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Abstract
A technique is presented which addresses a JIT production-scheduling problem where two objectives are present
} minimization of setups between di!ering products and optimization of schedule #exibility. These two objectives are
inversely related to each other, and, as a result, simultaneously obtaining desirable results for both is problematic. An
e$cient frontier approach is employed to address this situation, where the most desirable sequences in terms of both
objectives are found. Finding the e$cient frontier requires addressing the combinatorial complexity of sequencing
problems. The arti"cial neural network approach of a Kohonen self-organizing map (SOM) is used to "nd sequences
which are desirable in terms of both the number of setups and #exibility. The Kohonen SOM was used to "nd sequences
for several problems from the literature. Experimental results suggest that the SOM approach provides near-optimal
solutions in terms of the two objectives, in addition to comparing formidably with other search heuristics. Results also
show, however, that the SOM approach performs poorly with regard to CPU time.  2001 Elsevier Science B.V. All
rights reserved.
Keywords: JIT; Sequencing; Optimization; Heuristics; Arti"cial neural networks

1. Introduction
One of the many bene"ts of successful JIT implementation is increased #exibility. Making only the
required products eliminates clutter on the manufacturing #oor, which subsequently provides more
opportunities for the manufacturing "rm to be responsive to the customer's needs } whether it be
expediting high-priority orders, isolating potential
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quality problems, etc. In short, manufacturing #exibility is a competitive weapon. To maintain #exibility, however, the manufacturing "rm must not
only process the demanded items only, but they
must process them in such a way that product
intermixing is optimized. In other words, di!ering
items should be sequenced such that they are produced in direct proportion to their associated level
of demand } this objective is referred to as level
scheduling. This fact has been well-documented in
the literature, commencing with the work of Monden [1]. One assumption that is implicit in this
desire for level scheduling, however, is that setup
times between di!ering products is negligible. In
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reality, this is not always the case, and this fact is
the impetus for this research. In short, then, this
research is concerned with obtaining sequences
having product intermixing while simultaneously
having a tolerable amount of setups.
Obtaining production sequences having a minimum number of setups can be done via inspection
and is considered trivial. Obtaining production
sequences having optimal levels of product intermixing, however, is not a trivial matter, and
has subsequently been fertile ground for research
e!orts. Miltenburg [2] extended the work of
Monden and provided a metric to gauge the level of
product intermixing. This metric is referred to as
a usage rate and measures the stability of materials
usage. Sumichrast and Russell [3], Inman and Bul"n [4], and Ding and Cheng [5] provided other
heuristic techniques in an attempt to minimize this
usage rate. Bard et al. [6], Xiaobo and Ohno [7],
and Tamura et al. [8] further extended this work by
incorporating `real-worlda variants into this problem. Bolat and Yano [9,10] and Bolat [11] address
sequencing problems where addressing setup and
utility costs is a subject of concern. Ghosh and
Gagnon [12] and Yano and Bolatt [13] provide
extensive literature reviews of this relevant body of
literature.
None of the above literature explicitly addresses
the dual objectives of simultaneous optimization of
stability of material usage and setups. Simultaneous optimization of both setups and stability of
material usage rate have been addressed by
McMullen [14] and McMullen et al. [15,16] via
a variety of search heuristics. These search heuristics deal with the multiple objectives via a composite objective function } one component
dedicated to setups and the other dedicated to
usage rate. The di$culty with use of these composite objective functions is twofold: "rst, the decision-maker is forced to deal with the di!erent
scaling associated with each of the two objectives;
and second, the decision-maker must "nd weighting schemes which accurately re#ect their objectives once the "rst challenge has been met.
Use of an e$cient frontier can be employed
to address simultaneous optimization of both of
the above objectives, without the di$culties
associated with composite functions. This research

