY-AHEAD POWER 

MARKET 

Cloud data center will purchase maximum energy by ex-
ploiting day-ahead power market, only the unbalanced 
power purchase or sold will be done from real-time power 
market. The comparison of real-time and day-ahead power 
transactions is depicted in Fig. 12. The reason for small un-
balance power is: the cloud data center will not purchase 
energy from real-time power market at higher price when 
Γ = 24 for all p and w. The data center will try to increase 
self-energy production from diesel generators and battery 
bank before buying energy from real-time power market.  

6.2 ROBUST OPTIMIZATION IMPACT 

The robust optimization algorithm is used to bound unbal-
anced real-time power purchase. The data center’s daily 
energy consumption cost is directly dependent on high 
real-time power market electricity price. The effectiveness 
of the control parameter Γ is shown by calculating energy 
consumption cost for different values of Γ. The worst sce-
nario costs and the expected costs for overall daily energy 
utilization of data center for different value of Γ are shown 
in Fig. 13. As we increase the value of Γ, the expected cost 
increases monotonically. However, the worse scenario cost 
decreases. Therefore, we conclude that more robust the op-
timization solution more will be the expected cost. This 
phenomenon indicates the trade-off between the data cen-
ter benefit and the risk associated with relying on internal 
energy sources. The effect of control parameter Γ on the 
unbalance real-time power from the main grid is shown in 
Fig. 14. We can observe from Fig. 14 that the real-time un-
balanced power decreases with the increase in the value of 

 

Fig.13. Impact of Robust Control Parameter on Data Center En-
ergy Consumption Cost.  

 

Fig.12. Day-Ahead and Real-time Power Transaction Amount be-
tween Cloud Data Center and Main Grid. 

 

Fig. 11. Variation in the Server Room Air Temperature with Time. 
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Γ. Therefore, we can comment that financial risk has re-
duced, and optimization result becomes more robust. The 
cloud data center can take advantage from this conclusion 
and can choose different levels of risks to understand tol-
erance level of the data center energy management system. 

6.3 RESULT ANALYSIS OF DATA CENTER ENERGY COST 

UNDER MAIN GRID POWER OUTAGE SCENARIO 

For day-ahead predicted results, we generate three hours’ 

power outage in the main grid, as depicted in Fig. 15. The 

dips in Fig. 15 indicate the power outage in the main grid, 

when no power available for the data center. During the 

power outage in the main grid, batteries bank is utilized 

for a smooth transition from main grid power to diesel 

generators. The battery bank discharging time is very 

small on hourly scale and cannot be observed graphically. 

However, we have magnified power outage period to 

graphically observe the stored energy reduction in the bat-

teries bank. Fig. 16 depicts the charging and discharging 

cycle of the batteries. In Fig. 16, the straight line indicates 

the three hours of batteries charging period. The small dip 

indicates the batteries discharging hour that occurs during 

the power outage period. The battery bank provides two 

useful operational benefits: (a) if the main grid power out-

age is small (few minutes), then no need to turn-on diesel 

generators and the diesel generators’ start-up cost can be 

avoided, (b) 355 seconds’ time provides enough time lev-

erage for diesel generators to start and stabilized power. 

Fig. 17 depicts the data center’s energy cost for the main 

grid power outage scenario. The spikes in Fig. 17 indicate 

the power outage period when diesel generators are 

kicked-in to provide stable power to the data center. A rel-

ative increase in the data center energy cost is detected in 

Fig. 17 during the power outage because the diesel power 

generation is expensive compared to day-ahead and real-

time electricity prices [19]. Moreover, in Fig. 17, the varia-

tions in the spikes are due to wind power generation.  

6.4 DATA CENTER PER SERVER COST ANALYSIS FOR SLA 

PRICING PLAN 

The data center energy cost measured in the Section 6.1, 

Section 6.2, and Section 6.3 is used to develop pricing plan 

model for the SLAs with data center customers. To esti-

mate capital expenditures, the following prices are consid-

ered for the data center with 12.5K servers. The price of a 

typical server is considered as $1450 with the amortization 

of 36 months [22]. The price of the data center facility is 

taken as $26.4 million with the amortization of 10 years 

[22]. Similarly, the capital items prices per day are calcu-

lated using Eqn. (12). The per day capital expenses and 

 
Fig. 15. Day-Ahead Power Purchased from Main Grid including 
Main Grid Power Outage.  

 

Fig.14. Real-time Unbalanced Power Purchase from Main Grid for 
Different Values of Control Parameter. 

 

Fig. 18. Data Center’s per Server Cost Estimation using SLA. 

 
Fig. 16. Total Energy Stored in the Data Center Batteries Bank. 

 
Fig. 17. Data Center Day-Ahead Energy Cost comparison with Real-
time under Main Grid Power Outage. 
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data center power consumption cost are combined to esti-

mate hourly cost per server, as shown in Fig. 18. The re-

duced cost per server in all forecasted values compared to 

real-time values shows the importance of forecasting that 

offer reasonable costs to the data center customers. 

7    CONCLUSIONS AND FUTURE WORK 

Electricity expenditure is a vital fraction in the operating 

cost of many computing service providers, such as data 

centers. An important and emerging problem to make data 

center ‘smart’ in terms of minimizing the dynamic energy 

cost is addressed in the paper. The algorithm we proposed 

is an effective tool to reduce data center’s energy cost by 

employing forecasting algorithms to predict the energy de-

mand in advance. The algorithm is also useful to offer min-

imum usage-based-pricing package to the data center cus-

tomers. The effectiveness of the proposed model is verified 

by conducting simulations on real-world datasets and as-

sociated electricity prices. 

The proposed method is a generalized framework to 

reduce energy cost in geographically-connected commer-

cial flexible demand clients. In future, one of the potential 

research areas is to introduce data center as a commodity 

in the power market. The data center can set power pur-

chase agreements with different power companies on bi-

lateral trade. Moreover, data center can get ancillary ser-

vices from the power market, such as access to spinning 

reserves in case of any power failure.  
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