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The  demand  for  computational  resources  increases  year  over  year.  In
recent  years,  resource  management  has  become  among  the  main
research  problems  in  the  cloud  computing  area.  In  this  paper,  we  pro-
pose two solutions based on game theory and metaheuristic algorithms:
particle  swarm  optimization  and  artificial  bee  colony  optimization  to
approximate the optimal or near-optimal solution for load balancing in
the  data  center  broker,  based  on  the  expected  response  time  of  users.
We consider the  problem as a non-cooperative  game among users. The
simulation  results  show  the  comparison  between  the  proposed  algo-
rithms  and  demonstrate  the  near-optimality  in  terms  of  expected
response time. 
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Introduction1.

The  use  of  the  internet  keeps  increasing  for  serving  consumers  and
organization  needs  in  many  areas,  like  communication,  business  and
entertainment. As a consequence,  high-speed processing requirements
grow  day  after  day.  Cloud  computing  technology  is  a  new  model  for
the  provisioning  of  computing  resources.  This  paradigm  shifts  the
location of resources to the network for reducing the costs associated
with  the  management  of  hardware  and  software  resources  [1].  By
employing  the  concept  “pay-as-you-go,”  it  offers  many  services  and
technologies  over  the  internet,  such  as  scalability,  elasticity,  mobility,
availability, security and reliability [2].

Load  balancing  in  clouds  is  a  technique  that  distributes  the  excess
dynamic  local  workload  evenly  across  the  various  resource  nodes,  by
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receiving  the  incoming  tasks  from  different  locations  and  then  dis-
tributing them to the data center. It improves the overall performance
of  the  system  by  achieving  the  optimal  resource  utilization  ratio  [3],
the  minimum  response  time  and  the  maximum  throughput.  It  also
ensures  that  every  computing  resource  is  distributed  efficiently  and
fairly  [4].  It  further  prevents  the  load  imbalance  of  the  system.  Load
balancing also helps in the continuation of the service by a fair distri-
bution  of  tasks  whenever  there  is  any  service  failure  of  one  or  more
components.  An  efficient  load  balancing  algorithm  is  realized  if  all
tasks are distributed evenly between available resources. Furthermore,
the  algorithm  must  be  simple,  smart  and  scalable,  if  any  failure  hap-
pens  during  the  runtime.  Load  balancing  algorithms  are  categorized
as  nondeterministic  polynomial  hard  (NP-hard)  problems  [5];  they
can  be  classified  as  centralized  or  decentralized  algorithms,  static  or
dynamic  algorithms.  In  a  centralized  approach,  one  node  in  the  sys-
tem  collects  all  information  necessary  to  decide  the  strategy  for  load
balancing.  On  the  other  side,  the  decentralized  algorithms,  all  nodes
participate  cooperatively  or  independently  [6]  to  decide  the  load  bal-
ancing  strategy.  In  the  static  schemes,  the  algorithm  does  not  use  the
system  information  to  solve  the  problem.  On  the  contrary,  the
dynamic  schemes  change  according  to  the  system  status,  which  gives
more  flexibility  to  the  algorithm,  although  it  has  additional  costs  for
the system [7]. 

Game  theory  is  the  mathematical  theory  of  studying  the  strategic
interactions  between  the  rational  decision  makers  [8]  of  independent
and  competing  actors  in  a  strategic  setting.  Many  solution  concepts
are  available  to  formulate  the  rational  choice.  These  concepts  influ-
ence  the  outcomes  of  the  game  if  the  players  employ  the  correspond-
ing  notion.  In  such  settings,  each  player’s  decision  can  influence  the
outcomes  of  other  players,  or  each  player  must  consider  how  each
other player will act to make an optimal choice [9]. The famous con-
cept solution example is the Nash equilibrium. A Nash equilibrium is
a  selection  of  choices  for  players  such  that  no  player  would  prefer  to
unilaterally deviate from this selection. 

