Appl. Math. Inf. Sci.10, No. 5, 1815-1830 (2016) %N =) 1815

Applied Mathematics & Information Sciences
An International Journal

http://dx.doi.org/10.18576/amis/100523

Solving The Flexible Job Shop Problem using
Multi-Objective Optimizer with Solution Characteristic
Extraction

Sheng-Ta Hsieh Shi-Jim Yefy Chun-Ling Lirt*, Shih-Yuan Chitiand Tsan-Cheng Su

1 Department of Communication Engineering, Oriental Ingtitof Technology, New Taipei City, Taiwan, R.O.C.

2 Department of Computer Science and Information EngingeNational Dong Hwa University, Hualien, Taiwan, R.O.C.
3 Department of Electrical Engineering, Ming Chi UniversitiiTechnology, New Taipei City, Taiwan, R.O.C.

4 Systems Development Center, Chung-Shan Institute of ei@rlTechnology, Taoyuan County, Taiwan, R.O.C.

Received: 2 May 2014, Revised: 27 Jan. 2015, Accepted: 1720416
Published online: 1 Sep. 2016

Abstract: It is difficult to find optimal scheduling solutions for abastt scheduling problems with mass parallel tasks on multi-
processors because they are NP-complete. In this papéduti@ssearching strategy called solution charactergsticaction is proposed
as a multi-objective optimizer for solving flexible job shppblems (FISP). These problems are concerned with figistisigned
jobs with minimal critical machine workload, total worklheand completion times. A suitable job assignment mustidengrocessor
performance, job complexity, and job suitability for eacdhlividual processor simultaneously. To test the efficieamagl robustness
of the proposed method, the experiments will contain twaigsoof benchmarks; with, and without release time conggalach
benchmark includes numbers of heterogeneous processbdifferent jobs for execution. The results indicate thepoied method
can find more potential solutions, and outperform relatethous.

Keywords: Genetic algorithm, job scheduling, multi-objective, opization, solution characteristic extraction

1 Introduction scheduling problem stems from the existence of many
) ) interrelated factors that directly or indirectly contribuo

In the last decade, the functional requirements ofihe execution time of the program. To effectively schedule

embedded systems have greatly increased. Relying Ofgralle| tasks, these competing factors must be considered

single processor platforms to meet all expected functiong, the scheduling objective function. Many different

has become unreasonable and unrealistic. In recent timegcheduling algorithms have been proposed but most

most advanced embedded systems consist of a@gnsider only a few of these factors simultaneously.
implementation of different types of processors. The

system architecture is modified to achieve higher Most current employable techniques of scheduling
productivity, more cost-effectiveness, and more flexipili algorithms are specific to a particular class of problems
at implementing applications. Embedded systems todaynd work for only a limited range of tasks and system
will include different kinds of processor units, such as parameters. Little research has been done on employing
general microprocessors, digital signal processoroptimization techniques for dynamic task scheduling, due
(DSPs), and graphics processing units (GPUs), or moreto the perception that the prohibitive computational cost
in a single computational platform. Each processing unitof these techniques will render them ineffective for
is specialized to perform specific functions with high dynamic scheduling. The Self-Adjusting Dynamic
efficiency. Such complex platforms are commonly Scheduling (SADS) class of algorithms utilizes a unified
referred to as heterogeneous platforiis [ cost model to explicitly account for processor load
The efficient scheduling of parallel tasks is essentialbalance, memory locality, and scheduling overhead at
to achieving high performance in multiprocessor systemsruntime.p] In [3] and [4], ILP (integer linear
However, the complexity of the multiprocessor programming) is adopted to solve partitioned scheduling
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problems, in which each task is exclusively assigned to a — 3 o ol | on | on | 0n | o
particular processor. Although the studies show that ILP Mechupes

can be used for finding an efficient way for task Ml S I N I N A
scheduling, they only consider the computing capacity of M 2 2 1 3 3 &
each individual processor, which makes the results too 7 1 3 3 4 4 3
vague to accurately express a system module.

Furthermore, they fail to mention how much time is spent Fig. 1: An example of flexible job shop problem

to find a reasonable solution.

In 2005, Xia et al. [5] proposed a method which
hybridized PSO and simulated annealing (SA). It
involved a variable inertia weightv and adopted a Time(s) |
weighted concept to transform triple objectives into singl Machines

2 3‘4 5

objective problems. After the evolution of PSO is M o =
complete, SA is employed to adjust operation order. In b’ 013 F
2007, Jiaet al. [6] proposed a method called HPSO to " 0., ‘ o,

solve FJSP. After the evolution of PSO and a fitness
evaluation, the elitism policy of GA keeps healthier
particles. Particles with poorer performance were less
desirable and regenerated as initializations. The HPSO
did not produce significant results and did not attempt to
solve large scale problems (such as 10M*15J).

