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CF-GGA: a grouping genetic algorithm for the cell formation problem

EVELYN C. BROWNy* and ROBERT T. SUMICHRASTz

In manufacturing, the machine-part cell formation (MPCF) problem addresses
the issues surrounding the formation of part families based on the processing
requirements of the components, and the identi®cation of machine groups
based on their ability to process speci®c part families. Past research has shown
that one key aspect of attaining e� cient groupings of parts and machines is the
block-diagonalization of the given machine-part (MP) incidence matrix. This
paper presents and tests a grouping genetic algorithm (GGA) for solving the
MPCF problem and gauges the quality of the GGA’s solutions using the meas-
urements of e� ciency (Chandrasekharan and Rajagopalan 1986a) and e� cacy
(Kumar and Chandrasekharan1990). The GGA in this study, CF-GGA, a group-
ing genetic algorithm for the cell formation problem, performs very well when
applied to a variety of problems from the literature. With a minimal number of
parameters and a straightforward encoding, CF-GGA is able to match solutions
with several highly complex algorithms and heuristics that were previously
employed to solve these problems.

1. Introduction
Group technology deals with the formation of the machine groups and part

families that make up the cells at a cellular manufacturing facility. Speci®cally, the
machine-part cell formation (MPCF) problem addresses the issues surrounding the
creation of part families based on component processing requirements, and the
identi®cation of machine groups based on their ability to process speci®c part
families. When solving this problem, previous researchers have concluded that sol-
ution methodologies for the MPCF problem must focus attention on the block-
diagonalization of the given machine±part (MP) incidence matrix. The best solutions
to the MPCF problem are those that contain a minimal number of voids (zeros in the
diagonal blocks) and a minimal number of exceptions (ones outside of the diagonal
blocks).

The MPCF problem is NP-complete (Ballakur and Steudel 1987), and thus it is
appropriate to examine heuristic solution approaches. A genetic algorithm (GA) is a
heuristic solution technique that works by encoding a population of solutions to a
given problem and manipulating these solutions through the use of operators such as
crossover and mutation in an attempt to evolve superior solutions. Introduced by
Emmanuel Falkenauer (1992), a grouping genetic algorithm (GGA) is a specialized
GA that has been adapted to handle the speci®c structure of grouping problems. The
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GGA can handle the structure of the MPCF problem, and is able to produce highly
e� cient solutions to a variety of sample problems from the literature.

In order to compare multiple solutions to the same MPCF problem, a measure of
e� ectiveness must be selected. In this study, solutions are evaluated in terms of their
grouping e� ciency (Chandrasekharan and Rajagopalan 1986a) or their grouping
e� cacy (Kumar and Chandrasekharan 1990). Since both of these measurements
are well known in the MPCF literature, it is possible to compare the GGA’s per-
formance to that of other documented methodologies using sample problems from
previous research. Empirical tests demonstrate the GGA’s ability to determine e� -
cient solutions across a spectrum of MPCF problems.

Our investigation begins with the application of our cell formation grouping
genetic algorithm (CF-GGA) to a small sample of MPCF problems from the litera-
ture. Once success with CF-GGA is achieved, simulated problems are generated in
order to ®ne-tune the algorithm’s key parameters. Using appropriate parameter
settings, CF-GGA is then applied to numerous other problems from the literature
(Carrie 1973, King 1980b, Chandrasekharan and Rajagopalan 1986a, 1986b, 1989).
Based on grouping e� ciency, the average percentage improvement of CF-GGA over
ZODIAC (Chandrasekharan and Rajagopalan 1987) is 17%. Based on grouping
e� cacy, the average percentage improvement of CF-GGA, when compared with
the small set of algorithms presented in Srinivasan (1994), is 43% above
ZODIAC, 2.85% above GRAFICS, and 1.5% above Srinivasan’s algorithm.

This paper is organized as follows. Sections 2 and 3 provide background on the
MPCF problem and the GGA solution methodology. Section 4 details the develop-
ment of CF-GGA. Section 5 reports the results when CF-GGA is applied to prob-
lems from the literature, and section 6 analyses CF-GGA’s performance in
comparison to other noted MPCF solution methodologies. Conclusions are pre-
sented in section 7.

2. Problem de®nition and literature review
According to Burbidge, group technology is `an approach to the organisation of

work in which the organisational units are relatively independent groups, each
responsible for the production of a given family of products’ (Burbidge 1979, p.
36). Although this de®nition is over 20 years old, the focus of group technology
remains the same. One of the key issues is determining the best formation of the
separate manufacturing cells so that production can ¯ow as e� ciently as possible.
This is called the machine-part cell formation (MPCF) problem.

The machine±part cell formation problem includes the identi®cation of parts that
have similar processing requirements (a part family) and the identi®cation of the set
of machines that can process each family of parts. For cells to operate e� ciently, all
of the machines within a cell should be fully utilized and the amount of intercell
tra� c should be kept to a minimum.

In order to determine the utilization of machines and the intercell ¯ow of parts,
much research has focused on the machine-part incidence matrix. A member of this
matrix, aij , has a value of 1 if machine i is required by part j, and a value of 0
otherwise. When the columns and rows are arranged in the order corresponding
to the groups identi®ed by a MPCF solution, the machine-part incidence matrix
can be evaluated to determine the e� ciency of the solution.

The work of Chandrasekharan and Rajagopalan (1986a) utilizes an e� ciency
measure that allows for the normalized weighting of machine utilization and intercell
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tra� c. Later work by Kumar and Chandrasekharan (1990) produces a measurement
called e� cacy that attempts to improve on the e� ciency measure by incorporating
the size of the MP matrix into its formula. Both of these measurements have been
used by other researchers attempting to solve the MPCF problem (Srinivasan 1994,
Joines et al. 1996).