The load balancing problem has always been a subject under study.
In  the  literature,  many  studies  about  load  balancing  were  proposed,
and numerous approaches have been designed, such as heuristic, deter-
ministic and game theory in many types of the environments, like grid
computing  [10,  11],  distributed  computing  [6,  7],  cluster  computing
[12, 13] and cloud computing [14, 15]. 

A  flow  chart  is  presented  in  [16]  for  load  balancing  in  the  cloud
environment, based on the honey bee foraging strategy, for improving
the  processing  throughput  and  reducing  the  amount  of  waiting  time
for  the  task  on  the  queue  as  well  as  the  response  time  of  the  virtual
machines (VMs). The method of Pareto dominance’s weighted sum is
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used in [17] for selecting the optimal VM and running the preemptive
task based on the honey bee algorithm. This method improves the sys-
tem to make it more fault tolerant. Particle swarm optimization (PSO)
was adopted in [18] by introducing a simple mutation mechanism and
a self-adapting inertia weight method, for creating a new task schedul-
ing  model  in  cloud  computing  to  avoid  the  load  imbalance  problem.
It  does  so  by  improving  the  ant  colony  optimization  and  proposing
multi-objective PSO (MOPSO) and MOPSO with importance strategy
(IS)  (MOPSO  IS)  algorithms  for  cloud  task  scheduling  [19],  to
minimize the total task time and average task time. A novel approach
for  dynamic  load  balancing  is  proposed  in  [14].  As  a  result,  the  sys-
tem performs better than the random algorithm and LBVS algorithm.
The utilization of resources in the grid is improved in [10] by an adap-
tive and dynamic load balancing algorithm. This operation is made by
associating  the  pheromone  with  resources,  rather  than  the  path  and
the  operation  of  increase  or  decrease  of  pheromone.  The  latter  repre-
sents  load  and  depends  on  task  status  of  resources.  The  firefly  algo-
rithm  (FA)  improved  by  [20]  considered  the  fireflies  as  nodes  and
their  attractiveness  value  is  determined  by  the  FA.  This  approach
takes advantage of the constant change of population diversity to the
regional optimal solution. As a consequence, the algorithm is suitable
and efficient enough compared to the FA. 

By  including  game  theory  concepts  in  the  load  balancing  problem,
the problem can be modeled as a global, non-cooperative or coopera-
tive game [21]. In the global approach, the objective of the game is to
optimize  the  response  time  of  the  entire  system  over  all  players  by
finding the social optimum [22–24]. In the non-cooperative approach,
each  player  optimizes  their  own  response  time  independently  of  the
others  and  they  all  eventually  reach  an  equilibrium  [25–27].  Finally,
in  the  cooperative  approach,  all  players  cooperate  to  make  decisions
by  playing  the  optimum  of  each  one.  This  gives  a  Pareto-optimal
response time of the game and guarantees the fairness of the resources
allocated to all players [27, 28]. 

In  this  paper,  we  consider  the  load  balancing  problem  as  a  non-
cooperative  game.  To  approximate  the  optimal  or  near-optimal  solu-
tion of the game, we based our approach on metaheuristic algorithms
and the concept of Nash equilibrium. 

This paper is organized as follows: Section 2 presents the load bal-
ancing scheme for cloud computing. Then, there is a discussion of the
methodology  for  solving  the  load  balancing  problem  using  the  non-
cooperative  game  concept  with  the  PSO  from  one  side,  and  with  the
artificial  bee  colony  optimization  from  the  other  side.  Section  3  is
devoted to comparing the results provided by these approaches to the
non-cooperative  scheme.  Finally,  the  last  section  contains  a  summary
and proposes future work. 
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Related Works 2.

