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Abstract

In this paper, a tabu search algorithm with a new neigh-
borhood technique is proposed for solving flow shop
scheduling problems. An idea obtained from a simu-
lation study on the adaptive behavior of a fish school is
used to determine the neighborhood search technique.
The cooperation and the diversity of job data are de-
fined for describing the data structure by using the
given information. According to the definitions, job
data are classified into four kinds, and two kinds of
them are treated in this paper. A large number of com-
putational experiments are carried out for investigating
how to assign the local effort and the global effort under
a limited search time. The result shows that the allo-
cation of the local and the global effort depends on the
job data characteristics, such as cooperation and diver-
sity. The validity of the tabu search algorithm is exam-
ined by comparing it with the genetic algorithm. It is
found that the proposed tabu search algorithm has bet-
ter convergence and much shorter computational time
than the genetic algorithm.

1 Introduction

As useful tools for solving discrete optimization prob-
lems, local search techniques are used widely. Since an
original local search is easily trapped in a local mini-
mum, some local search algorithms have been presented
for improving the local search techniques. Simulated
annealing method has the advantage that it can leave a
local minimum [1]. But a disadvantage is that it is pos-
sible to get back to solutions already visited. A method
which seeks to avoid the disadvantage is the tabu search
first presented by Glover [2]. Anyone who uses local
search techniques must come across the following prob-
lems; which neighborhood should be selected? What
should be used as a search algorithm? If you process
the schedule of a large-scale complicated problem with
a limited search time, you should know how to assign
the local effort and global efforts. This paper deals
with these problems by using an idea obtained from a
simulation study on adaptive behavior of a fish school.

As we know, ecological systems can adapt themselves to
the dynamic environments and the adaptability varies
with the system characteristics such as cooperation and
diversity. As examples of ecological systems, two kinds

of fish school models were proposed for investigating
the adaptive behavior [3,4]. The simulation results
showed that the adaptability of a fish school to en-
vironmental variations depends on the school charac-
teristics, such as the cooperation and diversity of the
school. A fish school with high cooperation and low di-
versity can adapt itself to the environmental variations
flexibly when each individual interacts with a half of
neighboring individuals in the school. By doing that,
the school can adjust its cooperation and the diversity
to the environment. On the other hand, a fish school
with low cooperation and high diversity can adapt it-
self to the environmental variations flexibly when each
individual interacts with almost all of other individuals
in the school.

The idea was used to define a neighborhood of the solu-
tion in a local search (LS) which was applied to parallel
machine scheduling problems [5]. The computational
results showed that the reasonable assignment of the
local effort and global efforts depends on the structure
of job data. For the cooperative and homogeneous data,
a suboptimal solution is easy to be found by decreasing
the local effort and increasing the global effort. For the
repulsive and heterogeneous data, a suboptimal solu-
tion is easy to be found by increasing the local effort
and decreasing the global effort. Both of them were
examined in the case where the total number of search
points is limited.

Many production scheduling problems in real world are
dynamic and with a limited capacity. Therefore, opti-
mization methods are required to have a high degree
of adaptability to variable environments and a quick
search function under a limited search time. In this
paper, a tabu search algorithm (TS) with a new neigh-
borhood search technique is proposed for solving flow
shop scheduling problems. The idea obtained from the
simulation results of fish school models is used to deter-
mine the neighborhood search technique. The measures
of cooperation and diversity of job data are defined
roughly for describing the data structure. According to
the definitions, job data are classified into four kinds.
Two kinds of them, the cooperative and homogeneous
data and the repulsive and heterogeneous data are used
to discuss the relationship between the structure of job
data and the size of neighborhood. A large number of
computational experiments are carried out for this pur-
pose. In addition, the proposed TS is compared with
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Figure 1: Variation of average value T, of escaping
time from the trap with the value of M

the genetic algorithm (GA) for examining the validity
of TS. Consequently, it is observed that the proposed
TS has better convergence and much shorter CPU time
than GA.

2 Simulation of Fish School Models

In our earlier papers [3,4], fish school models as the
examples of ecological systems were proposed for in-
vestigating the adaptive behavior of a fish school in
a water tank with setting a small box-shaped trap in
it. Two typical kinds of fish schools called Bitterling
and Tilapia were used in the study and the model pa-
rameters were estimated by using the time series data
obtained from the water tank experiments. The char-
acteristic of Bitterling is that each individual in the
school has almost same model parameters and the re-
pulsive force among individuals is small. Therefore, it
is called a cooperative and homogeneous model. On
the other hand, the characteristic of Tilapia is very dif-
ferent from that of Bitterling, namely, each individual
has different parameter values and the repulsive force
among individuals is very strong. Therefore, it is called
a repulsive and heterogeneous model.

