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Abstract. Energy optimization for cloud computing services has gained
a considerable momentum over the recent years. Unfortunately, minimizing energy consumption of cloud services has its own unique research
problems and challenges. More speciﬁcally, it is diﬃcult to select suitable
servers for cloud service systems to minimize energy consumption due to
the heterogeneity of servers in cloud centers. In this paper, the energy
minimization problem is considered for cloud systems with stochastic
service requests and system availability constraints where the stochastic
cloud service requests are constrained by deadlines. An energy minimization algorithm is proposed to select the most suitable servers to achieve
the energy eﬃciency of cloud services. Our intensive experimental studies based on both simulated and real cloud instances show the proposed
algorithm is much more eﬀective with acceptable CPU utilization, saving
up to 61.95% energy consumption, than the existing algorithms.
Keywords: Energy minimization · Cloud service · Service request
Quality of Service · Rejection probability · System availability
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Introduction

Energy optimization is not only important for protecting environments because
it mitigates the carbon emission, but also indispensable for the cloud providers
since it reduces the electricity consumption. It is estimated that 70 billion
kilowatt-hours of electricity, i.e., about 1.8% of the total electricity consumption of the United States, is consumed in 2014 alone for cloud services [11].
According to the International Energy Agency’s New Policies Scenario, which
takes account of existing and planned government policies, the world primary
energy demand is projected to be increased by 37% between 2012 and 2040 [23].
Energy consumption is directly proportional to power consumption. To reduce
power consumption in computing systems, there are in general two approaches:
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(a) thermal-aware hardware design and (b) power-aware software design [20].
The thermal-aware hardware design approaches are related to hardware devices,
while on the contrary, the power-aware software design approaches involve computing systems, including operating system-level power management, compilerlevel power management, application-level power management, and cross-layer
adaptations [20]. Our work falls largely as one of the power-aware software design
methods.
In this paper, we take into consideration of the energy consumption minimization problem for stochastic requests with deadlines. Service requests arrive
at the cloud centers both stochastically and dynamically while servers are heterogeneous in nature with diﬀerent conﬁgurations. Dealing with stochastically
arriving requests and heterogeneous servers in cloud service systems is a complex problem in its own essence [8,22]. The power consumption of servers and
the response time of service requests are typically negatively correlated. If the
service rate of servers is higher, more power is consumed and the service requests
are processed quicker, thereby leading to a smaller response time. In addition,
it is hard to evaluate the energy consumption with diﬀerent service rates of
servers in cloud systems. Server selection is a NP-hard problem. This is further
complicated when selecting optimal number of servers from the cloud centers
to minimize the energy consumption, with the needs to satisfy the deadlines of
service requests and the system availability [15] (which deﬁnes the probability
that requests can be processed) constraints of the selected servers. The major
contributions of this work are as the following:
– We develop a novel cloud service system model that is based on the queuing
theory to deal with the stochastic property of the cloud service requests. The
model enables the eﬃcient server selection by considering i) service request
arrival rates, ii) service rates of the cloud servers, iii) deadlines of the service
requests, and iv) the system availability constraints.
– The energy consumption of a cloud service system is measured by the power
consumption of the servers based on their response time of the service
requests, which is calculated by a proposed energy evaluation (EE) algorithm.
We further develop an energy minimization (EM) algorithm to select suitable
servers to minimize the energy consumption while meeting the service request
deadlines and system availability constraints.
– We conduct extensive experimental studies using both simulated and reallife cloud instances and the results show the eﬀectiveness of our proposed
approach on energy optimization of cloud services.
The rest of the paper is organized as follows. In Sect. 2, we discuss the related
work and in Sect. 3, we detail the model and formulate the research problem. The
energy optimization algorithms are presented in Sect. 4. Finally, the experimental results are reported in Sect. 5, followed by conclusions and future research
directions in Sect. 6.
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Related Work

