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Abstract—A growing number of global companies select Green
Cloud Data Centers (GCDCs) to manage their delay-constrained
applications. The fast growth of users’ tasks dramatically increas-
es the energy consumed by GCDC, e.g., Google. The random
nature of tasks brings a big challenge of scheduling tasks of
each application with limited infrastructure resources of GCDCs.
This work accurately computes a mathematical relation between
task service rates and the number of tasks refusal in GCDC.
Besides, it proposes a Temporal Task Scheduling (TTS) algorithm
investigating the temporal variation in geo-distributed cloud
data centers to schedule all tasks within their delay constraints.
Furthermore, a novel dynamic hybrid meta-heuristic algorithm is
developed for the formulated profit maximization problem, based
on genetic simulated annealing and particle swarm optimization.
The proposed algorithm can guarantee that differentiated service
qualities can be provided with higher overall performance and
lower energy cost. Trace-driven simulations demonstrate that
larger throughput and profit is achieved than several existing
scheduling algorithms.

Keywords-Green cloud data center, temporal task scheduling,
delay-constrained application, profit maximization, hybrid meta-
heuristic optimization

I. INTRODUCTION

Current cloud data centers manage many large-scale in-
frastructures including server farms and cooling facilities [1].
In recent years, an increasing number of users deploy their
delay-constrained applications, e.g., big data processing, video
analysis, and high-performance computing in data centers.
This significantly increases the amount of energy consumption
of large-scale data centers. Data centers consumed around
70 billion kilowatt-hours that was 2% of domestic energy in
U.S. in 2014 [2]. It is predicted that it will be doubled in
2020. Besides, more than 57% of electricity energy in U.S.
is generated by burning brown energy, e.g., petroleum and
coal, and it brings severe environmental damages. Current
Green Cloud Data Centers (GCDCs) are primarily powered
by three energy sources, i.e., power grid, solar energy and
wind energy, and these works aim to reduce the brown energy
consumption by adopting renewable energy devices [3]. The
aperiodic arrival of tasks makes it difficult to accurately predict
task arriving rate of each application. Thus, it is impossible
to execute all tasks of each application with limited resources
of the GCDC at peak time. For example, when Apple’s new
iPhones are released, more than two million pre-orders are sent

to its data centers in the first 24 hours, and the Apple Store
is unresponsive in some areas. In addition, the response time
of the GCDC may be relatively long and application crash
may happen at peak time. Thus, hybrid cloud is increasingly
deployed by the GCDC to handle peak tasks by outsourcing
some tasks to public clouds. Virtual Machines (VMs) are
dynamically created to support multiple applications in cloud
infrastructure environment and the operation cost of the GCDC
can be reduced. Currently, more than 82% of companies
choose hybrid cloud to deploy their applications [4]. In hybrid
cloud, the GCDC needs to pay the execution cost of VMs
due to the tasks scheduled to public clouds. Therefore, it is
challenging to schedule tasks of each application among the
GCDC and public clouds in a cost-effective way while strictly
guaranteeing their expected delay constraints.

Similar to [5], this work investigates task scheduling of
multiple applications whose delay constraints are relatively
long, e.g., high-performance simulation, and large-scale data
analysis. Within delay constraints of the applications, several
factors in the GCDC and public clouds show the temporal
variation. Specifically, revenue, price of power grid, solar
irradiance, and wind speed in the GCDC all vary with time.
Besides, price of VMs in public clouds also varies with time.
Thus, the temporal variation in the factors makes it challenging
to maximize profit of the GCDC while strictly meeting delay
constraint of each task. What’s more, many studies selectively
admit some tasks to avoid overload of the GCDC [6]. However,
they fail to explicitly present a mathematical relation between
the number of tasks refused and task service rates of the
GCDC. Different from them, this work explicitly presents the
mathematical formulation of this relation. In addition, most of
existing task scheduling algorithms are proposed according to
the queueing theory. However, they can only meet the average
delay constraints of all tasks. There exists a long tail effect in
delay of tasks in clouds, and it leads to that delay constraints
of some tasks are not met [7]. To address such issues, this
work proposes a Temporal Task Scheduling (TTS) algorithm
in Geo-Distributed Cloud Data Centers (GDCDCs) to meet
delay constraints of all tasks.