In this paper the load balancing problem is based on a model cited in
[29],  which  consists  of  n  users  and  m  VMs.  The  data  center  is
assumed  to  offer  processing  services  and  each  VM  contains  one  pro-
cessor. The users send tasks independently to the data center with the
average job rate avgi. After the jobs arrive, the data center broker gets

charged  with  dispatching  them  to  VMs,  taking  into  account  mini-
mizing the expected response time of the tasks; each VM has the aver-
age  processing  rate  ρi.  By  integrating  game  theory  into  this  problem,

we supposed each user i as a player of the game with the strategy pro-
file  of  job  SI;  they  send  to  the  data  center,  where  the  vector

Si  Si1, Si2, …, Sim, and Sij  is the fraction of player i’s job allocated

on VMj.

The load balancing strategy profile  of the whole data center is pre-
sented by the matrix S, where: 

S 

 S11  ⋯  S1m 

 ⋮  ⋱  ⋮ 

 Sn1  ⋯  Snm 

. (1)

Figure  1  shows  the  proposed  load  balancing  problem  in  the  cloud
computing system, where θi  is the average job generation rate of user

i. Each VM is modeled as an M/M/1 queueing system [23, 30]. 

Figure 1. The proposed load balancing problem in cloud computing. 

For  generating  a  valid  strategy  profile  for  players,  the  following
constraints must be considered�[31–35]: 

Sij ≥ 0 (2)
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j1

m

Sij  1 (3)


i1

n

Sijθi < ρj (4)


i1

n

θi < 
i1

m

ρj. (5)

According to [32] we introduce:

The average job rate of user i: 

avgi  Si * θi. (6)

The expected response time of computer j:

ertjS 
1

ρj -∑i1
u Sijθi

. (7)

The overall expected response time of player i: 

ortiS  
j1

c Sij

ρj -∑k1
u Skjθk

. (8)

To  solve  this  problem,  we  proposed  two  algorithms  for  estimating
the  optimal/near-optimal  strategy  profile  of  the  game,  based  on  game
theory and metaheuristics algorithms.The first  algorithm, called parti-
cle swarm optimization for load balancing (PSOLB), based on particle
swarm  optimization,  is  cited  in  [36].  The  second,  called  artificial  bee
colony for load balancing (ABCLB), based on the artificial  bee colony
algorithm,  is  cited  in  [37].  The  results  of  the  algorithms  presented  in
the simulation section are compared with the non-cooperative model.
In  the  following  sections,  we  give  a  full  description  of  the  proposed
algorithms.

Particle Swarm Optimization for Load-Balancing Algorithm2.1
Introduction to Particle Swarm Optimization Algorithm2.1.1

The  PSO  algorithm  is  a  metaheuristic  algorithm,  based  on  the  intelli-
gent  behavior  of  social  organisms  in  groups,  such  as  ants,  birds  and
fish,  proposed  by  [38].  It  consists  of  a  number  of  particles  called  a
swarm. Each particle i is defined  by a position vector xi and a velocity

vector vi. At each iteration t of the algorithm, the particles are moving

in  the  search  space,  based  on  their  best  personal  positions  and  the
best global position, according to the formulas:
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vit + 1  ωvi(t) + c1r1pbesti(t) - xi(t) + c2r2gbesti(t) - xi(t) (9)

xit + 1  xi(t) + vi(t) · t. (10)

pbesti(t) is the best personal position at the iteration t, and gbesti(t)

is the global best position at the iteration t. The parameters ω, c1, c2,

r1  and  r2  are,  respectively,  the  inertia  weight,  two  positive  constants

and two random parameters in the range 0, 1. The algorithm is iter-

ated until the number of iterations is specified  or an error criterion is
reached. Figure 2 shows the movement of the particle i in the solution
space  during  iterations  t  and  t + 1,  and  Figure  3  presents  the
flowchart of the basic PSO algorithm [36]. 

Figure 2. The movement of the particles.

Improved Particle Swarm Optimization to Solve the
Proposed Problem

2.1.2

PSOLB is a PSO algorithm modified  to solve the proposed game. The
position  of  each  particle  on  the  swarm  represents  a  strategy  profile,
then  the  algorithm  is  generated  to  find  the  best  strategy  profile  for
each player, by minimizing the player’s expected response time, based
on  the  Nash  equilibrium  concept.  The  output  of  the  algorithm  is  the
near-optimal strategy profile of the whole game.

