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Abstract

Load balancing is one of the hotspots in cloud computing research. Typically, the
objective of workload balance in cloud environment is to assign tasks to proper virtual
machines and physical servers with consideration of computing capability and
communication cost. In this work, we propose to leverage PSO based algorithm to
dynamically balance the workload of physical cloud servers. The problem is formulated
as an optimization of the best solution of task assignment with the objectives of
minimizing the average workload of all servers in cloud clusters, the deviation of the
workload, and the migration cost between servers. Moreover, in order to avoid the low
diversity of particles searching and low convergence speed, we employ a multi-swarm
PSO method and introduce communication between swarms by random restructuring.
Our extensive experiments show that our modified PSO method is efficient in balancing
the workload of cloud servers.
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1. Introduction
Cloud computing [1-2] was first proposed by Google, which refers to a large scale
business driven computing diagram, providing infrastructure, computing and storage
capabilities by dynamically virtualizing the resource pool through Internet. In cloud
computing environment, user needs are ensured through resource provision services based
on service level agreement (SLA). One of the significant issues during this process is to
dynamically balance the load of cloud servers to improve the resource utilization [3].
Indeed, there exist many algorithms for load balancing. The most traditional method is
to utilize the shortest path first algorithm such as Dijkstra to explore the shortest path for
forwarding network package [4]. However, if the network traffic suddenly increases a lot,
some network links would be idle and lots of data would be lost, which leads to network
congestion. Then, some researchers proposed a Multi-Protocol Label Switch (MPLS)
technique for load balancing [5]. However, the algorithm is too idealized and the model is
too complicated to apply in real world applications. Generally, the load balancing of the
whole network is related to bandwidth, the utilization of the network links, network delay,
and the ratio of package loss, etc. It is a typical NP complete problem, and is difficult to
solve using traditional mathematical models [6].
Recent years, inspired by the biological mechanisms, some researchers proposed some
heuristic swarm intelligent algorithms such as Genetic Algorithm (GA) [7], Artificial
Fish-swarm Algorithm (AFSA) [8], Particle Swarm Optimization (PSO) [9] and Ant
Colony Optimization (ACO) [10] to solve the load balancing problem. The characteristics
of above algorithms such as fast search and convergence prove the feasibility of being
applied to NP complete problems [11-13]. For example, they have already been deployed
in applications such as robot path planning [14] and urban traffic management [15].
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In this paper, we propose to leverage PSO based algorithm to dynamically balance the
workload of cloud cluster servers. The most significant difference in cloud clusters is that
there are multiple virtual machines on a single physical cloud server. Therefore, in this
paper, we first mathematically formulate the workload of physical servers. Then, the
problem of load balancing in cloud clusters is defined as finding the best solution of task
assignment with the objectives of minimizing the average workload of all servers in cloud
clusters, the deviation of the workload, and the migration cost between servers. Moreover,
in order to avoid the low diversity of particles searching and low convergence speed, we
employ a multi-swarm PSO method [16] and introduce communication between swarms
by random restructuring. Finally, we conduct extensive experiments for evaluation.
The remainder of this paper is organized as follows. Section 2 reviews related work,
and Section 3 formulates the problem statement. The proposed algorithm is discussed in
Section 4. In section 5, we conduct extensive empirical experiments. Finally, the paper is
concluded in Section 6.

2. Related Work
There exist some efforts on workload balancing in cloud computing. For example,
Bhadani et. al., [17] proposed the workload balancing strategy based on virtual machines.
Liu et. al., [18] built a three-layered structure to implement storage virtualization, and
then achieve the balancing through a load balancing virtual storage strategy (LBVS).
Based on the analysis of common workload balancing algorithms on clusters, Bo et. al.,
[19] proposed CBL to solve the workload balancing between cloud servers. However, the
proposed algorithm is too complicated. Zhao et. al., [20] proposed a workload balancing
method based on real-time migration. Wang et. al., [21] proposed a two-stage scheduling
algorithm by combing OLB and LBMM. However, this method is more suitable for static
scenarios, but not for dynamic cloud computing environment. Feng et. al., [22] designed a
trust-driven model for resource load balancing, and employed a heuristic method to solve.
Vesna et. al., [23] applied swarm intelligence algorithm to deal with the load balancing
problem of call center. Inspired by the max-min features of workload balancing [24],
Zhang et. al., [25] proposed an algorithm based on complicated network theory to
approximately achieve the balance of the whole system.