constructs an e$cient frontier to "nd sequences
having desirable levels of both required setups and
usage rates.
Finding these desirable sequences, however, forces the decision-maker to address the fact that
problems of this type are combinatorial in nature.
Combinatorial optimization problems are di$cult
to solve to optimality because of their immense
number of feasible solutions and subsequent CPU
requirements. As a result, search heuristics can
be applied, which are intended to "nd desirable,
although not necessarily optimal solutions to
combinatorial optimization problems. Simulated
annealing, tabu search and genetic algorithms are
perhaps the most popular search heuristic to address combinatorial optimization problems. This
research e!ort, however, will use a di!erent
approach to search for near-optimal conditions
} the arti"cial neural network (ANN) approach of
the Kohonen self-organizing map (SOM). The reasons for pursuing the ANN approach to this problem are twofold. First, it is desired to approach the
subjective, or `fuzzya aspects of such a problem and
second, most applications of ANNs to combinatorial optimization problem only address the
traveling salesman problem and its variants. Therefore, this problem is considered as an opportunity
for a new application of ANNs.
The subsequent sections of the paper: provide
a detailed description of the two objectives
described above; discuss the e$cient frontier
approach to simultaneously addressing both objectives; detail the Kohonen SOM approach to the
solution; and present an experiment to test
the proposed methodology. General remarks are
then o!ered regarding this ANN approach and its
performance.

2. The mixed-model sequencing problem and its
attributes
2.1. Objective functions
Before describing the formulae used to determine
the objective functions associated with required
setups and usage rate, the following variables are
de"ned:
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setups required for sequence
usage rate associated with sequence
number of item i through position k in sequence
setup indicator } if item in position (k)Oitem
in position (k!1), s "1; otherwise s "0
I
I
demand for item i
unique items in sequence
total demand for all items

d
G
n
D
2
The total demand for all items in a sequence is
determined as follows:

L
d.
(1)
D "
2
G
G
Determination of the number of setups in a
sequence is straightforward:
"2
s .
(2)
S"1#
I
I
Of course, lower values of S are required. The usage
rate, a metric measuring the stability of the parts
usage as presented by Miltenburg [2] } is as
follows:
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It should be noted that lower usage rates are
desired } these re#ect more stability in material
usage rates.
"2

L

2.2. Ezcient frontier
As stated earlier, because of the scaling and
weighting di$culties associated with using composite functions, an e$cient frontier approach is
used here to "nd sequences with desirable levels of
both required setups and usage rates. In the present
context, the e$cient frontier here is similar to the
one used in basic economic principles } a collection
of points that collectively dominate others. Here
these `pointsa are combinations of required setups
for sequences and their associated usage rates.
A point (or sequence) is classi"ed as e$cient if its
usage rate is minimal for the associated required
number of setups. Otherwise, the point (or
sequence) is classi"ed as ine$cient, or dominated
by the e$cient sequence for that particular
required number of setups.
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As an example of how this e$cient frontier
works, consider the example where "ve unique
items need to be made (n"5), where demand for
the items is as follows: d "4, d "3, d "2,



d "2, d "1. One possible sequence is


AAAABBBCCDDE (where `Aa represents item 1,
`Ba represents item 2, etc.). From Eq. (2), the number of required setups for this sequence would be
5 (S"5). From Eq. (3) the usage rate associated
with this sequence is 50.81 (U"50.81). Another
possible sequence would be ABCDABEACDBA.
This sequence requires 12 setups (S"10), and has
an associated usage rate of 5.81 (U"5.81).
From inspection of the example above, it should
be noted that there is an apparent tradeo! between
usage rate and required setups. The "rst sequence
results in fewer setups with a higher usage rate,
while the second provides a lower usage rate with
the associate expense of more setups. This tradeo!
is typical of problems having these two objective
functions. As a result of this tradeo!, the e$cient
frontier approach provides the decision-maker an
opportunity to "nd the sequences having minimal
values of the usage rate for each associated required
number of setups.
The e$cient frontier for the example problem
above is constructed by enumerating all possible
sequences and "nding the minimum usage rate
associated with each required number of setups.
A plot of the e$cient frontier for the example
problem is shown in Fig. 1.
From inspection of Fig. 1, it should be noted that
it is not possible for sequences to be to the `southwesta of the e$cient frontier } this is a collection of
sequences that can only be equaled in terms of
usage rate at the associated number of required
setups, never surpassed. Sequences to the `northeasta of the frontier are ine$cient, or dominated by
the ones existing on the frontier. It should be noted
that the "rst example sequence does not reside on
the e$cient frontier (S"5, U"50.81), while the
second one does (S"12, U"5.81).
2.3. Combinatorial complexity
Determination of the e$cient frontier above is
not a trivial matter. The number of possible
sequences for the example problem above is as
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Fig. 1. E$cient frontier for example problem.

follows:
( L d )!
Possible sequences" G G .
L (d !)
G G

seen much attention in relevant journals in the last
several years.
(4)
3. The Kohonen self-organizing map

