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Abstract- This paper presents an efficient methodology
called GENACE for solving the flexible job-shop scheduling
problem (or FJSP) with recirculation. We show how CDRs
are used to solve the FISP with recirculation by themselves
and to provide a bootstrapping mechanism to initialize
GENACE. We then adopt a cultural evolutionary
architecture to maintain knowledge of schemata and resource
allocations learned over each generation. The belief spaces
influence mutation and selection over a feasible chromosome
representation. Experimental results show that GENACE
obtains better upper bounds for 11 out of 13 benchmark
problems, with improvement factors of 2 to 48 percent when
compared to results by Karcem et al, Brandimarte and of
using CDRs alone.

Keywords- Flexible Job-Shop, Genetic Algorithm, Cultural
Evolution, Dispatching Rules.

I. INTRODUCTION

The job-shop scheduling problem (or JSP) is an
interesting scheduling problem that has been attracting
many researchers [1, 2, 3]. In the JSP, there are n jobs
and m machines, each job is to be processed on a group of
machines satisfying precedence constraints. Each
operation of a job is to be processed only on one
predetermined machine. It is well known that the JSP is
NP-hard [4]. Though the JSP has been well studied, its
application to real-world scenarios is often undermined by
the constraint of the one-to-one mapping of operations to
machines. Hence, the flexible job-shop scheduling
problem (or FJSP) extends the JSP by allowing each
operation to be processed on more than one machine.
With this extension, we are now confronted with two
subtasks: assignment of each operation to an appropriate
machine and sequencing operations on each machine. In
addition, for complex manufacturing systems, a job can
recirculate among several machines, thereby significantly
increasing the complexity of the system requirements [5].

In this paper, we introduce a methodology called
GENACE, which uses evolutionary computation to
approximate the FJSP efficiently. The general approach is
as follows: Composite Dispatching Rules (or CDRs) [6, 7]
are used to create the initial chromosomal population.
The search space in every generation is then intelligently
guided by generalizations of the individual chromosomes
that are culturally evolved from previous generations. The
aim of this algorithm is to minimize the makespan; the
maximum completion time of all operations. To examine
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the performance of our proposed method, some common
benchmarks from the research field are used.
Experimental results of comparing GENACE with [8, 9,
10, 11] show that GENACE obtains better upper bounds
for 11 out of 13 benchmark FJSPs.

The paper is organized as follows. Section Il gives the
formulation of the FJSP with recirculation. Section III
introduces recent research in solving the FJSP and some
lessons learned. Section IV describes bootstrapping with
CDRs while Section V presents a new chromosome
representation used in GENACE for solving the FISP with
recirculation. Section VI describes the cultural evolution
model of GENACE that is used for representing learned
information from previous generations; in addition, how
the belief-space model is used to adapt the genetic
operators.  Section VIl presents and analyzes the
performance results. Finally, Section VIII gives some
concluding remarks and directions for future work.

Il. PROBLEM FORMULATION

The FJSP with recirculation is formulated as follows:
e Thereare njobs J=1, 2,..., n, indexed i.

e Each job consists of a sequence of operations G;.
e There are m machines M=1, 2,... m, indexed k.

e Each operation, indexed j, can be processed on a set
of machines M.  Therefore, Oy denotes that
operation j of job i is to be processed on machine k.

e Recirculation occurs when a job can visit a machine
more than once.

e The objective is to find a schedule that has minimum
makespan.
Depending on the size of Mj, the FISP is classified into
two kinds:
e Total FJSP (or T-FJSP): M;; = M for each operation
Oj;, implies that each operation can be processed on
any one machine of set M.

o Partial FISP (or P-FJSP): M;jj ¢ M for at least one
operation Oj.
Kacem et al. [8] mentioned that the P-FJSP makes the
problem more difficult by increasing the search space and
the computation time. They divide their chromosome
representations to address T-FJSP and P-FJSP. In this
paper, we will also solve the two Kkinds of FJSP.
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However, the chromosome representation (to be described
in Section V) in our algorithm is flexible. We will be able
to use one chromosome representation to describe both
problem solution types. Therefore, the performance
results will also apply to both. We shall also assume that:

e All machines are available at time 0.
o All jobs are released at time 0.

e The order of operations for each job is predefined
and cannot modified.