In 2008, Luo et al. [7] adopted the Ant Colony workload (Max(\W)) and total workload (W) of all
method (ACO) to solve FJSP. Its results on the 10M*15Joperations are minimizedL.{]. Scheduling strategies can
problem was also inconclusive. Het al [8] later  be classified as either static or dynamic, depending on
proposed a method to estimate bounds. In reality, therevhen the task assignment decisions are made. Static
may exist different schematics that correspond to thescheduling is also referred to as pre-scheduling and
optimal fitness value, but Ho's method can find only one.determines on compilation-time which tasks should be
Recently, Zhangt al. [9] proposed an interested method executed by which processors. Dynamic scheduling
namedNVGA which combined variable neighborhood strategies move the locus of control from the compiler to
search (VNS) and GA to solve the multi objective FISP. Itone or more processors that distribute work to themselves
can generate good offspring and keep their diversityand/or to other processors as needed at runtime to balance
during solution searching process. In contrast to thethe system load.
previously mentioned methods, in this paper, a solution A perfectly balanced load does not imply that all
searching strategy calledsolution characteristic processors must execute the same number of parallel
extractionis proposed to assist a multi-objective genetic tasks since tasks typically have variable execution times.
algorithm in searching for optimal scheduling solutioris. | Hence, it is not enough to simply divide the total number
can significantly improve the solution searching abilities of tasks evenly amongst each processor. A well scheduled
of multi-objective optimizers for solving non-continuous strategy will increase system performance, fully utilize
problems. Multiple solutions with the same fitness valuesystem computation ability and reduce total execution
can be found, providing various choices. time and reduce power consumption.

This paper is organized as follows: Section 2 contains An example of FJSP is illustrated in Fig. 1. In the
the definition of job scheduling problems. Section 3 figure, there are three Jobs that require execution and
briefly introduces the definition of multi-objective three machines to complete them. Each Job may contain
optimization. Section 4 introduces the genetic algorithm.several operations. Job 1 can be separated@atQ O1 2
Section 5 presents the proposed methods. Section &ndO;3; Job 2 can be separated i ; and O, 2, and
includes the experiment results and compares thelob 3 contain®s1. The required completion times of the
proposed method to related works. Section 7 of the papeoperations as executed by each machine are represented
contains the conclusion. in the table. For example, it takes machine NI;) 5

seconds to execut®s 1.

The goal is to finish all jobs with minimal critical

2 Problem Definition machine workload (Max(\), total workload (Wy) and

completion times (Makespan). After Job assignment, each
The Flexible Job Shop Problem (FJSP) is an extension obperation will be appropriately distributed and executed
the classical job shop scheduling problem which allowsby the assigned machine. The schematics of Job
an operation to be processed by any machine from a giveassignment is illustrated in Fig. 2.
set. The problem is to assign each operation to a machine, Thus,O1 1 is assigned tdviz; Oy is assigned tMy;
order the operations on the machines, and ensure th®; s is assigned td,; O, 1 is assigned tdl; andO, is
maximum completion time (Makespan), critical machine assigned tdvly; andOs 1 is assigned tds. It can be seen

Fig. 2: A schematic example of job assignment
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Price 4 Genetic Algorithm

The genetic algorithm (GA) is used to evolve one
population of chromosomes into a new population by
employing a principle similar to Darwin’s “natural
B selection”; together with the genetics-inspired opemator
of selection, cross-over, mutation, and inversion. The
basic principles of GA were first introduced by John
Holland in 197512-[13]. Holland’s GA was the first
Fig. 3: An example of MOP - buying a processor evolutionary computation (EC) paradigm developed and
applied.

In genetic algorithms, the fitter chromosome is more
likely to be selected for reproduction. The objective of
cross-over is to choose random loci and exchange the

in Fig. 2 that the Max(W) is 4 seconds; the Wis 12  subparts of chromosomes to create offspring. Mutation
seconds; and the Makespan is 7 seconds. The solution ifandomly flips the allele values of some locations in the
the example above may not be the optimal one; there maghromosome; and inversion reverses the order of a
exist more potential (better) solutions. Itis also possibl ~ contiguous section of the chromosont4[ The term
FJSP for different solutions to have corresponding fitnesshromosome typically refers to a candidate solution to a
values. Therefore, a capable optimizer is needed to explorgroblem. Through the progress of genetic evolution,
the solution space to find potential solutions. genetic algorithms can find solutions efficiently without
derivative information; an optimal solution will be
represented by a final chromosome winning the genetic
competition.

The traditional GA (TGA) has the following features:
(1) a bit string representation; (2) proportional selactio
(3) cross-over as the primary method to produce new
individuals; (4) mutation for disturbing evolution to
The main difference between single-objective problemsprevent solutions being bounded to local search; and (5)
(SOPs) and multi-objective problems (MOPs) is MOPsthe application of elitism policies. In this section, a frie

contain more than one objective that needs to beintroduction of genetic algorithm will be described.
accomplished simultaneously. Such problems are

encountered in many applications, where two or more,

sometimes competing and/or incommensurable objective] 1 Chromosome Representation

functions have to be minimized concurrently. In other

WordS, prOblemS must arrive at a Single Optlmal SOlUtionCOnsider that a prob|em is presented f&sl, X2, X3yeees

which satisfies all objectives simultaneously. Even if axy) which consists of N tunable parameters to be
problem contains more than one objective to be solved, ipptimized. In GA, it can be encoded in vector

is still considered a SOP. A MOP must contain competingrepresentation (i.e., chromoson@)=(x1, X2, Xa,..., Xn),

objectives; i.e. the objectives cannot be optimizedm=1, 2, ..., p,where p denotes the population size. For
simultaneously. For example, suppose costumers want tigh-dimension or complex problems, GA will require a
buy a processor with a lower cost and higher performancearger population for a uniform distribution of population
for their Computer. The two ObjeCtiveS (IOW cost and hlgh in the search space; Otherwise, it may be unable to
performance) are conflicting. The choices of processorsjiscover all possible solutions. The valyeis always

are illustrated in Flg 3. The three Options A, B, and Cgiven experimenta”y_ ThUS, the chromosomes
marked in Fig. 3 are all non-dominated optimal solutions. representation is shown in Fig. 4.