The machine±part cell formation problem is formally de®ned by Burbidge (1963).
His original work focuses on production ¯ow analysis in seeking block-diagonaliza-
tion of the machine±part incidence matrix. Burbidge also develops several heuristic
methods for small problems, and this research area is extended by others.

Carrie employs numerical taxonomy in his attempt to improve upon the earlier
component±machine matrix method of production ¯ow analysis. In his words,
`numerical taxonomy provides algorithms for the study of similarities between
objects in a quantitative manner (Carrie 1973, p. 400)’. Its three stages include
preparing the data matrix, computing a similarity coe� cient matrix, and performing
cluster analysis. Carrie’s algorithm applies these stages of numerical taxonomy twice,
®rst to classify the components and then to classify the machines. The data of the
MP matrix are examined in order to calculate the similarity matrix. Cluster analysis
is then performed. The data ®les Carrie uses include details regarding the machines,
and this allows for detailed examination of the processing requirements of the com-
ponents. Carrie’s research demonstrates a method for e� ciently processing machine
and component requirements for real examples from industry, rather than for
hypothetical examples from past research. The three problems Carrie tests are
employed by other researchers (Srinivasan 1994, Joines et al. 1996) who wish to
test their methodologies on practical examples.

In the 1980s, King developed a rank order clustering (ROC) method that
attempted to diagonalize the MP matrix. King’s algorithm begins by interpreting,
for each row, the pattern of entries in the MP matrix as a binary word. Next, the
rows are ranked in order of decreasing binary value. If the row order and rank order
of the MP matrix are the same, the algorithm terminates. If not, the rows are rear-
ranged in decreasing rank order, and the columns are ranked in order of decreasing
binary value. If the column order and rank order of the matrix are identical, the
process stops; otherwise, the columns are rearranged in decreasing rank order and
the entire process repeats. The algorithm will, `in a ®nite number of steps, produce a
matrix in which both the columns and rows are arranged in order of decreasing value
when read as binary words’ (King 1980b, p. 219). King points out that, although
other approaches such as single linkage cluster analysis (McAuley 1972) and the
bond energy method (McCormick et al. 1972) are capable of handling the MPCF
problem, ROC demonstrates the advantage of being able to deal with exceptional
elements and bottleneck machines more easily than the other methods. As an exten-
sion of ROC, King and Nakornchai (1982) developed ROC2 to handle better the
limitations imposed by the storage and sorting techniques of ROC.

Chandrasekharan and Rajagopalan (1986b) present a modi®ed version of the
ROC algorithm, which they call MODROC. Later, these same two researchers
attempted to improve upon earlier versions of the ideal seed method with their
algorithm ZODIAC, which stands for zero-one data: ideal seed algorithm for clus-
tering (Chandrasekharan and Rajagopalan 1987).

Srinivasan (1994) presents a clustering algorithm that utilizes minimum spanning
trees to solve the MPCF problem. E� cacy is used to measure the goodness of sol-
utions. Srinivasan compares his proposed methodology to the earlier techniques,
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ZODIAC (Chandrasekharan and Rajagopalan 1987) and GRAFICS (Srinivasan
and Narendran 1991). His work includes extensive testing on a variety of problems
from the literature.

A combinatorial search approach is proposed by Vakharia and Chang (1997).
Their heuristic methods are grounded in simulated annealing and tabu search. With
the simulated annealing approach, the authors simultaneously investigate minimiz-
ing equipment investment and materials handling costs. Success is achieved for both
randomly generated problems and problems from the literature. Their tabu search
approach is viable, but the solution quality and computation time are inferior to
those achieved by the simulated annealing approach.

Other researchers have examined the application of heuristic approaches such as
simulated annealing and tabu search, including: So®anopoulou (1997); Su and Hsu
(1998); Lozano et al., 1999. Another heuristic approach demonstrating success with
the MPCF problem is genetic algorithms (Joines et al. 1996). A review of the appli-
cations of these types of solution techniques can be found in Venugopal (1999).

The recent shift toward heuristic solutions to the MPCF problem is due, in part,
to the fact that the problem is NP-complete (Ballakur and Steudel 1987). With
heuristic approaches showing promise in this area, our research focuses on the
application of a grouping genetic algorithm to the MPCF problem.

3. Grouping genetic algorithms
3.1. Genetic algorithms

Genetic algorithms are heuristic search techniques that utilize analogies to nat-
ural selection and survival of the ®ttest. They employ a population of solutions,
combining those solutions in speci®c ways in an attempt to form better solutions.
Introduced by John Holland (1975), genetic algorithms have become a popular sol-
ution methodology for a variety of complex problems (Brown 1996).

The population of solutions with which a genetic algorithm (GA) works is com-
prised of encodings, known as chromosomes. Individual elements of the chromo-
somes are called genes. Based on the objective function of the problem at hand, each
chromosome is evaluated and given a ®tness score. As an example, consider a poss-
ible encoding for the problem of grouping ®ve manufactured items into part families.
The gene value at location i in the chromosome represents the group to which item i
is assigned. The chromosome ACBBA represents a solution that places items one
and ®ve together in a group, items three and four together in a group, and item two
in a group by itself. The ®tness of this chromosome depends on the objective func-
tion to be optimized.

Using operators such as crossover and mutation, the GA combines pairs of
chromosomes (parents) to produce new solutions (o� spring) that seek to have the
advantages of both parents. While crossover works to exploit promising areas of the
search space, mutation attempts to recover lost material and explore new regions of
the search space. Using a population of chromosomes, the goal of a GA is continu-
ally to produce o� spring whose ®tness values are better than the ®tness values of
their parents. Although optimality cannot be guaranteed, GAs have been shown to
achieve a relatively high level of performance across a broad spectrum of problems
(Alendar 1994).

