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Abstract
As a new computing paradigm, cloud computing has received much attention in the past few years, 
and the demand for cloud resources is skyrocketing. For example, Liu et al. proposed a high-priority 
and high response scheduling algorithm. Yu et al. studied Intelligent Transportation Control System 
Based on Cloud Computing. In order to meet the pressing demand for cloud resources, more and more 
data centers will be built in the future. There are typically tens of thousands of servers in cloud data 
centers, for instance, it has been reported that Google has more than 900,000 servers. However, large 
data centers are major consumers of energy and main contributors to carbon emissions. Moreover, 
recent studies show that energy costs have become a major concern for cloud providers and data 
centers are far from energy efficiency. Therefore, how to reduce energy and power consumption 
of these servers is a big challenge for the owners of cloud data centers. In this paper, we make a 
survey of energy reduction techniques of cloud data centers. Especially, we survey energy reduction 
methods from different levels of cloud data centers. 
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1. Introduction
As a new computing paradigm, cloud computing 

has received much attention in the past few years, and 
the demand for cloud resources is skyrocketing. In 
order to meet the pressing demand for cloud resour- 
ces, more and more data centers will be built in the 
future. There are typically tens of thousands of ser- 
vers in cloud data centers, for instance, it has been re-
ported that Google has more than 900,000 servers, in 
order to meet the need for cloud resources. However, 
large data centers are major consumers of energy and 
main contributors to carbon emissions and there are 
far from energy efficiency according to the studies of 
H.H. Kramer et al.[1] and J.A. GallegoArrubla et al. 
[2]. Moreover, recent studies show that energy costs 
have become a major concern for cloud providers. 
Vasan et al.[3] pointed out that the average utilization 
of CPus in data center servers is only about 12.5%, 
and a large portion of energy can be saved if the CPu 
utilization is 86%.  

The number of data centers is increasing rapidly 
throughout the world, which is motivated by the pro-

liferating demand for cloud computing services. As 
a consequence, the expenditures spent on cloud data 
centers are skyrocketing in recent years. Figure 1 
shows the cost of data centers from 1994 to 2010 and 
Figure 2 shows the power consumption in different 
parts of data centers from 1994 until 2014, L. Parolini 
et al.[4].

Figure 1. Expenditure cost in data centers
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Figure 2. Comparison of positioning errors of different 
anchor nodes

For cloud providers, they mainly face two prob-
lems. The first problem is the concern of large 
power consumption and the electricity costs, e.g.,                       
Google spends more than 38 million dollars per year, 

A. Qureshi et at. [5]. In this paper, making a survey of 
energy and power reduction techniques in cloud data 
centers, especially, we analyze from different levels 
of data centers.

2. Data center networks
data center networks play an important role of 

interconnecting a large number of servers with net-
working devices, e.g., switches, and high-speed com-
munication links. Traditionally speaking, data center 
network architectures can be classified into diffe- 
rent types, for instance, two-tiered, three-tiered, and  
three-tiered high speed, d. Kliazovich et al. [6]. Fi-                                                                                                 
gure 3 shows the three-tiered designed data center 
networks structure, M. Al-Fares et al. [7]. Cloud 
providers deploy these network architectures accor- 
ding to the requirements of the applications that data 
centers can host.

Figure 3.Three-tire data center networks structure

with the development of data centers, the energy 
consumption in data center networks is becoming a 
concern that should not be neglected. It has been re-
ported that 10–20% of the total power was caused by 
the consumption of the network elements in the data 
center, w. Fang et al.[8].  while most of the current 
works have overlooked the energy consumption of 
data center networks, there are some works emerging 

to study this issue. Fang et al, [8] proposed to reduce 
power cost by optimal virtual machine (VM) place-
ment and optimizing traffic flow routing, and Figure 4 
shows the adopted optimization methods. Their study 
showed that the proposed method can save more                   
energy than the baseline method elastic tree structure. 
M. Al-Fares et al. [7] proposed a flat-tree topology 
of data center networks, which is shown in Figure 5. 