These optimal solution sets can constitute a continuous or

non-continuous curve. This curve is called the Pareto

front. All solutions located on it are considered optimal 4 2 |nitial Population

solutions. In other words, unlike SOPs, which have only

one optimal solution, MOPs have a set (more than one) of-or most optimal techniques, the final solutions are

optimal solutions. usually restricted by the initialization. However, GA is
Due to the multi-criteria nature of MO problems, the able to overcome this drawback with the cross-over and

“optimality” of a solution has to be redefined, giving rise mutation operation. Therefore, chromosomes can be

to the concept of Pareto optimality. In contrast to thescattered in an area of first generation. The initial

single—objective optimization case, MO problems arepopulation will be used to generatp chromosomes

characterized by trade—offs and thus, a multitude ofwhich will be distributed over the searching space

Pareto optimal solutiond.[l]. uniformly.

e

Performance

3 Multi-Objective Optimization
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N tunable parameters 4.5 Selection
|
[ 1
ch After cross-over and mutation operations, the number of
romosome 1 112 3]4 . IN-1l N . . . .
all chromosomes, including parents and offspring in a
Chromosome 2 1121314 L N1 N population, will be larger than the number during
Chromosome 3 1121314 vl v initialization. In order to produce better offspring, the
elitism operation is adapted to selecp better
chromosomes to survive the next generation.
Chromosomep-1 [1] 2134 vl N GA optimization is combined with operations
mentioned above, and repeats the evolution process until
Chromosome p 1234 ... N-11 N

it reaches the pre-defined terminating conditions.

Fig. 4: Chromosome representation

5 The Proposed Method

Because the solutions of job shop problems are
non-continued, such MO problems may have a mass of
solutions which correspond to the same fitness value.
Preserving these solutions can provide additional optimal
) selections. The solution characteristic extraction is
The cross-over operation produces new chromosomegroposed for enhancing the solution searching ability for
(offspring) by selecting two random parent chromosomespon_continued MO problems, especially for flexible
but it doesn’t guarantee that all off;pnrlg are be_tte'r’ thanjob-shop scheduling problems.
the parents. However, after adopting “exploration” and” ¢ i important for offspring generated by cross-over
“exploitation” during the performance of the CroSs-OVer or mutation during multi-objective genetic algorithm to
[15], good results can be ensured because the offspringgsar more potential information and diversity. Offspring
lel be generated “arounq betts:r parents. The details ofyit higher potential information and diversity (which
exploration” and “exploitation” are described in next equals more available optimal solutions), will be found
section. The number of individuals joined during gng then kept in each generation while an offspring with
cross-over is based on a pre-defined paramethich is  |qer potential will decrease GAs solution searching
called cross-over rate. Thus, there will mind(pxrc)  apjlity. An improved GA is proposed to increase the
individuals (parents) joined during cross-over. solution searching capabiliies of MOGA, for solving
non-continuous MO problems.

4.3 Cross-over

4.4 Mutation Table 1: An example for probability table
Machines| Completion| Completion| Probability
. Time Time
The mutation operator randomly changes some subparts M1 1 1 055
of a chromosome. When GA is adapting, the M, 3 0.33 0.18
chromosomes will move to the closest optimal solution to Ms 2 05 027

itself, but that may not be a global optimization.
Therefore, disturbances to extend the search range are
quite important. In general, the offspring of mutatiog,

is generated inside the search space, randomByas f3,
where B denotes a mutation vector with random
components of uniform distribution in the searching 5.1 |nitialization
space. The number of parents which joins mutation is

based on a predefined parametgr which is called  Fjrst, a probability table is generated for the distribatio

mutation rate. Thus, there are mutatioound(p x rm)  of each operation because an operation will have different
individuals (parents) that will be joined during mutation.  completion times when executed by different machines.
In general, the fitness of mutated offspring may The probability table of an operation is generated
randomly be better or worse than their parents and/or anyaccording to their completion time (reciprocal). A
cross-over offspring. On the other hand, adopting themachine with shorter completion time for executing an
mutation operation will extend the search range to surveyoperation will have a higher probability of being chosen
unexplored areas in the search space, and find potentidbr the task. An example of probability table is listed in
optimal solutions. Table 1. The probability o, My, andM3 are calculated
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Table 3: An initialization example for FISP

