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Summary

The job-shop scheduling problems have been categorized as
NP-complete problems. In our previous work, we use Hopfield
Neural Network (HNN) to solve the energy function of the
scheduling multi-processor tasks problem. Particle swarm
optimization (PSO) is an evolutionary computation technique
mimicking the behavior of flying birds and their means of
information exchange. However, a pure PSO algorithm approach
tends to solve continues linear problems. Therefore, the pure PSO
algorithm need to be specially designed or some other methods
may be combined to solve the energy function. This paper
proposes using the particle swarm optimization to solve the
constrained scheduling problem in display system operation. The
constrained scheduling problem not only satisfies the resource
constraint and the timing constraint. In our work, there are
barriers must be overcome in applying energy function to PSO. In
particle encoding, we attempt using a one-dimension 0-1 array
mapping a three-dimension matrix of a candidate solution for
each particle, and then using sigmoid function to produce
probability threshold from velocity of each particle for velocity
updating. The result showed that the proposed approach is
capable of obtaining higher quality solution efficiently in
constrained scheduling problems.

Key words:

Job-shop scheduling, Particle swarm optimization, Energy
function

1. Introduction

The job-shop scheduling problems have been classified to
NP-complete problems. The augmentation of the number
of jobs to be processed, the number of operations for each
job and the number of flexible machines performing the
processes, causes the exponential increase of the time
required to obtain an optimal solution. Because of the
exponential growth, the exhaustive search for global
optimal schedules is very difficult or even impossible. To
generate good-quality schedules instead of global optimal
schedules, adaptive search approaches have been
implemented. In our previous work, 1999 and 2001, to
schedule multiprocessor job with resource and timing
constraints, an energy function for the HNN was proposed
by Huang and Chen [1][2]. Then, in 2001, we integrated
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fuzzy c-means clustering strategic into a HNN to solve
scheduling problems [3]. Recently, stochastic search
techniques such as particle swarm optimization have
shown the feasibility to solve the job-shop scheduling
problems. In 2004, Weijun Xia and Zhiming Wu proposed
a new algorithm based on the principle of PSO approach to
solve job-shop scheduling [8]. In 2005, Hong Zhang et al.
applied PSO to solve resource-constrained project
scheduling problem [9]. In this paper, we attempt using
discrete binary PSO-based approach with a feasible energy
function to solve multi-processor task scheduling problem
with timing and resource constraints. The original version
of PSO approach which is clever at solves continues linear
problems; the pure PSO algorithm need to be specially
designed or some other schemes may be combined to solve
the energy function. This remainder of the paper is
organized as follows: In Section 2, the definition of the
energy function of the scheduling problem is presented. In
Section 3, the PSO and discrete binary PSO algorithms are
reviewed, and then proposed approach applied to the
energy function is illustrated. After this, the simulation
examples and experimental results are presented in Section
4. Finally, conclusions of this paper are discussed in
Section 5.

2. Energy Function of Problem

Job-shop scheduling problems are different from case to
case. The scheduling problem domain in this paper has the
following definition. Suppose N jobs are considered, each
of which can be segmented, and M machines that are
capable of performing the operations of all jobs, are also
considered. The execution time required by each job is
predetermined and can be estimated by calculating the
machine cycles. It is supposed that different machines do
not possess different segments of a job, and assumed that
the job migration between machines is prohibited.
Moreover, the deadline constraint for each job is imposed
on the proposed system, and a resource to be shared by two
jobs simultaneously is not allowed. According to the above
assumptions, we attempt to generate legal schedules.
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To solve this problem, the energy function of the problem
regarding all constraints is derived [1][2]. The energy
function is modified and reduced in this work. A state

variable Vijk is defined as representing whether the job i
is executed on machine j at a certain time K or not.

Moreover, the state V;; =1 denotes that the job I isrun

on machine j at the time k; otherwise, Vi = 0. Because a

machine j can operate only one job | at any certain

time K , the energy term can be formulated as the
following:
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Vij
total number of jobs to be scheduled; j (1 to M) represents

the total number of machines to be assigned; k represents a
specific time from 1 to T, the latest deadline of the job. The
same notations are used hereinafter. The minimum value of

this term is zero, which occurs when either Vj or

. are defined as above; i (i=1,...,N) represents the

Vi1 equals zero. As mentioned earlier, if a job is assigned

on a dedicated machine, then all of its segments must be
executed on the same machine. According this constraint,
the energy term is defined as follows:

i
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Since a job 1 can be processed on either machine | or
machine j, , at any time, the minimum value of this term is

zero, which occurs when either Vi, or V;, equals as for

the resource constraint, two jobs are not allowed to utilize
the same resource instance simultaneously. Besides, the
resource is non-preemptive so that the energy term can he
defined as follows zero.