The GA operators used and the details of these operators vary from implementa-
tion to implementation. One of the simplest and most commonly used operators is
called single-point crossover. To illustrate this operator, consider the previously
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described chromosome ACBBA and a similar chromosome BBCAA. Under stan-
dard single point crossover (Goldberg 1989), a cross-point is ®rst randomly chosen.
The ®rst o� spring is generated by taking the section to the left of the cross-point
from parent one and appending it with the section to the right of the cross-point
from parent two. Similarly, the second o� spring is created by taking the section to
the left of the cross-point from parent two and appending it with the section to the
right of the cross-point from parent one. Essentially, a crossing over of the two
sections of each parent takes place to create two o� spring. With the | symbol repre-
senting the randomly generated cross-points, the result of standard single-point
crossover would be as follows:

parent one : ACBjBA offspring one : ACBAA

parent two : BBCjAA offspring two : BBCBA

Without further problem-speci®c information, we cannot be certain that the o� -
spring produced with this crossover operator represent valid solutions.

Standard mutation occurs by altering the value of a randomly chosen element of
a chromosome. To illustrate the mutation operator, consider the results from the
earlier crossover example, where the o� spring was ACBAA. If the fourth gene is
randomly selected for alteration, one possible revised o� spring would be ACBCA.
This altered chromosome is likely to have a di� erent ®tness value than that of the
original o� spring. Again, the validity of the revised o� spring chromosome becomes
an issue, as the post-mutation chromosome is not guaranteed to represent a feasible
solution. Further details regarding genetic algorithms may be found in Holland
(1975), Goldberg (1989), and Michalewicz (1992).

3.2. GGA ± background
The grouping genetic algorithm, introduced by Emanuel Falkenauer (1992), is a

genetic algorithm designed to handle the special structure of grouping problems.
Falkenauer developed GGAs after realizing several signi®cant drawbacks of using
classical GAs for grouping problems. Falkenauer (1998) points out that others have
attempted to minimize the troubles associated with applying GAs to grouping prob-
lems by specializing the standard operators, but this still results in various short-
comings.

In his text, Genetic Algorithms and Grouping Problems, Falkenauer (1998) details
what he perceives as the drawbacks that arise from applying the classical GA to
grouping problems. He points out that the standard encoding scheme is highly
redundant in the instance of a grouping problem. For example, chromosomes
ABCB and BCAC both represent a solution that groups the second and fourth
items together and places the ®rst and third items in separate, solo groups. This
type of repetition greatly detracts from the usefulness of the encoding scheme and is
in con¯ict with the principle of minimal redundancy (Radcli� e 1991). If such a
chromosome representation is employed, the size of the search space greatly
increases, hindering the performance of the GA.

Falkenauer also points out problems arising from the application of classical GA
operators to standard encodings of grouping problems. In his words, `the straight-
forward encoding leads to the highly undesirable e� ect of casting context-dependent
information out of context under standard crossover’ (Falkenauer 1998, p. 87). The
process of recombination, or crossover, can easily result in a solution chromosome
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that shares none of the qualities of the parents that produced it. For example,
applying single-point crossover to the pair of parents representing identical solutions
to a grouping problem (AB|CB and BC|AC) results in o� spring that may not even be
valid solutions.

Just as there exist problems with applying the standard encoding scheme and
crossover operator, problems may arise with the standard mutation operator as the
GA nears a good solution (Falkenauer 1998). Standard mutation can become too
disruptive by injecting new group values into a successful chromosome, greatly
reducing the solution’s ®tness and possibly causing its removal from the population.

With these drawbacks in mind, Falkenauer’s GGA proposes a new encoding
scheme. When accompanied by revised crossover and mutation operators, this chro-
mosome representation can help produce high quality solutions to a broad spectrum
of grouping problems (Falkenauer 1998).

The GGA varies from the standard GA in several ways. First, the encoding
scheme includes an augmented chromosome. The groups are encoded on a one
gene for one group basis, and this separate encoding is appended to the standard
chromosome. Second, the genetic operators work with the group section of the
chromosome, altering the composition of the groups. This, in turn, leads to altera-
tion of the main chromosome. Third, the GGA operators of crossover and mutation
do not function in the same manner as the classical operators.

3.3. GGA encoding
Falkenauer’s GGA encoding scheme includes an additional group section that

lists the groups included in the main chromosome. This modi®cation is necessary
since, as Falkenauer points out, `the cost function of a grouping problem depends on
the groups, but there is no structural counterpart given in their (standard) chromo-
some’ (Falkenauer 1998, p. 98). As an example, chromosome ABCB is appended
with a group section such as BAC. Any ordering of the groups is valid for the group
section of the chromosome, as long as all of the groups utilized in the chromosome
are represented. Since chromosomes of equal size may be composed of various
numbers of groups, Falkenauer’s GGA allows for variable length chromosomes.
The key aspect of this encoding scheme is that the additional group section is
what the GGA operators manipulate.

3.4. GGA operators
Under standard crossover, portions of each parent chromosome are exchanged

to form o� spring. When dealing with grouping problems, standard crossover can
result in an overlapping among the groups of the parents. In other words, an o� -
spring chromosome may contain one or more groups that share the same contents.
Since each item may only be assigned to one group, this implies that the resulting
o� spring are invalid. To avoid the creation of invalid chromosomes, Falkenauer
(1998) proposes the following ®ve-step crossover operator.

Step 1. Select two cross-points from the group portion of each parent chromosome.
Step 2. Inject the cross-section of the second parent at the ®rst cross-point of the

®rst parent.
Step 3. For all of those items now occurring twice, remove them from the groups

they were members of in the ®rst parent. This means that the groups coming
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from the ®rst parent may be altered and no longer contain the same objects
they contained originally.

Step 4. If needed, apply local problem-dependent heuristics in order to adapt the
resulting groups. These adaptations will depend upon the constraints and
objective function of the problem.

Step 5. Apply steps 2 ± 4 to the pair of parents with their roles reversed.