Jobs Operations
Operations | O11 | O12 | O13 | Oz1 | O22 | O31
h e I Assigned | 3.65 | 1.18 | 2.39 | 1.77 | 2.57 | 3.26
5 01, 0:: Information
Js 0s:
Fig. 5: An example of jobs’ content Teld
; 1 2 3 4 5 6
Machines
M (2751 012
2 02.2 ‘01
by 1/(1+0.33+0.5), 0.33/(1+0.33+0.5), and M O 05, ‘

0.5/(1+0.33+0.5) respectively.
An example of the contents of the jobs is illustrated in Fig. 6: The operations assignment and their execution time-line

Fig. 5. Job 1§), job 2(3;), and job 3¢3) can be separated

into 3 operations, 2 operations, and 1 operation

respectively. In other words]; consists of operations

L1011), 1.2012) and 1.3013); Jo consists of 0, is assigned to machine M() andOy ; is assigned to

operations 2.X0,1) and 2.20,3); J3 consists of > - h X
. : . machine 3 3). Later, O, is assigned to machine 2
operation 3.1Q3 7). Furthermore, operations belonging to (M») andOs 1 is assigned t machine B15). Finally, Os 5

the same job must follow an order of execution. For . ianed t hine M 40 a i iqned t
example, operation 1.1 must be finished before the!S @ssigned fo machine {) and O3 is assigned to
achine 2 §12). In other words, the executing sequence

execution of operation 1.2, and operation 1.2 must b v )
finished before the execution of operation 1.3, and so on. can be rewritten as follows:
Assume there are 3 machines to execute the three jobs1 0, ; is assigned tavl;: becausemaxJ;, J, J3)
mentioned above. The operation assignment and their max0y4, 01, 031) = max65, 77, 26) = 77.
corresponding completion times are shown in Fig. 1. 20, is assigned toVls: becausemaxJ;, J, J3)
Different machines may perform at different efficiencies maxOy 1, 022, O31) = max65, 57, 26) = 65.
when executing each operation; from this table, for 30,, is assigned toVl,: becausemaxJi, J, J)

example,M; (machine 1) needs 5 seconds to finB8k; maxO1.2, Oz, O31) = max18, 57, 26) = 57.
but M3 needs only 3 seconds. Thus, the probability table 405, is assigned toMs: becausemaxJi, J) =
of Oz is shown as Table 2. maxOs.2, Os1) = max18, 26) = 26 J, complete).

5.012 is assigned tdv;: becausenaxJi) = maxOs.2)
=max18) = 18 (J3 completion).
6.013 is assigned tdly: becausenaxJ;) = max0s 3)

Table 2: An example probability table fdD:
pep Y 3 =max39) = 39 (All Jobs are complete).

Machines Com_pletuon ot Probability These assigned operations and their execution time-lines
Time Completion Time g P
are exhibited in Fig. 6.
M1 5 0.2 0.25 .
M, 7 025 0.3 There are three steps to transform a system job
My 3 033 043 scheduling into a schematic.

1.Estimate completion time of previous operations
which belong to the same job.

2.Estimate the available time for the machine to join the

next unexecuted operation.

The maximum time of the two items above is the

timing to join subsequent operations.

An initialization example for FISP is listed in Table 3.
First row represents operation number and second row 3
represents operation assignment information. The
information consists of two parts, the integer, and the
float. The integer, which is generated by the probability An operation’s execution and assignment must take into
table, represents the machine to be assigned. And thaccount both the order of execution and rationality of
float, which is a random number between 0 and 1,execution by a machine. The proposed method ensures
represents operations’ order number. that once an operation is finished, a subsequent operation

In Table 3, the number 3.65 corresponds to operatiorcan be executed immediately by an idle machine. For
1.1 O11). This means operation 1Qf ;) is assigned to example, according to the order of operatioMgwill
machine 3 {3) and its order number is 65. An operation finish the execution 00, ; by the 24 second; thu®; »
with a bigger order number has a higher priority to be can be executed since th& Zecond. On the other hand,
assigned to a machine. The consecutive relation betweetaking into account the rationality of execution by a
each operation is also taken into consideration. In Table 3machine, becaudé; is occupied processin@,1 during
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the first 2 seconds, the machine is available only after the a(Ci-Gy)
39 second. The maximum time between the next <~
operation’s availability and the machine’s availabilityd N e f
seconds (max(2, 3) = 3); therefol@,» can be executed Oc '\ :
since the % second.

It seems that the proposed initialization step is a little (a) Exploration (b) Exploitation
bit complex. But, it comes with the advantage of ensuring
that each combination of job assignment can be reversed Fig. 7: Exploration and exploitation strategies of cross-over
because different codes may correspond to the same
schematic. The chromosome initialization is based on a
probability table to assign each job to a corresponding
machine. This is the “integer” of the proposed coding
method mentioned above. A randomly generated fractio
is then added to each integer, as its order number.

assignment) is performed by integer-exchange, and the
r1‘Ioat-part of the chromosome (for executing sequence) is
performed by traditional cross-over.

