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Abstract 

With the development of cloud computing technology, people not only want to pursue 

the shortest time to complete the tasks by using cloud computing, but also hope to take 

into the running costs of machines. Existing task scheduling algorithm in the cloud 

computing environment has been unable to meet people's needs. As an extension and 

generalization of the model checking theory, probability model checking is also used in 

many fields, such as random distributed algorithm and other areas. The task scheduling 

algorithm based on the particle swarm optimization algorithm combined with probability 

model is proposed in this paper. The algorithm defines the fitness functions of the time 

cost and the running cost. The fitness functions can improve the efficiency of the cloud 

computing platform. At the same time, the probability model can be used to analyze the 

running states of machines and the computing capability of the nodes in the cloud cluster. 

The probability, which is calculated by the probability model, provides the basis for 

changing particle swarm algorithm’s the inertia factor and the learning factor, so as to 

solve the drawback that the inertia factor and the learning factor solely depend on the 

fixed value. 

 

Keywords: Particle Swarm Optimization Algorithm, Probability Model, Inertia Factor, 

Learning Factor, Auto-correcting 

 

1. Introduction 
 

1.1. The Present and Problems of Task Scheduling 

Cloud computing is a new product of the traditional computing and the grid computing. 

Cloud computing has the inherent advantages that other computing models do not have. 

In the environment of cloud computing, users can follow their own needs to use the 

services and infrastructure from the cloud provider. For some large tasks, the user can 

submit a task request and the cloud computing task scheduling center can dynamically 

allocate resources according to the user's request. With the development of cloud 

computing, people not only want to pursue the fastest completion time of tasks in cloud 

computing environment, but also want to take into account the running cost of machines. 

The goal of task scheduling in cloud computing environment is to schedule tasks to the 

required resources, and try to make the task execution time as short as possible, 

meanwhile making full use of resources. However, the literature [1] shows that the task 

scheduling problem is a NP problem. So how to find the optimal solution to the 

scheduling problem has become more and more important. 

Through reviewing the literatures, many scholars propose many methods, such as using 

heuristic algorithms and comparing task scheduling algorithms with other disciplines. 
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Literature [2] is based on the greedy strategy; it proposes the minimum execution time 

algorithm and the Min-Min algorithm to solve the load imbalance of the cloud system. 

The genetic algorithm is improved by Literature [3]. In this paper, a scheduling 

problem based on grid technology is proposed. This algorithm can improve the 

availability of the algorithm by using the fitness functions of genetic algorithm. 

In literature [4], task scheduling is based on the sense of perception. This algorithm is 

not only concerned with the inter dependence of scheduling tasks, but also respects the 

resources that they are using, such as memory and bandwidth and so on.  

Literature [5], which is according to the resources of the heterogeneous cloud with 

different abilities and functions, proposes three task scheduling algorithms that are named 

by MCC, MEMAX and CMMN. This paper aims to the minimize completion time and 

the maximize resources in cloud computing environment. 

In summary, the task scheduling algorithm is more and more important to the cloud 

computing platform. A good task scheduling algorithm not only can meet the needs of 

users, but also can reduce the energy consumption of cloud computing platform. There are 

many mature algorithms which are suitable for the cloud computing platform, but 

different algorithms maybe require different environments. Task scheduling algorithm, 

which is proposed in this paper is mainly, has been applied on the cloud rendering 

platform. The cloud rendering platform is kind of application in cloud computing 

environment. 

 

1.2. The Present and Problems of Particle Swarm Optimization Algorithm 

Particle swarm optimization algorithm (PSO algorithm) is proposed by Dr. Eberhart 

and Dr. Kennedy in 1995. The basic idea of PSO algorithm is originated from the process 

that the birds look for foods [7]. The particle swarm optimization algorithm is a kind of 

optimization algorithm, which is based on bionics, to achieve the purpose of seeking the 

optimal solution by cooperating and sharing information between the individual. 