Whenever this type of crossover results in components or machines being in more
than one group, the components and machines are left in the groups to which they
belonged in the injected portion. In other words, the injected section takes prece-
dence with this type of crossover. When there is duplication caused by crossover,
there may also be displacement of parts and/or machines. If removal of duplicate
parts leads to a group containing no machines or no parts, then the corresponding
parts and machines are considered to be displaced. Determining appropriate prob-
lem-speci®c heuristics to replace these parts and machines is a vital step in the GGA’s
crossover. The details of CF-GGA’s replacement heuristic are given in section 4.2.4.

The goal of the mutation operator is to explore new areas of the search space.
One way to achieve this is randomly to select one gene from an o� spring chromo-
some and alter it. This alteration may or may not improve the ®tness of the solution
chromosome. To keep promising chromosomes intact, the mutation operator is
generally applied to only a small percentage of the genes in a population (DeJong
1975).

Classical mutation may cause dilemmas when applied to the standard encoding.
If the GGA has been successful in grouping components and machines into groups
that operate e� ciently, then this type of alteration may be too disruptive, as it will
move a component or machine to a di� erent group. If a component or machine is
randomly transferred into a group where it has no similarities with the other mem-
bers, the quality of the solution may be greatly a� ected.

Falkenauer (1998) proposes three basic mutation strategies for his GGA. The
®rst involves creating a new group, the second entails eliminating an existing group,
and the third requires shu‚ing a few randomly chosen objects among their respect-
ive groups. With any of these choices, problem-dependent heuristics must be
employed to determine the reassignments that must take place.

4. Developing a grouping genetic algorithm for the MPCF problem
4.1. Encoding of the chromosome

When designing CF-GGA, we selected an encoding that ®ts naturally with the
MPCF problem. In particular, the chromosome representation consists of three
sections: the component section, the machine section, and the group section. The
following notation is used for chromosome representation in CF-GGA:

c1c2c3 . . . cP j m1m2m3 . . . mM; jg1g2g3 . . . gG;

where

ci group to which component i is assigned, i ˆ 1 to P; 1 µ ci µ G,
mj group to which machine j is assigned, j ˆ 1 to M; 1 µ mj µ G,
gk an existing group number, each listed once, k ˆ 1 to G,

G ˆ maxfm1; m2; m3; . . . ; mMg,
P number of components in the problem,

M number of machines in the problem,
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G number of groups in the solution, G µ min…M; P†.

In the component section, each ci may take on any value in the set of groups
fg1; g2; g3; . . . ; gGg. Similarly, in the machine section, each mj may take on any
value in the set fg1; g2; g3; . . . ; gGg. The group section consists of any ordering of
the set of groups fg1; g2; g3; . . . ; gGg.

Note that the lengths of the component and machine sections are both constant
for all chromosomes and depend on the number of components and machines,
respectively, in the problem. The group section, however, may vary in length, and
depends upon the number of groups into which the components and machines are
divided.

To understand the encoding better, consider the problem of grouping 11 parts and 6
machines into cells. Under the assumption of no outside problem constraints, one
solution to this problem is the chromosome 2 3 1 4 3 3 2 4 1 1 4 | 4 1 2 3 3 1 | 4 1 2 3.
In this chromosome, components 1 and 7 are assigned to group 2. In addition,
machine 3 is part of group 2. Relating this more directly to the MPCF problem, a
cell is designed with machine 3 processing components 1 and 7. Similarly, compon-
ents 2, 5, and 6 are in a cell with machines 4 and 5; components 3, 9 and 10 are in a
cell with machines 2 and 6; and components 4, 8 and 11 are in a cell with machine 1.

4.2. CF-GGA operators
4.2.1. Selection

The type of selection that CF-GGA employs is termed rank-based roulette-wheel
selection. With a roulette-wheel strategy (Goldberg 1989), each chromosome is
assigned a portion of an imaginary roulette wheel, based on the chromosome’s
calculated ®tness value. Chromosomes that are more ®t and thus have higher objec-
tive function values receive a larger proportion of the roulette wheel. A random
number between 0 and 1 is generated and the chromosome occupying the portion
of the roulette wheel covered by the randomly generated percentage is selected to be
a parent. A problem arises with standard roulette-wheel selection if the di� erence
between the best and worst ®tness values is small. If this occurs, each chromosome
receives approximately the same share of the roulette wheel, and selection cannot
contribute to `survival of the ®ttest’. A di� erent problem occurs if a single solution is
much better than the rest of the population. This solution may be selected too
frequently at the exclusion of other chromosomes and e� ectively eliminate much
of the population diversity.

One suitable adjustment is to use rank-based ®tness values to assign proportions
of the roulette wheel to each chromosome. In order to do this, Reeves’ (1995)
formula is employed to determine the new ®tness score for each chromosome.
First, the chromosomes are ranked in order from worst (rank of 1) to best (rank
of M). Then, according to Reeves’ formula, a chromosome of rank r is assigned a
®tness score of 2r=…M…M ‡ 1††, where M is the number of chromosomes ranked. An
adjusted roulette wheel is then created based on the revised ®tness scores, and
selection follows the strategy described above.

To illustrate the di� erentiating power of the rank-based strategy, consider two
chromosomes, chrom_one with a ®tness score of 0.4 and chrom_two with a ®tness
score of 0.5. Under standard roulette-wheel selection, the roulette wheel has a total
value of 0:4 ‡ 0:5 ˆ 0:9. Chrom_one occupies 0:4=0:9 ˆ 44:44% of the wheel and
chrom_two occupies 0:5=0:9 ˆ 55:56% of the wheel. If these same two chromosomes

3658 E. C. Brown and R. T. Sumichrast



are ranked, chrom_one is assigned a rank of 1 and chrom_two is assigned a rank of
2, since 0.5 > 0.4. Using Reeves’ formula, the rank-based ®tness of chrom_one then
becomes 2 £ 1=…2 £ …2 ‡ 1† ˆ 2=6 ˆ 0:333, and the rank-based ®tness of chrom_two
becomes 2 £ 2=…2 £ 2 ‡ 1† ˆ 4=6 ˆ 0:666. Now when the roulette wheel is created,
chrom_one occupies only 1/3 of it and chrom_two occupies 2/3 of it. The rank-based
®tness scores have allowed us to di� erentiate more clearly among these two chromo-
somes that have very similar raw ®tness scores.