5.2 Cross-over 5.3 Mutation

A population in GA consists of a number of |, general, mutation is adopted to generate new

chlromosofmr?s. Each chromoslgrzﬁ rtfapr:esehnts a potentigh o mosomes, mutating one or more genes, to salvage
solution of the optimization task. All of the chromosomes .o mosomes that have been trapped in the local

iteratively discover a probable solution. In the crossfove inimum through random process, and to discover other
operation, each chromosome will be generated based ofgtential searching spaces. It will allow additional
its parents. This combines the information from two otential solutions to be produced during solution
chromosomes that were also generated by chromosom ploration, and explore unsearched solution space.

in previous generations and evaluated by the cost "\jitation in the proposed method is performed at
function; finally, better (fitter) chromosomes are kept in jnisiglization to selected chromosomes. The chosen
the population. If a chromosome discovers a neWchromosomes are assigned to a new corresponding
probable solution, its offspring will move closer to it t0 5chine (integer part) according to the probability table
explore the region in more detail during the cross-over,,q a1s0 given a randomly generated order number

process. fraction part).
In the proposed method, the real-coded genetic( lon part)

algorithm is adopted to perform cross-over between
chromosomes. For example, assume that two

chromosomesC;, andC, are randomly picked from a Table 4: Two simply job assignment
population for cross-over, an@; is better tharC,. The

; ; ; ) Operations O11 [ O12 | O21 | O22 | O31
Sgﬁg.'ng Oc can be obtained by exploration cross-over - s e 3 65 T 175 | 2.58 | 4.99 | 4.80
' @
Oc=Ci+a(C—Cy) 1)
whereqa is a random value between [0, 1]. On the other
hand, the offsprin@¢ can also be obtained by exploitation
cross-over using: Operations O11 [ O12 | O21 | Oz2 | O31
Assigned Probabilitie§ 3.15 | 1.23 | 2.04 | 4.50 | 4.39
Oc=Ci—a (Cl — Cz) (2) (b)

In the proposed method, both the exploration and the
exploitation methods are adopted. Interpolation will
restrict the search range to a smaller area, but
extrapolation will extend the search range. The
exploration and exploitation cross-over strategies are5.4 Normalization
showed in Fig. 7.

In traditional GA, cross-over is performed to discover In order to prevent the evolution process from driving
additional potential solutions. In machine assignment ofchromosomes toward unreasonable solution spaces, after
FJSP, such solution space is non-continued; the traditionacross-over and mutation all contents in chromosomes
cross-over approach is not of much use at findingneed to be normalized. For example, there are two simple
solutions. Thus, in the proposed method, the cross-ovejob assignments presented in Table 4. Each table presents
for the integer-part of the chromosome (for machinea decoded result from a chromosome.
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Ime® | ] 2| 5| 4 21 21 12 32
Machines )
“'{l OZ.] O] 2 05 2 11 U 272 272
O (€%}
31 31 0 13
Os, O15

) ) ) ) Fig. 9: An re-organized schematic of job assignment
Fig. 8: An example of job assignment schematic

It seems the contents are different between Table 4 (a) . . o -
and (b). The two represent the same job assignment and
executing sequence from two different chromosomes. If e &z & o
two chromosomes are selected for cross-over, the fraction
part of the offspring will increase if they are generated by Fig. 10: Using symbols to replace elements in Fig. 9

exploration, and decrease if generated by exploitation.
This will influence the evolution process towards the right
direction. In some cases, the solution searching may stand
still. Normalization in the proposed method can solve this | &,=1xe, | E,=2xe, | Ei=3xe, | E.=4xe,
issue; the details of which are as follows.

Epi=5Xey Erp=6Xey, Eya=T7Xey Ep=8Xey

1.Because each chromosome has 5 genes, the fraction
part is equally divided into 5 numbers. They are 0.0, Fig. 11: The weighted elements
0.2,0.4,0.6 and 0.8.

2.All genes are sorted according to their fraction part.
The genes with the smallest fraction have it replaced

by 0.0, the genes with the median fraction have it _. . . . . . .
replaced by 0.4, and genes with the largest fraction™19- 8- Each operation will be fltted into a time slot by.job
have it replaced by 0.8, and so on. assignment. In order to assign each time slot with a

unique weight, the schematic can be re-organized as
After normalization, the genes from Table 4 (a) and (b) canexpressed in Fig. 9. The natural number of operations is
be treated as the same genes, as shown in Table 5. labeled on time slots and empty time slots are assigned as
0

Further explanation of the weight calculation can be

_ found in Fig. 10, which replaces Fig. 9. The elements

Table 5: The normalized genes (natural number) are replaced with symbols. For example,
Areplaced 2.1E replaced 2.1 anH replaced 0, etc.

Then, each symbol in Fig. 10 is multiplied by its own
weight value according to its location on the matrix. The
weighted elements are listed in Fig. 11.

After that, the two-dimensional matrix is then

This process reduces situations where differenttransformed to one-dimensional, which is listed in Fig.
chromosome contents correspond to the same joﬂz-

assignment, and streamlines the evolution process. Each element of this new matrix is further multiplied
by its own weighted value. It is also according to its

location of the table. The further weighted elements are
listed in Fig. 13.
Finally, the proposed characteristic extraction is

, , . applied to find the Euclid distance of this weighted matrix
After cross-over and mutation, all job assignments can bg§g  find its characteristic-value. LeD denotes the

stored as a two dimensional matrix. Because there is apparacteristic-value th@ value is calculated by
amassing of solutions reserved in the external repository,
the computational consumption is also increasing. The
solution characteristic extraction is proposed to lighten = (W2 W2 + W2 W2 W2 + W2 205 3
; . ; ; : Q= (W +W5 +W5 + Wy +Wg +Wg + W) 3)

computational consumption during matrix comparison.