This results in 831,600 possible sequences:
(4#3#2#2#1)!
"831,600.
(4!)(3!)(2!)(2!)(1!)
If the demand for each of the "ve unique items were
to be doubled (d "8, d "6, d "4, d "4,




d "2), the total number of possible sequences

would be 3.8552;10 } an obvious demonstration of a combinatorial explosion. It is therefore
impractical, if not outright impossible, to obtain
optimal e$cient frontiers to problems of real-world
dimensions. As a result, decision-makers must
strive to "nd desirable or near-optimal solutions to
this type of problem while simultaneously keeping
the required CPU resources to a reasonable
amount.
Search heuristics have been demonstrated to
provide near-optimal solutions to several types
of combinatorial optimization problems with a
reasonable computational e!ort. Among some of
these, simulated annealing, genetic algorithms
and tabu search are quite popular, and have

The Kohonen SOM [17] is a type of arti"cial
neural network. ANNs simulate the activity of the
human brain. Part of the attractiveness of using
ANNs is to perform subjective analyses, as opposed
to the typically more objective analyses o!ered by
general analytical procedures. Detailed discussion
of ANNs is beyond the scope of this paper, but
the curious reader is referred to two informative
and readable articles which explain ANNs in an
understandable form [18,19].
The Kohonen SOM, like other ANNs, is used to
perform tasks such as grouping, classi"cation, forecasting and optimization. The SOM takes inputs in
the form of vectors and classi"es these inputs into
groups } it is intended for each group to have
similarity of some sort with respect to their input
values. What sets the SOM approach apart from
most other ANN approaches is that it is an unsupervised learning process, which means that
there is no prior known classi"cation, as opposed
to the supervised learning process of feedforward,
backpropagation ANNs.
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An input vector is compared to all weight vectors
} one weight vector for each classi"cation group.
The weight vector representing the group most
`similara to the input vector of interest is referred to
as the `winnera, and this particular weight vector
has its weights adjusted to become even more similar to the input vector of interest. Weight vectors
adjacent to the winner (these vectors are referred to
as `neighborsa) also have their weights adjusted to
be more similar to the input vector of interest, but
to a lesser degree than the actual winner. This
procedure is repeated for each of the D input
2
vectors.
The process described above is referred to as
a single training run, or epoch, and is repeated until
weights converge to a certain level. At that point,
a sequence can be extracted, because each input
vector will have been associated with a unique
weight vector, or group. This classi"cation process
is repeated a user-speci"ed number of times, so that
a variety of di!erent sequences can be obtained to
construct an e$cient frontier.
Prior to actual training of the ANN, initialization must occur. Initialization parameters include
setting values for the learning rate, , the neighbor
learning rate, , and the adjustment factor for the
learning rate, . All of these parameters are in the
interval between 0 and 1.
3.1. Vector construction
For this particular e!ort, each input vector is
two-dimensional, and the total number of inputs
will be the total demand of all items needing
sequencing, D . Input vector k, y , has the
2
I
coordinates:
y "(y , y ),
I
I I
where

(5)

y "0.5#0.5 cos(360 k/D ), for k"1, 2, D ,
I
2
2
(6)
y "0.5#0.5 sin(360 k/D ), for k"1, 2, D .
I
2
2
(7)
Each of these D vectors is constructed to be on the
2
circle having an origin at [0.5, 0.5] and a radius of
0.5. Furthermore, each input vector has with it, an
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Fig. 2. Input vector construction, Part 1.

associated item as part of the desired product-mix.
A geometric representation of the input vectors for
the above example problem (along with associated
items) is presented in Fig. 2.
Notice how individual items at each input vector
correspond with the product-mix in the example
problem. The association between items in the
product-mix and the input vectors favors sequences
with minimal setups. This is due to the fact that the
weight vectors will tend to organize themselves
toward the circular patterns having minimal setups.
While this does provide sequences with minimal
setups, the expense of having high usage rates persists. To combat this, the input vector scheme
above will be used for the "rst 50% of the solutions,
while the second 50% of the solutions will exploit
an input vector scheme which favors minimal usage
} at the subsequent expense of more required
setups. A geographic representation of this input
vector scheme is shown in Fig. 3.
Note the product intermixing from Fig. 3, especially compared to that from Fig. 2. The intermixing as shown in Fig. 3 was performed using the
heuristic of Ding and Cheng [5], which is intended
to provide minimal usage rates.
As stated earlier, the input vector scheme in
Fig. 2 is used to generate the "rst 50% of the