We describe the PSOLB parameters as follows: 

The velocity of particle p is the vector 

vp(t)  [v1(t), (t), … , vm(t)]

where


k1

m

vk(t)  0.
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Figure 3. The flowchart of the basic PSO algorithm.

At iteration t + 1 we calculate as follows:

vpt + 1 

ωvp(t) + c1 · r1 · Spper
(t) - Sp(t) + c2 · r2 * Sglob(t) - Sp(t).

(11)

Where:

◼ ω is a real coefficient representing the inertia weight. 

◼ c1 is the personal learning coefficient. 

◼ c2 is the global learning coefficient. 

◼ Sp(t) is the strategy profile of particle p at iteration t. 

◼ Spper (t) is the best personal strategy profile of particle p at iteration t. 

◼ Sglob(t) is the best global strategy profile at iteration t. 

◼ r1 and r2 are two random numbers in the range 0, 1. 

The strategy profile  of the particle p at iteration t + 1 is calculated

as follows: 

Spt + 1  vpt + 1 + Sp(t). (12)

Each player i on the game presents their objective function as follows,
where the other players play their best strategy profiles:
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minimize: ortiS

subject to 0 ≤ Sik ≤ 1, k  1, 2, … , m


k1

m

Sik  1


i1

n

θi < 
j1

m

ρj


i1

m

Sijθi < ρj .

For each player i, an NS number of particles are generated randomly,
based on the function “randfixedsum” proposed by [39].

The personal best strategy for particle p: 

Spper
t + 1 

Spper
(t), if ortpSPper(t) ≤ ortpSPpt + 1

Spt + 1, if ortpSPper(t) > ortpSPpt + 1.
(13)

Where:

SPper(t) 
 Spper

(t), if k  i 

 Skj(t), otherwise. 
(14)

The best global strategy profile: 

Sglobt + 1 
Sglob(t), if ortpSPglob(t) ≤ ortpSpper

t + 1

Spt + 1, if ortpSPglob(t) > ortpSpper
t + 1.

(15)

Where:

SPglob(t) 
 Sglob(t), if k  i 

 Skj(t), otherwise. 
(16)

The Pseudocode of the Improved Particle Swarm Optimization 

Algorithm
2.1.3

Algorithm 1. Proposed load balancing algorithm based on particle swarm opti-
mization and game theory. 

Input:
n, the number of players in the game
m, the number of VMs
ρ, the processing rate of VMs
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θ, a user’s job arrival rate
NP, the number of particles in the swarm
tmax, the maximum number of iterations

ω, the inertia weight parameters
C1, the cognitive acceleration parameters
C2, the social acceleration parameters
S, the initial strategy profile of the game 
Output: The optimized strategy profile of the game.
For each player i in the game:

Generate the initial swarm, according to the initial performances, 
while other players’ strategies are fixed.
Add Si to the swarm.

Update the personal best strategy profile and the best global strategy
profile.
While t ≤ tmax do

For each particle in the swarm:
Randomly generate r1 and r2.
Update the velocity of the particle. 
Update the strategy profile of the particle. 
Calculate the cost function. 
Update the personal best strategy profile.

end for
Update the strategy profile of the swarm.
t  t + 1
end while
Update the strategy profile of the game.

end for 

Artificial Bee Colony for Load Balancing2.2
The Artificial Bee Colony Algorithm2.2.1

The artificial  bee colony (ABC) is a metaheuristic algorithm, based on
the intelligent behavior of honey bees, proposed by [37]. It consists of
three  essential  bee  groups:  the  employed  bees,  the  onlooker  bees  and
the  scout  bees.  In  the  real  bee  colony,  the  employed  bees  search  for
rich  food  sources  and  share  it  with  the  onlooker  bees  waiting  in  the
hive  by  performing  a  specific  dance.  Then  the  onlooker  bees  choose
the  food  sources  for  exploiting.  If  the  food  shows  a  lack  of  nectar  in
relevant  food  sources,  the  food  sources  will  be  replaced  by  new  food
sources  that  are  searched  for  by  the  scouts.  In  the  ABC  algorithm,  a
feasible  solution  to  the  optimization  problem  represents  a  food
source,  and  the  fitness  value  corresponds  to  the  nectar  of  the  food
source. Figure 4 shows the flowchart of ABC [40].