3. Problem Statement
Traditionally, the objective of load balancing is to find the optimal available links to
reasonably share the network flow, in order to avoid network congestion as well as
improve resource utilization and the Quality of Service (QoS). Specially, in cloud
computing environment, there are typically multiple virtual machines (VM) in physical
network nodes (i.e., cloud servers). Suppose the physical cloud servers are
P  { P1 , P2 ,..., PN } , where Pi ( i  1, 2 ,..., N ) is the i -th physical server. Let the VMs on
Pi

be V i  {V i 1 , V i 2 ,..., V im } , where V ij ( i  1, 2 ,..., N , j  1, 2 ,..., m i ) is the j -th VM,
i

and m i is the number of VMs on Pi .
Typically, the workload of cloud server is the combination of VMs on it. In this paper,
we consider four major factors for load balancing: CPU utilization U cpu , memory
utilization U mem , disk utilization U dis and network utilization U net . Let the workload for
V ij

during time span T is L ( i , j , T ) , and therefore the workload can be represented as:
L ( i , j , T )  w 1U

where
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w1  w 2  w 3  w 4  1 .

The average workload for VM V ij during a monitored time period is calculated as:
L (i, j , T ) 

1
T

n



L ( i , j , k )( t k  t k  1 ) ,

(2)

k 1

where the workload monitoring period T is divided into n small segments, i.e.,
T  [( t 1  t 0 ), ( t 2  t 1 ),..., ( t k  t k  1 ),..., ( t n  t n  1 )] , and the workload in each segment
remains stable. Therefore, the workload for physical cloud server Pi during T is:
mi

L (i, T ) 



L (i, j , T )

j 1

Suppose the VM to be allocated is V

.

(3)

and its workload is estimated as

L (V )

. If V

is assigned to server P j , the workload of each server Pi (1  i  N ) is:
 L ( j , T )  L (V ),
L ( i , T )'  
L ( i , T ),


i  j;

,

(4)

else .

where L ( i , T )' is the workload after the assignment.

Denote the solution of assigning VMs to P j as S j . The workload change of S

j

during T is represented as:
 (S j ,T ) 

1
N

N



( L ( T )'  L ( i , T )' )

2

i 1

(5)
,

where L (T )' is the average workload of all servers:
L ( T )' 

1
N

N



(6)

L ( i , T )'

i 1

.

Suppose there are k 0 VMs allocated in the cloud clusters initially, and k 1 VMs to be
assigned. Let the complete solution of workload is S  { S 1 n , S 2 n ,..., S in ,..., S kn } , where
1

S in

i

2

i

k

denotes the mapping of i -th VM to server Pn , n i  1, 2 ,..., N , and k  k 0  k 1 .
i

Define the cost of solution S as the migration cost of virtual machines to achieve load
balancing. Suppose the number of VMs to be migrated is M ' and the total number of
VMs is M . Therefore, the cost is calculated as the ratio as follows:
 (S ) 

M '
M

(7)
.

In this study, the problem of load balancing in cloud clusters is to find the best solution
S with the objectives of minimizing the average workload of all servers in cloud
clusters, the deviation of the workload, and the migration cost between servers. Formally,
it is described as a multi-objection optimization problem with the objective of:
*

min
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where  1   2   3  1 .

4. Proposed Model
4.1. PSO Basics
PSO algorithm origins from the simulation of pattern and behavior of bird flock, where
each bird is abstracted as a particle. There are two attributes of each particle: location and
speed. Suppose there are N p particles in a D -dimensional space, and for particle i ,
the location is x i  ( x i 1 , x i 2 ,..., x iD ) , and the speed is v i  ( v i 1 , v i 2 ,..., v iD ) . Particles
update their location and speed during the flying. Let the best location of particle i be
p i  ( p i 1 , p i 2 ,..., p iD ) , and the overall best location of all particles be
p g  ( p g 1 , p g 2 ,..., p gD ) . The update
v id ( t  1 )  wv

id

of speed and location is as follows:

( t )  c 1  1 ( p id ( t )  x id ( t ))  c 2  2 ( p gd ( t )  x gd ( t ))

x id ( t  1)  x id ( t )  v id ( t  1)

,

,

(9)
(10)

where i  1, 2 ,..., N p , d  1, 2 ,..., D , c 1 , c 2 are learning factors,  1 ,  2 are random
numbers between 0 and 1, and w is an inertia weight (typically 0.1~0.9). As
proved in [26], w is linearly reduced and contributes to convergence. v id (t ) is
the speed of particle i at iteration t , and x id (t ) is the location of particle i at
iteration t .
Equation (9) is the update rule of particle speed, where the first component is the
current speed of particle, the second component is the influence of self-recognition, i.e.,
the distance between the current and the best location of each particle, and the third one is
the influence of the whole population, i.e., the distance between the current location of the
particle and the overall best location of all particles. Equation (10) is the update rule of
particle location, which indicates the location at iteration t  1 is the location at
iteration t plus the flying distance during one iteration. Figure 1 gives the pseudo
code of PSO.