For example, there are 3 jobs, which consist of several The proposed characteristic extraction can rapidly
operations, and need to be executed by 3 availableompare two job assignments regardless if whether they
machines. The job assignment schematic is expressed iare different or the same.

Operations O11 | O12 | O21 | O22 | Og1
Assigned Probabilitieg 3.20 | 1.40 | 2.00 | 4.80 | 4.60

5.5 Solution Characteristic Extraction
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Dy =Ey +Ey,|Dy=Eyy +E,,|Ds =Egy + By Dy = Eyy TE5y|Dy=EByp + B3| Dg= B3 + 53| D7 =By + 5y,

tEs tE tE;3t Ezs tEs t+ By +E3; T3 tE33 +E3s

Fig. 12: The transformed one-dimensional matrix

‘W1=1>(Dl W, =2xD, | Wy =3xXD, | W,=4xD, | W, =5XD; | W, =6XD; | W, =7 xD,

Fig. 13: The further weighted elements

3.0therwise, if none of the solutions contained in the

external repository dominates the new solution, then
v |::> v |::> such a solution will be stqred ir_‘\ the external
o o repository. If there are solutions in the external
& Ny S 5 repository that are dominated by the new solution,
then such dominated solutions will be removed from
Case 1 Case 2 the external repository (Case 3 and 4, in Fig. 14).

Ns E> Ns Ns E>

Table 6: Problem 8 X 8 with 27 operations (partial flexibility)

S S 5 Ns
Mi | My | M3 | Ma | Mg | Mg | My | Mg
Case 3 Case 4 011 5 3 5 3 3 X 10 9
Fig. 14: Possible case for archive controller ! 812 1(0 i(O )E() g 2 g Z g
Ox1| 5 7 3 9 8 X 9 X
Oz2 | X 8 5 2 6 7 10| 9
2 [0, X [10| X | 5 [ 6| 4| 1|7
; Oy4 | 10 8 9 6 4 7 X X
5.6 External Repository et X X1 765213
An external repository is utilized in the proposed method % 82‘2 >i 140 g g § 190 %(0 >7<
in order to reserve non-dominated solutions Whic_h are 0 04'1 3 1 6 5 9 7 8 Z
the_same fitness valug but correspond to unique pb 3 [Osp [ 1211 7 8 101 5 6 9
assignments. The function of the repository controller is Oss| 4 | 6 | 2 10 3] 957
to make a decision for whether or not certain solutions Os.| 3 | 6| 7] 8] 9] X |10] X
should be included in the archive. After completing the Os, | 10 | X 7 ) 9 3 6 X
evolutionary process in the current generation, all new 95 O, [ X | 9 | 8 | 7 | 4 | 2 | 7 | X
solutions are compared to previous results. New solutiong Os4| 11 ] 9 | X 6 7 5 3 6
which have the same characteristic-value as the solutions Og1]| 6 7 1 4 | 6 9 | X | 10
reserved in the external repository will be eliminated.| j; [ GCeo [ 11 | X 9 9 9 7 6 4
After a quick characteristic-value comparison, the Oes| 10 5 [ 9 10|11 X |[10]| X
remaining new solutions will be further assessed in before Om1| 5 | 4|1 2] 6 | 7| X ]10| X
being deposited in the external repository. The| J; [O2 | X | 9 | X | 9 |11 ] 9 [10] 5
decision-making process is as follows. O3 X | 8] 9] 3|86 | X]10
Og1 | 2 8 5 9 X 4 X 10
1.If the external archive is empty, the non-dominated Og2 | 7 4 17 8 9 [ X [10] X
solutions found currently will always be accepted Jo [Op3| 9 | 9 [ X |85 ]6 71
(Case 1, in Fig. 14). Oga| 9 | X | 3] 7|1 |]5]8]X

2.1f the new solution is dominated by any individual in
the external repository, then such a solution will be
discarded (Case 2, in Fig. 14).
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Table 7: Problem 10 X 10 with 30 operations (total flexibility)