Compared with other optimization algorithms, particle swarm optimization algorithm has 

the advantages of easy to implement and fast convergence. But the particle swarm 

optimization algorithm also has the defects of weak exploitation capacity, and it is easy to 

fall into the local optimal solution. 

After reviewing of the literatures, there are many scholars have proposed a lot of 

optimization strategies for the particle swarm optimization algorithm: 

In literature [8], an adjustment that the inertia factor decreases by linear is presented. 

The method is more efficient than the method that the inertia factor only uses the fixed 

value, but it has limitations in dealing with the complicated problems. 

A fuzzy rule algorithm with the inertia factor is proposed in literature [9]. This 

algorithm can solve more complex problems, but need to build the fuzzy rules. The 

realization process of this algorithm is complex with huge amount of calculation, so the 

algorithm’s operational efficiency is very low. 

Literature [10] proposes a random inertia factor algorithm, which is more suitable for 

solving dynamic system, relatives to the literature [8-9]. 

In summary, the particle swarm optimization algorithm has been studied by many 

scholars, and a series of improvement measures have been put forward. Improved particle 

swarm optimization algorithm in this paper not only considers the changing trend of the 

inertia factor and the learning factor, but also uses probability model for statistical 

analysis, which contains the running condition and the computing capability. This can 

provide the personalized inertial factor and learning factor for different computing nodes. 
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2. The Basic Idea of PSO Algorithm 

Particle swarm optimization algorithm is derived from the complex adaptive system 

(CAS). CAS theory was formally proposed in 1994, and the members of CAS are called 

the individual. For example, when we study the bird system, each bird in this system is 

called the individual. The individual has adaptability, it can communicate with the 

environment and other individuals, and it can change their thinking and behavior 

according to the “learning” and “accumulate experience” in the process of 

communication. The evolution of the whole system including: produce a new level (the 

birds are born); appear differentiation and diversity (birds are divided into many small 

group); the appearance of new themes (birds find new foods in the process of looking for 

foods). So the individual of the CAS system has four basic characteristics which are the 

basis for the development of particle swarm optimization algorithm: 

○1  The individual is active, independent and positive; 

○2  The individual, the environment and other individuals interact with each other. 

This effect is the primary impetus to promote the whole system to develop and 

change; 

○3  The entire system needs to be combined with the influence of environment and 

the influence of the individual; 

○4 the entire system may be affected by some random events. 

The particle swarm optimization algorithm is based on the CAS system. Imagine a 

scenario: a group of birds randomly search food in a space, but there is only one piece 

food in this space. All the birds do not know where the food is, but they know how far 

from the current position to the food. So what is the best strategy to find the food? The 

most simple and effective method is that find the lucky bird, which is nearest to the food, 

and search its surrounding area. 

The particle swarm optimization algorithm, which is inspired by the biological 

behavior, is used to solve the optimization problem. In the particle swarm algorithm, each 

potential solution of optimization problems can be imagined as a point in d-dimensional 

space. This point is known as particles. All particles have a value which is determined by 

the fitness functions, and each particle has the velocity which decides the direction and 

distance, then other particles will follow the lucky particle to continue searching for the 

optimal solution. 

Suppose that there are 𝑁 particles in the 𝑀 dimensional space, so the dimension of 

each particle is also 𝑀 dimension. The position of each particle can be expressed as the 

equation: 

 
1 2 1
, , , ,

M Mi i i i ix x x x x


                                               (1) 

The velocity of each particle can be expressed as the equation: 

 
1 2 1
, , , ,

M Mi i i i iv v vv v


                                                (2) 

Firstly, each particle should consider two special points: 

○1 The historical optimal value (𝑃𝑖), which is searched by the particle itself, can be 

expressed as the equation: 

 
1 2 1
, , , , , 1,2,3,...,

M Mi i i i ip p p p p i M


                                 (3) 

○2 The global optimal value ( 𝐺𝑏𝑒𝑠𝑡 ), which is searched by all particles, can be 

expressed as the equation (there is only one global optimal value): 