I11. PREVIOUS WORKS

The canonical GA often creates a number of infeasible
chromosomes in each generation because it performs
crossover and mutation on randomly selected genes. This
leads to repairing each chromosome in order to ensure
feasible schedules. Therefore, chromosome representation
is important for successful application of the GA. If well
designed, no infeasible solutions are produced after
recombination, and the algorithm can expect to be more
efficient. To evaluate the performance of a chromosome
representation, we propose the following criteria:

e Time and space computational
recombination operations.

complexity of

e The need to maintain solution feasibility.

We will use these criteria to assess recent results from [8,
9, 12]. Mesghouni et al. [8] uses two types of
chromosome representation for the FJSP: parallel
machine representation and parallel job representation.
In the parallel machine representation, a chromosome
encodes a list of machines operating in parallel. Similarly,
parallel job representation is a list of jobs executed in

parallel. Figure 1 illustrates an example of parallel job
representation.

Job 1 (M1,0) (Ms,4) (M3,6)

Job 2 (M2,0) (My,5)

Figure 1. An example of a parallel job representation.

The chromosome representation of [9] allows crossover to
be easily performed by using row crossover and column
crossover. In row crossover, two chromosomes from the
population and one job are randomly selected.  The
machines that process all operations of the job are
unchanged. The remaining jobs with machines from the
two parents are swapped. Similarly, column crossover
keeps one column unchanged and swaps the remaining
ones. However, it needs a repairing mechanism to
recalculate the starting times for all operations. Due to the
complexity of decoding the representation, this algorithm

requires several generations to achieve near-optimal
results.

Chen et al. [12] divide the chromosome into two parts: A
string and B string. A string contains a list of all
operations of all jobs and machines selected for
corresponding operations while B string contains a list of
operations that are processed on each machine.

A-string Ou | Op .| O ... | Oun
Mo Moz | ...| Moj . Montn
B-string M, M, ™M,
Om Omz | -..| Owmm

The crossover and mutation operations are complex as the
B-string has to be checked to ensure that operations in
Ok consist only of those operations that are assigned to
machine My by A-string. Furthermore, it also needs a
repairing mechanism to maintain feasibility.

The best reported performance results so far belong to
Kacem et al. [8]. Their representation is an assignment
table. Figure 2 shows an assignment table of 2 jobs and 3
machines. An overview of their solution is as follows.

M; | Mz | M3
Oy 1 0 0
Ji O, 0 1 0
013 0 1
J, Oy 1 0 0
Oy 0 0 1

Figure 2. An example of chromosome representation in [8].

Each unit value in the assignment table maps a machine to
a corresponding operation. After using an assignment
algorithm to find a set of feasible schedules (in the form
of encoded assignment tables), they are used as an initial
population for GA. The idea of the assignment algorithm
is to assign and schedule each job one at a time.
Dispatching rules [6, 7] are used here to resolve conflicts
when more than one operation is scheduled on the same
machine. Crossover is performed easily by keeping all
the rows of one job and swapping rows of remaining jobs
between two tables. Mutation is performed by selecting
another machine that can process a chosen operation. All
schedules that are generated after applying crossover and
mutation are feasible. There is no need to repair
chromosomes. Another important feature is the
application of domain knowledge in the mutation
operation; achieved with a table which specifies
promising machines for operations to be processed on (for
instance, in terms of processing times). Unfortunately,
this knowledge is static. We have extended this feature in
GENACE so that the knowledge is culturally evolved over
each generation and further applied to the genetic
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operators (be described in Section V) as well. Another
drawback of the assignment table is its space complexity.
For instance, in the case of P-FJSP, one operation can be
processed on a subset of the machines in system.
However, a data structure of the assignment table must
necessarily describe the set of all machines.

1V. BooTsTRAPPING GENACE wiTH CDRs

We use Composite Dispatching Rules (or CDRs) to
initialize GENACE. The CDR-Bootstrap algorithm is
described in Figure 3.

1. Generate a random array of job orders J

2. Create a Gantt chart data structure G

3. Assign the first operation of each job
to appropriate machines following the
orders specified in J to G

4. Update number of running machines n

5. repeat

6. J := the job with earliest finishing

operation Ojx

7. m = machine to process Ojk

8. S := a set of machines that can
process Ojs1

9. Tfor (i := 1 to size_of(S) ) do

10. wt := waiting_time_on_machine_S(i)

11. Mext -= machine with minimum wt

12. endfor

13. if (Mhexe Is idle) then

14. Ojk+1 IS assigned to be processed on

machine Mpext IN G
15. n:=n+1
16. else
17. Add Oji1 to waiting list of Mpex
18. endif
19. if (operations on waiting list of

machine m 1= &) then

20. O = next_processing_operation(m)
21. else

22. n:=n-1

23. endif

24 _until (n == 0)
25.return data structure G

Figure 3. The CDR-Bootstrap Algorithm in GENACE

In the algorithm, O;. denotes operation k of job j.
next_processing_operation(m) selects the next
operation on the waiting list of machine m depending on
dispatching  rules (e.g. SPT, LPT or FIFO).
waiting_time_on_machine_S(i) simply sums the
processing time of the next operation plus the remaining
processing times on machine i. This algorithm assigns
each operation to the machine that reduces the overall
workload on each machine and minimizes the completion
time of all operations. It terminates when all operations
are scheduled or when all machines are idle.