My | Mg | Mg | Mg | Ms | Mg | M7 | Mg | Mg | M1o

Ol 1| 4 | 6| 93| 5|2 8]9]5
J | O2| 4 1 1 3 4 8 10 11 4
O3l 3] 251569510 3
O,1| 2 |10 4 [ 5| 9 | 8| 4 15| 8| 4
J | O22| 4 8 7 1 9 6 1 10 7 1
O3] 6 |11 2 [ 7 [ 5] 3 [ 5119 2
Os1| 81 5 89 4] 3538 1
Jy | O32| 9 3 6 1 2 6 4 1 7 2
O33| 7 1 8 5 4 9 1 2 3 4
Osm1| 5|10 6 | 49 517186
L[Ow2[ 4 23874698 4
Os3| 7 3 12 1 6 5 8 3 5 2
Os.| 7 |10 4 |56 | 3|5 15| 2 6
5 |[0Os2]| 5 6| 3|9 8| 286 1] 7
Os| 6 | T | 4 | 1|10 43 11|13 9
Os1| 81 9 |10 84| 2] 78] 2] 10
%[ Oe2] 7| 3|12 5[ 4369215
Oss| 4| 7 | 363 415|111
O71| 1 7 8 3 4 9 4 13 | 10 7
5[0 3 8123|6112 13] 3
O73| 5 4 2 1 2 1 8 14 5 7
Og1| 5 7 11 3 2 9 8 5 12 8
J|Os2] 8| 3|10 7 | 5|13 4 [ 6|8 4
Og3| 6 2 13 5 4 3 5 7 9 5
Og1| 3 9 1 3 8 1 6 7 5 4
J|[Oo2] 4 [ 6| 2[5 7319 6] 7
O3] 81 5 486 1231012
O101| 4 3 1 6 7 1 2 6 20 6
Jo/Ow2] 3| 1T | 8| 1|9 |4 1|4 17| 15
Owal 9] 2 [ 4 [ 2 3 [ 5[ 2 410 23

5.7 Algorithm Flow of Proposed Method

The flowchart of the proposed method is shown in Fig.
15. After initialization new chromosomes (offspring) will
be generated by either cross-over or mutation of MOGA
to generate probability tables for each operation. Both
“exploration” and “exploitation” strategies of cross-ove
are adopted for both widespread and comprehensive
searches of the solution space. Cross-over will randomly
choose two chromosomes (parents) to exchange their
information and try to generate a better chromosome.
Mutation is also introduced in preventing chromosomes
from falling into local optimal and pointing them to
explore unsearched solution space. All contents of
chromosomes, which are generated by cross-over and
mutation, will then be normalized. The fitness values are
then calculated and better chromosomes are kept. Each
chromosome will represent a unique job assignment case;
their characteristics will be extracted to rapidly compare
them with the external repository. All non-dominated
solutions are then reserved in external repository.

Initialization

—

Cross-over & Mutation

}

Normalization

!

Fitness Evaliation

Characteristic

Extraction

!

Update External
Repository

T
_—"Reach Stop __
Criteria ?

Fig. 15: The flowchart of proposed method
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Table 8: Problem 15 X 10 with 56 operations (total flexibility
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Table 9:

Problem 4 X 5 with 27 operations (partial flexibility)
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Table 10: Problem 10 X 7 with 30 operations (total flexibility)
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6 Experiments

6.1 Benchmarks of Job Shop Problems

consideration release time. It includes three sets of
benchmarks, which are 8 x 8, 10 x 10 and 15 x 10, and are
listed in Table 6 to 8. Note that the 15 x 10 problem
indicates that there are 10 available processors to perform
15 Jobs. The “X” marks present that some operations
cannot be executed on specific machines. For example, in
table 6, theO; 1 cannot be executed oM. Thus, this
operation Q1.1) can be assigned to any machines except
Me. The G-2 does take release time into consideration. It
also includes three sets of benchmarks, which are 4 x 5,
10 x 7 and 15 x 10, and are listed in Table 9, 10 and 8.
Because both G-1 and G-2 contain 15 x 10 problems, they
are listed under the same table (Table 8). The release time
is an executing constraint which limits jobs in a
benchmark to release after a few seconds. For example, a
job release time is assigned fic = 3. It means job 2 will

be released after three seconds. In other words, job 2 only
becomes available for execution after the third second.
The release times of G-2 are listed in Table 11.

Table 11: Release time of G-2

Benchmarks Release Time
4x5 r1:3,r2:5,r3:1,r4=6
ri=2,r,=4,r3=9,14,=6,rs =7,
10x 7 r6:5,r7=7,r8:4,r9:1,rlo:0

ri=51r,=3,r3=6,r;=4,r5=9,
15x 10 rg=7,r7=1rg=2,rg=9,r10=0,
ria1=14,r12=13,r13=11,r14=12,r;5=5

6.2 Experiment Results

In the experiments, two groups of benchmarks are
included to compare the performance of the proposed
method with other related works, such as MOEA-GLS
[8], hybrid PSO & SA [5] and VNGA [9]. The parameters
used in the two comparative methods are defined
according to their original settings. For the proposed
method, population size is set as 1000, cross-over rate is
set as 0.95 and mutation rate is 0.05. The stop criterions
are after 1000 generations or after 10000 solutions are
found.

1) Results of the G-1 problems: Table 12 contains the
solutions found by the three methods on the 8x8, 10x10
and 15x10 benchmarks. Note that thesYWax(Wy) and
Makespan in the results tables represent total workload of
all machines, the critical machine workload and the

In the experiments, two groups of benchmarks (G-1 andnaximal completion time, respectively. From the results,
G-2) are included. The main difference between the twothe proposed method performs significantly better than
groups of benchmarks is that G-1 does not put intothe hybrid PSO & SA in solving all benchmarks.
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Fig. 16: Part of solutions found by proposed method for G-1 problems
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Fig. 17: Part of solutions found by proposed method for G-2 problems
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Table 12: Experiments results for G-1 benchmarks