In this work, the profit maximization problem of GDCDC
is formulated and solved with a hybrid optimization algo-
rithm that combines Genetic Algorithm (GA) [8], Simulated
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Annealing (SA) [9] and Particle Swarm Optimization (PSO)
[10]. The combination of PSO and GA improves global search
capacity by establishing superior particles for PSO because of
PSO’s social learning and GA’s global effectiveness. It consists
of two layers, the first for generation of superior particles
and the second for updating particles. By adopting superior
particles produced by GA and Metropolis acceptance rule
of SA, a novel hybrid algorithm named Genetic Simulated-
annealing-based PSO (GSPSO) is proposed. The Metropolis
acceptance rule of SA enables the updates that deteriorate
the quality of solutions and aims to find global optima by
escaping from local optima. The genetic operations of GA are
used to produce superior particles from which PSO’s particles
learn. In addition, historical search information of particles in
PSO directs the evolution of superior particles. Therefore, for
increasing both efficiency and global search accuracy, superior
particles are highly qualified to guide others particles.

To summarize, our contributions in this work are threefold.

1) We accurately compute a mathematical relation between
the number of tasks refusal and task service rates of the
GCDC;

2) We propose a novel TTS algorithm to consider the
temporal variation within tasks’ delay constraints , and
smartly execute it to the GCDC and public clouds; and

3) We formulate a profit maximization problem of GDCDC
as a constrained nonlinear optimization one and propose
a novel hybrid algorithm to solve it.

The remaining of this work is described as follows. A
motivation and GDCDC system architecture are presented in
Section II. The profit maximization problem of GDCDC is
formulated in Section III. The proposed solution algorithms
are presented in Section I'V. The experimental results and their
analysis based on real-life data are shown in Section V. Section
VI concludes this paper.

II. MOTIVATION AND SYSTEM ARCHITECTURE

A data center provider usually owns GCDC and executes
some tasks to external public clouds when its local resources
are limited or the use of VMs in public clouds is more
economic and cheaper. The proposed GDCDC architecture is
presented in Fig. 1. Users’ tasks are sent to GDCDC through
multiple devices, e.g., computers, smart phones, laptops, and
servers. Then, Task Classifier classifies arriving tasks and
enqueues them into corresponding First-Come-First-Served
(FCFS) queues according to their application types. Then, task
arriving rates of all applications are further set. In Fig. 1, p?
and A7* denote task service rate and the cumulated task arriv-
ing rate of application n in interval 7, respectively. This work
focuses on Task Scheduler where TTS periodically executes
and schedules all tasks of each application to GDCDC within
their delay constraints.

GCDC mainly obtains electricity energy from three types
of sources: grid energy (h), solar energy (s), and wind energy
(w). The Task Scheduler periodically collects the information
of h, s, and w including the price of power grid, the idle (peak)
power of each server, the wind speed, the solar irradiance, and
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Fig. 1.

GDCDC system architecture.

on-site air density. Section III-D formulates the task scheduling
problem as a constrained Mixed Integer Non-Linear Program
(MINLP) [14]. Then, it is solved by GSPSO in each iteration
of TTS to obtain the scheduling strategy. Based on it, TTS is
proposed to achieve profit maximization for GDCDC while
strictly meeting delay constraints of all tasks of multiple
applications. Then, the task service rate for each application
in each interval is specified by Task Scheduler. Based on it,
Resource Allocator configures each server in GCDC. It is
assumed that servers for a same application are homogeneous
and servers for different applications are heterogeneous with
respect to in hardware setting [15]. Note that this work mainly
considers Task Scheduler and Resource Allocator.