Energy consumption is closely related to power consumption. A stochastic activity network model was constructed to evaluate the power consumption and performance of servers in cloud computing [3]. By allocating the power to the
servers, the overall quality of service (QoS) of the servers in the data center
was optimized [7]. A heuristic algorithm was presented to minimize the energy
consumption on the condition of location constraint of nodes [21]. A brownoutbased approximate Markov Decision Process approach was proposed to improve
trade-oﬀs between energy saving and discount oﬀered to service users [22]. The
key novelty was to reduce the cumulative power by the dynamic voltage scaling
[1]. A Constrained Markov Decision Process model was built for power management in web server clusters [18]. The energy consumption was minimized by
optimizing the power consumption of diﬀerent servers in [1,7,18] while the deadline constraint of service requests was not considered. In this paper, we consider
the stochastic service requests with deadline constraint and the suitable servers
are selected to minimize the energy consumption. The dynamic property of the
queue capacity makes the energy consumption minimization problem diﬀerent
from the existing problems tackled in [1,7,18].
Low energy consumption and high service performance (e.g., response time,
reliability and service level agreement) are usually negatively correlated. Higher
performance implies less response time and faster service rates while lower
energy implies lower allocated power which results in slower service rates and
longer response time. A suitable queuing model was built to satisfy the conﬂicting objectives of high performance and low power consumption in [10]. Mobile
devices were modeled as a semi-Markov decision process to achieve a good balance between the application execution time and power consumption [2]. The
balance between higher performance and lower energy was studied in [2,10].
In [19], two novel adaptive energy-aware algorithms were proposed to achieve
energy eﬃciency while minimizing SLA (service-level agreement) violation rate
in cloud data centers. When balancing the performance and energy consumption, the queue capacity in [2,10] is determined while in our paper, the queue
capacity changes dynamically with diﬀerent servers.
Energy minimization with heterogeneous cloud servers has been studied in
[6,8,14]. When the servers are heterogeneous, the server sequence has to be certain for performance analysis since diﬀerent server sequences lead to diﬀerent
results. The heterogeneity of servers make problem more diﬃcult. In this paper,
heterogeneous servers in cloud service systems are considered with deadline constraint, which is not handled in the existing works [6,8,14].

3

Cloud Service System Model and Problem Description

In this section, the cloud service system model is constructed and then the
research problem is formally deﬁned.
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Cloud Service System Model

When service requests arrive, cloud providers oﬀer suitable servers to deal with
the requests while minimizing the energy consumption. The arrival rate of the
service requests is assumed to follow a Poisson distribution with parameter λ [9].
Let us assume that there are N heterogeneous servers in the cloud service system and the number of selected servers is n (n ≤ N ). According to our recent
work [15], the service rates of the servers, which are the speed of requests processed by the servers, are assumed to follow exponential rates with μ1 , · · · , μN .
The deadline of service requests is denoted as D which implies that requests are
processed before the arriving time plus D. All requests have the same D. The
rejection probability is assumed to be PR and the system availability is ξ.
The model of the cloud service system can be constructed, as illustrated in
Fig. 1. Once the service requests arrive at the cloud system, a dedicated server
is ﬁrstly selected to process these requests. If more requests arrive, requests wait
in the queue. Due to the deadline constraint, the maximum number of service
requests is computed by the selected server and if the system availability is
satisﬁed, no more server will be selected. Requests are executed by the selected
servers. Otherwise, more servers will be considered by iteration in order to meet
the requirement of the system availability.

Fig. 1. Cloud service system model based on the queuing theory.

The queuing theory [13] is adopted in terms of the stochastic property of the
cloud service requests. R[i] (i ∈ {1, · · · , n}) is the maximum queue length when
the server with service rates μ[i] is selected to process requests. R[i] is determined
in terms of comparing the response time 
of requests processed by service rate
n
with μ[i] to the deadlines. {0, 1, · · · , i, · · · , j=1 R[j] +n} is the state space where
i is the number of service requests in the system. According to the system model
in Fig. 1, states {0, 1, · · · , 1 + R[1] } correspond to the ﬁrst selected server with
i−1
i
service rate μ[1] . States { j=1 R[j] + i, · · · , j=1 R[j] + i} correspond to the ith
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selected server with service rate μ[i] . When 1 − ξ ≤ Pni=1 R[i] +n , no new server
will be selected. According to the stochastic property of requests and servers,
the cloud service system is a Markov process. For the ﬁrst selected server, the
arrival rate of requests is λ while the arrival rate of next selected servers is the
rejection probability that requests cannot be processed by the previous selected
server by the arrival rate λ. The state transition process is shown in Fig. 2.