A simulation study on the adaptive behavior of a fish
school was carried out by using the two kinds of fish
school models. A small box-shaped trap with three
sides of walls is set in the water tank and fish can enter
and go out freely from one open side of the trap. The
number of individuals in both fish schools is set to be
Ny = 20. The adaptability is defined in such a way that
a fish school can escape from the narrow trap as rapidly
as possible. In our model we assume that each individ-
ual makes an information exchange with M neighboring
individuals in the school. The simulations were carried
out by varying a control parameter M from 3 to 19.
Figure 1 shows the variation of the average value T, of
escaping time from the trap for the two fish school mod-
els. It is found from the cooperative and homogeneous
model (Bitterling) that T, takes a smaller value when
M = N;/2 and T, increases obviously when M takes a
larger value than that. However, for the repulsive and
heterogeneous model (Tilapia), T, decreases with M in-
creasing and the smaller value of T, is obtained when
M takes a large value. In other words, a high degree

of adaptability to environmental variations depends on
the quantity M of information exchange which can be
adjusted according to the characteristic of a fish school.

3 Tabu Search Algorithm

A TS with a new neighborhood search technique is pro-
posed for solving flow shop scheduling problems. A
good deal of enlightenment is obtained from the simu-
lation study of the fish school behavior and is used in
the allocation of the local effort and the global effort as
well as in the neighborhood search technique.

3.1 Flow shop scheduling problems

The flow shop problem is a general shop problem in
which for every i € {1,2,--- N}

e cach job J; consists of H operations O;; with pro-
cessing time p;; (j = 1,---, H) where O;; must be
processed on machine Mj,

e there are precedence constraints of the form O;; —
O;jt1 (j=1,---,H —1) for each job J;,

e cach job has a due date d;, and each machine has a
same job order m = {J;; Ji, -+ Jiy}-

The objective function is to minimize the sum of the
tardiness of each job. Let s;; and ¢;;(= s;; + pij) be
the start time and the completion time of operation O;;
in job J; processed on machine M, respectively, then
the objective function is given by

N
Z(r) = max(cig — d;,0) (1)

i=1

The problem is to find a job order « so that the objec-
tive function reaches a suboptimal value.

3.2 Cooperation and diversity of job data

In production process planning, it is considered that
the neighborhood search techniques depend on the data
structure. We are concerned with the structure of job
data, such as the processing times of operations and
the due dates of jobs. In this section, the definitions of
cooperation and diversity are given for describing the
data structure as follows.

Definition 1 The measure of cooperation feoop for job
data {p;;,d;; i =1,---,N, j=1,---,H} is given by

fcoop = /J.fdue + (1 - u)fdiff (2)

where p (0 < p < 1) is the weight of fgue and p = 0.5
is set in this paper. fg,. expresses the divergence of the
due date distribution, and fg;rs expresses the average
value of normalized slack times which are given by

fdue = Ud/d (3)

LN H
faify = N z;(di - z;pij)/di (4)
i= j=
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Figure 2: The distribution of two kinds of job data
x shows the values of fcoop and fgi of the
data treated in Tables 1 and 2 in Section 4

where d and o4 are the average value and the standard
deviation of {d;}, respectively. A job data with a large
value of fcoop is called cooperative, and otherwise, it is
called repulsive.

Definition 2 The measure of diversity fg;, for job data
{pij,di; i=1,---,N, j=1,---,H} is given by

fdiv = U;D/I3 (5)

where p and o, are the average value and the standard
deviation of {p;;}, respectively. A job data with a large
value of fg;, is called heterogeneous, i.e. of a high di-
versity, and otherwise, it is called homogeneous.

According to the above definitions, job data are classi-
fied into four kinds, of which two kinds of data as shown
in Figure 2, the cooperative and homogeneous (COSM)
data and the repulsive and heterogeneous (RPDF) data
are treated in this paper. The boundary of each kind
of data will be determined in Section 4.