The example in Table I has 2 jobs and 3 machines. Each
operation of a job can be processed on more than one
machine. The processing time on each machine is also
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predefined. For instance, operation O;; of job 1 can be
processed on machine M; with processing time 4 units and
on machine M, with processing time 5 units.

TABLE I. AN EXAMPLE OF THE P-FJSP

Ml Mz M3
Ou 4 5 XXX
J; Ou 9 2 2
O3 XXX 6 3
Jz Ox 6 5 XXX
O 3 3 5

With reference to Figure 1:

Line 1: Creates a random order of jobs: for example, J; J,.
Line 2: Assigns the first operation of the jobs to the array
of the machines based on order: J; then J,. This step is
illustrated by the following Gantt chart.

A

Machine
[ Jiob1
M, Ou [ Job2
M, O
Ms Time

012345678910 11 12

Line 4: The number of running machines n is setto 2.
Line 6 to 8: The job with earliest finishing operation, j =
1 for machine m = M, the set of machines that can
process Og,; S=4{M;, My, Mg} is computed.
Line 9 to 12: The minimum waiting time of all possible
machines {M;_ M, Mz} to process operation Oy, is found;
Mi: wt = >(processing times on waiting list of
machine 1) + processing time of Oy, on machine 1 +
remaining processing time on machine 1 =0+ 9 +0
=9.
Mz: wt = >(processing times on waiting list of
machine 2)+ processing time of O, on machine 2 +
remaining processing time on machine2=0+2+ (5-
4)=3.
Ms. wt = 2.
Minimum wt = 2 on Ms. Therefore, M3 is selected to
process Oy, as shown in the following Gantt Chart.

Machine
[ TJiob1
M, on [ Job 2
M, Ou | |
M [o
? L Time
>
0123456789 1011 12




Line 12 to 17: Selection of the next operation on machine
1’s waiting list: since there are none, M, is idle and the
number of running machines is updated to 3. The final
result is shown in Figure 4 with a makespan of 9.

. A
Mach
acnine 1 Job1
M, Oy | | O | [ Job2
M, Oz
Ms Time

»
»

012345678910 11 12

Figure 4. Final result of applying the CDR algorithm

Observe that the final result obtained depends on the
orders of job and the rules that prioritize operations in the
waiting lists (e.g. using FIFO, SPT, LPT). If we change
the order of jobs and the rules, we will obtain different
results. For instance, instead of J; J,, by exchanging the
order to J, Ji, the result will be 10 as shown in Figure 5.

Machine 4
1 Job1
M. Oy Oy [ Job2
M. Ou Oy,
M3 013 Time

012345678910 11 12

Figure 5. Alternative result by changing job orders

Consequently, we are able to create a set of random jobs
orders and apply the CDRs to construct the initial
population for bootstrapping GENACE.

V. GENACE ALGORITHM
A. Chromosome Representation

The canonical GA [13] often creates infeasible solutions
during each generation after randomized crossover and
mutation. Therefore, the effort to enforce feasibility must
tradeoff against search efficiency. There are different
kinds of chromosome representations for solving the
FJSP. For instance, Mesghouni et al. [9] used parallel
machine representation and parallel job representation,
Chen et al. [12] use A string (operations) and B string
(machines), while Kacem et al. [8] used an assignment
table. The representations of [9] and [12] have to be
adjusted for feasibility, while in the tabular representation
of [8], rows present all operations of jobs and columns
present all machines. The latter is not suitable for some
P-FJSP in which an operation is only processed by a small
subset of all machines. In this paper, we introduce an
effective chromosomal encoding of the FISP to ensure

feasible solutions that are invariant under crossover and
mutation. Theoretical and empirical perfomance results
[14] have show favourable support. Another design
objective is to facilitate the learning of good schemata in
order to modify the cultural belief space (to be discussed
in Section V.C. and Section V.D.). Our chromosome
representation has two parts:

e Operation order part. We adopt the operation order
representation from Ramiro et al. [15]. Consider the
problem in Table I. Job 1 has 3 operations
011,015,013; job 2 has 2 operations Oy; ,0,. One
possible schedule could be (O, O1; Oz Op; Ogs),
where Op, is the operation of job m with order n. An
individual is obtained from this schedule by
replacing each operation by the corresponding job
index; giving the result (2 1 2 1 1). This encoding
prevents the creation of infeasible schedules.

e Machine selection part. We use an array of binary
values to present machine selection. For the problem
in Table I, one possible encoding of the machine
selection part is shown in Figure 6.