0

1

1+R[1]

2+R[1]+R[2]

3+R[1]

2+R[1]

Fig. 2. State transition process.

According to the state transition process described in Fig. 2, the input rate
of requests is equal to the output rate of requests for each state. Denote Pi (i ∈
{0, 1, · · · , 1 + R[1] }) as the steady state probability for state i. Therefore, the
balance equations for the ﬁrst server are:
λP0 = μ[1] P1

(1)

(λ + μ[1] )P1 = λP0 + μ[1] P2
···

(2)

λPR[1] = μ[1] P1+R[1]

(3)

In addition, the steady state probabilities P0 , P1 , · · · , P1+R[1] satisfy
1+R[1]



Pi = 1

(4)

i=1

ρ[1] is denoted as

λ
μ[1] .

According to Eq. (1), Eq. (2) and Eq. (3), it is obtained
P1 = ρ[1] P0

(5)

ρ2[1] P0

(6)

P2 =

···
P1+R[1] =

1+R
ρ[1] [1] P0

(7)
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P0 is calculated in terms of Eq. (4), (5), (6) and (7):
⎧
1 − ρ[1]
⎪
⎪
ρ[1] = 1
⎪
R +2
⎨
1 − ρ[1][1]
P0 =
⎪
1
⎪
⎪
ρ[1] = 1
⎩
2 + R[1]

(8)

The steady state probabilities in diﬀerent states are calculated according to
Eq. (5), (6), (7) and (8). Based on the steady state probabilities, the rejection
probability Pr[1] is calculated using:
Pr[1] = P1+R[1]

(9)

The rejection probability Pr[1] is related to the system availability ξ. When the
nth server is selected, it should meet the requirement of the system availability ξ,
which implies that Pr[n]  1 − ξ. For minimizing the energy consumption, when
a server is selected, the rejection probability Pr[1] should be as small as possible
so that more service requests can be processed. The relationship between Pr[1]
and R[1] can been proved in Theorem 1.
Theorem 1. Pr[1] decreases with the increase of R[1] .
1+R[1]

Proof. According to (8), Pr[1] =

(1−ρ[1] )ρ[1]

. The derivative of Pr[1] is calcu-

2+R[1]
1−ρ[1]

lated as
1+R[1] 

((1 − ρ[1] )ρ[1]
DPr[1]
=
DR[1]

1+R[1]

=

((1 − ρ[1] )ρ[1]

(1 −

2+R[1] 

) − (1 − ρ[1]

1+R[1]

) ((1 − ρ[1] )ρ[1]

)

2+R
ρ[1] [1] )2

2+R[1]

) ln ρ[1] (1 − ρ[1]

2+R[1]

) + ρ[1]

1+R[1]

ln ρ[1] (1 − ρ[1] )ρ[1]

2+R[1] 2
)

(1 − ρ[1]
1+R[1]

=

2+R[1]

) (1 − ρ[1]

((1 − ρ[1] )ρ[1]
(1 −

) ln ρ[1]

(10)

2+R
ρ[1] [1] )2

When 0 < ρ[1] < 1, it is easy to calculate that only ln ρ[1] < 0 which results in
DPr[1]

< 0. Pr[1] decreases with the increase of R[1] . When ρ[1] = 1, according to
Eq. (5), (6), (7) and (8), the steady state probabilities are the same for all states.
Pr[1] decreases with the increase of the number of states which results from the
DR[1]

increase of R[1] . When ρ[1] > 1, only 1 − ρ[1] < 0.
decreases with the increase of R[1] .