3.3 Main algorithm

We define the total number of search points as L, the
size of neighborhood as K and the maximum iteration
number as t* = L/K. It is very important how to as-
sign the local effort K and the global effort ¢* in tabu
search. A concept of negotiating procedure is described
by swapping two jobs in 7; one is selected randomly as
a negotiator, and the other is a job belonging to the
neighboring set of the negotiator which is mentioned
in Section 3.4. A negotiator list A and a tabu list T
are embedded in the tabu search algorithm for avoid-
ing overlapping local searches and reducing unnecessary
computational efforts. They are given by

A ={J;] J; is a job selected randomly as a (6)
negotiator in the negotiating procedure}

T = {{J;, Ji} | By swapping J; and Ji in 7,
the best job order is selected from (7)
the number of negotiating procedures}

Both A and T are temporary sets, A = ¢ when the job
order is changed, and T" = ¢ when the solution is im-
proved. In addition, when the number of elements in A

is equal to the total number of jobs, i.e. |A] = N, the
search procedure will be stopped automatically. Be-
cause |A| = N means that any job was as a negotiator,
and the negotiating procedure was not able to improve
the solution. Consequently it is not necessary to con-
tinue the search.

ALGORITHM (TS)

Stepl: t « 1 as an iteration number;

Step2: Generate an initial job order 7'~! by arrang-
ing the jobs in the order of due dates d; (i =
1,---,N), and obtain the objective function
Z(m'h);

Step3: Let A =T = ¢;

Step4: If |A| < N, then select randomly a job J; ¢ A as
a negotiator, let A +— AJ{J;} and go to Stepb;
otherwise, go to Step§;

Step5: Determine the neighboring set S(J;) of the ne-
gotiator J; and the number of elements in S(.J;)
is K which is described in Section 3.4. Generate
K job orders 7, € N(m'~!) by swapping J; and
J.eS\h) (k=1,2,---,K);

Step6: Select the best 7! so that Z(7') = min{Z(mx)}
with respect to m, € N(xt=1). If Z(x') <
Z(r'=1), then 77! « 7t and A = T = ¢, go
to Step8; otherwise, go to Step7;

Step7: When Z(n') = Zw'~1), if the selected job pair
{JiyJp } € T, then 0=t «— 7t T — T J{J;, i }
and A = ¢;

Step8: If t = t*(= L/K) or |A| = N or Z(x') = 0, then
the solution obtained from Step6 is adopted as
the suboptimal solution and stop the computa-
tion. Otherwise, set t «+ t+ 1 and return to Step
4.

3.4 Definition of neighborhood

The determination of neighborhood depends on the
problem under consideration. Construction of an effi-
cient neighborhood function leads to a high-quality lo-
cal optimal solution and then it is one of the challenges
in local search technique. No general rules are avail-
able and each situation has to be considered separately
[6]. In this paper, a kind of neighborhood function is
proposed based on the idea obtained from a simulation
study on adaptive behavior of fish school models.

At first, a neighboring set S(J;) of job J; mentioned in
Stepb of ALGORITHM (TS) is defined as follows.

For the operations on machine M; we define the dis-
tance between J; and any other job Ji as

for cp1 < 51
for Ci1 S Sk1 (8)

Si1 — Ck1
Sk1 — Gl
k#4 k=1,2,--- N

Oik =

Then we have

S(Jz)—{,]k | k;él kJE{k‘l,kg,~ kJK} ik (9)
1=1,2,---,K) are the least K values of o}

When o;; = o (j # k) in Eq.(9), select one job from
jobs J; and Jj randomly. Figure 3 shows an example
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Figure 3: The neighboring set S(J4) of job J4

of the Gantt chart for (N, H) = (8,3) and K = 5. Let
J4 be a negotiator, then the neighboring set of Jy is
given by S(J4) = {Js, J1, J7,J5, Js}. Then, in order to
improve the efficiency of the exploration process, the
negotiating procedure is carried out by swapping job J;
and J, € S(J;), k = k1,ka,--,kx on every machine.
If we select the best job order at the last iteration ¢ — 1
as =1, then the neighborhood N(7'~1) is generated
by the K times of swaps which is given by

N(7'™') = {m | the job order 7, is obtained from

7'~ by swapping J; and Jx; k = k1, k2, -+, kx} (10)

The question is how to determine the size of the neigh-
borhood K. A large number of computational experi-
ments show that the parameter K depends on the struc-
ture of job data, such as the cooperation and the diver-
sity which is discussed in Section 4.

4 Computational Experiments

The proposed TS is applied to flow shop scheduling
problems. Computational experiments are performed
by using ALGORITHM (TS). We treat two kinds of
data in this paper, COSM data and RPDF data as
shown in Figure 2. The number of jobs is set to be
N = 50 and the number of machines is set to be H = 5.
The value K is changed from 15 to 49. The total num-
ber of search points are set to L = 4000, L = 6000 and
L = 25000, respectively, for various experiments. Then
the maximum iteration number is t* = L/K which
varies with K.