Improved Artificial Bee Colony to Solve the Proposed Problem2.2.2

To  solve  the  proposed  problem,  we  have  improved  the  ABC  algo-
rithm  proposed  by  [37]  and  we  called  it  ABCLB,  for  finding  the  best
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Figure 4. The flowchart of ABC.

strategy  profile  of  the  game,  by  minimizing  the  expected  response
time, based on the Nash equilibrium concept. The output of the algo-
rithm  is  the  near-optimal  strategy  profile.  The  strategy  profile  of  the
game  represents  the  food  sources,  and  the  nectar  represents  the  cost
function.  After  running  the  algorithm  for  each  player  i  in  the  game,
an  NB  number  of  employed  bees  is  generated.  The  food  sources  are
initialized  randomly  according  to  constraints  equations  (2)  through
(5), then the nectar values are calculated according to equation (8). 

We describe the ABCLB parameters as follows: 

The strategy profile of the employer bee b at iteration t + 1: 

Sebbt + 1  Sb(t) + Sb(t) - Sk(t), k ∈ 1, b - 1 ⋃ b + 1, NB (17)

Based on the nectar values, we update the strategy profile  of the bee b
as follows:

Sbt + 1 
 Sebbt + 1, if ortiSebbt + 1 ≤ ortiSb(t) 

 Sb(t), otherwise. 
(18)

The mean cost of the colony for player i:

meani 
∑b1
NB ortiSb(t)

NB
. (19)

The fitness values of the bee b for player i:

Fb 
e-orti(Sb(t))

meani
. (20)
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The fitness values for player i are:

Fi  
b1

NB

Fb. (21)

Then selection probabilities of the bee b for player i are:

Pi 
Fb

Fi
. (22)

Then selection probabilities for player i are:

Pi  
b1

NB

Pb. (23)

The best strategy profile for player i is:

Sibest
t + 1 

 Sibest
(t), if ortiSibest

(t) ≤ ortiSb(t) 

 Sb(t), otherwise. 
(24)

The Pseudocode of the Improved Artificial Bee Colony Algorithm2.2.3

Algorithm 2. Proposed load balancing algorithm based on artificial  bee colony
optimization and game theory. 

Input:
n, the number of players in the game
m, the number of VMs
ρ, the processing rate of VMs
θ, a user’s job arrival rate
NB, the colony size
NO, number of onlooker bees
NS, number of scout bees
L, the abandonment limit parameter
tmax, the maximum number of iterations

S, the initial strategy profile of the game 
Output: The optimized strategy profile of the game.
For each player i in the game

Initialize the best solution by a positive infinity number for the best cost.
Generate the initial colony, according to the initial performances, 
while other players’ strategies are fixed.
Add Si to the colony.

Update the best strategy profile of the colony. 
Initialize the abandonment counter vector C by null numbers.
While t ≤ tmax do

for each employer bee b in the colony
Choose k randomly, not equal to b.
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Update and evaluate Sebb(t).

Update the strategy profile of the bee b.
end for
Calculate the mean value.
Calculate the fitness values.
Calculate the selection probabilities.
for each onlooker bee o in the colony

Select source site. 
Choose k randomly, not equal to o. 
Update and evaluate Sebo(t).

If it is possible, update the strategy profile of the bee I.

else Cb  Cb + 1

end if
end for
for each scout bee s in the colony

if C(s) ≥ L
Generate new strategy profile randomly.
Update and evaluate Sebs(t).

C(s)  0
end if

end for
Update the best strategy profile of the colony ever found.
t  t + 1
end while 
Update the strategy profile of the game.

end for 

Simulation and Results3.