Oun O Ois On

Oz
M MM MM MMM MM M M
of1jo0fO0]J1]J1]JO0]JOf[1]O0f1

o

Figure 6. Machine selection part

A unit value denotes machine selection while 0 denotes
non-selection. For example, M, is selected to process O;;
because the value in the M, is selected. Only one machine
can be selected per operation. For example, operation O,
can be processed on 3 machines M;, M,, M3, so the valid
values are 001, 010 or 100. This demonstrates a FJSP
with recirculation if more than one operation of the same
job is processed on the same machine. For instance, Oy
and O;3 belong to job 1 and they are processed on the
same machine M,. Ow

Jobl%

B. Computing the makespan

Figure 7 gives the algorithm for computing the makespan
from a given chromosome. A left-most time gap is
detected between two operations processed on the same
machine so as to insert a new operation where possible
(line 9 to line 13). In the algorithm, m is the length of
operation order, operation_order(i) returns the
index of the job at position i in operation order,
operation_index(jJ) returns the index of the operation
of job j, get_machine_index(j ,k) returns the index of
the machine performing Oy, get_processing_time(J,
k, 1) returns processing time of Oj; on machine I and M is
a set of machines in the scheduling problem.

1762



1. for (i:=1 to m) do
2. J = operation_order(i)
3. k = operation_index(j)
4. 1 := get_machine_index(j, k)
5. p := get_processing_time(J, k, I)
6. L := set of operations were
processed on machine 1
7. middleList := false
8. for (i:=1 to size_of(L)-1 ) do
9. it (p <= the time between
L(i) and L(i+1)) then
10. insert operation k between
L(i) and L(i+1)
11. middleList := true
12. break
13. endif
14. endfor
15. if (ImiddleList) then
16. insert operation k into the end of L
17. endif
18. endfor

19. max:= maximum Finishing time of a
machine in a set of machine M
20. return max

Figure 7. Makespan Computation Algorithm

The algorithm is applied to the example in Figure 8. Oy
finishes at time t and the next operation O, is to be
processed on M; for 3 time units. The Makespan
Computation Algorithm can detect the left time gap
between Oj; and O, (ie. 4 units). The left time gap is
equal or greater than processing time of O;,. Therefore,
Oy, is inserted to this period. The result is in Figure 9.

Machine

4 4 units left:
M, Oz |02
M, Ou
Time
M; O
0 -1t t+4
Figure 8. Insert O;, to machine M;
Machine
A
M, | Oa | O | 0z |
M, Ou
Time
M; Oy
»
»
0 -1t t+4

Figure 9. Result after inserting Oy, to machine M,

C. Learning from the problem domain

We use cultural evolution [16] to preserve beliefs of
effective schedules that contain good schemata from each
generation. In a cultural-based GA (or CGA), domain
knowledge is used to represent, store and transmit
knowledge from one generation to the next. It helps to
reduce the search space by pruning useless parts and
promote desirable parts. CGA models such “cultural
influences’ through two spaces; population space and
belief space. The population space is implemented by an
extended GA, in that it uses belief-revised! operators of
selection, crossover and mutation, while the belief space
models the behavioral traits of the current population.
The application of the belief-space model is similar to the
memories of the Tabu Search [2] in which the good
features of previous solutions are used to influence current
solution. Based on the new representation of chromosome
for the FJSP (as described in Section V.A.), we now
present the GENACE method of integrating CDRs into a
CGA.

Belief space
Adjust belief space
i\

Operations
N

~N

e

Population space

Create initial solution
by dispatching rules
)
v
| Selection

Accept

| Influenge

| Crossover |

| Mutation |

vy

Figure 10. GENACE Model for Integrating CDRs into a CGA

Figure 10 gives the overall control-flow of GENACE.
The belief space contains the possible schemata that can
be produced over generalizations on population space. In
our algorithm, we divide it into two parts: operation belief
space and chromosome belief space. The Population
space is implemented by an extended GA.