DPr[1]
DR[1]

< 0. Therefore, Pr[1]


Based on the steady state probabilities, it is easy to calculate the number of
requests in the cloud service system. The number of service requests L[1] in the
system is
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1+R[1]

L[1] =



i × Pi

(11)

i=0

Based on L[1] , the response time of requests is determined. The response time
of requests Tr[1] is determined based on the Little theorem [5]:
Tr[1] =

L[1]
λ(1 − Pr[1] )

(12)

If Tr[1] ≤ D, compared Pr[1] to 1 − ξ, R[1] is calculated. With the ξ (system
availability) and D (service requests deadline) constraints, servers are selected
to minimize the energy consumption in a cloud system. When the next server
is selected, the arrival rate of requests changes with the current rejection probability Pr[i] . Similar to the ﬁrst selected server, the balance equations for the
ith selected server are obtained. The steady state probabilities are computed in
terms of the balance equations. The rejection probability Pr[i] and the expected
response time of requests are calculated by using Eq. (9) and (12).
Energy consumption is measured by the power consumption of servers based
on the response time of requests. According to [8], the power consumption of a
server is determined by W = wCV 2 η, where w is the switching activity, C the
electrical capacitance, V the supply voltage and η the clock frequency. For any
physical server with a service rate μ[i] , μ[i] ∝ η and η ∝ V φ with 0 < φ ≤ 1.
η ∝ V φ implies V ∝ η 1/φ . According to [17], μ[i] ∝ η and V ∝ η imply W[i] ∝ μα
[i]
where α = 1 + 2/φ ≥ 3, i.e., P can be represented by κμα
[i] where κ is a constant:
∗
W[i] = κμα
[i] + W .

(13)

W ∗ is the static power consumption.
3.2

Problem Description

Since the number of servers are dynamic, the expected energy consumption is
calculated in terms of the expected response time of service requests, the power
consumption of servers, and the probability of states calculated by the corresponding servers. The total number of service rates should be not less than λ
to balance the system. Otherwise, the system could break down. The energy
consumption minimization problem is therefore formally described as follows:
min E =(1 − Pr[1] )W[1] Tr[1] +

n i−1



Pr[j] (1 − Pr[i] )W[i] Tr[i]

(14)

i=2 j=1

λ≤

n


μ[i]

(15)

1 − ξ ≤ Pni=1 R[i] +n

(16)

Tr[i] ≤ D i ∈ {1, 2, · · · , n}

(17)

n≤N

(18)

i=1
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According to Eq. (12), we can have Tr[i] =

L[i]
λ(1−Pr[i] ) .

Therefore, the following

equation is obtained:
E = (1 − Pr[1] )W[1] Tr[1] +

n i−1



Pr[j] (1 − Pr[i] )W[i] Tr[i]

i=2 j=1
n i−1

= (1 − Pr[1] )W[1]
=


L[1]
L[j]
+
Pr[j] (1 − Pr[i] )W[i]
λ(1 − Pr[1] ) i=2 j=1
Pr[j] λ(1 − Pr[i] )

n

W[i] L[i]
i=1

Therefore, Eq. (14) is transformed equivalently into E =

4

(19)