Once CF-GGA carries out rank-based roulette-wheel selection to determine the
®rst parent, it repeats the process to determine the second parent. However, the
second parent is not permitted to be a duplicate of the ®rst. If this happens, the
second parent is re-selected until no duplication occurs.

4.2.2. Crossover
The crossover operator of CF-GGA is consistent with Falkenauer’s GGA.

Implementation details regarding the crossover rate and the heuristic employed in
step 4 are developed after preliminary experimentation.

The two parents are selected using a rank-based roulette-wheel scheme. Two
crosspoints for each parent are then determined randomly. Crossover occurs in
the manner detailed by Falkenauer, with the inclusion of a problem-speci®c heuristic
to adapt the chromosomes that result from the crossover operation. The entire
process is best explained through the use of an example.

Consider again the problem of grouping 11 components and 6 machines into
cells. Assume that the MP matrix shown in ®gure 1 re¯ects the conditions for the
sample programme, with a 1 in position aij indicating that machine i is required by
component j.

In addition, assume that the parents selected for crossover are:

parent one : parent two:

3 4 1 1 2 4 3 2 3 1 4 j 3 1 4 1 2 2 j 3 1 4 2 1 3 2 1 2 3 1 2 1 3 1 j 3 2 3 2 2 1 j 3 2 1

Notice that the parent one solution has divided the components and machines up
into four cells, while the parent two solution consists of only three cells.
Chromosomes for CF-GGA may be of variable length, as this example illustrates.

Recall that the crossover operator is performed on the group portion of the
chromosomes. With this in mind, we now consider the group portions of each
parent. Randomly generated crosspoints have been selected before groups 1 and 2
in parent one and before groups 3 and 2 in parent two. These crosspoints cause the
formation of a cross-section, the section between the crosspoints. CF-GGA does not
allow for two crosspoints at the same location for the same parent, meaning that the
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    1   2   3   4   5   6   7   8   9   10   11 

1       1       1       1        1 

2       1   1       1       1                  

3           1                   1   1    1    1 

4   1   1       1           1         1 

5   1       1       1 

6   1       1           1        

Figure 1. Machine-part incidence matrix for example problem.



cross-section always consists of at least one group. In this example, the cross-section
of parent one consists of groups 1 and 4. For parent two, the cross-section consists
only of group 3.

parent one: 3 | 1 4 | 2
parent two: | 3 | 2 1

To create the ®rst o� spring, the cross-section of parent two is inserted after the ®rst
crosspoint of parent one. The result is the following new chromosome. Note that the
second 3 is underlined to signify that it is part of the inserted section, not part of the
original parent.

o� spring one: 3 3 1 4 2

Now the composition of each group of o� spring one is listed, with braces used to
separate the components listing from the machines listing. For example, group 3
includes components 1, 7, and 9, as well as machine 1.

group 3 {1, 7, 9}, {1}
group 3 {2, 6, 10}, {1, 3}
group 1 {3, 4, 10}, {2, 4}
group 4 {2, 6, 11}, {3}
group 2 {5, 8}, {5, 6}

Note that ®ve items now occur twice: component 2, component 6, component 10,
machine 1 and machine 3. Following Falkenauer’s steps for crossover, we now
remove the duplicates from the groups they were in as a part of parent one. Thus,
the injected section 3 remains intact and the other groups are subject to alteration.
The result of this step is the following:

group 3 {1, 7, 9} [machine 1 removed]
group 3 {2, 6, 10}, {1, 3} [unaltered]
group 1 {3, 4}, {2, 4} [component 10 removed]
group 4 {11} [components 2 and 6 removed, and machine 3

removed]
group 2 {5, 8}, { 5, 6} [unaltered]

The solution resulting from this process may be infeasible, as this example illustrates.
As can be seen, components 1, 7, 9 and 11 are assigned to groups with zero machines.
A necessary condition for feasibility is that each group contains at least one com-
ponent and one machine. Infeasible solutions must be altered using a problem-
speci®c heuristic.

For CF-GGA, the heuristic works to relocate components 1, 7, 9 and 11 into one
of the remaining groups (3, 1 or 2 for this example). The cell into which a particular
component is placed is not selected randomly. Rather, an attempt is made to insert
each displaced component into the cell that contains the most machines that the
component requires. The replacement heuristic utilizes the information contained in
the MP matrix to place a component into the group containing the most machine(s)
it needs. Ties are broken arbitrarily. Similarly, when crossover results in a group
containing no components, those groups are eliminated and each displaced machine
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is placed into the existing cell that contains the most components that need it,
based on the information contained in the MP matrix. Again, ties are broken
arbitrarily.

Since the order in which displaced components and machines are reassigned may
have an impact on succeeding reassignments, the set of displaced items is randomly
ordered before any reassignments are made. The steps of the replacement heuristic

follow.

Replacement Heuristic for CF-GGA

Step 1. Create a randomly ordered list of all displaced components and machines.
Step 2. Determine what type of item is at the top of the list (component ˆ go to step

3, machine ˆ go to step 7).
Step 3. For displaced component j, examine column j of the original MP matrix and

make a list of all rows i in that column which contain the value 1.

Step 4. Examine the existing groups that resulted from crossover (and may have
been altered by this heuristic already) and determine which of them contains
the most machines from the list created in step 3.

Step 5. Place displaced component j in that group (ties are broken arbitrarily).
Step 6. If displaced components or machines still exist, return to step 2, otherwise

stop.