This  section  gives  the  difference  between  proposed  algorithms
and�demonstrates  their  efficiency  by  using  a  simulation  study.  First,
we �introduce  the  experimental  parameters  used  in  the  simulation.
Then, the experimental results are obtained. Finally, there is the evalu-
ation  of  the  proposed  models  with  the  non-cooperative  model  pro-
posed by�[7].

The  simulation  study  was  performed  using  MATLAB  on  a  laptop
with a Core i5 2.27 GHz processor and 4 GB RAM. We assumed the
proposed system shown in Figure 1, with 3 VMs, each one containing
a  processor  and  managed  by  the  data  center  broker  with  10  users.
Each  user  sends  their  jobs  to  the  cloud-processing  center,  then  the
data  center  broker  allocates  the  jobs  to  VMs  immediately  and  sends
them.  Each  VM  receives  jobs  with  a  queueing  system  modeled  as  an
M/M/1  (Poisson  arrivals  and  exponentially  distributed  processing
times)  [22,  30],  processes  them  and  sends  the  results  back  to  users.
Table  1  shows  the  configuration  information  of  the  data  center  and
Table 2 shows the average job generation rate of users. 
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VM 1 2 3

processing rate (jobs/sec) 41 47 77

Table 1. Configuration of the simulation system. 

User 1-6-7 2 4-9 8-10

the average job generation rate 7 5 9 6

Table 2. The average job generation rate of users. 

After running all algorithms at the same time, with the same initial-
ization  parameters  as  follows,  we  get  the  results  shown  in  Figures  5
through 7. 

The initialization parameters for PSOLB: 

tmax  200, NS  50, ω  0.9, c1  c2  2.1.

The initialization parameters for ABCLB: 

tmax  200, NB  NO  NS  50, L  90.

Figure 5 presents the values of the expected response time of users
for PSOLB and ABCLB algorithms. These values are almost the same:
high  over  0.0327  and  low  over  0.0336  for  PSOLB,  and  0.0335  for
ABCLB. The sum of expected response times of users for PSOLB and
ABCLB  is  equal  to  0.3334  and  0.3328,  respectively,  shown  in  Fig-
ure�7.  That  means  both  algorithms  process  jobs  fairly,  but  ABCLB
performs better than PSOLB with the value of 0.18%. 

Figure 5. The  expected  response  time  of  users  for  PSOLB  and  ABCLB
algorithms.

Furthermore,  Figure  6  compares  the  previous  values  with  the  val-
ues  given  by  the  non-cooperative  model.  These  values  are  high  over
0.0331  and  low  over  0.0515,  and  the  sum  of  the  expected  response
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times  of  users  is  equal  to  0.4674,  shown  in  Figure  7.  That  means  the
proposed  algorithm  performs  better  than  the  non-cooperative,  with
28.65%  and  28.78%  for  PSOLB  and  ABCLB,  respectively.  As  a
result,  the  algorithms  estimated  the  near-optimal  strategy  of  the  load
balancing game.

Figure 6. Comparative scheme for users’ expected response times.

Figure 7. The sum of response times.

Conclusion4.

In this paper, we defined  the concept of load balancing in cloud com-
puting  and  discussed  the  different  approaches  to  solving  it.  We  pro-
posed  two  algorithms  to  approximate  the  optimal  solution  for  the
response  time  of  users  by  applying  the  concept  of  Nash  equilibrium.
These are based on the metaheuristic approach and game theory, and
are  called,  respectively,  particle  swarm  optimization  for  load  balanc-
ing  (PSOLB)  and  artificial  bee  colony  for  load  balancing  (ABCLB).
The  load  balancing  was  modeled  as  a  non-cooperative  game  among
users.  The  simulation  results  showed  the  comparison  between  the
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proposed  algorithms  and  demonstrated  the  near-optimality  in  terms
of  expected  response  time  for  all  users  with  fair  values.  Future  work
will aim to predict tasks in a dynamic load balancing system.
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