As for the resource constraint, two jobs are not allowed to
utilize the same resource instance simultaneously. Besides,
the resource is non-preemptive so that the energy term can
he defined as following:
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where F denotes the quantity of available resource
instances, R and R,  are the elements of the resource
requested matrix for job I and i1, respectively. The value
R, = 1 means that job i requires resource s while R =1
implies that job ilrequests resource s. When two distinct
jobs are scheduled to be processed on different machines j
and | at the same time k (say V=1 and V,j; =),

machines jand J, cannot share the same resource at the

time K . Hence, either R, or R

observation implies that the energy term becomes zero if
the resource constraint is satisfied. Correspondingly, the
total energy function with all constraints can be induced as

Eq.(4)
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where C,, C,and Cjrefer to weighting factors and are

supposed to be positive constants in our work. This study
concentrates mainly on scheduling problems with
constraint satisfaction. In the following section, PSO
algorithm is introduced to solve the constraint satisfaction
of the scheduling problems.

3. Experimental Consideration

Particle Swarm Optimization (PSO), one of the modern
heuristic algorithms, is a population-based stochastic
optimization technique developed by Eberhart and
Kennedy in 1995[6], and was developed through
simulation of a simplified social system. It has been found
to be potent when it solves continuous nonlinear
optimization problems. In our previous work, the energy
function is set in discrete space. In this paper, we introduce
a method of converting energy function to PSO.

3.1 Standard PSO Algorithm

PSO is an optimization tool providing a population-based
search procedure in which individuals, called particles,
change their positions, or states, with time. Particles in a
PSO system fly around in a multidimensional search space.
During the flying process, each particle modifies its
position according to earned experience and the experience
of nearby particles, and makes use of the best position met
by it and other neighboring particles. The PSO method
generates high-quality solution within shorter calculation
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time and the more stable convergence feature than other
stochastic methods [4]. Let X;xi and V; represent the

coordinates and the corresponding flight speed of the
particle 1 in a search space, respectively. The
particle-updating mechanism for particle flying can be
formulated as

V; =W-V, +C, *rand, * (X, . — X ) +C, *rand, *(Xipbest -X,) (5)

X, =X +V, (6)

igbest

W : inertia weight factor

cl, c2: acceleration constant
rand,,rand, : uniform random value in the range [0,1]
Xigest - the best particle among all individuals in the
population

X : the best history position of particle  X.

ipbest i

The parameter determined the resolution, or fitness, with
which regions are to be searched between the max present
position and the target position. When  value is too high,
max particles might fly past good solutions. Contrarily,
particles may not explore sufficiently beyond local
solutions when is too small. Experiences with PSO
indicated that was often set at 10-20% of the dynamic
range of the variable on each dimension. The constants cl
and c2 can describe the weighting of the stochastic
acceleration terms that pull each particle xi toward x and x
positions. Low values allow 1., and i particles to
roam far from the target regions before being tugged back.
On the other, high values result in abrupt movement
toward, or past, target regions. Hence, the acceleration
constants c1 and c2 were often set to be 2.0 according to
past experiences.

W —W.. .
W=W,,, ——=—™Mxiter (7)
iter,,
where W, and Ww_; are both random numbers

called initial weight and final weight respectively. In
addition, iter  is the maximum number of iterations,

and jter is the current iteration. The standard PSO

algorithm was described as following:
PSO algorithm
Begin
Initialize

Particles to multidimensional scope with randomly

While the maximum of iterations is not reached

For each particle
Using Fitness function calculate fitness value

If the fitness value is better than the best fitness value
according to past experiences
Set current value as the new pbest
End For
Choose the particle with the best fitness value of all the
particles as the gbest
For each particle
Calculate particle velocity, V, according Eq. (5)
Update particle position, present, according Eq. (6)
End for
End While
End Begin

The output state in the energy function is 0 or 1 only, thus
it is not suitable to apply the original version of PSO that is
clever at operating the real values. A clever method for
establishing a discrete binary version of the PSO (BPSO)
was presented by Kennedy and Eberhart [5]. The
dimensional value of BPSO must stay in values of 0 or 1
only. The velocity Vv, will determine a probability

threshold. If v, is higher, the individual will be more

likely to choose 1; lower values will favor the 0 choice;
such a threshold needs to stay in the range [0.0, 1.0]. One
familiar sigmoid function in neural network achieves this
goal; the function is defined as the following:

1
1+e™ (8)

S(Vi) =

The function scales the Velocities V. between 0 and 1 and

has a value that makes it agreeable to be used as a
probability threshold. Finally we update the dimension d of
the particle X, shown in the following:

X{l If rand () <s (V;)
i 1 J—

0, otherwise X, =0. ©)
Particles velocities on each dimension are limited to a
maximum velocityv__ . If the sum of accelerations may

cause the velocity on that dimension to surpassv,__, which

is a parameter specified by the user, then the velocity on
that dimension is limited tov__ .

3.2 Particle Encoding

To establish a “solution mapping” and “generate solution”
mechanisms are critical issues in applying PSO for solving
a specified domain problem. If these two issues are
dissolved successfully, it is possible to find a good-quality
solution. In section 2, the energy functions of our previous
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work are formulated with timing and resource constraints.
In this work, the purpose of energy function is to evaluate
the energy value of candidate solution of each particle, and
then chose best candidate solution into next iteration
according to the energy value. However, energy function
clever on dissolving discrete matrix which is a 0-1 form;
thus how to encode the particle for mapping a
multi-dimension discrete matrix is an important issue in
applying energy function to PSO. In our work, we use an
one-dimension array to denote a three-dimension discrete
matrix of candidate solutions. In a swarm, a particle P, is

represented by a s dimension and can be defined
as P =[p,, Py, P;] - The s denotes the size of the

three-dimension matrix of candidate solution, Eg. job=4,
resource = 2, time=2, the s dimensional vector of each
particle is calculated by Job*Resource*Time. In this case,
the s = 16, the three-dimension matrix of a candidate
solution can be illustrated as Fig 1:

y (machine)

Pz (lime)

Vijk
X (Job) f'-{l

Fig. 1 The three-dimension matrix of a candidate solution

In Fig. 1, the “x” axis denotes the “job” variable and |
represents a job with a range from 1 to N, the total number
of jobs to be scheduled; where the “y” axis denotes the
machines variable and any point j on the axis represents a
dedicated machine identified from 1 to M, the total
number of machines to be operated; where the z axis
denotes the time variable and k represents a specific time
which should be less than or equal to T, the deadline of the
job. Thus, a state variable Vi is defined as representing

whether the job i is executed on machine j at a certain time
k. However, it is difficult to operate and understand the 0-1
permutations in three-dimensional matrix, thus we
transform all permutations of a candidate solution into a
two-dimensional matrix, mapping one-dimension array as
Fig. 2:

Joh Resource | Time
1 1

]

s=16
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lale|e|lwo|lolw|wwmfo]e]=|=]=]=

1 2
2 1
2 2
1 1
1 2
2 1
2 2
1 1
1 2
2 1
2 2
1 1
1 2
2 1
2 2

Fig. 2 three-dimension matrix is mapping to one-dimension array

In Fig.2, it illustrated representation of the solution; the
three-dimension matrix is transformed into two-dimension
matrix and then maps a candidate solution via
one-dimension array. The job, resource and time fields of
two-dimension matrix denote the axes of x, y and z in
Fig.1, and all permutations are listed in two-dimension
matrix. The field P, denotes the code of a particle and is

mapping the state value of the three-dimension matrix.
Therefore, a candidate solution is encoded as a particle
successfully. In order to calculate the energy value for each
particle, these two simple equations are derived for
operating the state value of Job, in one-dimension array.

The equations are illustrated as the following:

Lower Bound = (s /Total Job * Job, ) — (s /Total Job-1) (10)
Upper Bound = (s /Total Job * Job,) (12)

For example, the candidate solution of a particle is
computed by Eqg. (1), initial iteration Job, =1, the lower

and upper bound of Job, is computed by Eq.(10) and (11),
the example is illustrated as following Fig3:

Job | Resource | Time | F
1 1

Lower Bound

Job1

Upper Bound

ale|lelelw|w|w|w|o|w|olo]==]=]=
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Fig. 3 the upper and lower bound for each job
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In the Fig. 3, the lower and upper bound are calculated by
Eqg. (10), (11). Then energy value of a candidate solution is
calculated by Eqg. (1) in this simplify numerical
demonstration.