III. PROBLEM FORMULATION

Based on the GDCDC system architecture, the profit maxi-
mization problem is formulated here. Similar to [13], GDCDC
is modeled as a discrete-time system that evolves with inter-
vals. An increasing number of high-performance servers are
deployed in GDCDC. Therefore, it is reasonable to assume
that each task can finish its execution in one single interval.

A. Delay Bound Constraint

Let B,, denote the delay constraint of tasks of application
n. This means that before 7 passes, application n’s tasks that
arrive in interval 7— B,, or before are all scheduled to GDCDC.
The task arriving rate of application n in interval 7 is denoted
by AT. Task service rates in 7 and 7+b (1<b<B,,) are denoted
by w7 and p,,, respectively. The task service rate denotes
the rate at which tasks of application n are removed from
their FCFS queue and executed to GDCDC in 7. The number
of tasks of application n cumulated in 7 intervals is denoted
by AT. The number of tasks of application n executed in 7
intervals is denoted by UZ. Besides, if application n’s tasks
are executed to public cloud c in 7, y°=1; otherwise, y2°=0.
The number of tasks of application n executed to public cloud
c in 7 is denoted by d7°. L denotes the length of an interval.
Then, we can obtain A” and U7

A=Y ATL

i=1

)]
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where in (2), A7 denotes the cumulated arriving rate of appli-
cation n’s tasks in 7. The remaining arriving rate of application
n’s tasks in 7 is denoted by A”". Thus, all application n’s tasks
that arrive in 7— B,, or earlier are executed in GDCDC before
T passes. Thus, A?"=0 (i<r7—DB,—1). We can obtain A7

T—1
> oA 3)

i=7—B,

A=AT+

S(AZ 1) in (2) means the loss possibility of application
n’s tasks in 7. Similar to [16], all servers for application n
are modeled as an M/M/1/C),/oo system. The largest number
of tasks that application n’s servers can execute is denoted by
C,,. Then,

Ana
1- u“ AT Cn n
AmaNOnFT \ ,u.,.>07
17( i ) T

1 pur=0.

6(A’L(L TL)_ (4)

In addition, all application n’s tasks arriving in 7 have to be
executed in slots 7 to 7+ B,,. It means that all application n’s
tasks in 7—DB,, or earlier must be executed before 7 passes.
Then,

rp, 1A L<OT +
c
— S(AT®, )L+ Y aedre. ®)

c=1

Ama(1

Let /~\”“ denote the cumulated arriving rate of application
n’s tasks in u (7+1<u<7+B,). Let fil! denote the task
service rate of application n in u (7+1<u<7+B,,). There
are several existing prediction algorithms, e.g., stacked auto-
encoder [17], and deep neural networks [18], to well predict
A7¢. Here we assume that A7,* is known in advance. Thus,
application n’s tasks in 7+b— B,, or earlier have to be executed
before 7+b passes. Then,

7—B,+b
Fopaat Y ATLS®T AL (AR 7))Lt
u=17—DB,
T+b ¢
ancdnc+ Z (Ana(l Za7 ﬁLL Z ~ncd20> )
u=71+1 c=1
(6)
In addition, at the start of 7, A7 is obtained as:
T
A=A p, 1+t Z (AGL). 0

u=17—DB,

At the beginning of 7, the number of tasks of application
n scheduled in 7 is A?%(1 — §(AZ2%, u”))L. Besides, at the
beginning of 7, the expected number of tasks of application

n scheduled in 74b (1<b<B,,) is (K:;au — 5(Ane, ﬁg))L).

Thus, in 7, the expected number of application n’s tasks
executed before 74 B,, passes is calculated as:

\Il"qLB _\I/T 1+Ana( 6 Ana 7 L+ancdnc

T+B, ~ N
> <AZ“(1 — (Ane ) L+Z~"Cd36> :
u=7+1

®)

Thus, the conservation of application n’s tasks requires that
AT should equal 7, 5 . ie., AT=®7", 5 . Then,

gt Y AIL=®T AT(1 - B(AN W) Lt
u=1—DB,

T7+B, C
Z xncdnc+ Z (Ana Ana7 ﬁu Z Nncdnc>
u=71+1 c=1
)

Therefore, constraints (5), (6), and (9) ensure that delay
constraints of all tasks are strictly met.