Step 7. For displaced machine i, examine row i of the original MP matrix and make
a list of all columns j in that row which contain the value 1.

Step 8. Examine the existing groups that resulted from crossover (and may have
been altered by this heuristic already) and determine which of them contains
the most components from the list created in step 7.

Step 9. Place displaced machine i in that group (ties are broken arbitrarily).

Step 10. If displaced components or machines still exist, return to step 2, otherwise
stop.

Use of this replacement heuristic helps to increase the machine utilization and

decrease the intercell tra� c. Since these are the two goals when attempting to achieve
group e� ciency, they ®t logically as goals for the replacement heuristic.

Continuing with the example, to insert component 1, which has been displaced,
we refer to the given MP matrix from ®gure 1. From this ®gure, we see that com-
ponent 1 requires machines 5 and 6. This being the case, component 1 is inserted

onto group 2, since group 2 currently contains both of the machines that component
1 needs. When replacing component 7, the MP matrix indicates component 7
requires machine 2 only. In this case, we place component 7 in group 1 because

that is the group in which machine 2 resides. Lastly, the MP matrix shows that
components 9 and 11 both require machines 3 and 4. We are forced to choose
between group 3 and group 1 for insertion of each of these components. Each

group is given equal weight, and a random number is generated to determine
which cell each of these last two displaced components is assigned. Assuming that
component 9 is assigned to group 3 and component 11 is assigned to group 1, then

the groups are:

group 3 {2, 6, 10, 9}, { 1, 3}
group 1 {3, 4, 7, 11}, {2, 4}
group 2 {5, 8, 1}, { 5, 6}
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This leads to the resulting o� spring one: 2 3 1 1 2 3 1 2 3 3 1 | 3 1 3 1 2 2 | 3 1 2. Even
though parent one consisted of four cells, the result of crossover here is an o� spring
with only three cells.

The process is repeated for the second o� spring, with each of the steps carried
out in the same manner. O� spring two is originally formed by inserting the cross-
section of parent one at the ®rst crosspoint of parent two. In our case, o� spring two
originates as: 1 4 3 2 1.

4.2.3. Mutation
The mutation operator explored in CF-GGA consists of eliminating one of the

groups of a chromosome. The group to eliminate is chosen randomly, but intelli-
gence is built into the reassignment heuristic. Each of the displaced components is
placed into a new group using information obtained from the problem’s original MP
matrix. The placement is based on which existing group has the most machines that
the displaced component requires. If a tie occurs, it is broken arbitrarily. Likewise,
displaced machines are reassigned based on which existing group has the most com-
ponents that need it. Again, ties are broken arbitrarily.

4.2.4. Replacement
CF-GGA uses a generational replacement strategy. This means that with the

exception of the best solution, the entire current population is replaced with o� -
spring at the end of each generation. With CF-GGA, the best chromosome from
each generation is always passed to the next generation. The remainder of the
chromosomes chosen to replace their predecessors are selected using the rank-
based roulette-wheel strategy described in section 4.2.1.

4.3. CF-GGA Parameters
The values assigned to various genetic algorithm parameters can have a signi®-

cant impact on the algorithm’s performance. When designing CF-GGA, we employ
additional experimentation in order to determine appropriate values for the par-
ameters of population size, crossover rate, and mutation rate. A small set of simu-
lated problems is created by randomly generating MP matrices of varying size and
sparsity. Experimentation is performed using three di� erent population sizes (50,
100, 200), two potential crossover rates (1.0, 0.6), and two possible mutation rates
(0.0, 0.25). For sample problems with small MP matrices (10 £ 10), most combina-
tions of parameter values ®nd the best solution in less than 10 generations. For larger
problems (25 £ 40, 25 £ 100, 40 £ 100), however, the combination of population size
100, crossover rate 1.0, and mutation rate 0.0 results in the highest quality solutions.
The inclusion of the mutation operator greatly increases the run time of the algor-
ithm without signi®cant improvement in solution quality. For this reason, mutation
is not utilized when CF-GGA is tested on problems from the literature (i.e. the
mutation rate is set to 0.0).

4.4. Initialization and termination
4.4.1. Initial population

The initial population employed by CF-GGA is created by ®rst randomly gen-
erating values for each gene in the machine section of the chromosome. These values
are constrained to be between 1 and G, where G is the maximum number of groups
for the problem, G µ min…M ; P†. After creation of the machine section, random

3662 E. C. Brown and R. T. Sumichrast



values are then generated for the components section of the chromosome. These
values are not only restricted to be between 1 and G, but must also come from the set
of values assigned to the machine section. By assigning the initial values in this
manner, all of the initial chromosomes are valid solutions for the MPCF problem.
Because each value contained in the set fc1; c2; c3; . . . ; cPg is also contained at least
once in the set fm1; m2; m3; . . . ; mMg, there are no groups with zero components or
zero machines in the initial population of chromosomes. By ensuring these problem
constraints are satis®ed, and assuming no other constraints exist, CF-GGA begins
with an initial feasible population.

4.4.2. Termination criteria
The most straightforward stopping criteria for a GGA is the number of genera-

tions. Unfortunately, there is no a priori method for determining how many gen-
erations is enough. However, as Radcli� e points out, using a population size of s
with a GA that runs for t generations requires st evaluations. If st is not signi®cantly
less than N, where N is the size of the search space, then one may as well employ
enumeration to solve the problem (Radcli� e 1996). For this reason, and also because
preliminary tests indicate CF-GGA is capable of ®nding high quality solutions
quickly, the limit on the number of generations is set to 50. CF-GGA monitors
the quality of its solutions and may also stop once t consecutive generations pass
by with no improvement. For this research, t is set to 25. Thus, CF-GGA terminates
after 50 total generations or after 25 generations with no improvement, whichever
comes ®rst.