In order to find the boundary between COSM data and
RPDF data, more than one hundred of job data are gen-
erated randomly and adjusted to be 0.25 < feoop < 0.75
and 0.1 < fgi < 0.8 by using the Definitions 1 and 2.
By using the proposed TS, each data is run 50 times by
changing random number and the average values are
calculated for each K (€ [15,49]). The results show
that the best size of neighborhood is obtained from
K > 20 for all the job data and varies with the cooper-
ation and diversity of job data. The best value of K is
summarized to be in two regions such as K € [20, 35]
and (35,49].

The set of job data is divided into the following five

Nk (%)
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Figure 4: Variation of the rate Nx with K for the
data divided into five subsets (L = 6000)
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Figure 5: Variation of the rate Nx with K
for Data 1 and Data 5 (L = 6000)

subsets according to the values of feoop and fyi.

Data 1: feoop < 0.45 and fgi, > 0.35;
Data 2: feoop = 0.45 and fgi,, = 0.35;
Data 3: feoop = 0.5 and fg;, = 0.35;

Data 4: feoop =2 0.55 and fg;, = 0.35;
Data 5: feoop > 0.55 and fq;, < 0.35

Figure 4 shows the computational results of the five
subsets when the total number of search points is set
to be L = 6000. The horizontal axis expresses the sub-
set number for each region of K. The vertical axis
expresses the variation of N in each subset, where

Number of data getting the best solution at K
The total number of data
(11)

It is found from Figure 4 that the best solution of K
lies in K € [20, 35] for more than 80% data in Data 4
and 5 and it lies in K € (35,49] for more than 70%
data in Data 1 and 2. However, the same value of Nk
is found from Data 3 for both K € [20,35] and K €
(35,49], which indicates that feoop = 0.5 and fginy =
0.35 are considered to be the boundaries of cooperation
and diversity, respectively. Therefore, COSM data are
defined as feoop > 0.5 and fgi < 0.35, RPDF data are
defined as feoop < 0.5 and fg, > 0.35.

Nk =

Figure 5 shows the variation of the value of Nx with



the size of neighborhood K for Data 1 (RPDF data)
and Data 5 (COSM data). It is observed from Fig-
ure 5 that for the COSM data, the suboptimal solution
tends to be found when K takes a middle value of job
number. On the other hand, for the RPDF data, the
suboptimal solution tends to be found when K takes a
larger value. This phenomena are similar to those ob-
tained from the simulation results of fish school models
as shown in Figure 1 [3,4] and the computational results
of parallel machine scheduling problems [5].

Going to a step further, in order to examine the rela-
tionship between the size of neighborhood K and the
structure of job data, the computational experiments
are performed by using two kinds of data as shown by
x points in Figure 2. The total number of search points
is set to L = 4000, L = 6000 and L = 25000. The opti-
mal solution Z,,; is obtained when L = 25000 for each
data. We calculate the difference Zdiff = — Zopt,
where Z is the average value of N, suboptimal objec-
tive functions and N, = 350 for the COSM data and
N, = 300 for the RPDF data. As mentioned in Section
3.3, the proposed TS has a function such that the com-
putation can stop automatically when |A| = N. In this
sense, it is considered that the solution process has con-
verged for such a case. The rate of convergence among
all data is expressed by Rcony-

Table 1 and Table 2 show the difference Zy; ¢¢ and the
rate Reony Of convergence for the COSM data and the
RPDF data, respectively. It is observed from Table
1 that for COSM data, in the case of L = 4000, the
smaller value of Zgy; 7# is obtained when 20 < K < 35
and the value of Zy; ¢# increases obviously when K >
40. In the case of L = 6000, the smaller value of
Zdiff is obtained when 25 < K < 40 and the value
of Zy; t7 increases obviously when K > 45. In the case
of L = 25000, even though Ry, = 100 for each K, the
smaller value of Zgy; tf is obtained when K > 35 and
the smallest value of Zg; ¢# is obtained when K = 35.
On the other hand, it is observed from Table 2 that for
RPDF data, the value of Zg; 1# decreases obviously with
K increasing and the smaller value of Zgy; t7 is obtained
when K > 45 for all the cases of L.

The COSM data has almost same processing times and
a large difference in due dates. In this case the due
date is more important than the processing time for
searching an optimal solution. If the size of neighbor-
hood K is enlarged, the two jobs with large difference
in due date are swapped, which results in a large value
of tardiness because of the low diversity of the pro-
cessing times. In addition, the unnecessary local search
leads to reduction of the global search and consequently
many search efforts become invalid in the case where
the total number L of search points is limited. There-
fore, for the COSM data, a better suboptimal solution
tends to be obtained by decreasing the local effort up
to %N < K< %N and increasing the global effort ¢*
under a limited total number L of search points.