 1 2 1, , , ,best M MG G G G G                                           (4) 
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Then, updating equations of particles’ the positions and the velocities in the particle 

swarm optimization algorithm are given below: 

( 1)

1 2* * *( ) * *( )k k k k k

i i i i best iv v c p x c G x                           (5) 

( 1) ( 1)*k k k

i i ix x v                                                   (6) 

According to equation (5) and (6), the symbol 𝜔 represents the inertia factor, which 

means the coefficient of keeping the original velocity. The symbol 𝑐1  represents the 

weight coefficient, which means the probability of tracking particle’s own historical 

optimal value, and the symbol 𝑐2 represents the weight coefficient of following the global 

optimal value, so both 𝑐1 and 𝑐2 are called the learning factors. The value range of the 

symbol 𝜉 and 𝜂 is from 0 to 1. When the particle’s position is updating, the symbol 𝜎, 

which is known as the constraint factor, can limit the velocity. The symbol 𝜎, 𝜉 and 𝜂 

often takes a fixed value of 1. 

 

2.1. Inertial Factor 

The inertia factor, which indicates the inheritance of the particle’s own original 

velocity, is an important parameter in the particle swarm optimization algorithm. At 

present, many scholars focus on improving the particle swarm algorithm by changing the 

inertia factor. From many literatures, the main way is that the inertia factor decreases with 

the number of iterations. At the same time, some scholars propose that the inertia factor 

can be dynamically adjusted according to the change of the particle’s velocity. For 

example, the parameters of particle swarm optimization are defined by literature [11], and 

the problem of exploring the optimal solution is transformed into another problem that 

how to optimize parameters, such as the inertial factor and the learning factor. 

Through literature [7] can be seen: if the inertia factor gets bigger, it is helpful to jump 

out of the particle’s own historical optimal value. In this case, it will be easy to search the 

global scope. The smaller inertia factor is helpful to accurate search the area where the 

particle is searching now, and it is convenient for the algorithm to converge and find the 

extreme point. Therefore, in the process of the particle swarm optimization algorithm, 

some methods are needed to adjust the inertia factor, so that the algorithm can achieve a 

balance between the global search and the accurate search. 

In the literature [8], the most common method is using to adjust the inertia factor by the 

strategy of the linear decrease. And the literature [8] gives the equation: 

   * /max min max max minT t T                                      (7) 

The literature [14] is suggested that the changing trend of the inertia factor can use the 

convex function or the concave function, and it also gives the equation: 

     
2

* / *2* /max min max max min max maxt T t T                           (8) 

   
2

* /max min max maxt T                                         (9) 

Through the comparative analysis, it is found that the performance of the linear 

decrease strategy is better than the convex function, and the performance of the concave 

function is better than the linear decreasing strategy. 

In this paper, the probability model is proposed based on the probability model, and the 

equation of the inertia factor is proposed as: 

     / 2 *cos * /max min G maxt P t T                                    (10) 

According to equation (10), the symbol 𝜔𝑚𝑎𝑥 and 𝜔𝑚𝑖𝑛 represent the maximum value 

and the minimum value of the inertia factor. The symbol 𝑡 represents the current number 
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of iterations and the symbol  𝑇𝑚𝑎𝑥  represents the maximum number of iterations. The 

symbol 𝑃𝐺 , which means the probability that the particle is close to the global optimal 

value, is calculated by the probability model. If the symbol 𝑃𝐺  is larger, the possibility of 

approaching the globally optimal value would be greater. This paper puts forward that the 

change of the inertia factor is the combination of concave function and convex function. 

The changing trend of the inertia factor will gradually decrease. When the iteration goes 

to a certain extent, the changing trend of the inertia factor should be slow reduction at first, 

but the inertia factor should be rapid reduction at the later stage of the particle swarm 

optimization algorithm. 

