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Abstract 
Aim at the problem of tasks scheduling problem for grid computing based on fuzzy constraints, 

propose tasks scheduling model of grid computing about tasks scheduling problem. Using fuzzy 
AHP(analytic hierarchy process) processes fuzzy constraints weight value. Utilize the merit of differential 
evolutionary algorithm, that is, the algorithm don’t need objective function is continuous and differentiable. 
Propose fuzzy differential evolutionary algorithm, the algorithm can process tasks scheduling for grid 
computing based on fuzzy constraint. In the experiments, compare the proposed algorithm with the 
existing algorithms. the proposed algorithm is more favorable than the existing algorithm in term of 
reliability, security and drooped task numbers. 
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1. Introduction 

In grid computing, resource management is NP problem. With the increase of the scale 
of the problem and constraints, the complexity of these problems exponentially increase, 
especially the size of the task scheduling problem increase faster with fuzzy constraints. In 
some literatures, different optimal technologies are proposed, for instance, genetic algorithm [1], 
artificial fish swarm algorithm [2], simulated annealing algorithm [3]. The idea of the literature [3] 
is to allow the searched inferior solutions to enter solution space, this inevitably reduce the 
efficiency of the algorithm. In those algorithms, the genetic algorithm is considered to be one of 
effective solutions to high-dimensional combination optimization problem [4]. In the literature [5], 
the combination of Genetic algorithms and simulated annealing algorithm solves grid tasks 
scheduling problems, this results in decreasing the complexity of genetic algorithm, but 
scheduling time of tasks can not be reduced. To solve multi-constraints problem, the general 
approach is to aggregate multiple objective functions into a single objective function, so that 
these algorithms have low time complexity, and so easy to implement. For example, the 
literatures [6] propose some multi- constraints heuristic task scheduling algorithms. These 
algorithms are used single-objective as the final optimization strategies, while modeling the 
system, the treatment of multi- constraints using weighted method leads to the non-distinct 
constraints ineffectively addressed. The literature [7] proposed a GA based on multi-objective 
evolutionary algorithm, the algorithm can solve the problem of multi-objective scheduling grid, 
but the algorithm searches near an optimal solution after several genetic, crossover and 
mutation. The literature [8] avoids the fault of the literature [7], but the literature [8] needs that 
constraints function is continuous and differentiable, this results in limited use of the literature 
[8].In this paper, we first solve weight value of fuzzy constraint using fuzzy AHP (analytic 
hierarchy process), propose a fuzzy differential evolution scheduling algorithm to finish tasks 
scheduling in grid computing.  

The rest of this paper covers the following sections, Section 2 is concerned with task 
scheduling model, Section 3 details descriptions of the algorithm, Section 4 shows experimental 
results and Section 5 gives conclusions. 
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2. Task scheduling model  

{ }1 2, , , , ,i mR r r r r= L L is m compute nodes with a heterogeneous grid platform, 

1 i m≤ ≤ . { }1 2, , , , ,j nT t t t t= L L is a set of n independent tasks, 1 j n≤ ≤ . 

{ }1 2, , , , ,k nX x x x x= L L  is a mapping scheme set, 1 k n≤ ≤ , the tupelo ( , )k j ix t r=  

denotes running scheme of task jt scheduled on ir . 

{ }1 2 1 2{( , , , , , ) | }h s h s h hQ Q Q Q Q q q q q q Q= × × × × = ∈L L L L  is s-dimension constraint 

space, the set hQ  is a value in the first h constraint, set h
jQ  is a value in hQ . A constrain value 

of task jt  in s-dimension is 1 2( , , , , , )i s
j j j j j jq q q q q Q= ∈L L , i

jq  is a value of task jt  in the 

first j constraint. The least constraint needs is min min min min min
1 2( , , , , , )j nq q q q q= L L , the min

jq is 

the least constraint needs of task jt .  A clear objective function model of multi-constraints 

scheduling is 

1

( )
p

h

k

j

h
jMax f q x

=

= ∑   s.t. . kx X∈ , min

1

( )
p

j k j
j

Q x q
=

≥∑    (1) 

In the equation, the h=1,2,…,s and j=1,2,…,p express, respectively, the number of 

constraint objective and the number of constraint space. h
jq  is a constant value, different tasks 

have different constraint value, h
jq  obtained by prediction method. If { }1 2, , , pX x x x= L  

satisfies the Eq. (1), that is a feasible scheduling scheme. If, in the Eq. (1), the coefficients are 
known, scheduling scheme is easily obtained. In fact, some objects is non-distinct, so we can 
substitute Eq. (2) for Eq. (1). 

max( ( ))f x  s.t.. kx X∈  , , ~k j j j kq x w p<% %      (2) 

In the equation, 1, 2, ,j n= L , 1, 2, ,k s= L , the symbol ~
<

 is fuzzy expression 

of the symbol ≤ , jw  is weight value. To determine the weight value jw ,  we use fuzzy 

analytic hierarchy process.  