64

P.R. McMullen / Int. J. Production Economics 72 (2001) 59}71

3.2. Training
After vector construction, the training process
commences. This is a simple process where the
similarity between each input vector and weight
vector is determined, and the input vector is
`assigneda to the weight vector where the
most similarity occurs. The measure of similarity
between input vector k (y ) and weight vector h (w )
I
F
is referred to as D , (distance) and is determined as
IF
follows [20]:
D "(y !w )#(y !w ),
IF
I
F
I
F
for h"1, 2, D .
(11)
2
Group h having the minimum distance with input
vector k (min D ) and not previously assigned to
IF
a group is declared the `winner.a Input vector k is
then assigned to group h, and weight vector h has
its weights adjusted according to the following:

Fig. 3. Input vector construction, Part 2.

sequences, while the input vector scheme in Fig. 3 is
used to generate the second 50% of the sequences.
This is done so that sequences can be obtained that
perform well with regard to required setups and
usage rates.
The number of desired classi"cation groups is
also equal to D } each input vector will be in its
2
own unique group. A representation of each group
and their interrelationships is as follows:
Each of these groups can be thought of as a
potential location for each input vector to reside in
the sequence. Again, each unique vector will reside
in exactly one group (Fig. 4).
A set of weights is generated. There are
D weight vectors, where each vector is two2
dimensional. Weight vector h, w , is constructed as
F
follows:
w "(w , w )
F
F F
where

(8)

w "random number on [0, 1],
F
w "random number on [0, 1].
F

(9)

w
"w
#H(y !w
).
(12)
 
 
I
 
Groups adjacent to the `winninga weight vector
(neighbors) also have their weights adjusted according to the following:
w
"w
#HH(y !w
), (13)
 >
 >
I
 >
w
"w
#HH(y !w
). (14)
 \
 \
I
 \
If the winning weight vector is weight vector 1, then
the adjacent vectors (neighbors) are 2 and D . If the
2
winning weight vector is weight vector D , then the
2
adjacent vectors are 1 and D
.
2\
This process of computing distances, "nding
winning weight vectors (and their neighbors) and
adjusting weights continues for each of the D
2
input vectors. After all D input vectors have
2
been associated with weight vectors (placed into
groups), the learning rate is adjusted according to
the following relationship:
"H.

(10)

(15)

This training procedure as described is referred
to as an epoch, or iteration, and continues to some

Fig. 4. Representation of groups.
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user-speci"ed point, or until the weights converge
to some level.
3.3. Capture sequence
At the end of the training, a tally is taken to
see which group each input vector has been associated with most often. The group that has been the
`winnera for an input vector the most often
becomes the position in the sequence for that
input vector. For example, if input vector 12,
with coordinates of y "1 and y "0.5, and asso

ciated with item E has been associated with weight
vector 5 most often, then this input vector will be
placed into the "fth position in the sequence
} therefore, item E will be in the "fth position of the
sequence.
3.4. Construction of ezcient frontier
Each time the above steps of vector construction,
training and capturing of the sequence occur,
a feasible solution is obtained. This sequence
then has its objective function values for number
of setups and usage rate determined. If the
usage rate at the associated number of setups is the
minimum found for that particular number of
setups, then this usage rate replaces the minimum
usage rate at that particular number of setups.
Therefore, this sequence resides on the e$cient
frontier.
The steps of vector construction, training and
sequence capturing are performed a user-speci"ed
number of times (Solutions). The "rst 50% of
these Solutions will construct input vectors in
accordance with minimal setups (Fig. 2), while the
last 50% of these Solutions will construct input
vectors in accordance with minimal usage rates
(Fig. 3). Both strategies are employed here in an
attempt to "nd desirable, or near optimal, e$cient
frontiers.
3.5. Example of self-organization
Fig. 5 provides an example of how weight vectors
organize themselves to be associated with input
vectors. The Kohonen SOM approach was used

Fig. 5. Self-organization of weight vectors.