On the other hand, the RPDF data has small differ-
ence in the due dates and large difference in the pro-
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Figure 6: Comparison of the convergence process
between TS and GA for COSM data
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Figure 7: Comparison of the convergence process
between TS and GA for RPDF data

cessing times. In this case both the due dates and the
processing times play an important role for searching
an optimal solution. Thus, even though the size of
neighborhood K is enlarged, we do not have too large
difference in due dates between two swapped jobs and
also the tardiness can be adjusted by high diversity in
the processing time. Therefore, for the RPDF data, a
better suboptimal solution tends to be obtained by in-
creasing the local effort up to K > % and decreasing
the global effort ¢* under a limited total number L of
search points.

To examine the validity of TS, it is compared with a
standard genetic algorithm (GA) with crossover prob-
ability P. = 0.5 and mutation probability P, = 0.01.
The population size is set to be P = 200 and the max-
imum number of generation (or iteration) is set to be
t* = 25000 in GA. Therefore, the total number of search
points is L &~ P x (P.+ P,,) x t* = 2550000 for GA. For
the TS, we set the total number of search as L = 25000.
We treat two kinds of data and K = 35 and for the
COSM data and K = 49 for the RPDF data. Table
3 shows the average Z,,: of the suboptimal objective
value and the average of the computation time for each
kind of data. It is found that the suboptimal solution
obtained by TS is little worse than that obtained by
GA, but the CPU time for TS is much shorter than
that for GA because of the function of stopping auto-
matically in TS.

Figure 6 and Figure 7 show the convergence process
of an example case for TS and GA, respectively. The



Table 1: Variation of suboptimal objective value with K for COSM data

L K 15 20 25 30 35 40 45 49
4000 | Zgiry |334.9 186.5 167.8 144.1 195.4 251.5 249.0 318.2
Reonu(%)| 56 18 5 19 03 03 0 0
6000 | Zagipy [298.9 177.5 104.6 43.7 71.8 56.8 134.7 128.2
Reonu(%)| 96 82 46 21 10 29 20 0.6
25000 Zgipp |300.9 153.5 65.3 51.0 0.0 105 5.5 7.1
Reony(%)| 100 100 100 100 100 100 100 100

Table 2: Variation of suboptimal objective values with K for RPDF data

L K i5 20 25 30 35 40 45 49

4000 | Zairs |4923.0 3552.7 2717.4 2098.1 1689.7 1673.6 1356.7 1433.3
Reono(%)| 17 23 0 0 0 0 0 0

6000 | Zair; |4630.1 3066.9 2210.7 1499.6 1138.5 947.2 758.7 743.1

Reony(%0)| 75 42 16

4.7 0.3 0 0 0

25000 Zaiss

4503.5 3084.2 1915.4 1095.8 674.4 427.6
Reono(%)| 100 100 100

89.6 0.0
100 100 100 100 100

Table 3: Averages of the suboptimal objective value
and the CPU time

COSM data RPDF data
Zopt  Time (sec.)| Zope  Time (sec.)
GA|12389.89  295.28 |84720.11 318.87
TS | 12439.72 0.79 84996.46 0.87

horizontal axis expresses the iteration number t < t*
and the vertical axis expresses the objective value. It is
found that TS can reach its suboptimal solution much
faster than GA for both kinds of data.

5 Conclusion

A tabu search with a new neighborhood technique has
been proposed for solving flow shop scheduling prob-
lems. An idea obtained from a simulation study on
the adaptive behavior of a fish school has been used in
the neighborhood search technique. The definitions of
cooperation and diversity of job data have been given
for describing the structure of job data. According to
these definitions, job data have been classified into four
kinds, of which two kinds of data, a cooperative and
homogeneous data and a repulsive and heterogeneous
data have been discussed in this paper.

A large number of computational experiments show
that the quality of the suboptimal solution critically de-
pends on the size of the neighborhood. For the cooper-
ative and homogeneous data, when %N <K< %N ,a
better suboptimal solution tends to be obtained, and for
the repulsive and heterogeneous data, when K > 19—0N ,
a better suboptimal solution tends to be obtained in
the case where the total number L of search points is
limited.

The validity of TS has been examined by comparing
it with GA. The computational results show that the
quality of the suboptimal solution obtained by TS is
little worse than that obtained by GA, but the CPU
time for TS is much shorter than that for GA. Con-
sequently, the proposed TS can reach the suboptimal
solution much faster than GA for both kinds of data.

This work is partly supported by the Research for the
Future Program JSPS-RFTF97100102 of the Japan So-
ciety for the Promotion of Science.
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