B. Power Consumption Model

Next, we introduce a power consumption model adopted in
GDCDC. Similar to [15], we assume that servers for applica-
tion n are homogeneous in physical configuration. Therefore,
the energy consumed by each server for the same application is
identical. The number of application n’s tasks executed by its
switched-on server per minute is denoted by o,,. In addition,
m? denotes the number of such servers in 7. The service rate
of servers for application n in 7 is denoted by w7, which is
obtained application n.

wr=op,m2. (10)

The total number of application n’s servers is denoted
by Q. Let T=maz,cq12,.... vy Bn. ml,, denotes the total
number of switched-on servers for application n in 7+b and
it cannot exceed 2,,,

m2+b§Qn;O§b§-l' (11

The total energy consumption of GDCDC is calculated by
summing up the energy consumed by servers and facilities
including lighting and cooling. Power Usage Effectiveness
(PUE) [19] is a critical metric to measure energy efficiency of
a data center and it is the ratio of the total energy consumption
of GDCDC to the total energy consumed by servers. PUE of
GCDC, denoted by 7, is 1.2-2.0 for many data centers [20].
Let P" and P" denote the average idle and peak power of
each server for application n, respectively. Besides, its CPU
utilization is denoted by 7. Therefore, based on [20], the total
power consumed by GCDC in T is obtained as:

—z(

)P"+(15"715")u:‘)). (12)
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The number of tasks that application n’s switched-on server
executes in 7 is calculated as:

L(lié(Anaa MT))Ana

n
mT

13)

where §(A”, ") denotes the task loss possibility.
The busy time of each switched-on server for application n
g LA=S(AZ"u))AZ" . n : .
minutes. u” is obtained as:

oM

(1-3(Az, ) A7

opmi

n__
r=

(14)

Uu.

Let E, denote the total energy consumption of GCDC in
7. Based on (10), (12), and (14), it is obtained as:

N
Gnply +ha A7 (1 — 0(A2Y, u?))
E, = L 15
; < - (15)
where
gn & P"+(y—1)P" (16)
h, & Pr—pn. (17)

The available amount of energy in GCDC is denoted by w.
Therefore, the total energy consumed in 7 or 7+b (1<b<™)
satisfies:

(gnﬁ:+b+hn/\:ib(1*5(1\:ib By i) L)<w 1<b<—[ (19)

On

5

n=1

(18)

On

gw%hu\?“(ké(/\?%u?))L) <w

M=

n=1

C. Green Energy Model

This work incorporates two types of green energy sources
including wind and solar. The use of green energy can decrease
the power grid energy consumption of GDCDC and further
alleviate its harmful effect to environment. Similar to [11], the
length of an interval is small enough and therefore we assume
that the wind and solar energy stay the same within each
interval and only vary from interval to interval. The amount
of energy produced by solar panels in 7 is denoted by EZ.
The rate at which solar radiation is converted into electricity
is denoted by . Besides, SI, denotes the solar irradiance
in 7. Let x denote the active irradiation area of solar panels.
Based on [21], we have:

El=ky(SI;)L (20)

Let £ denote the amount of wind energy generated by
wind turbines in 7. The conversion rate of wind to electricity is
denoted by 7). The on-site air density is denoted by p. Besides,
¢ and v, denote the rotor area of wind turbines and the wind
speed. According to [22], we have:

B

1
=Pl (ve)’L 1)
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D. Constrained Optimization Problem

Typically, SLA is signed between GDCDC and cloud users,
and it guarantees the performance for each application’s tasks.
The revenue corresponding to the execution of application n’s
tasks in 7 and 7+b are denoted by 07 and 5T b Tespectively.
Let 07 denote the payment of each task of application n
executed in 7. Then, we have:

C
o= ((1—6<A¢“,u¢>)A:“+Z <x26d26>) o @)
c=1

Let f1 denote the total revenue of GDCDC brought by tasks
of all applications executed in slots 7 to 7+b. Then,

(6"+ Z GTH,)

(23)

=S

n=1

Besides, prices of power grid in 7 and 7+b are denoted
by pr and p,4p, respectively. Let fo denote the total cost
of GDCDC. f; includes two parts that are the grid energy
cost of GCDC and the execution cost of VMs in public
clouds. Thus, the amount of grid energy of GDCDC in 7
is max(E,—FE$—FEY,0). In addition, the amount of grid

energy of GDCDC in 7+b is max(ET+b ETH) ETwM,O).

Besides, if application n’s tasks are executed in public cloud
c in 7+b, yr¢,=1; otherwise, 3¢, =0. The number of ap-
plication n’s_tasks executed in public cloud ¢ in 7 + b is
denoted by d?¢,. The prices of VMs for application n in
public cloud ¢ in 7 and 7 + b are denoted by 7} and
pr$y, respectively. The average execution time of tasks of
application n executed in public cloud ¢ in 7 and 7 + b is

denoted by 7' and 77, respectively. Hence, the execution
N C
cost of VMs in public clouds in 7 is > > (alpler?dnc).

n=1c=1
Similar]y, the execution cost of VMs in public clouds in 7+b

is Zl bz (Z(yﬁibmib?z +b£[¢ib)). Then, we have:

N C
)= <p.,. max(E,—E;—EY 0))+ Z Z (x?ﬂoﬁ%?dﬁﬂ)
n=1c=1

1
+> (pTer ( ( Erv—E7 = EXy, 0)))
b=1
N B, C
+ Z <Z yT+pr+bTT+de+b)>
n=1b=1 =1

(24)

Then, the GDCDC'’s profit maximization problem, marked
as Py, is obtained as:

Max f1—fo
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C C
> w1, 3 yrg, <1, 1<b<B, (25

c=1 c=1
zne, gre, e{0,1}, 1<b<B, (26)
HES0,Fi, >0, d2e>0,dr,>0,1<b<B,  (27)
", =0,d" =0, ", =0, B, <b<"1 28)

The P; should be subjected to the above constraints, where
the ranges of delay constraints are given in (5), (6) and (9),
constraint (11) denotes the total number of switched-on servers
for application n in 7+4b, constraints (18) and (19) ensure the
total energy consumed in 7 or 7+b, and the ranges of decision
variables are given in constraints (25), (26), (27) and (28). It is
also assumed that time-related parameters, e.g., 2 and p,, can
be well obtained in advance with existing prediction methods
at the beginning of 7. The method to solve P; is presented in
Section IV and its final solution determines an optimal task
schedule among GCDC and public clouds that maximizes the
profit of GDCDC such that delay constraints of all tasks are
strictly met.

IV. SOLUTION ALGORITHM
A. Temporal Task Scheduling (TTS)

In P;, the objective function is nonlinear with respect to
decision variables. Decision variables 7*“ and yr<, are integer
variables while p7', ﬁﬁ+b, dr¢, and dfib (1<bh<T, 1<n<N,
1<¢<C) are continuous. Hence, P is a constrained MINLP.
This work adopts a penalty function method [14] to convert P;
into an unconstrained problem P5. The vector of all decision
variables is denoted by % and it consists of p”, 7 p YrSs

gre,, dre, drs, (1<b<T, 1<n<N, 1<c<C). Thus,
Min {f=ce—(fi~f2)} . 29)
h

where f denotes the augmented objective function, ¢ is a large
positive constant, and ¢ is the penalty of all constraints.