Figure 4. optimization illustration



119Metallurgical and Mining IndustryNo.10 — 2015

Information technologies

Figure 5. Simple flat-tree topology of data center networks

A. Greenberg et al. [9] proposed a scalable and 
flexible data center network, which is called VL2. 
And this new network structure is a simple design 
and can benefit the cloud service programmer and is 
efficient. C. Guo et al. [10] presented DCell, a novel 
network structure shown in Figure 6, which can pro-
vide higher network capacity than the traditional data 
center networks structures.

Figure 6. A dcell data center networks structure

3. Methods for reducing power of CPUs
Power consumption caused by CPu accounts 

for a large part of total power in cloud data centers,                    
especially for computing sensitive applications.                  
Improving CPu consumption is an effective                                                                               
method to reduce the operating costs of cloud provi- 
ders. Vasan et al. [3] pointed out that the average uti-
lization of CPus in data center servers is only about 
12.5%, and a large portion of energy can be saved if 
the CPu utilization is 86%.  r. urgaonkaret at. [11] 
Studied optimal resource allocation and power ma- 
nagement in virtualized cloud data centers with com-
puting sensitive heterogeneous applications by le- 
veraging the technique of Lyapunov optimization in 
contrast to the previous works using prediction based 
approaches. They analyzed how CPu consumption 
varies with CPu frequency, which is shown in Fig.7. 
Their analysis indicated that at each utilization level, 

the power-frequency relationship is well-approxima- 
ted by a quadratic model, which can be expressed as 
P(f )=Pmin+ α(f-fmin)                                                 (1)

Figure 7 showed that the minimum power Pmin 
should be substantial enough in order to maintain the 
server to be in active state.

Figure 7. Power vs CPu frequency for a dell PowerEdge 
r610 server

Another model used to denote the power con-
sumption of CPu is 

( ) (1 )vP s sα α= + −
                                                (2)

where s can be considered as CPu utilization, 
when s=0, the server is in idle state and when s=1, 
the servers are running at the maximum speed. v is 
empirically estimated and a typical value is v=2. The 
above model is widely used in the literature [12]. The 
power consumption with respect to s is shown in Fi- 
gure 8 with v=2.

A commonly used mechanism that is proposed to 
reduce power consumption is dynamic voltage and 
frequency scaling (dVFS) [13]. dVFS can reduce 
processor voltage by dynamically scaling the server 
speed when the jobs or service request are light. How 
to model the power consumption with service rate s
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is an open topic [8], and dynamic power consumption 
mainly depends on CPu utilization and clock rate, 
which can be approximately modelled as 

2
dP aCV f=                                                              (3)

where a is the switching activity, C is the physical 
capacitance, V is the supply voltage, and f is the clock 
rate. when the servers are idle, the power consump-
tion in this case is static power consumption. There-
fore, the power consumption of a server is characte- 

rized as 
d sP P P= +                                                               (4)

A typical power consumption function with regard 
to the service rate a server is denoted by

sP k Pαρ µ= +                                                                   (5)
Where k is some constant, and the value of α is 

about 3. Figure 9 shows how power varies with re-
gard to service rate, with 2sP = , k=0.2.

Figure 8.Power consumption varies with CPu utilization Figure  9. Power consumption varies with service rate
The main objective of the work [8] is managing 

performance which is the metric of response time 
and the power consumption, and the goal of the work 
[12] is to balance the throughput which can be equiv-
alently recognized as the measure of revenue as SaaS 
cloud service providers charge according the number 
of service requests and the power consumption in the 
SaaS clouds. 