 

2.2. Learning Factor 

The learning factor is an important parameter in the particle swarm optimization 

algorithm, and it represents the cognitive behavior of itself and the whole particles’ group. 

The learning factor 𝑐1 and 𝑐2 show that how to affect the global optimal value by the 

individual’s experience and the group’s experience, and the learning factor reflects the 

behavior of the information exchange between the particles. This is assuming that the 

value of 𝑐1 can be vary large, the particle will search too much in the local space, where 

the particle is searching now. Otherwise, if the larger 𝑐2 value is set at the beginning, the 

particle swarm algorithm will converge to the local optimal value quickly. So, particle 

swarm optimization algorithm should set a larger value of 𝑐1 and a smaller value of 𝑐2 in 

the early. In this way, the particles are dispersed into the space, while the majority of the 

particles emphasize the "individual’s independent consciousness" and fewer particles are 

affected by the "social consciousness". This can increase the diversity of particles within 

the group. With the increase of the number of iterations, the 𝑐1 will decrease and the 𝑐2 

will increase. Then it helps strengthen the convergence ability of the algorithm to the 

global optimal value. 

In order to easily use the learning factor, many scholars always take the experience 

value. And it is convenient to calculate in different application environment. Many 

scholars have proposed many methods of changing the learning factors. For example, 

literature [12] proposes the theory of changing the learning factor by the number of 

iterations, and gives the equation as follows: 

   1 * /max max min maxc t c c c t T                                      (11) 

   2 * /max max min maxc t c c c t T                                      (12) 

In the literature [13], it is proposed that the learning factors can be changed according 

to the running time of the algorithm, and gives the equation:
 

 1 1 1 1* /f f ic c c iter MAXITR c                                    (13) 

 2 2 2 2* /f f ic c c iter MAXITR c                                    (14) 

A new way of changing the learning factor is proposed. The new way uses the 

probability model to calculate the probability, and this paper gives the equation: 

   1 1 *cos * /init S maxc t c P t T                                      (15) 

   22 *cos * /Ginit maxc t c P t T                                      (16) 

According to equation (15) and (16), the symbol 𝑐1𝑖𝑛𝑖𝑡 represents the initial value of 

the individual's cognition of itself, and the symbol 𝑐2𝑖𝑛𝑖𝑡 represents the initial value of the 

cognition of the group. The symbol  𝑡 represents the current number of iterations and the 

symbol  𝑇𝑚𝑎𝑥  represents the maximum number of iterations. The symbol  𝑃𝐺 , which 

means the probability that the particle is close to the globally optimal value, is calculated 
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by the probability model. The symbol 𝑃𝑆, which means the probability that the particle is 

close to particle’s own historical optimal value, is also calculated by the probability model. 

The changing trend of the learning factor is also the combination of concave function and 

convex function.  

This chapter mainly introduces the basic idea of the particle swarm optimization 

algorithm and the important role of the inertia factor and the learning factor in particle 

swarm optimization algorithm. This paper proposes a method of using probability model 

to modify the inertia factor and the learning factor. In the next chapter, the particle swarm 

optimization algorithm which based on probability model will be introduced, and how to 

calculate the probability. 

 

3. Improvement of PSO Algorithm based on Probability Model 

 The probability model checking is a kind of stochastic process system model with the 

characteristic of Markov. Probability model mainly has four kinds of probability models, 

which contains the labeled transition system (LTS), discrete-time Markov Chains 

(DTMC), continuous-time Markov Chains (CTMC) and Markov decision processes 

(MDP). In this paper, the particle swarm optimization algorithm needs to meet three 

conditions. Firstly, time and probability are independent from each other; secondly, the 

number of transitions between states is limited; finally, it satisfies the time-homogenous. 

So discrete-time Markov is used in this paper. 