for the above example problem where 50 epochs
were chosen for weight convergence to generate
one feasible sequence, along with the following
parameter values: "0.9, "0.3, and "0.95.
The input vectors were generated according to
the strategy described in Fig. 2 } a strategy favoring
minimal setups. The items requiring sequencing
are present as they were in Fig. 2, but here,
converged weight vectors are also shown. The
weight vectors (in parentheses) show the sequence
position of each of the individual items. This
solution resulted in the following sequence:
DCCBBBAAEAAD, with seven setups and a usage
rate of 33.64. Each time vector construction
occurs, weight vectors take on di!erent initial
values (randomly assigned), subsequently resulting
in possibly di!erent sequences.
3.6. Pseudocode for Kohonen SOM approach
The steps of the approach described above are
presented in pseudocode. The loops involving
a and e are indexed with `Next aa and `Next e,a
while more minor loops are bracketed with `a and
`a. Functions (or subroutines) are used to
condense sections where full disclosure of code
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is considered non-vital. The pseudocode is as
follows:
Initialize , , 
For a"1 to Solutions
For e"1 to Epochs
/HConstruct Input VectorsH/
For k"1 to D y "0.5#0.5Hcos((k/12)H360),
2 I
y "0.5#0.5Hsin((k/12)H360) 
I
/HConstruct Weight VectorsH/
For h"1 to D w "rand, w "rand
2
F
F
/HTrain ANNH/
For h"1 to D D "(y !w )#(y !w )
2 IF
I
F
I
F
Find}min}D ( ) /Hassociated h is winnerH/
IF
w
"w
#HH(y !w
)
 >
 >
I
 >
w
"w
#(**y !w
)
 \
 \
I
 \
/HNecessary adjustments must be made when 1 and
D are winnersH/
2
Next e
"H
Capture } Sequence } and } Objective } Function }
Values( )
If (Usage
(Min}Usage
)
1
1
Min}Usage
"Usage
1
1
Sequence}Placed}on}Frontier( )
Endif
Next a
Present}Frontier( )

4. Experimentation
4.1. Experimental design
Experimentation is used to evaluate the performance of the Kohonen SOM approach to solving
this sequencing problem. The presented methodology is used on three sets of problems from the
literature [3,15]. These problems appear in the
Appendix. Three performance measures are
used here to gauge performance of the Kohonen
SOM approach: percent inferior to optimal
in terms of usage rate for each setup level;
percentile performance of SOM approach compared to optimal; and ratio of CPU time requirement for optimal solution to CPU time
requirement for heuristic solution. Low values of
the percent inferiority performance measure are
desired, while percentile performance values are
desired to be as close to unity as possible, while the
CPU ratio is desired to be as high as possible. Fig.
6 illustrates how the example problem developed
throughout this paper has its performance measured against optimal.
From Fig. 6, it is clear that the Kohonen SOM
frontier never surpasses the optimal frontier } it can
only `equala the optimal frontier. Table 1 details
the usage rates for each level of setups for both the

Fig. 6. Comparison of optimal to kohonen SOM frontiers.
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Table 1
Comparison of optimal to Kohonen SOM frontiers for example
problem
Setups

Optimal
usage

Kohonen
SOM usage

%
inferior

No. of
inferiors

5
6
7
8
9
10
11
12

42.3056
25.1389
16.9722
12.1389
10.3056
7.9722
7.1389
5.8056

42.3056
25.6389
17.3056
13.4722
10.9722
9.1389
7.4722
5.8056

0.00
1.99
1.96
10.98
6.47
14.63
4.67
0.00

0
1
1
6
3
5
4
0

optimal and Kohonen SOM approaches, along
with comparison data.
The "rst three columns are self-explanatory. The
`% inferiora column represents the percentage that
the Kohonen SOM approach usage rate is in excess
of the optimal solution usage rate at the required
setups of interest. The average inferiority for this
example is 5.09%. The `No of inferiorsa column is
a listing of the number of times a solution was
found to have a lower usage rate than the Kohonen
SOM approach for the required setups of interest
when enumeration was performed to obtain the
optimal solution. There were a total of 20 solutions
found via the Kohonen SOM approach which were
inferior to the optimal solutions obtained via complete enumeration. Given that there were 831,600
total solutions found via enumeration, the 20
inferior solutions found via the Kohonen SOM
approach places the Kohonen SOM approach in
the 99.997595th percentile. The CPU requirement
to obtain the optimal solution via complete enumeration was 0.35 minutes, while the CPU requirement to obtain the Kohonen SOM solution was
0.60 minutes, for a CPU ratio of 0.5833. It should
be noted that for this problem, the following parameter values were used: Solutions"8,880; "0.9;
"0.3; and "0.95.
These performance-related results are compared
with results from the search heuristic approaches
of simulated annealing, genetic algorithms
and tabu search for the problems detailed in the
appendix.
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4.2. Parameter values
For all problems solved via the Kohonen SOM
approach, the initial learning rate, , was set to 0.9,
the neighbor learning rate, , was set to 0.3, and the
learning rate adjustment factor, , was set to 0.95.
The number of solutions processed for the problems were set to values proportional to the number
of feasible solutions the problem has. Problem Set
1 used 25 epochs per solution for training, while
Problem Sets 2 and 3 used 50 and 75, respectively.
It should be noted that regardless of the search
heuristic used for comparison, the same number of
solutions for each heuristic was generated. This was
done so that fair comparisons could be made
regarding heuristic performance, and was applied
to all problem sets.
4.3. Computational experience
The Kohonen SOM approach and the three
search heuristics used for this research (simulated
annealing, genetic algorithm and tabu search) were
all coded using C/C## and executed on dual
500 MHz Intel Pentium III processors. The same
environment was used obtain optimal solutions via
complete enumeration. In all instances, every e!ort
was made to ensure that the algorithms would run
as e$ciently as possible.