4. Reducing power consumption cooling sys-
tems

It has been claimed by T. Mukherjee et.al [14] that 
a large part of power was consumed by cooling sys-
tem in data centers due to the growing power densi-
ty in servers, which is over 30% of total power con-
sumption. A model used to describe the power con-
sumption in cool systems of a data center is 

sup( )
c PP

CoP L
=

                                                   (6)                                
where P is the power consumption of servers in 

this data center, sup( )CoP L is the coefficiency of the 
performance of the cooling system, and supL  is the 
temperature of supplied cold air. sup( )CoP L can be 
given by 

sup sup 2 sup( ) 0.0068( ) 0.0008 0.458CoP L L L= + +      (7)
The relationship between sup( )CoP L  and sup( )CoP L  

is shown in Figure 10.

Figure 10. The CoP of cooling systems vs. temperature of 
cold air

The above two equations are given under the                    
assumption that the impact of the outside temperature 
is neglected and is supposed as a fixed value.

M. Polverini et al. [15] studied thermal-aware 
scheduling of batch jobs in geographically distribu- 
ted data centers by exploiting the variations of prices 
in different times and locations. Compared with the 
baseline method, their proposed online method based 
on the framework of Lyapov optimization not only 
can reduce the power consumptions of the cooling 
systems in cloud data centres, but also can meet with 
the maximum server inlet temperature constraint. 
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H. Xu et al. [16] studied thermal-aware scheduling of 
batch jobs and interactive jobs in geographically dis-
tributed data centers. They also develop a distribut-
ed algorithm. different from M. Polverini et al. [15], 
their method was based on an m-block alternating 
direction method of multipliers (AdMM) algorithm, 
and their simulation results showed that tempera-
ture aware workload management saves 15%–20%               
cooling energy. Morkun et al. analyzed how tempe- 
rature affected energy costs in distributed systems by 
using heat pumps technology [17].

5. Conclusions
with the development of cloud computing, the              

increasing number of data centers lead to the                                                                                              
soaring increase of power consumption and carbon 
emission, how to reduce them becomes a main con-
cern for cloud providers and the need for green data 
centers. This paper makes a survey of power and 
energy reduction methods in cloud data centers. we 
analyzed some methods that are commonly used to 
reduce power and energy consumption.
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Abstract
This paper selects the BP neural network algorithm for data classification, and carries out a detailed 
derivation of its work principle. For the existing slow network convergence and prone to falling into 
local minimum and other defects of this algorithm, the paper adopts the method of the combination 
of using the variable learning rate and added with the momentum factor to improve the traditional 
BP algorithm. In the specific network training experiment, it is found that the improved algorithm 
has improved the speed of network convergence to certain extent. And the final data classification 
results show that, BP neural network has a relatively high success rate when applied for the multi-
dimensional data classification in the Internet of Things.
Key words: InTErnET oF THInGS, dATA CLASSIFICATIon, BP nEurAL nETworK, 
CLoud CoMPuTInG, MuLTI-dIMEnSIonAL dATA

1. Introduction
In the process of data mining, data classification 

is a very important method of data analysis [1]. In 
the world that we live in, all human activities are de-
rived from the accumulated wisdom and knowledge 
of mankind himself. Human makes the right judg-
ments and decisions based on the combination of 
the knowledge which has been gained through expe-                                                                                                     
rience and the perception to the external things. In 
fact, if we only study the data itself, it will not make 
any sense, because it’s just the raw materials that hu-
man has obtained through a variety of available tools 
and instruments. while the internal logic of things

hidden behind these data is what we want to explore, 
and these existing experiences will be the foundation 
to provide direct assistance for us to make decisions 
[2]. Therefore, we need to make analysis on the raw 
data so as to find the internal relations between them; 
hence the things that just make sense mathematical-
ly will be turned into useful information. However, 
they cannot be directly identified by human, and need 
to summarize and classify a lot of multi-dimensional 
data before it can be converted to the knowledge that 
human can make use of. Thus, when faced with huge 
amount of original data, classification and extraction 
of the data can provide us the knowledge and wisdom