While Job, =1 then

Lower Bound = (s /Total Job * Joh,) — (s /Total Job-1)
= (16/4 * 1)-(16/4-1) =1

Upper Bound = (s /Total Job * Job, ) = (16/4*1) = 4

For
Job, =2, Lower Bound =5, Upper Bound = 8

Job. =3, Lower Bound = 9, Upper Bound = 12
Job, =4, Lower Bound = 13, Upper Bound = 16

As above, the lower and upper bound of jobl, 2, 3, 4 are
calculated (10), (11). In order to simplify the calculate
process, thus only list the permutations of Job, =1 and the

energy value is calculated according to Eq.(1) shown as
following:

Vinr'van

Vi "Van

Vi "Van
Viia'Vimz
Vir'Van
Vii2"Van

ViV

ViV

Vina"Van

alalala|lala|le|lo|le|le|le|e
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Fig. 4 three-dimension matrix is mapping to one-dimension array

Finally, the energy-based PSO algorithm is illustrated
following:

Stepl. Initialization

The initial candidate solutions of particles in the swarm
are generated randomly according to timing and resource
constraints, and calculate energy value for each particle
by eq.(4), then set the pBest and gBest of swarm.

Step2. Generating new velocity
New velocities for all the dimensions in each particle are
generated by eq. (8).

Step3. Updating pBest & gBest Particle
The new position for each particle is generated by eq. (9);
pBest & gBest are calculated and updated.

Step4.  Stopping criteria

Energy values are calculated for each particle, if the
stopping criteria are met, otherwise jumps to Step2.

4. Experiment Result

Three sets of resource and timing constraints are applied
for the simulations. The constants of the energy function,
C,» C,, and c,, are all given to 1 in this work. Each

population of individual of the PSO algorithm is initialized
randomly. The resource requested matrix and the timing
constraints matrices for three cases are shown in Table 1
and Table 2.

Table 1: Resource Requested Matrix
Casel

R1 2
Jobl 1
Job2 0
Job3 0
Job4 1

orooxgm
corogm

Case2

Jobl

Job2

Job3

Job4

Rl |o|lolr|D
o|o|~|o|lo|m
olo|lo|r|o|x
===

Job5

Case3

1

N
w
>

R
Job1l 1
Job2 0
Job3 0
Job4 1
Job5 1
Job6 0
Job7 0
Job8 0
Job9 0
Job10 0

OO0 OoOProoRrooxm
POPOOODOORrOoOxxm
OO ORrRORrRrRProOoOOoOoOxxm

Table 2: Timing Constraints Matrix
Casel

Time Required Time Limit
Jobl 4 6
Job2 3 4
Job3 3 6
Job4 2 3

Case2

Time Required Time Limit
Jobl 2 3
Job?2 3 8
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Job3
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o1 00
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Time Limit
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Fig. 5 The Energy curve of the iteration in the population. (a)Casel (b)
Case 2 (c) Case 3.

Fig. 5 displays the energy curve of the best member in the
population for 3 cases during iterations. The simulated
scheduling results are graphically represented by the Gantt
charts and are shown in Fig 6. To estimate the quality of
the scheduling results, we can calculate the makespan, the
sum of the maximum completion time of each job. The
energy function used by the latter is simplified in this work,
the computation time can he reduced.

Job1 ‘ B

Job2 R3 |

Time i 2 3 4

o

[}

Fig. 6 the good-quality solution in case (1)

5. Conclusion

The job-shop scheduling problems have been categorized
as NP-complete problems. It is a complex optimization
problems, the exponential growth of time required to
obtain an optimal solution. In our previous work, we used
HNN to solve the energy function of the scheduling
multi-processor task problem. In this work, we attempt
using PSO algorithm to solve the energy function of HNN.
However, some barriers must be overcome in applying
energy function to PSO. Fist, the multi-dimension 0-1
matrix of a candidate solution is mapping in an
one-dimension 0-1 array; the candidate solution is encoded
in each particle successfully. Next, the discrete state value
0 or 1 is throughout the state scope of energy function, thus
original version of PSO that applied on real value is not
suitable to solve the energy function. The sigmoid function
is utilized to produce probability threshold from velocity of
each particle, then generating new candidate solution. In
the three simulated cases, the proposed scheme converges
rapidly. Results show that the energy function is applying
PSO successfully. The energy-based PSO is a competent
method to solve the scheduling multi-processor task
problem. In future work, we attempt to derive our energy
function for describing the complex problem in various
industries, and make efforts to improve our PSO approach
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