Good schemata are selected after a predefined number of
generations and are used to modify the belief space so as
to improve the search. The current state of the belief

! A simplified version of nogood subsumption [17].
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space is then used to modify the performance of current
individuals in the population by using belief revisioned
selection and mutation operators.

Learning from machine allocations

We saw how the CDR-Bootstrap algorithm enables
GENACE to find a good schedule by finding the most
suitable machine that can process an operation. In order
to improve the mutation operation to find a suitable
machine, we control it by using an operation belief space.
The operation belief space (or OB-Space) contains a set of
possible machines to process an operation of a job. It must
therefore represent a constraint that will help the mutation
operator to create a fitter chromosome. The OB-Space is
updated after k generations by a set of n best
chromosomes in the k™ generation (k and n are two
predefined parameters). The structure of the OB-Space is
an array of bits. Figure 11 shows the construction of the
OB-Space for the example in Table I.

Oun O O Oxn

O»
MMM M MMM MM MMM
i{ofojJ1)1|of1]joj1]1]1

o

Figure 11. Example of an Operation Belief Space

Consider operation O;,. It can be processed on machine
M; within 9 unit times, machine M, within 2 unit times or
machine M; within 2 unit times. The unit values at
column M, and M; indicate that M, (2 unit times) or M3 (2
unit times) can be selected to process O;, to create a
shorter schedule rather than select M (9 unit times).

Learning from effective schedules

The schemata theory [18] implies that building blocks are
used to create good chromosomes which derive from bit
patterns in the schemata. Consider the schemata of a
binary coding: 11*10*. Four chromosomes can be
instantiated: 110100 and 110101, 111100, and 111101.
We use a similarity template when performing crossover
on these chromosomes; as a result, chromosomes with
enduring characteristics of higher fitness are more likely
to be reproduced into the next generation. Hence, a
chromosome belief space (or CB-Space) is constructed
with a list of m good chromosomes from the initial
population (see Figure 12).

1. for (i:=1 to number of generations) do

2. if ( (i mod k) == 0) then

3. quicksort(current_population);

4. update(current_population,
chromosome_belief_space, n);

5. end if

6. end for

Figure 12. CB-Space Updating Algorithm

The CB-Space is updated after k generations by a set of n
good chromosomes from the current generation using an
elitist strategy.

In order to inherit the similarity template of these
chromosomes and influence the current population; after
each generation, a predefined number of good
chromosomes in current generation are selected. Then,
each selected chromosome is compared with the
chromosomes in CB-Space, two chromosomes with the
highest similarities in CB-Space are copied to the current
generation.

D. Designing the GA

In the GENACE algorithm, the representation of the
chromosome has two parts. Therefore, crossover has to
be performed on each part of the chromosome.

o Operation order: using 2-point crossover [15].

e Machine selection: two random numbers (for two
loci) are selected: 2 <rg, r, < (I - 1), (I is the length of
machine selection part). Two partial parts the
parents between the two loci are exchanged.

Similar to crossover, mutation is also performed on two
parts of a chromosome.

e Operation order: two random numbers are selected:
2<ry, rp < (1 - 1), (I is the length of operation order
part). The values in substring in between two
positions are inverted.

o Machine selection: the mutation operator performs in
this part is influenced by the OB-Space. The
procedure of this influence is presented in Figure 13.

The new chromosome representation always produces
feasible schedules when performing crossover and
mutation operations. As there is no need to repair the
schedules, overall computational costs can be reduced.

1. for ( i:=0 to number of operations) do
2. Read machine M that processes operation
i in machine selection part;
3. Refer to operation belief space
to know possible machines can
process this operation;
4. if (there is one possible machine and
this machine is equal to machine M) then

5. Do not change machine that processes
this operation;
. else
7. Select randomly one of possible
machines except machine M;
8. end if
9. end for

Figure 13. Influence of OB-Space on Mutation
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The characteristics of the initial population will determine
the diversity of promising subspaces in our search for
optimality. In GENACE, we maintain diversity of the
first generation by creating a half of it randomly and the
remaining half by CDRs.

V1. EMPRICAL RESULTS

We apply GENACE to solve some benchmark problems
presented in literature. Two sets of sample problems are
used: test sample 1 is the T-FJSP instances taken from [8,
9, 10] and test sample 2 is the P-FJSP instances taken
from [8, 11]. Though partial flexibility makes the
problem more difficult [8], the performance of GENACE
is not affected because the chromosome representation for
partial flexibility and total flexibility are the same. The
GENACE algorithm was implemented in C++ on a
Pentium IV running at 2 GHz and experiments described
below were the best results selected after 5 runs.