4.5. Measures of e� ectiveness
4.5.1. Grouping e� ciency

In order to gauge the performance of CF-GGA, two measures of e� ectiveness are
employed. The ®rst, grouping e� ciency, is formally de®ned by Chandrasekharan
and Rajagopalan. They develop this measure to `provide a quantitative standard on
a rational scale for comparing di� erent solutions to the same problem’
(Chandrasekharan and Rajagopalan 1986a, p. 456). For the MPCF problem, the
quality of a solution depends on machine utilization and intercell movement. Many
solution techniques attempt to diagonalize the MP matrix in an e� ort to maximize
machine utilization and minimize intercell tra� c simultaneously. When a matrix
representation of a solution has zeros on the diagonal, this indicates a machine is
not employed by one of the components in the group. When the solution matrix has
ones o� of the diagonal, this represents intercell movement. Chandrasekharan and
Rajagopalan (1986a) propose a measurement of e� ciency, ², that is based on these
concepts.

The grouping e� ciency, ², is calculated as a weighted average of ²1 and ²2, using
the formula:

² ˆ q²1 ‡ …1 ¡ q†²2; …1†

where 0 µ q µ 1, and

²1 ˆ ed

Xk

rˆ1

MrNr

…2†
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²2 ˆ 1 ¡ eo

mn ¡
Xk

rˆ1

MrNr

2

66664

3

77775
; …3†

where

ed total number of ones in the diagonal blocks,
eo total number of ones in the o� -diagonal blocks,
k limiting number of groups,
m number of machines (rows),
n number of components (columns),

Mr number of machines in the rth cell,
Nr number of components in the rth cell.

The formula for ²1 expresses the ratio of the number of non-zero elements in the
diagonal blocks to the total number of elements in the diagonal blocks. The closer ²1

is to 1.0, the more likely that the machine utilization in the cell is close to 100%.
The expression for ²2 represents the ratio of the number of zeros in the o� -

diagonal sections to the total number of elements in the o� -diagonal sections.
Values of ²2 that are close to 1.0 indicate minimal intercell tra� c. Incorporation
of the weighting factor q `enables the analyst to alter the emphasis between utiliza-
tion and intercell movement, depending on the speci®c requirements of the given
problem’ (Chandrasekharan and Rajagopalan 1986a, p. 457).

4.5.2. Group e� cacy
The research of Kumar and Chandrasekharan (1990) develops another method

for measuring the quality of di� erent solutions to a given MPCF problem. Their
measure, termed grouping e� cacy, considers the `number of operations’ to be the
number of ones in the original MP matrix. With this in mind, Á is de®ned as the ratio
of exceptional elements to the number of operations, and ¿ is de®ned as the ratio of
voids to the number of operations. The formula for the grouping e� cacy is given as:

¡ ˆ 1 ¡ ’

1 ‡ ¿
ˆ 1 ¡ eo=e

1 ‡ ev=e
ˆ e ¡ eo

e ‡ ev

ˆ 1 ¡ eo ‡ ev

e ‡ ev

; …4†

where

e number of operations,
ev number of voids,
eo number of exceptions.

Whereas the formula for grouping e� ciency allowed for equal weighting of the ratio
involving exceptional elements and the ratio involving voids (by setting q ˆ 0:5), the
formula for grouping e� cacy does not allow for this. `As the e� cacy function is not
symmetric with references to Á and ¿, the in¯uence of exceptions and voids are not
identical’ (Kumar and Chandrasekharan 1990, p. 239). This is an intentional vari-
ation from the e� ciency formula because these authors believe that, in real life,
exceptional elements are much more signi®cant than voids.
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5. Application of a GGA to MPCF problems from the literature
Initially, CF-GGA is applied to a small set of randomly generated problems so

that ®ne-tuning of algorithmic parameters can occur. Once the population size (100)

and crossover rate (1.0) are set, CF-GGA is applied to a subset (6 £ 11) of a small

problem from the literature (Chandrasekharan and Rajagopalan 1986a). The opti-

mal grouping e� ciency score is obtained in only ®ve generations.

CF-GGA is then applied to the entire small problem taken from

Chandrasekharan and Rajagopalan (1986a). Again, for this small 8 £ 20 problem,
CF-GGA obtains the optimal presented in the literature very quickly (seven genera-

tions). To continue the initial testing, a larger problem (50 £ 22) is used (Seifoddini

and Tjahjana 1999). Although no grouping e� ciency score is given for this problem,

CF-GGA ®nds a solution with an e� ciency of 0.966 after only 20 generations.

CF-GGA’s success on these few problems from the literature provides con®dence

that the algorithm can perform well across a spectrum of example MPCF problems.

Six data sets are taken from an article by Chandrasekharan and Rajagopalan (1989).
For each of these data sets, the authors report the best grouping e� ciency that their

algorithm ZODIAC (Chandrasekharan and Rajagopalan 1987) obtains. CF-GGA

achieves an e� ciency score of 100% for the ®rst data set, and this matches the score

obtained by Chandrasekharan and Rajagopalan. For the remaining ®ve data sets,

however, CF-GGA outperforms ZODIAC in all cases. The e� ciency scores reported

for ZODIAC and those obtained with CF-GGA are given in table 1. In all cases, CF-

GGA obtains its best grouping e� ciency score in 21 generations or less.
With grouping e� ciency as the measure of e� ectiveness, CF-GGA is very suc-

cessful, obtaining solutions that are as good as, or better, than those presented in the

literature. To test the algorithm further, the objective function measure is changed to

grouping e� cacy, but no other changes are made to the algorithm or its parameters.