Discrete-time Markov Chains (DTMC) can be definition as 𝐷 = (𝑆, 𝑠𝑖𝑛𝑖𝑡 , 𝑃, 𝐿). The 

symbol 𝑆 is the set of states; the symbol 𝑠𝑖𝑛𝑖𝑡 is the set of initial states, which is satisfy the 

condition 𝑠𝑖𝑛𝑖𝑡 ∈ 𝑆. The symbol 𝑃 represents is probability matrix, which is satisfy the 

condition 𝑃 ∶ 𝑆 ∗ 𝑆 → [0,1]. The symbol 𝐿 represents the set of atomic propositions, and 

the symbol 𝐿 is satisfying the condition 𝐿 ∶ 𝑆 → 2𝐴𝑃. 

 

3.1. Tasks Encoding 

The first step of the particle swarm optimization algorithm is to initialize the particles’ 

group. Assumes that the cloud computing platform has 𝑁 tasks and 𝑅 resources, and then 

𝑁 tasks are divided into 𝑆 subtasks. By satisfying the condition 𝑆 > 𝑁, it can ensure that 

all resources are effectively used. The total number of subtasks should meet the following 

equation: 

 
1

 
N

i

SumSubTask Task i


                                                      (17) 

According to equation (17), the symbol 𝑆𝑢𝑚𝑆𝑢𝑏𝑇𝑎𝑠𝑘  means the total number of 

subtasks. The symbol   𝑇𝑎𝑠𝑘(𝑖)  represents the number of all the subtasks which is 

contained in the ith task. Next, the position of each particle in the particle swarm 

optimization algorithm can be defined by the vector 𝑥𝑖, which is defined as: 

     1 2 ( 1), , , , , 1, , 1,i i i i k ikx x x k SumSubTask i Rx x                        (18) 

The kth subtask which is assigned to the ith particle can be represented as 𝑥𝑖𝑘, which 

should satisfy the conditions 𝑥𝑖𝑘 ∈ [1, 𝑅]  and  𝑥𝑖𝑘 ∈ ℕ+ . Then, the velocity of each 

particle in the particle swarm optimization algorithm can be defined by the vector 𝑣𝑖 , 

which is defined as: 

     1 2 ( 1), , , , , 1, , 1,i i i i k ikv v v k SumSubTask i Rv v                        (19) 

The velocity of the kth subtask which is assigned to the ith particle can be represented 

as 𝑣𝑖𝑘, which should satisfy the condition 𝑣𝑖𝑘 ∈ [−R, 𝑅]. 
For the encoding rules of the subtasks, this paper orders the subtasks in accordance 

with the order of the natural numbers and gives the equation: 
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                                          (20) 

According to equation (20), the symbol 𝐶𝑜𝑑𝑒[𝑖, 𝑗] means the coding of the jth subtask 

from the ith task, and the symbol   𝑇𝑎𝑠𝑘(𝑖) represents the number of all the subtasks 

which is contained in the ith task. 

 

3.2. Fitness Function 

In this paper, the process of the particle swarm algorithm is implemented by 

using the logs to record the related data, such as time, results, etc. Now, people not 

only want to pursue the shortest time to complete the tasks in cloud computing 

environment, but also hope to take into the running cost of machines. So fitness 

functions are needed to solve this requirement. 

Time cost can be understood as the length of completion time for all tasks. Then 

this paper proposes that it can use Total Time Cost (TTC) which means the total 

time that all the tasks have been completed already. The TTC should meet the 

following equation: 

   
1
max ,

i n
TTC i RTime i j

 
                                           (21) 

According to equation (21), the symbol 𝑇𝑇𝐶(𝑖)  means that the ith available 

resource finishes all the subtasks which is assigned to its. The symbol 𝑅𝑇𝑖𝑚𝑒(𝑖, 𝑗) 

represents the time when the jth subtask can be finished by the ith available 

resource. The symbol 𝑛 represents the number of the tasks. So this paper defines the 

fitness function of the time cost as follows: 

 
 

 
1

, 1,timeF i i R
TTC i

                                            (22) 