5. Experimental results and discussion
Table 2 shows means of the three performance
measures of interest: average inferiority %, average
percentile performance and CPU ratio organized
by the type of search procedure used: simulated
annealing, tabu search, genetic algorithm and the
kohonen SOM.
The Kohonen SOM approach provides solutions which are generally competitive with
the other search heuristics in terms of average
inferiority% and percentile performance. The
average inferiority of the Kohonen SOM approach
is the least desirable } its Tukeys pairwise di!erence
with the genetic algorithm approach is not signi"cant at the "5% level, while its pairwise di!erences with the simulated annealing and tabu search
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Table 2
Performance Measures of Solution Approaches
Problem
Set 1

Table 3
Breakdown of inferior solutions by problem set

Problem
Set 2

Problem
Set 3

Overall
Mean

Simulated annealing
Avg. inferiority 0.6394%
Percentile
99.9898%
CPU ratio
2.3097

0.6467%
99.9973%
7.8381

1.2233%
0.852
99.9995% 99.9960
391.9962
144.6

Tabu search
Avg. inferiority 0.7813%
Percentile
99.9917%
CPU ratio
2.3097

0.7856%
99.9968%
7.8381

2.2344%
1.306
99.9986% 99.9960
340.2037
125.9

Genetic algorithm
Avg. inferiority 4.4811%
Percentile
99.9778%
CPU ratio
2.3097

1.1333%
99.9946%
7.8381

4.1011%
3.139
99.9919% 99.9890
340.2037
125.9

Kohonen SOM
Avg. inferiority 0.7271%
Percentile
99.9976%
CPU ratio
0.4615

1.7978%
99.9980%
0.3196

10.1000%
99.9987%
11.8943

Setups

5
6
7
8
9
10
11
12
13
14
15

Problem
Set 1

2
2
5

Problem
Set 2

1
5
16
16
11
5

Problem
Set 3
1
8
18
29
47
66
94
73
19
19
4

4.49
99.9980
4.53

approaches are signi"cant at the "5% level. The
inferiority% associated with the Kohonen SOM
approach is formidable for two smaller problem
sets, but its poor performance for the third problem
set is due in part to a very poor performance for
Problem G (20.63%) } the reason for this is unclear.
The percentile performance of the Kohonen
SOM approach is superior to that of the other
three heuristics, but the only signi"cant pairwise
di!erence at the "5% level the Kohonen
SOM approach has is with the genetic algorithm
approach.
The CPU ratio associated with the Kohonen
SOM approach is clearly inferior to that of the
other heuristics } this fact will be addressed in the
concluding section.
5.1. Isolation of inferiority in Kohonen SOM
Table 3 shows a breakdown by problem set of
the number of inferior solutions found via the
Kohonen SOM approach as compared to optimal.
Problem Set 1 has a maximum of 10 possible
setups, while Problem Sets 2 and 3 have 12 and 15,
respectively. Considering these varying number of

Fig. 7. Breakdown of inferiority along e$cient frontier.

possible setups, the data above is `mappeda onto
a new scale where the minimum setups value is
zero, the maximum setups value is unity, and values
in between are interpolated according to their position between the minimum and maximum number
of setups. With this new scale, the total number of
inferior solutions is summed for each interpolated
group on the new scale. A histogram of this is
presented in Fig. 7.
Both Table 3 and Fig. 7 suggest that for the
Kohonen SOM approach, most of the inferiority
comes from the middle portions of the e$cient
frontier. That is, the sequences comprising the frontier whose associated number of setups are greater
than the minimum, but less than the maximum.
This should not come as a surprise because the
input vector construction for the "rst 50% of
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solutions favors minimal setups, while the second
50% of solutions favors minimal usage } there is no
overt consideration for setups or usage in this intermediate group. Addressing this problem is left as an
opportunity for future research.