Figure 1. Algorithm Description of PSO
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4.2. Modified PSO
However, there exist some limitations of the basic PSO algorithm. For example, when
a particle discovers a best location, it moves fast toward that location, which leads to local
optimal point. In this case, due to the low diversity of particles searching, it is hard to find
the global best point, and the convergence speed and efficiency of the algorithm are
dramatically reduced. To avoid this situation, we propose to employ a multi-swarm PSO
method and introduce communication between swarms by random restructuring.
Typically, since there exist a set of equivalent compromise solutions, it is hard to select
a global optimal solution at each iteration. In this paper, we introduce the Pareto optimum
[27]. Unlike single objective optimization problem, the selection of global optimal
solution relies on an external storage. Find the best non-dominated solution from the
external storage as the global optimum. Then, after the restructuring of the swarms, sort
by one random objective, and equally divide the the non-dominated solutions based on the
number of swarms. For each swarm, we randomly select a solution within the domain
average as the current local optimum of the swarm. The flow chart of modified PSO is
shown as in Figure 2.

Figure 2. Flow Chart of Modified PSO

5. Experiment
In our study, we use Cloud Sim [28] to simulate the cloud computing environment. We
have 8 computers to build the cloud cluster, where 1 is name node and the remaining 7 are
data nodes. The configuration of each PC is: Intel Core 2 2.0 GHz, 2G RAM, and 250G
hard disk. The settings of PSO are as follows: the number of particles N p  200 ,
maximum number of iterations is 1000, c 1  c 2  50 .
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Figure 3. Makespan Comparison of Three Methods

Figure 4. Average Makespan of A Single Task
We compare our method with GA and basic PSO in solving load balancing problem.
First of all, the make span comparison of task execution for load balancing using GA,
PSO and proposed modified PSO showed in Figure 3. Makespan of task execution
represents the task completion of allocated nodes, and the less makespan it takes, the
more appropriate the assignment is. From the figure, we have the following observations.
(1) As the number of tasks increases, the total makespan increases generally. (2) The
makespan of our proposed method remains stable with different numbers of tasks, while
the performance of the other two is dramatically reduced for large number of tasks. (3)
Our proposed method outperforms others, which means the node assignment solution is
more efficient to find the best resource nodes to complete certain tasks with less execution
time. Figure 4 shows the average makespan of a single task.
Second, we compare the degree of workload balance of all physical servers for three
methods. Figures 5, 6 and 7 show the workloads of all 8 physical servers for GA, PSO,
and proposed method respectively. From these figures, we have above observations. First,
as the running of tasks, the workload keeps growing for all servers. Second, for the GA
based method in Figure 5, the workloads of 8 physical servers are widely scattered, which
means the whole system is not very balanced. Third, for PSO based method in Figure 6,
the distribution of the 8 lines representing workloads of physical servers is relatively
compact compared to Figure 5, which means the degree of workload balance has been
improved. Last, for our proposed the method in Figure 7, which has the most compact
distribution curves, we can easily see that our method has the best performance in terms
of workload balance.
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Figure 5. Workload of 8 Physical Servers for Ga Based Method

Figure 6. Workload of 8 Physical Servers for Pso Based Method
Third, we compare the average waiting time for three methods in Figure 8. Waiting
time refers to the time period between task requesting and actual execution. In PSO based
method, waiting time is the time cost of a particle searching for a best node. We can see
that as the increasing of the numbers of tasks, the average waiting time grows. However,
for our proposed method, the waiting time does not change significantly.

Figure 7. Workload of 8 Physical Servers for Proposed Method
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Figure 8. Average Waiting Time for Three Method

6. Conclusion
Focused on the workload balancing problem in cloud clusters, we proposed a modified
PSO algorithm based on virtual machines in this paper. Specifically, we aim to minimize
the average workload of all servers in cloud clusters and the deviation of the workload.
Besides, we also consider the migration cost between servers. Our experiments show that
our method outperforms GA and basic PSO method. In future, we would like to consider
more characteristic in cloud environment for load balancing, such as elasticity and
on-demand cloud services.
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