Because the running cost has different evaluation methods in different cloud 

computing environment, so the running cost of this paper mainly considers the 

broadband cost, the power cost and the maintenance cost. Total Running Cost 

(TRC), which is required to complete all tasks, is proposed in this paper. And this 

paper uses Unit Running Cost (URC) to express the unit time of the running cost of 

machines, then the TRC should meet the following equation: 

         * 1,TRC i TTC i URC i i R ，                             (23) 

So this paper defines the fitness function of the running cost as follows: 

 
 

 
1

, 1,costF i i R
TRC i

                                         (24) 

In the particle swarm optimization algorithm, the best position of the particle will 

be replaced by the current position only when the fitness value of the current 

position is better than the historical optimal value. This paper uses 𝑃𝑏𝑖 to express 

the best position of the ith particle. In the comparison process, this paper gives 

priority to the time cost, and then considers the running cost. So this paper gives the 

equation: 

 

       

             

             

       

, 1

, 1 & 1
1

1 , 1 & 1

1 , 1

i time i time i

i time i time i cost i cost i

i

i time i time i cost i cost i

i time i time i

Pb t F x t F x t

Pb t F x t F x t F x t F x t
Pb t

x t F x t F x t F x t F x t

x t F x t F x t

 

   
 

  















 





         (25) 
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In this paper, the symbol  𝐺𝑏𝑒𝑠𝑡  is used to show the best position of all the 

particles, then 𝐺𝑏𝑒𝑠𝑡 should satisfy the equation: 

     
1
max ( )best cost time i

i R
G t F F Pb t

 
                                        (26) 

According to equation (25) and (26), the symbol  𝑡  represents the number of 

iterations and the symbol 𝑅 represents the number of particles. 

 

3.3. Construction and Calculation of Probability Model 

Through the improvement of particle swarm optimization algorithm, there are two 

key parameters 𝑃𝐺  and  𝑃𝑆 . These two parameters control the convergence of the 

algorithm. So how to calculate these parameters calculate according to the 

probability model? Before introducing the detail of the calculation process, the 

particle swarm optimization algorithm which is based on the probability model will 

be introduced first. 

The description of the particle swarm optimization algorithm, which is based on 

the probability model, is showing as follows: 

○1 The initialization work of computing nodes should be finished at first, then go 

to ○2 ; 

○2 Initialize the particles’ position and velocity, then go to ○3 ; 

○3 Initialize parameters, such as: the inertial factor, the learning factor and the 

maximum iteration, then go to ○4 ; 

○4 According to equation (22) and (24), then calculating the fitness value of 

particles, go to ○5 ; 

○5 According to equation (25) and (26), the historical optimal value of the particle 

and the global optimal value as well as the present position of the particle are 

compared. If the present position of the particle is better than the historical optimal 

value of the particle, go to ○6 . If the present position of the particle is better than the 

global optimal value, go to ○7 ; 

○6 Update the historical optimal value of the particle, and if the present position 

of the particle is better than the global optimal value, go to ○7 . Otherwise, go to ○8 ; 

○7 Update the global optimal value, go to ○8 ; 

○8 If the number of iterations reaches the maximum, go to ○9 ; otherwise, update 

new inertia factor , new learning factor, new position and new velocity, go to ○4 ; 

○9 Output of the global optimal value; According to the logs and the probability 

model, 𝑃𝐺 and 𝑃𝑆 are recalculated. 

According to the definition of discrete time Markov chains, the model of the 

particle swarm optimization algorithm, which is based on probability model, can be 

defined as  𝐷 = (𝑆，𝑠𝑖𝑛𝑖𝑡，𝑃，𝐿) , and the contents of each element in the tuple are 

showing as follows: 

○1  0 1 2 3 4 5 6 7 8 9, , , , , , , , ,S S S S S S S S S S S ; 

○2
0inits S ; 
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○3

01 02

12 13

32 34

42 45

56 58

62 67 68

72 78

82 84 89

0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0

0 0 0 0 0 0 0

0 0 0 0 0 0 0 0

0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0

P P

P P

P P

P P
P

P P

P P P

P P

P P P

 
 