6. Concluding comments
A technique has been presented to address the
JIT mixed-model sequencing problem with nonnegligible setup times using the arti"cial neural
network approach of the Kohonen self-organizing
map. Several test problems from the literature were
solved using this approach, and the results were
compared to solutions from the popular search
heuristics of simulated annealing, genetic algorithms, and tabu search. In terms of performance as
compared to optimal and other search heuristics,
the Kohonen SOM approach performed formidably } its inferiority % was least desirable, but not
by a large degree, and its percentile performance
was the most desirable, also not by a large degree.
Its overall performance as compared to optimal
is considered competitive with the other search
heuristics.
The biggest setback of this Kohonen SOM approach is its CPU intensity. It performs much
worse than the other search heuristics in terms of
the CPU ratio. The Kohonen SOM approach only
becomes attractive (when compared to complete
enumeration to obtain optimal solutions) for larger
problem sets } the CPU ratio for Problem Set 3 is
11.8943 (it is less than unity for the smaller problem
sets). Given the combinatorial explosion of these
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types of problems, the Kohonen SOM approach
would continue to gain in attractiveness (as compared to optimal) as the problem size grows } this
point should be emphasized, given that `realworlda sequencing problems are frequently quite
large.
The fact that this approach does not perform
competitively in terms of CPU resources is not
unique to arti"cial neural network approaches. The
reason for this is because of the many replications
needed to generate feasible solutions. Roughly
speaking, an ANN approach will be inferior to
other approaches by a factor of the number of
epochs, or iterations, as chosen by the decisionmaker. The large number of epochs is necessary to
ensure that weight convergence is obtained, and
subsequently, feasibility. An obvious opportunity
for further research would be to enhance the computational e$ciency of this approach by using hybrid techniques which could combine the
advantages of the ANN approach with that of one
or more of the other less CPU-intensive approaches.
The large CPU requirement for this Kohonen
SOM approach should not detract from the
attractive features of the approach. The primary
attractive feature here is that this approach
presents a new optimization-related application of
ANNs } most previous such optimization-related
applications of ANNs only address the traveling
salesman problem and its extensions [21]. It should
again be emphasized here that "nding a more
CPU-e$cient way to perform the desired sequencing should be considered as an opportunity
for future research.

Table 4
Problem Set 1 (number of each product type in product mix } total demand is 10)
Problem

Product 1

Product 2

Product 3

Product 4

Product 5

Solutions

B
C
D
E
F
G
H

6
5
4
4
3
3
2

1
2
2
3
3
2
2

1
1
2
1
2
2
2

1
1
1
1
1
2
2

1
1
1
1
1
1
2

5,040
15,120
37,800
25,200
50,400
75,600
113,400
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Table 5
Problem Set 2 (number of each product type in product mix } total demand is 12)
Problem

Product 1

Product 2

Product 3

Product 4

Product 5

Solutions

B
C
D
E
F
G
H
I
J

8
7
6
6
5
5
4
4
3

1
2
3
2
3
2
3
4
3

1
1
1
2
2
2
2
2
2

1
1
1
1
1
2
2
1
2

1
1
1
1
1
1
1
1
2

11,880
47,520
110,880
166,320
332,640
498,960
831,600
415,800
1663,200

Table 6
Problem Set 3 (number of each product type in product mix } total demand is 15)
Problem

Product 1

Product 2

Product 3

Product 4

Product 5

B
C
D
E
F
G
H
I
J

11
10
9
7
7
6
5
4
3

1
2
3
5
3
3
3
3
3

1
1
1
1
2
3
3
3
3

1
1
1
1
2
2
3
3
3

1
1
1
1
1
1
1
2
3

Appendix A. Details of problem sets
The performance-related results are compared
with results from the search heristic approaches of
simulated annealing genetic algorithims and tabu
search and one given in Tables 4}6.
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