λ
n

i=1

W[i] L[i]
.
λ

Energy Minimization Algorithm

Energy minimization is closely related to the response time of service requests,
the number of servers and the power consumption in a cloud service system. To
solve the problem, diﬀerent servers are selected to satisfy the deadline constraint
and minimize the energy consumption. The number of service requests waiting
in the cloud system is determined by the selected servers. The queue capacity
is determined ﬁrstly by considering the deadline constraint D and the system
availability ξ by Algorithm 1 according to which the energy consumption is evaluated. After energy evaluation, selected servers are determined to minimize the
energy consumption in Algorithm 2.
The Energy Evaluation (EE) algorithm (see Algorithm 1) is proposed to evaluate the energy consumption of a selected server. μ is assumed as the service
rate of the selected server. With the increase of R, the response time of service
increases while the rejection probability decreases gradually. With the deadline
D and the system availability ξ constraints, the queue capacity R is determined
(lines 3–6). The number of requests in the cloud service system is computed (line
7) and the power consumption for the selected server is calculated (line 8). The
energy consumption E is evaluated (line 9). The time complexity of Algorithm 1
is determined by the queue length R.
Diﬀerent servers are selected to minimize the energy consumption in the
cloud service system by Algorithm 2. E o is the energy consumption vector for
the selected servers and Pro is the rejection probability vector for the selected
servers. U = {μ1 , · · · , μN } is the server set. E is the energy consumption vector
for servers. Esum is the total energy for the selected servers. The arrival rates
of service requests for the next server is determined by the current rejection
probability in terms of Fig. 2. During the server selection procedure, N servers
are evaluated ﬁrstly (lines 5–6). Since the rejection probability in the cloud
service system and the energy consumption have diﬀerent ranges and units, we
employ a min-max normalization. We use E  and Pr  to denote the values of
E o and Pro after min-max normalization, respectively (line 9). When selecting
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Algorithm 1: Energy Evaluation (EE) Algorithm
Input: μ, ξ
begin
R ← 0, Tr ← 0,PR ← 1;
while Tr < D& PR > 1 − ξ do
R ← R + 1;
Calculate Tr by Eq. (12) and μ; /* Response time calculation*/
Calculate PR by Eq. (9); /* Rejection probability calculation*/

1
2
3
4
5

Calculate L by R and μ; /*The number of requests calculation*/
Calculate W by Eq. (13); /*Power consumption calculation*/
;
/*Energy consumption evaluation*/
E ← LW
λ

6

return R, PR , E.

7

more servers, the rejection probability of the system decreases while the energy
consumption increases. We denote r = PEr as the selection metric (line 9).
A server with the min (r) value is selected to minimize energy consumption
(lines 10–11). With the constraint of system availability ξ, diﬀerent servers are
selected and the number of servers n is determined (lines 3–13). The nth server
is compared with the rest servers to minimize the energy consumption further
because one of the rest servers may be better than the last selected server with
the system availability ξ and deadline D constraints (lines 15–24). The time
complexity of Algorithm 2 is O(N R).

5

Experiments

In the proposed EM algorithm, there are ﬁve system parameters and we will
ﬁrst present our experiments to calibrate the parameters using simulated cloud
instances. We then present experimental results to compare the proposed EM
algorithm against three existing algorithms using both simulated and real-life
instances. All compared algorithms are coded in MATLAB and un on an Intel
Core i7-4770 PC (CPU@3.20 GHz, RAM@8 GBytes).
5.1

Parameter Calibration

For energy minimization in a cloud service system, the commonly tested parameters are: the total number of servers in a cloud service system N , the service rates
of the N heterogeneous servers, the service request arrival rate λ, the request
deadline D, and the system availability ξ. To statistically analyze the eﬀects of
the system parameters on the proposed algorithm framework, we calibrate these
parameters over randomly generated test instances.
Since the values of the calibrated parameters should be as close as possible
to real scenarios, we set the parameter conﬁgurations according to the Alicloud1
1

https://github.com/alibaba/clusterdata.

142

S. Wang et al.

Algorithm 2: Energy Minimization (EM) Algorithm
1
2
3
4
5
6

Input: U, λ, ξ
begin
E o ← 0, Pro ← 0, Us ← ∅;
while PR > 1 − ξ do
E ← 0, Pr ← 0, r ← 0, Esum ← 0;
for i = 1 to N do
[R, E i , Pr i ] ← EE(μi , ξ); /*Energy evaluation*/
rmin ← 10, Pr  ← 0, E  ← 0;
for i = 1 to N do
E i −min(E )
E i ← max(E
, Pr i ←
)−min(E )

7
8
9

ri ←
11

13

16
17
18
19
20

/*Last server determination*/;
for i = 1 to N do
R ← 1, TR ← 0;
if n > 1 then
o
PR ← Pr(n−1)
;
else
o
Pri
← 1;
[R, E1 , PR ] ← EE(μi , ξ);