Algorithm 1 TTS
1: Set AM(T—B,<r<T-1), Aﬂ[_Bn_l and ®5_; to 0
Set A% and A?" (T<7<Nj) to A?
T
while 7<3 do
Update A”® based on (3).
Solve Py with GSPSO
Execute (A7%(1 — §(AT, ul))L) tasks in GCDC, and
schedule y“d”¢ tasks to public cloud c

pa

Update A?* and A} (71—B,<i<T)
c

BN OF i Y amedre (A2O(1— 5(AR?, p))L)
c=1

10: A p <A p +AT 5 L

11: 7+ 717+4+1

12: end while

AN R i

9:

The pseudo code of TTS is shown and explained in Al-
gorithm 1. Line 1 initializes A? (7—-B,<r<7-1), ®5_;
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and A% _p , with 0. Line 2 initializes A7" and AZ¢
(<7<Np) with A”. Let 3 denote the total number of
intervals. A7 is updated based on (3) in Line 5. Line 6 solves
P> with GSPSO to determine p”, y»¢ and d”°. Line 7 exe-
cutes (A?*(1 — §(A?*, u™))L) tasks in GCDC, and schedules
yred?¢ tasks to public cloud c. Then, Lines 9-10 update ®7
and A7 p .

B. Genetic Simulated-annealing-based Particle Swarm Opti-
mization (GSPSO)

Note that Py is an unconstrained MINLP. Its pseudos are
described in Algorithm 2. The lower and upper bounds of
inertia weight w are w and w, respectively. The temperature
cooling rate is denoted by £. t° denotes the initial temperature.
The range of each particle’s velocity is limited to [—v, v]. The
number of iterations is denoted by I. p denotes the predefined
percentage threshold. o denotes the percentage of particles
with identical fitness values in the swarm.

Algorithm 2 GSPSO
1: Initialize positions and velocities of PSO’s particles

2: Calculate fitness values of particles

3: Update g and [;

4: 140

5: while 9<g and i<I do

6:  Conduct GA’s crossover, mutation, and selection on g
and /;

7:  Update velocities and positions of particles based on
SA’s Metropolis acceptance rule

8:  Update g and [;

9:  Decrease temperature by ¢

10:  Decrease w linearly from w to w

11:  Update o

122 i+ 1+1

13: end while

14: Return g

In Algorithm 2, positions and velocities of particles in PSO
are randomly initialized in Line 1. ¢ and [; are updated in
Line 3. The while loop ends if ¢<p and I is achieved. Line 6
conducts the crossover, mutation, and selection of GA on g and
l; to generate superior particles. Line 7 updates positions and
velocities of particles based on SA’s Metropolis acceptance
rule. Line 8 updates g and [;. Line 9 decreases the temperature
by ¢. Line 10 linearly decreases w from w to w. Line 11
updates o. At last, g is returned and transformed into decision
variables including 47, ﬁf+b, yre, gfj’_b, dre, dr$, (1<b<T,
1<n<N, 1<e<0).

V. PERFORMANCE EVALUATION

This section evaluates TTS with real-life data, e.g., VM
prices, price of power grid, arriving tasks, and green energy
data. TTS is implemented with MATLAB 2017 and it is
executed on a server with an Intel Xeon CPU at 2.4 GHz
and a 32-GB DDR4 memory.
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TABLE 1
RANGES OF VM PRICES ($/HOUR)

Public clouds Small Large Xlarge
1 [0.07,0.08]  [0.06,0.07]  [0.18,0.20]
2 [0.14,0.16]  [0.12,0.14]  [0.10,0.12]
3 [0.22,0.24]  [0.20,0.22]  [0.05,0.06]

A. Parameter Setting

We choose realistic Google task data of three applications
!in 24 hours on May 10, 2011. We set delay constraints to 3,
4, and 5 intervals, i.e., B1=3, Bo=4, and B3=>5. Besides, we
choose real-life price of power grid in 24 hours on the same
day in New York, U.S.2. According to [20], the parameters
in the power consumption model are set as: P'=200(W),
P2=100(W), P3=50(W), P'=400(W), P2=200(W),
P3=100(W), w=5(MWH), ¢;=0.05 tasks/minute, 0=0.1
tasks/minute, 03=0.2 tasks/minute, and y=1.2. Based on [3],
01=3x10°, Q,=1.5x106, Q3=3x10%, C;=12, C,=25, and
C5=50.