Srinivasan (1994) presents a table of grouping e� cacy scores for a set of MPCF

problems. We apply CF-GGA to several of these problems with the following

results.
Table 2 presents the results for the six data sets (CR1-CR6) used previously from

Chandrasekharan and Rajagopalan (1989), using the e� cacy scores of ZODIAC,

GRAFICS (Srinivasan and Narendran 1991) and a proposed algorithm, as they are

presented in Srinivasan (1994). Also included in table 2 are the results when each of

the four solution methods is applied to two data sets (C01, C02) from Carrie (1973),

two other data sets (CRA, CRB) from Chandrasekharan and Rajagopalan (1986a,

1986b), and one data set (K01) from King (1980b). The column labelled Joines
presents the results obtained by Joines et al. (1996) when applying his genetic algor-
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Data set Size ZODIAC CF-GGA

CR1 24 £ 40 100% 100%
CR2 24 £ 40 95.20% 97.54%
CR3 24 £ 40 91.14% 96.47%
CR4 24 £ 40 77.31% 95.69%
CR5 24 £ 40 72.43% 95.60%
CR6 24 £ 40 69.33% 95.70%

Table 1. Grouping e� ciency comparison of
ZODIAC and CF-GGA.



ithm to some of the problems listed. NA is inserted in instances where results from
Joines et al. are not available.

6. Analysis of performance
Using the grouping e� ciency measure, CF-GGA outperforms ZODIAC on ®ve

of the six data sets, and matches its performance on the sixth. The average percen-
tage improvement of CF-GGA over ZODIAC is 17%. The solutions created by CF-
GGA using e� ciency as the objective function were analysed to gain an understand-
ing of why they were superior to solutions created by ZODIAC.

With the e� ciency measure, voids and exceptional elements are weighted equally
by setting q to have a value of 0.5. However, the proportion of the MP matrix where
voids may occur is much smaller than the proportion where exceptions may occur, in
most situations. CF-GGA realizes this and ®nds optimal solutions by creating ²1

values very close to 1.0. It does this by ensuring the diagonal blocks contain as many
ones as possible, without worrying about an increase in exceptional elements. Since
the o� -diagonal portion of the MP matrix is generally much larger than the diagonal
portion, the number of exceptions will be divided by a larger denominator. This
means that a single exceptional element has less of an impact on the e� ciency rating
than does a single void.

Kumar and Chandrasekharan recognized this shortcoming of the e� ciency
measurement and created grouping e� cacy to gauge more accurately the solution
quality for MPCF problems. With e� cacy as the measure of e� ectiveness, CF-GGA
shows an average percentage improvement of 43% over ZODIAC, 2.85% over
GRAFICS, and 1.5% over the proposed algorithm of Srinivasan. Although not
applied to the entire set of test problems, Joines’ genetic algorithm outperforms
CF-GGA by 8.1% on one data set (C01) and by 0.3% on another (CR3).

Joines’ algorithm employs seven genetic operators, including two that are `highly
problem-speci®c crossover operators’ (Joines et al. 1996, p. 75). With CF-GGA, the
traditional grouping genetic algorithm crossover is the only operator utilized, indi-
cating the potential robustness of CF-GGA.

Table 3 indicates that Joines, while performing slightly better than CF-GGA on
two of ®ve test problems, requires many more generations to reach solutions. CF-
GGA’s success in achieving high quality solutions so quickly can be attributed, in
part, to the intelligence built in to the replacement heuristic.
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Data set Size ZODIAC GRAFICS Srinivasan (1994) Joines CF-GGA

CR1 24 £ 40 100.00 100.00 100.00 NA 100.00
CR2 24 £ 40 85.11 85.11 85.11 85.11 85.11
CR3 24 £ 40 73.51 73.51 73.51 73.51 73.29
CR4 24 £ 40 20.42 43.27 51.81 NA 48.98
CR5 24 £ 40 18.23 44.51 44.72 NA 46.81
CR6 24 £ 40 17.61 41.67 44.17 NA 44.14
C01 24 £ 18 41.84 48.91 44.20 57.01 52.38
C02 20 £ 35 75.14 75.14 75.14 77.91 77.91
CRA 8 £ 20 85.25 85.25 85.25 85.25 85.25
CRB 8 £ 20 58.33 58.13 58.72 NA 56.88
K01 16 £ 43 53.76 54.39 54.44 NA 53.70

Table 2. Grouping e� cacy comparison of four solution methodologies.



The crossover operator may disrupt a group, leaving it with zero machines or
zero components. When this occurs, the entire disrupted group is eliminated and the
displaced components or machines are reinserted into existing groups. By placing
displaced machines with components that need them or displaced components with
machines they require, the heuristic speeds up the work of the algorithm by moving it
in the right direction through intelligent replacement.

7. Conclusions
A new solution methodology for the MPCF problem is developed. This method-

ology is based on a grouping genetic algorithm and employs a specialized replace-
ment heuristic within the crossover operator. Although DeLit et al. (2000) discuss
the use of the GGA for the MPCF problem, our work provides the ®rst testing of
this approach on these problems from the literature.

CF-GGA is tested using well-know problems from the literature. Its performance
is evaluated using two popular objective function measurements. Using these prob-
lems and measures, CF-GGA produces higher quality solutions than ZODIAC,
GRAFICS and Srinivasan’s algorithm. Although solution quality is slightly inferior
to Joines, the number of generations required by CF-GGA is dramatically lower.

The use of CF-GGA in conjunction with the e� ciency measurement has lead to a
deeper understanding of the de®ciencies of this measurement. Although voids and
exceptional elements may be weighted equally in the objective function formula, the
fact that the o� -diagonal portion of the MP matrix is so much larger than the on-
diagonal portion leads to more weight being attached to voids. CF-GGA works to
minimize voids and the result is a maximized e� ciency score.

CF-GGA is a practical tool. It requires only three parameters and is not highly
sensitive to the choice of values for these parameters. For this reason, CF-GGA is
easy to set up and use. In addition, CF-GGA works with limited reliance on spe-
cialized operators developed for a narrow problem range. Another advantage of CF-
GGA is its ability to be adapted to di� erent performance measures. Altering the
performance measure may be done without changing the steps or parameters of the
algorithm.
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