Proposed Method
Benchmark Results 8x8 10x 10 15x 10
Wig 73 | 75| 77| 77 41 42 42 43 91 93
Max (W) 13 | 12| 11| 12 7 5 6 5 11 10
Makespan 16 | 15| 16 | 14 8 8 7 7 11 11
Solutioncount | 119 24| 5 | 4 | >10° | >10° | >10° | 2680 | > 10* | > 10°
MOEA-GLS [8]
Benchmark Resultg 8x8 10x 10 15x 10
Wig 73 | 75| 77| 77 41 42 42 43 91 93
Max(Wg) 13 | 12| 11| 12 7 5 6 5 11 10
Makespan 16 | 15| 16 | 14 8 8 7 7 11 11
Solution count 1 1 1 1 1 1 1 1 1 1
Hybrid PSO & SA [5]
Benchmark Results 8x8 10x 10 15x 10
Wig 75 77 44 91
Max (W) 12 13 6 11
Makespan 15 16 7 12
Solution count 1 1 1 1
VNGA [9]
Benchmark Results 8x8 10x 10 15x 10
Wig 73 | 75| 77| 77 41 42 42 43 91 93
Max (W) 13 | 12| 11| 12 7 5 6 5 11 10
Makespan 16 | 15| 16 | 14 8 8 7 7 11 11
Solution count 1 1 1 1 1 1 1 1 1 1
Table 13: Results for G-2 Benchmarks
Proposed Method
Benchmark Results 4x5 10x7 15x 10
Wiqg 31| 32| 33 60 61 62 91 93
Max (W) 9 | 83| 7 12 11 10 11 10
Makespan 16 | 16 | 16 16 15 15 23 23
Solutioncount | 13| 10| 4 | >10* | >10* | 1097 | > 10* | > 10°
MOEA-GLS [8]
Benchmark Resultsg 4x5 10x7 15x 10
Wiq 32 33 60 61 62 91 93
Max (W) 8 7 12 11 10 11 10
Makespan 16 16 16 15 15 23 23
Solution count 1 1 1 1 1 1 1

Although it appears as if the proposed method performsvere taken into comparison. Table 13 presents the
similarly to the MOEA-GLS and VNGA on all solutions found by the two methods on the 4x5, 10x7 and
benchmarks, the proposed method can find morel5x10 benchmarks. Note that theJ Max(Wy) and
solutions. In Ho's or Zhang‘'s method, each optimal Makespan in results tables also represent total workload
solution is mapped only to one schematic. The solutionsof all machines, the critical machine workload and the
of the G-1 problems found by the proposed method areime with all jobs finished, respectively. From the results,
shown in Fig. 16. Multiple solutions were discovered by the proposed method produces better solutions than
the proposed method, but only some of them areMOEA-GLS on the 4x5 benchmark. For the other two
exhibited. benchmarks, the proposed method performs similarly to
2) Results of the G-2 problems: It was obvious from the MOEA-GLS. However, the number of solutions found
the results of G-1 problems (without release time by the proposed method greatly surpasses MOEA-GLS.
constraints), that hybrid PSO & SA cannot find solutions The solutions of the G-2 problems found by the proposed
located on/nearest to Pareto front. Thus, in this set ofmethod are shown in Fig. 17. The proposed method found
experiments, only the proposed method and MOEA-GLSa mass of solutions, but only a few are exhibited.
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The proposed method has the ability to find [7]D. Luo, S. Wu, M. Li, and Z. Yang, "Ant Colony
more/better solutions which are nearest to/located on the Optimization with Local Search Applied to the Flexible Job
Pareto set in each benchmark. Shop Scheduling Problems,” Rroc. of IEEE Conference on

ICCCAS 2008(2008) 1015-1020.
[8] N. B. Ho, and J. C. Tay, "Solving Multiple-Objective Fligke
: Job Shop Problems by Evolution and Local SeartBEE
7 Conclusions Trans. on System, Man, and Cybernetics-Part C: Application

. . . . and reviewsvol. 38, no. 5, (2008) 674-685.
In this paper, a solution characteristic extraction sgyate [9]G. Zhang, L. Gao, and Y. Shi, “A Novel Variable

is proposed to enhance genetic algorithms for ~ Neighborhood Genetic Algorithm for Multi-objective
multi-objective problems. It can significantly improve the  Fiexible Job-Shop Scheduling Problems,” isdvanced
searching abilities of chromosomes and find better Mmaterials Researchvol. 118-120, (2010) 369-373.
solutions located on/nearest to the Pareto set. Two groupgoj Flexible Job Shop Problem,
of benchmarks were adopted for testing through http://www.idsia.ch*monaldo/fisp.html
reasonable experimental conditions and the results argi1] A. Coello Coello, “A comprehensive survey of evolutag-
very reliable. The results of the experiments prove that based multiobjective optimization technique,” Knowledge
the proposed method can provide users with more and Information Systems, vol. 1, no. 3, (1999) 269-308.
solution choices to meet their requirement. [12] J. H. Holland Adaptation in Natural and Artificial Systems
University of Michigan Press, 1975.
[13] L. B. Booker, D. E. Gokdberg, and J. H. Hollar@lassifier
Systems and Genetic AlgorithmEechnical Report, no. 8,
University of Michigan, 1978.
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