We assume that a single task finishes its execution in
GDCDC in each interval. Thus, we randomly produce tasks’
execution time for each application based on the uniform
distribution in the range of (0, L). Based on [12], we randomly
produce the prices ($/hour) of tasks executed in GDCDC based
on the uniform distribution in the ranges of [0.24, 0.48],
[0.16, 0.32], and [0.08, 0.16], respectively. In this way, 67
is obtained. Besides, we adopt the data of wind speed® and
solar irradiance* in 24 hours on the same day. According
to [11], k=1.5%10°(m?), =0.2, n=0.3, p=1.225(kg/m?),
and (=2.5%10°(m?). The power ratings of wind and solar
energy are set to 9x10% (W) and 1.65%10% (W), respectively.
Based on [5], GSPSO’s parameters in Algorithm 2 are set
as: w=0.95, w=0.4, 9=95%, £=100, =200, c¢1=c2=0.5,
£=0.975, t9=10%°, ¢=10%0 and a=3=2.

Based on the pricing model in Amazon EC23, we adopt
three types of VM instances (Small, Large, and Xlarge) in
public clouds. This work chooses two most typical types of re-
sources including CPU and memory to describe VMs because
these are the most important configurations for selecting a VM
instance in public clouds. Table I presents the price ranges of
three VM instances in public clouds.

B. Experimental Results

To demonstrate the performance of GSPSO, GSPSO is
compared to PSO and SA. We first give the reasons of
choosing them for comparison. It is proven that SA can
finally find global optima in theory by carefully setting the
temperature cooling rate due to the fact that it can condition-
ally escape from local optima. Thus, the comparison between
them demonstrates the accuracy of GSPSO’s final solution.

Uhttps://github.com/google/cluster-data
Zhttp://www.nyiso.com/public/index jsp
3http://www.nrel.gov/midc/nwtc_m?2/
“http://www.nrel.gov/midc/srrl_bms/
Shttps://aws.amazon.com/cn/ec2/
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In addition, it is shown that PSO’s convergence speed is
quick. The comparison between them demonstrates GSPSO’s
convergence speed.

.
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Fig. 2. Comparison of execution time.

The execution time comparison of GSPSO, PSO, and SA is
shown in Fig. 2. The average execution time of SA is 19.13s
and it is larger than that of PSO, 0.70s, and that of GSPSO,
5.91s. PSOs execution time the least because of its quick
trap into locally optimal solutions. The profit comparison of
GSPSO, PSO, and SA in each iteration of the 50th interval
is presented in Fig. 3. Here the iteration of GSPSO is shown
in Lines 6-12 in Algorithm 2. The meaning of iterations in
SA and PSO are similar to that of GSPSO. The evolutionary
curve of penalty calculated is shown in Fig. 4.
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Fig. 3. Profit of each iteration in the 50th interval.

It is shown that PSO converges and loses its search ability
after the least number of iterations. However, it is shown in
Fig. 4 that the penalty of the final solution of PSO is large
(about 4x10%). This shows that PSO’s final solution cannot
meet all constraints in P;. Therefore, the final solution of
PSO is the worst. Besides, SA converges to its final solution
after about 165 iterations. The profit of its final solution
is 11.11 times more than that of PSO but less than that
of GSPSO. GSPSO converges to its final solution after 41
iterations and its profit is 5941.06$. Therefore, GSPSO’s profit
is increased by 414.42% in much fewer iterations and much
less time than SA. In addition, it is shown in Fig. 4 that
the penalty of the final solution of GSPSO is nearly 0. This
result demonstrates that GSPSO converges to a high-quality
solution satisfying all constraints in P;. Therefore, Figs. 2—4
show that the incorporation of superior particles produced by
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SA’s Metropolis acceptance rule and GA’s genetic operations
in PSO increases the quality of GSPSO’s final solution and
leads to larger profit for GDCDC.
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Fig. 4. Penalty of each iteration.