If ( )ij n na ×=A  is judgment matrix, , 1,2, ,i j n= L , ,i j∀ , 

0.5iia = ,0 1ija< < , 1ij jia a+ = ,  we consider A  as fuzzy complementary judgment 

matrix. 

Definition 1. fuzzy complementary judgment matrix ( )ij n na ×=A , if k∀ ,1 k n≤ ≤ , 

0.5ij ik jka a a= − + , we regard A as fuzzy unanimous judgment matrix. 

If fuzzy complementary judgment matrix
( )( )k

k ij n na ×=A , 1,2, ,k s= L , and 

( )

1

s
k

ij k ij
k

a aλ
=

=∑ , 0kλ > ,
1

1
s

k
k

λ
=

=∑ , The ( )ij n na ×=A  is named after composed 

matrix kA  ( 1,2, , )k s= L , that is, 1 1 2 2 s sλ λ λ= ⊕ ⊕ ⊕A A A AL . 

Theorem 1. composed matrix 1 1 2 2 s sλ λ λ= ⊕ ⊕ ⊕A A A AL  of fuzzy unanimous 

judgment matrix is fuzzy unanimous judgment matrix. 
Proof: 
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Q 
( ) (1) (2) ( )

1 2
1

s
k s

ij k ij ij ij s ij
k

a a a a aλ λ λ λ
=

= = + +∑ L  

(1) (1) (2) (2) ( ) ( )
1 2( 0.5) ( 0.5) ( 0.5)s s

ik jk ik jk s ik jka a a a a aλ λ λ= − + + − + + + − +L  

(1) (2) ( ) (1) (2) ( )
1 2 1 2( ) ( )s s

ik ik s ik jk jk s jka a a a a aλ λ λ λ λ λ= + + + − + + +L L  

  1 20.5( )sλ λ λ+ + + +L  

∴ 0.5ij ik jka a a= − +  

∴According to Definition 1, the 1 1 2 2 s sλ λ λ= ⊕ ⊕ ⊕A A A AL is fuzzy unanimous 

judgment matrix. 

Theorem 2.  , , ,1 , ,i j k i j k n∀ ≤ ≤ , ( )ij n na ×=A  is fuzzy judgment matrix, 

1 2( , , , )T
nw w w= LW is weight vector of A , (1) if 0.5ij i ja w w= − + , ( )ij n na ×=A  is 

fuzzy unanimous judgment matrix. (2) if 0.5ij i ja w w≠ − + , the W satisfies 

1

( 1 )
2

n

i ij
j

n
w a n

=

= + −∑ . 

Proof: 

(1) Q 0.5ij i ja w w= − + , 0.5ik i ka w w= − +  and 0.5jk j ka w w= − +  

∴ 0.5 ( 0.5) ( 0.5) 0.5ik jk i k j ka a w w w w− + = − + − − + +  

0.5i j ijw w a= − + =  

∴ According to Definition 1, the ( )ij n na ×=A  is fuzzy unanimous judgment matrix  

(2) Q 0.5ij i ja w w≠ − +  

∴ Suppose 
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∴  A Lagrangian function is 
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The W  can be obtained by 
1

( 1 )
2

n

i ij
j

n
w a n

=

= + −∑  from fuzzy complementary judgment 

matrix. If 1 2ija n≤ − , the W  value is negative or zero, the W will be judged again. 

 
 
3 Task scheduling algorithm 

The following is implementation steps for FDEA (Fuzzy Differential Evolution Algorithm), 
the procedure of the MONCDA is the following: 
Step1: Produce initial population, compute fitness value of chromosome. 

(1.1) An initial population of size n is randomly generated from 1[0,1]i+  according to the uniform 

distribution in the closed interval [0,1] , produce randomly n population, chromosomes 

with the mapping scheme { }( , )k i jx t r  is 

0 1, ,, ,
,

0 1

i ry G y Gy G y G
y G

i r

Q
pt pt pt pt

µ µµ µ
= + + + + +% L L , { }( , )i k i jy x t r∈ ,

iyµ is a real 

number in the closed interval [0,1] , ipt  is  partition in given interval, G is evolution 

algebra, 0,1, ,k n= L , 0,1, ,i r= L . 
(1.2) Estimate value of each constraint coefficient, evaluate every chromosome in the 

population by fitness value. 