 
 
 
 
 

  
 
 
 
 
 
 
  

 and

01 02

12 13

32 34

42 45

56 58

62 67 68

72 78

82 84 89

+ =1

+ =1

+ =1

+ =1

+ =1

+ + =1

+ =1

+ + =1

P P

P P

P P

P P

P P

P P P

P P

P P P















 

 

 

 

 

 

; 

○4

   

   

   

   

   

 

0
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2

3

4

5

     

    ’     

 

 

    ’   

     

L S Initializethecomputing nodes

L S Initializethe particles positionand velocity

L S Abnormal state

L S Initialize parameters

L S Calculatethe particles fitnessvalues

L S Comparethe fitnessvalue











  

   

   

   

   

6

7

8

9

  ’       

       

                 

s

L S Update particles thehistorical optimal position

L S Updatethe global optimal position

L S Determine whether thenumber of iterations reaches themaximumvalue

L S End




















 







 

In this paper, the state transition diagram can be constructed by the probability 

model (see Figure 1). 

{Initialize parameters}
{Initialize the particles  

position and velocity} Begin

{Abnormal state}

{Calculate the particles  
fitness values}

{Compare the fitness 
values}

{Update particles  the 
historical optimal position}

{Update the global optimal 
position}

{Determine whether the number of 
iterations reaches the maximum value}

{End}

 

Figure 1. The State Transition Diagram 

The probability that transfers between the states can be calculated by the logs. 

According to the boundary reachability of the probability model, this paper defines 

𝑃𝑟𝑅𝑒𝑎𝑐ℎ≤𝑘(𝑠, 𝑇) that means the probability of transition from the state 𝑠 to the set 𝑇 

in 𝑘 times. The symbol 𝑃𝑟𝑅𝑒𝑎𝑐ℎ≤𝑘(𝑠, 𝑇) should satisfy the equation: 
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                 (27) 

According to the equation (27), this paper gives the equation of  𝑃𝑆  and   𝑃𝐺 . The 

symbol 𝑃𝐺  represents the probability that the particle swarm algorithm finds the 

global optimal value (within the range of error), and is also the probability of the 

transition from a state to the state 𝑆7. So there are the equations of  𝑃𝑆 and  𝑃𝐺: 

  0 7,k

GP PrReach S S                                                 (28) 

  0 6,k

SP PrReach S S                                                  (29) 

This chapter mainly introduces the boundary reachability of the probability model 

to change the inertia factor and the learning factor. Through this way can control the 

process of searching and converging. The Chapter 4 also did some experiments to 

verify the feasibility of this algorithm. 

 

4. Experimental Results and Examples 

In this paper, the test environment is based on the hybrid cloud platform which 

contains of ten CPU nodes, and the parameters of cloud computing environment can 

refer to the table 1. The particle swarm optimization algorithm is mainly applied on 

the cloud computing platform, which is mainly used to deal with image rendering 

and video key frame rendering. The initialization parameters of the particle swarm 

optimization algorithm can refer to the table 2. 

Table 1. The Parameters of Cloud Computing Environment 

Node Group The number of nodes OS CPU Graphics card Memory 

Group 1 4 CentOS i3-4160 GT720 4GB 

Group 2 3 Windows 7 i5-4460 GT720 4GB 

Group 3 3 Windows 7 i7-4790 GT720 4GB 

In order to compare with this paper’s algorithm and this paper provides two other 

algorithms for comparison: 

○1  The first algorithm is that 𝑃𝐺 and 𝑃𝑆 are set to a fixed value of 1, so that the 

change trend of the inertia factor and the learning factor is the same as the algorithm 

in this paper. This set of contrast is used to observe whether the probability model 

plays a role in the improvement of the algorithm. 