Fig. 5 illustrates the cumulative arriving and remaining tasks
of three applications. For example, Fig. 5(b) presents them for
application 2 where A2¢=A2 + A2 4 A%" ,+AZ" 1A,
It is observed that A2" , is least among A2 ,, AZ" ., A%,
and A2 . The reason is that TTS puts all arriving tasks of
each application into its seperate FCFS queues, and prefers to
schedule earlier-arrived tasks. TTS aims to guarantee that by
interval T, all tasks of application 2 in interval 7—4 or before
must have been scheduled to GCDC and public clouds before
interval 7 passes. Tasks that arrive in intervals 7—3, 7—2 and
7—1 can only be executed when A2 ,=0. Similarly, tasks that
arrive in intervals 7—2 and 7—1 can only be executed when
A2" ,=0 and A%" ;=0. Tasks that arrive in interval 7—1 are
executed when all tasks that arrive before have been executed,
ie., A2" ,=0, A?" ;=0 and A2" ,=0. Therefore, it is observed
that A2" | is larger than A2" ,, A2" ; and A%" , in each interval.

The Cumulative Scheduled Tasks (CSTs) and Cumulative
Arriving Tasks (CATs) for each application are shown in Fig.
6. It is shown that tasks of all applications are scheduled to
GCDC and public clouds within their delay constraints. For
example, the number of CATs of application 2 in interval
143 equals that of CSTs in interval 140. This means that
tasks of application 2 arriving in interval 140 or before are
all scheduled to GCDC and public clouds before interval
143 passes. Therefore, it demonstrates that TTS strictly meets
delay constraints of tasks of all applications.

Fig. 7 shows CSTs of each application in GCDC and
public clouds. It is shown that the number of tasks executed

Slot number

(b) Type 2

144

3

I
R

>

~

Number of tasks (#/minute)
=

=3

150
Slot number

(¢) Type 3

100 200

Cumulative and remaining tasks

in GCDC is much larger than that of any public cloud.
The reason is that GCDC aims to schedule all in the cost-
effective way. Therefore, TTS tries to execute tasks in GCDC,
thus maximizing its profit. In addition, the number of tasks
executed in different public clouds shows the difference of
prices of VMs. For example, it is shown in Fig. 7(b) that
the number of application 1 tasks executed in public cloud 1
is much larger than those of public clouds 2 and 3 in each
interval. The reason is that the prices of VMs in public cloud
1 is smaller than those of public clouds 2 and 3. As another
example, the number of application 3 tasks executed in public
cloud 3 is much larger than those of public clouds 1 and 2 in
each interval. The reason is that the prices of VMs in public
cloud 3 is smaller than those of public clouds 1 and 2 in each
interval. Thus, the numbers of tasks of each type executed in
three public clouds is the reflection of the variation in prices
of their VMs. It also demonstrates that GDCDC’s profit can
be maximized by smartly scheduling tasks among GCDC and
public clouds.

VI. CONCLUSION AND FUTURE WORK

An increasing number of companies deploy their delay-
constrained applications in Green Cloud Data Centers (GCD-
Cs). The unprecedented growth of tasks significantly increases
the energy consumption and therefore a hybrid cloud scheme
is growingly chosen to tackle aperiodicity and uncertainty in
tasks. The temporal variation in price of power grid, revenue,
solar irradiance, wind speed, and price of public clouds brings
a big challenge to cost-effectively execute all tasks among
the GCDC and public clouds while strictly satisfying all
tasks’ delay constraints. This work presents a Temporal Task
Scheduling (TTS) algorithm that investigates the temporal
variation. It can smartly schedule all tasks to the GCDC and
public clouds within delay constraints. Beside, the mathe-
matical relation between task refusal and service rates are
explicitly presented. Then, the profit maximization problem is
solved with a novel hybrid optimization algorithm. Extensive
simulation experiments demonstrate that TTS outperforms
several existing scheduling algorithms in terms of throughput
and profit. In the future, we plan to evaluate the indeterminacy
in green energy and to predict the arrivals of tasks with deep
neural network algorithms.
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