(1.3) If task set T is not empty, a computing node ir R∈ and a task it T∈ are selected 

randomly, the task it is distributed to ir of least constraint and deleted from tail of ready 

queue and  the task set T . 
Step2: Mutation operation 

For each ,y GQ% , after mutation operation, , 1 1, 2, 3,( )y G r G r G r Gv Q F Q Q+ = + ⋅ −% % % , the number 

1 2 3r r r≠ ≠  is randomly selected, [0,1]F ∈  is factor, the factor can control offset variation. 
Step3: Crossover operation 

(3.1) For the Gth population ,y GQ%  and mutation population , 1y Gv + , execute crossover operation 

,
, 1

, 1
,

(0,1)y G

y G
y G

v ran CR
u

Q otherwise
+

+

≤
= 


%
, crossover probability is 0.5*(1 (0,1))CR rand= + . 

(3.2) Execute remedy operation. If the numbers of a task scheduled is more than one, the least 
constrain schedule is retained, other schedules is deleted. If the numbers of a task 
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scheduled is zero, the task is distributed to a computing node of the least constrain. The 
task is inserted into the tail of ready queue, is deleted from the task set T . 

 
 
Step4: Selection operation 

(4.1) Compute and add every chromosome fitness value of the Step3, yS  is the fitness 

value, 1, 2, ,y n= L , construct the intervals of the fitness value, 1[0, ]S , 1 2[ , ]S S , 

L, 1[ , ]j jS S− , 2, , 1j n= −L . 

(4.2) Order the intervals 1[0, ]S , 1 2[ , ]S S , L, 1[ , ]j jS S− , Obtain the order of each 

chromosome, a random number _ran num  is generated from the interval [0, ]T and 

regard as distance. If 1_ [ , ]j jran num S S−∈ , the jth chromosome ,j GQ%  is selected. 

(4.3) Reproduce the new population of the step (4.2). 

From the step (1.2) of the Step1 to the step (4.3) of the Step4, execute G times 

iterations. The algorithm is terminated after  G generations are produced. The last population is 
* * *
1, 2, ,, ,G G n GQ Q Q% % %L , the maximum fitness value is the best chromosome in the population. The 

best chromosome represents the optimal solution for the problem. Let the best chromosome be 

0 1

* ** *
, ,, ,*

,
0 1

i ry G y Gy G y G
y G

i r

Q
pt pt pt pt

µ µµ µ
= + + + + +% L L , 1 y n≤ ≤ . The estimated value of each 

fuzzy coefficient in Eq. (1). 
 
 
4. Experimental results and analysis 

The characteristic of a PC is the following: CPU is Pentium 2.8G, RAM is 2G and 
operating system is Windows Xp. Simulation software is GridSim. The numbers of computing 
nodes are 20, tasks are randomly generated, the numbers of tasks is between 100 and 5000. 
The initial population is 100, the crossover probability is 0.2, the maximum times of iteration is 
100, the factor [0,1]F ∈ , the evolution algebra is 100. Using the evaluation indicators are, 
security and dropped tasks numbers. The comparisons of security and the dropped tasks 
numbers for the FDEA algorithm and the GA algorithm is respectively shown in Fig. 1 and Fig. 
2. 

From Fig.1, with the increase of the numbers of tasks, the security value of the two 
algorithms increase, but the security value of the FDEA is more than the security value of the 
GA. From Fig. 2, with the increase in the tasks numbers of two algorithms, increase the dropped 
number of tasks, but the FDEA for dropped tasks numbers is less than the GA. 

 

 
Figure 1.  Comparisons of security 
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5. Conclusions 
In this paper, we solve fuzzy constraints tasks scheduling problem of grid computing. 

Establish the model about fuzzy constraints tasks scheduling problem and give weight value of 
fuzzy constraints using fuzzy AHP. Propose a fuzzy differential evolution scheduling algorithm to 
deal with tasks scheduling in grid computing. The experiments show that the FDEA algorithm is 
better than the GA algorithm. The GA-MNCDA algorithm is helpful for grid computing tasks 
scheduling. 

 
 

 
Figure 2.  Comparisons of the Dropped Tasks Numbers 
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