21
22
23
24
25

/*the ith server selection*/

U ← U − μk , US ← US ∪ μk , n ← n + 1, N ← N − 1;
o
PR ← Pr k , Pri
← Pr k , Eio ← E k , Esum ← Esum + E k ;

12

15

/*Normalization*/

if r i  rmin then
rmin ← r i , k ← i;

10

14

P r i
;
E i

P r i −min(P r )
,
max(P r )−min(P r )



/*Energy evaluation*/

E on ;

E ←
if E1 < E  then
Esum ← Esum − E  + E1 , E  ← E1 , Pron ← PR , USn ← μi ;
return R, Esum .

as: N ∈{10, 20, 30, 40}, λ ∈{{1, . . . , 20}, {21, . . . , 40}, {41, . . . , 60}, {61, . . . ,
80}}(per second), D ∈{0.2, 0.4, 0.6, 0.8, 1}(second), ξ ∈{0.55, 0.65, .75, 0.85,
0.95}. The maximum service rate of cloud servers is assumed to be μ ∈{10, 20,
30, 40}(per second). The service rates of heterogeneous servers are determined by
μi = iμ
N (i ∈ {1, · · · , N }). Therefore, there are 4×4×5×5×4 = 1, 600 parameter
combinations in total. Five instances are generated randomly for each arrival rate
λ, i.e., ﬁve instances are generated for each combination, that is, 1, 600×5=8,000
instances in total are tested for calibrating the parameters combinations.
Th experimental results are analyzed by using the multi-factor analysis of
variance (ANOVA) statistical technique [15]. Three main hypotheses (normality, homoscedasticity, and independence of the residuals) are checked from the
residuals of the experiments. All three hypotheses can be accepted by considering the well-known robustness of the ANOVA technique. The resulting p-values
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Fig. 3. Means plot of the ﬁve studied parameters with 95% conﬁdence level Tukey
HSD intervals.

are less than 0.05, meaning that all studied factors have a signiﬁcant impact on
the response variables at the 95% conﬁdence level within ANOVA.
The means plot of the ﬁve studied factors on the total energy consumption
E with 95% HSD (Tukey’s Honest Signiﬁcance Diﬀerences) intervals is shown in
Fig. 3 and we can observe that:
– λ has a great inﬂuence on energy consumption E. With an increase in the
upper bound of λ, E increases with statistically signiﬁcant diﬀerences. E
becomes minimum when λ takes values from {1, . . . , 20}. The reason lies in
that fewer arriving service requests can be processed by servers with small
service rates, which consumes few energy.
– ξ greatly inﬂuences energy consumption. E increases with the increase of ξ.
The diﬀerences are statistically signiﬁcant. E becomes the minimum when
ξ=0.55. The reason lies in that a higher ξ implies less rejection probability
which requires more servers.
– Similarly, μ has a great impact on E. E takes the minimum value when μ = 10
because a bigger μ implies more power consumption.
– D has a great inﬂuence on E. With an increase in D, the energy E increases.
A bigger D results in an increase in the response time of requests for servers.
– Though the statistical diﬀerences of N on E are insigniﬁcant, which implies
that the number of servers are satisﬁed with the stochastic requests, E
becomes maximum when N equals 30.
5.2

Algorithm Comparison

During server selection, the FS (Fastest Server) policy always selects the fastest
server while the Random policy selects servers randomly when the system availability is not satisﬁed. To minimize the energy consumption, the rejected requests
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Fig. 4. The mean plots of the interactions between each parameter and the four compared algorithms.