Through experimentation, the parameter values are chosen
as follows: population size: 100, crossover probability
0.75, mutation probability 0.3, number of generations 200,
chromosome belief space size 10, number of generations
to perform learning 5, number of chromosomes in current
generation that influence the chromosome belief space 5,
number of chromosomes in current generation that
influence the operation belief space 10.

A. Test Results |

Figure 14 below shows the result when applying the
GENACE algorithm for solving the 10 jobs by 10
machines T-FJSP taken from [8, 9]. It obtains the optimal
result of 7 time units after 20 generations (or 0.11
seconds). This result was also obtained by Mesghouni et
al. [9], but only after 1500 generations. After 20
generations, the mean makespan reaches equilibrium.

machines of each instance; the next four columns give the
results of applying the corresponding algorithms to solve
instances in first column and the last column is the
deviations between [10] and the GENACE algorithm (
((2™ column — 4" column)/ 2" column) * 100%). The
results indicate that our algorithm outperforms the
algorithms of [10] and those of applying CDRs alone.

TABLE Il. MAKESPAN OF 4 T-FJSP INSTANCES

JobxMach K;}C‘ETO? CDR | GENACE | Improve
4x5 16 11 11 31.25%
10x7 15 13 12 20%

10x10 7 9 7 0%
15x10 23 12 12 47.82%

=
o

ﬁL_\ ________

=« CDR
e GENACE

Makespan

B. Test Results |1

Figure 15 below shows the result when applying the
GENACE algorithm for solving the 8 jobs by 8 machines
P-FJSP from [8]. It gains the optimal result 14 unit times
after 28 generations (or 0.3 seconds).

16.5

16 — e — — — —

15.5 4
g
S 15 = =CDR
% 145 ———GENACE
=

14 4

13.5

13

1
Generation

Figure 15. Results of 8 jobs by 8 machines P-FJSP

Table 1l below gives the results of applying the
GENACE algorithm to solve the 9 P-FIJSP problems taken
from Brandimarte [11].

TABLE IIl. MAKESPAN OF 9 P-FJSP INSTANCES

OFr N W AU O N O ©
P T S S

1 10 19 28 37 46 55 64 73 82 91 100

Generation

Figure 14. Results of 10 jobs by 10 machines T-FJSP

Table 1l shows the comparison between the results of
applying CDRs alone, GENACE and Kacem et al. [10].
The first column is the number of jobs and the number of

Name Size Bran[(illr?arte GENACE | Improve
Mkl 10x6 42 41 2.38%
Mk2 10x6 32 29 9.37%
Mk4 15x8 81 67 17.28%
Mk5 15x4 186 176 5.37%
Mk6 10x15 86 68 20.93%
Mk7 20x5 157 148 5.73%
Mk8 20x10 523 523 0%
Mk9 20x10 369 328 11.11%
MKk10 | 20x15 296 231 21.95%
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The first and second columns give the problem
specifications; the next two columns give the results of
applying corresponding algorithms and the last column is
the deviations of [11] and the GENACE algorithm (((3"
column — 4" column)/ 3™ column) * 100%). The results
indicate that the GENACE algorithm outperforms
Brandimarte’s approach in 8 out of 9 problems.

VII. CONCLUSION

In this paper, we proposed an efficient methodology to
solve the FJSP with recirculation. First, we introduce how
CDRs are used to solve the FJSP and provide a
bootstrapping mechanism to initialize GENACE. Next,
we apply cultural evolution to maintain knowledge of
schemata and resource allocations learned over each
generation. The belief spaces in turn influence mutation
and selection of individuals. As the results of crossover
and mutation always maintain solution feasibility, a repair
process is avoided and hence computation time is reduced.
Experimental results show that GENACE obtains better
upper bounds for 11 out of 13 benchmark FIJSP problems,
with improvement factors of 2% to 48%. It validates the
‘no-free lunch theorem’ [19] that knowledge of the
problem domain can help the search process to get better
results.

In this paper, we have assumed that all machines are
available at time 0 and all jobs can be processed at time 0.
However, in practice, each job always has a release date
and a due date, each machine may not be available at time
0 and machines need to be maintained. Therefore, the
immediate future will focus on extending this method to
solve FJSPs with additional constraints such as jobs with
release and due dates, machines are unavailable at time 0
and maintenance schedules.
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