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CONTROL THEORY AND APPLICATIONS

A Modified Genetic Algorithm and Its Application to the Flowshop
Sequencing Problem with Objective of Minimizing Mean Total Flowtime ¥
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Abstract: A modified genetic algorithm (MGA) framework was developed and applied to the flowshop sequencing prob-
lems with objective of minimizing mean total flowtime . To improve the general genetic algorithm routine , two operations were in-
troduced into the framework . Firstly, the worst points were filtered off in each generation and replaced with the best individuals
found in previous generations; Secondly, the most promising individual was selectively cultivating if a certain number of recent
generations have not been improved yet. Under conditions of flowshop machine, the initial population generation and crossover
function can also be improved when the MGA framework is implemented . Computational experiments with random samples show
that the MGA is superior to general genetic algorithm in performance and comparable to special-purpose heuristic algorithms. The
MGA framework can also be easily extended to other optimizations even though it will be implemented differently in detail.
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1 Introduction

Genetic algorithms (GAs) , based on the mechanism of
natural genetics/selection, are used as an adoptive
searching technique for optimization. Goldberg[l] has put
forward a survey on practical applications of genetic al-
gorithms . Although GA is considered as among the best
performing general heuristic methods, its performance is
yet not as good as special-purpose heuristic algorithm for
many problems, especially when computation time is
limited. Further improvements are needed to make it

more cost (time) effective. This paper attempts to im-

prove the GA procedure by introducing two additional
steps: a filtering step and a cultivating step. To demon-
strate effect of the modified genetic algorithm procedure,
it is implemented for a flowshop sequencing problem
with objective of minimizing mean total flowtime (com-
pletion times) . For the scheduling problem to minimize
total flowtime, heuristic algorithms have been proposed
by Gupta'?!, Miyazaki et al.!3!, Ho and Chang*' and
Rajendran'®!. Among them, Rajendran’ s algorithm is
most efficient so far.

2 The modified genetic algorithm (MGA)

* This Project is Supported by National Natural Science Foundation of China (79700006) and by National 863/CIMS of China (863 — 511 — 708 — 009) and
The Hong Kong University of Science and Technology Direct Allocation (DAJ95/96.E08) .
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2.1 The framework

When GA is used to solve an optimization problem, it
is expected to converge quickly.On the other hand, we
do not want to see pre-mature convergence ( trapped in
local optimum) . It is often difficult for the general GA
procedure to keep a good balance between the two
(computational time and solution quality). A modified
GA is proposed in this section for a better trade off be-
tween these two conflicting criteria.

The framework of the modified genetic algorithm is
described in Fig. 1.
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Fig. | Framework of the modified genetic algorithm

Two new types of operations called filtering and culti-
vating are introduced in this modified procedure. Details
of these new operations are described below.
2.2 Filtering

The filtering operation is shown in Fig.2. In the selec-
tion step of GA, solutions are selected with probability .
Although the probabilities are so assigned that good solu-
tions have better chance to be selected, there is no guar-
antee that the best solution will be selected. To increase
the chance for the optimal solution being approached
quickly, an additional step is introduced here to the GA

procedure . In this step of each generation, the two’ worst

selected solutions are filtered out before genetic opera-
tions. Their positions are filled with the best solution of
the current population and the best solution recorded so

far.
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Fig. 2 Schematic diagram of the filtering operation

Among the reasons for adding this new step are
1) according to GA convergence theorem in the general
sense, if the best solution will be held in each genera-
tion, then the GA converges to optimal solution when N
—;2) accrding to knowledge of genetic evolution, if
an excellent individual is put into population, evolution
of the population will be improved.
2.3 Cultdvating

The culfivating operafion is shown in Fig.3 . Computa-
tion shows that when a genetic algorithm keeps unim-
proved for a certain number (around 30) of generations,
then it will be difficult for the solution quality to be im-
proved 1t 1teration confinues. Theretore, we modity the
GA procedure further by introducing another additional
step (called cultivating operation) .

Best solution recorded so far

.

Local scarch method to improve the best solution

’

After improving solution is regarded as

best solution recorded so far

Fig. 3 Schematic diagram of the cultivating operation
After passing half of the maximum generation, when

the number of iterations without improving the best solu-
tion is greater than a priori fixed constant, the best solu-
tion recorded so far is improved by using one step of lo-
cal search. The improved solution will be put into next
iteration.