○2  The second algorithm uses the equation (3) and (7) to change the inertia factor 

and the learning factor by the linear decrease. This group of contrast is used to 

detect whether the nonlinear change of the inertia factor and the learning factor is 

better than the linear one. The initialization parameters of the task scheduling 

algorithm in experiment are referred to the table 2. 
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Table 2. The Parameters of Algorithm 

Parameters of this 

paper’s algorithm 
Value Parameter name of ○2  Value 

𝑅 10 𝑅 10 

The number of tasks 

10-50 

(The number of tasks is 

randomly assigned according to 

the amount of the pictures.) 

The number of tasks 

10-50 

(This data is the 

same as this 

paper’s algorithm.) 

The size of pictures 5760*4320 The size of pictures 5760*4320 

𝜔𝑚𝑎𝑥 1 𝜔𝑚𝑎𝑥 1 

𝜔𝑚𝑖𝑛 0.1 𝜔𝑚𝑖𝑛 0.1 

𝑐1_𝑖𝑛𝑡 2.5 𝑐𝑚𝑎𝑥 3.0 

𝑐2_𝑖𝑛𝑡 0.8 𝑐𝑚𝑖𝑛 0.3 

𝑇𝑚𝑎𝑥 500 𝑇𝑚𝑎𝑥 500 

𝑃𝐺 0.5 - - 

𝑃𝑆 0.5 - - 

 

4.1. Experiment and Analysis of the Algorithms 

In the experiment, the number of rendering images can be 10, 50, 100, 150, 200, 

250, 300, 350, 400, 450, 500, and the performance of the algorithm is analyzed by 

comparing the time cost and the running cost. Here additional description of the 

experimental conditions: Firstly, this paper divides tasks according to the different 

number of pictures, and the total number of tasks must be less than the total number 

of pictures. Secondly, each task contains that the number of pictures can’t exceed 

20% of the total number of pictures. Then, the average time cost and the average 

running cost are calculated by the average of 𝐹𝑡𝑖𝑚𝑒 and 𝐹𝑐𝑜𝑠𝑡 . Finally, if a task is 

assigned to only one a picture, the subtask will be divided by the way of image 

segmentation. 

From Figure 2, Figure 3, and the comparison of the results can be known: when the 

number of tasks is small, the average time cost and the average running cost of the three 

algorithms are relatively high. With increasing the number of tasks, the average time cost 

and the average running cost of the three algorithms are gradually deceasing, but the 

difference between the three algorithms is very small. When the number of tasks increases 

to a certain extent, the average time cost and the average running cost which relative to 

the other two algorithms is significantly reduced. Eventually, the three algorithms will 

gradually stabilize. It shows that the particle swarm algorithm based on probability model 

can effectively reduce the time cost and the running cost, especially when the number of 

tasks is large. 

 

 

 

 

 

 

 

 

 

Figure 2. The Chart of the Average Time Cost and the Average Running 
Cost 
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4.2. The Example of the Cloud Rendering Project  

The particle swarm algorithm based on probability model is applied to the project "The 

integrated service platform based on hybrid cloud rendering ". The project is mainly to 

achieve the cloud rendering platform for public service, and this platform can quickly and 

efficiently render pictures or video key frames, and feedback pictures to the users. Figure 

3 is related to the finished product of this platform. 

 

 

 

 

Figure 3. The Products of the Cloud Rendering Platform (1-4) 

 

5. Conclusions 

Aiming at the task scheduling problem in cloud computing environment, this paper 

proposes the particle swarm optimization algorithm based on the probability model to 

solve the problem of task scheduling. The mechanism of using the probability model 

to calculate the inertia factor and the learning factor is established. By this method 

not only can avoid falling into the historical optimal value, but also can effectively 

complete the task scheduling. At the same time, the fitness functions of the time cost and 

the running cost are considered, so that the resources of the cloud computing platform can 

be effectively utilized. In the future, the authors will continue to finish the formal 

verification of probability models, in order to test whether the algorithm meets the actual 

requirements. 
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