that current server cannot process will be executed by the next selected servers
while in the traditional queuing system (TQS) M/M/N/N + R [13], it implies
that service requests are processed immediately when there are idle servers. In
our experiments, we compare EM with these three methods.
Algorithm Comparison over Simulated Instances. Since there are no
benchmark instances for the considered problem, we ﬁrst compare the four algorithms across simulated instances. Based on the calibrated results in Sect. 5.1,
the system parameters N =10 and other parameters are the same as Sect. 5.1.
Five instances are randomly generated for each of the 400 combinations, i.e.,
2,000 instances are tested on each of the four algorithms. The results are shown
in Fig. 4.
From Fig. 4, we can see that when the arrival rate λ takes a value from
{61, . . . , 80}, EM obtains the smallest E while TQS obtains the largest. FS and
Random perform similarly. In other words, with an increase in service requests
arrival rate λ, EM becomes more eﬀective than the other three algorithms.
With an increase in ξ from 0.55 to 0.95, EM always results in the smallest
E whereas TQS becomes the largest. FS is always worse than Random with a
larger E. The higher values of ξ demonstrate the superiority of E. Random has
the largest E which is similar to FS. The energy on TQS is smaller than FS. EM
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Fig. 5. Algorithm comparison over real instances.

is much more robust than the other three algorithms, i.e., with an increase in μ,
the performance of EM ﬂuctuates less than the other three. Similarly, with an
increase of D, FS obtains the largest E, while EM gets the smallest E. Random
is a littler larger than T QS.
Table 1. Algorithm comparison
EM
E

TQS

FS

Random

9,398.28 21,220.6 24,705.0 24,659.6

CPU time 0.0043

0.0003

0.0023

0.0021

To further compare the algorithms, the average performance on eﬀectiveness
(the average energy consumption) and eﬃciency (CPU time) are shown in Table 1.
According to Table 1, we can observe that EM obtains the smallest E, 9,398.28,
followed by 21,220.6 of TQS. FS obtains the largest E 24,705 and for Random,
it is 24,659.6. Comparing to TQS, FS, and Random, EM can save up to 61.95%
energy consumption. Although EM has the longest CPU time of 0.0043 s, it is still
comparable to the other three algorithms and acceptable in practice.
Algorithm Comparison over Real Instances. To evaluate the performance in real systems, the real production Cluster-trace-v20182 published by
the Alibaba Group is analyzed, which contains eight-day sample data from one
of the production clusters. By analyzing the start time3 of requests [15], the
arriving time interval is obtained which implies that the arrival rates are Poisson distributed. According to start time and end time4 , the execution times of
2
3
4

https://www.aliyun.com.
http://clusterdata2018pubcn.oss-cn-beijing.aliyuncs.com/batch task.tar.gz.
http://clusterdata2018pubcn.oss-cn-beijing.aliyuncs.com/batch instance.tar.gz.
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all servers are calculated and the execution time of each server is exponential
with diﬀerent arrival rates and service rates. The arrival rate λ is analyzed by
diﬀerent types of service requests. The service rates μ[i] (i ∈ {1, . . . , N }) are
evaluated by diﬀerent types of servers. Similar to the simulated instances, D, ξ
are set to 0.2, 0.95 respectively because the information on these parameters is
not available in the real instances. The service rates are obtained with {14.5,
15.4, 16.9, 17.4, 18.5, 19.4, 20.4, 21.3, 22.8, 23.9} [15] and the number of servers
is already known, i.e., N = 10.
Figure 5 shows the performance of the four compared algorithms. It can be
observed that our proposed EM algorithm always obtains the smallest values as
λ increases. FS, Random and TQS ﬂuctuate as λ is less than 100. TQS is worse
than Random followed by FS when λ is bigger than 100.
From the experiments on both simulated and real instances, we can observe
the similar results in terms of algorithm performance. Our proposed EM algorithm always achieves the best performance on energy consumption.

6

Conclusion

Energy optimization of cloud computing services has been a key challenge due
to their unique characteristics such as dynamic and stochastic service requests
and heterogeneous cloud servers. In this paper, we present a novel approach to
minimize the energy consumption by selecting appropriate cloud servers with
the consideration of the service request deadline and system availability constraints. In particular, we develop a new cloud service system model based on
the queuing theory to deal with stochastic service requests. An energy minimization (EM) algorithm is proposed to select the most suitable servers to achieve
the energy eﬃciency while satisfying service request deadlines and system availability constraints. Our experimental studies show that the EM algorithm saves
up to 61.95% energy consumption than the other algorithms. Ongoing work will
focus on further improving our model by relaxing some constraints, e.g., the
Poisson distribution of service requests.
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