From the filtering operation, we know that the solution
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cultivated in this step will pass to the next generation. So
it brings new feature to the population (just like the ef-
fect of mutation ) . Therefore, if the fact of no improve-
ment for certain generations is due to pre-mature conver-
gence , the new feature may make the population start im-
proving again. We note that although cultivation and mu-
tation both diversify chromosomes in the population, cul-
tivation always improves the best solution while mutation
may improve or deteriorate the solution.
3 Computation experiments
3.1 Implementing of MGA

An MGA is implemented for our sequencing prob-
lem based on the frame work described above. In this
MGA, the representation of solutions, generation of ini-
tial solutions, fitness function, and mutation operation are
all accomplished in the same way as in the GA of [1].
Steps of two new operations are added as described in
the last section.

1) The objective formulation.

If we have processing time T'(i,j) and for job i on
e machine j, for a job permutation | J;, Jp, ", J,1 we
calculate the makespan C,, and the mean total comple-
tion time C,.,,, as follows:

c(Ji,1) = T(J,1),

C(Ji;1) = CUJiy51) + T(J;51) 0 = 2,03

C(J1,j) = C(J1j=1) + T(J1sj)sj = 2,7, n5

C(Ji»j) = max{ C(Ji.1,j), C(J;j - DI +

T(J;sj)si = 2,7 ym3j = 2, ,m.

Coen = 1/0 >, C(Ji,m).

i=1

Where m —— The number of machines; n

The
number of jobs.

2) Parameters are set.

Maximum number of generations = 1000,

Population size = 80,

Probability of crossover=0.99,

Probability of mutation=0.12.
3.2 Computational results

To evaluate the performance of the MGA, computa-
tional experiments have been done on a large number of
carefully selected representative problem instances. The
two heuristic algorithms including Ho & Chang’ s algo-
rithm, and Rajendran’s algon'thm[s] were used for com-
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parison .

Two criteria are used for the comparison and evalua-
tion —— optimality and computation time.

1) Optimality.

We used a relative optimality measurement C/C™,
where C* is the best among the results for a problem in-
stance given by the four algorithms and C is the result
for the instance given by the algorithm being evaluated.
The average optimality performances of these algorithms
against different sizes of jobs and against different num-
bers of machines are shown in Table 1 and 2
respectively .

Table 1 Average optimality performances of algorithms

with different sizes of jobs loading

Number of jobs MGA GA Rajendran Ho & Chang

50 1.0000 1.1245 1.0314 1.1547
75 1.0000 1.1445 1.0318 1.1643
100 1.0000 1.1499  1.0277 1.1761
125 1.0000 1.1601 1.0287 1.1924
150 1.0000 1.1616  1.0243 1.1870
Overall average 1.0000 1.14812 1.02878 1.1749

Table 2 Average optimality performances of algorithms

with different sizes of machines

Number of

. MGA GA Rajendran Ho & Chang
machines B B

5 UM LT 1.UZ12 1.75%

10 1.0000 1.1529 1.0302 1.1727

15 1.0000 1.1402 1.0314 1.1438

20 1.0000 1.1278 1.0324 1.1241

Overall average 1.0000 1.14812 1.02878 1.1749

2) Running time.

Table 3 and 4 show respecitvely the average running
times of the algorithms against different problem struc-
tures, different sizes of jobs and different sizes of ma-
chines. All the time shown is in seconds on a Pentium PC.
Table 3  Average computational time of algorithms with

different sizes of jobs

Number
. MGA GA Rajendran Ho & Chang
of jobs
50 62.4250 64.7750 0.3750 0.2500
75 107.4750 106.8750  0.9250 0.4250
100 166.1250 155.9000 1.9750 0.6000
125 242.3250 212.1500  3.6500 0.9000
150 338.5750 274.2500 6.1250 1.2250

(Continued on page 447)
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3 Conclusion

A new realization algorithm is proposed on the basis
of the approach for computing the transfer function ma-
trix for 2-D SGM in [3]. It is simpler and more explicit
than that in [7]. The minimum realization problem is

not discussed in this paper.
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(Continued from page 444)
Table 4 Average computational time of algorithms with

different sizes of machines

Number of
. MGA GA Rajendran Ho & Chang
machines
5 97.6200 114.6200 1.2200 0.3200
10 155.9800 147.6600  2.1400 0.5800
15 212.9800 179.5800 3.0800 0.8000
20 266.9600 209.3000 4.0000 1.0200

4 Conclusions

From the figures in the Table 1 to Table 4, we can see
that:

1) The MGA show consistent improvement over the
general GA . The average improvement of MGA is signif-
icant of 2. 878% better than that of the Rajendran’s
heuristic.

2) The computational time of all these algorithms in-
creases with increasing problem size. The running time of
the MGA and GA is directly proportional to the number
of jobs.The computational effort of the MGA is less af-
fected by the number of machines. MGA takes similar

amount of computational time with GA, while both of
them take much longer time than the heuristic algo-
rithms.
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