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Abstract

New environmental characteristics and requirements have challenged manufacturing enterprises to improve the efficiency and produc-
tivity of their production activities. Cellular manufacturing (CM) as one of the solutions to this problem, as implementation of Group
technology (GT), was proposed. Performance of cellular manufacturing systems depends heavily on the cell structure. In this paper we
present and evaluate a novel approach for solving the cell-formation problem based on implementation of a GA, called modified genetic
algorithm (MGA). Implementation of the GA in here presented simulation model is based on Emergent Synthesis idea, of top-down
problem decomposition and emerging solution from bottom-up feedback.
� 2006 Elsevier Ltd. All rights reserved.
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1. Introduction

Today’s manufacturing system, wherever it is located
and whatever its product type, is becoming a global busi-
ness enterprise. This enterprise is the subject of new pres-
sures demanding changes in the way that companies
compete, how they are organized and structured and the
technologies that they adopt [1,2]. Those new environmen-
tal characteristics and requirements have challenged manu-
facturing enterprises to improve the efficiency and
productivity of their production activities. Today’s manu-
facturing systems have to be able to produce products with
low production cost and high quality on time [3]. In addi-
tion to that manufacturing system should be able to adjust
and respond rapidly to changes in product design and
demand with none or low cost investment [4,5]. In order
to achieve high productivity under the turbulent production
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environment, implementation of the cellular manufacturing
was proposed as one of the solutions in manufacturing
enterprise.

2. Cell-formation problem

Cellular manufacturing (CM) is the implementation of
Group technology (GT) to the manufacturing systems.
Group technology is a manufacturing philosophy, which
determines and divides the parts into various families and
the machines into cells by taking advantage of part similar-
ity [6]. The fundamental problem in CM is to identify and
create machine cells and associate part families. To solve
this problem usually known as the cell-formation problem,
different approaches have been developed to identify part
families and their associated machine cells. Among those
approaches genetic algorithms (GA) approach, which
belong to the family of evolutionary algorithms, have been
used to reduce the computational complexity, and they
show the ability to identify similar patterns at high compu-
tational rates [7,8]. In this paper a novel approach based on
implementation of a GA, called modified genetic algorithm
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(MGA), for solving the cell-formation problem is presented
and evaluated.

Implementation of the GA in here presented simulation
model is based on Emergent Synthesis idea, of top-down
problem decomposition and emerging solution from bot-
tom-up feedback [9,10]. Performance of cellular manufac-
turing systems depends heavily on the cell structure. In
which a part family consists of those parts requiring similar
machine operations. At the same time, the parts that can-
not be processed within one cell may be identified. Group-
ing similar parts and associated machines and forming a
cell by the parts and machines lead to reduce the parts that
need processing in other cells and to increase productivity.
The input to the cell-formation problem is the binary
machine-part incidence matrix derived from production
flow analysis (PFA) chart. This approach is referred to as
a matrix formulation of the GT problem. Columns of an
incidence matrix represent parts and rows represent
machines. A matrix element aij is ‘1’ if machine i is used
to process part j, and ‘0’ if otherwise. Table 1 shows an
example of PFA chart for 8 parts and 10 machines.

Once the incidence matrix is constructed, a clustering
algorithm is required to transform the initial matrix into
a solution matrix to help identify clusters. This problem
involves a reorganization of rows and columns of incidence
matrix to obtain block diagonal form. The best solution is
block diagonal matrix with minimum total inter-cell move-
ments (exceptional elements) as well as intra-cell move-
ments (voids) of parts during the manufacturing process.
Table 2 shows an example of block diagonal matrix for
the PFA chart shown in Table 1.
Table 2
A block diagonal matrix for PFA chart shown in Table 1

Table 1
Production flow analysis (PFA) chart

Parts Machines

1 2 3 4 5 6 7 8 9 10

1 0 0 0 0 0 1 1 0 0 0
2 1 0 0 0 0 0 0 0 0 0
3 1 0 1 0 0 0 0 0 1 0
4 1 0 1 1 0 0 0 0 1 0
5 1 0 0 0 1 0 0 1 0 1
6 0 0 0 0 1 1 1 0 0 1
7 0 1 0 0 1 1 0 1 0 0
8 0 1 0 0 1 1 0 1 0 1
3. Modified genetic algorithm (MGA) and modified ART1

3.1. Modified genetic algorithm (MGA)

Genetic algorithms are heuristic search techniques that
utilize analogies to natural selection and survival of the
fittest. They employ a population of solutions, combining
the solutions in specific way in attempt to form better
solutions.

The mathematical model describing the characteristic of
the machine-component grouping problem can be formu-
lated based on following variables and parameters:
i part index (i = 1,2, . . .,N)
j machine index (j = 1,2, . . .,M)
k cell index (k = 1,2, . . .,G)
xik binary variable indicating if part i is assigned to

cell k

yjk binary variable indicating if machine j is assigned
to cell k

aij workload of part i on machine j

Nv total number of voids inside the diagonal blocks
Ne total number of exceptions outside the diagonal

blocks
Cv constant variable (coefficient)
Ce constant variable (coefficient)
Ff objective function value.

The mathematical model of implementation of MGA
for cell formation describing the characteristic of the
machine-component grouping problem is formulated based
on following calculations. In order to group parts with sim-
ilar machining characteristics into part families, and corre-
spondent machines into cells, the sum of total number of
voids inside the diagonal blocks and the total number of
exceptional elements outside the diagonal blocks should
be minimized. The total number of voids Nv and total num-
ber of exceptional elements outside the diagonal blocks Ne

can be calculated as follows:

N v ¼
XG

k¼1

XN

i¼1

xik

 ! XM

j¼1

yjk

 !" #
�
XG

k¼1

XN

i¼1

XM

j¼1

aijxikyjk ð1Þ

N e ¼
PN

i¼1
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The final objective function can be calculated according to
following equation:

F f ¼ CvN v þ CeN e ð3Þ

and subject to following constrains:

Cv þ Ce ¼ 1 ð4ÞXG

k¼1

xik ¼ 1 for i�f1; 2; . . . ;Ng ð5Þ

XG

k¼1

yjk ¼ 1 for j�f1; 2; . . . ;Mg ð6Þ
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where

xik ¼
1; part i is assigned to cell k

0; otherwise

(

yjk ¼
1; machine j is assigned to cell k

0; otherwise

(

The principle of MGA is to simulate the evolution pro-
cedure, which can be characterized generally in the follow-
ing steps:

• Representation is the first step in applying genetic algo-
rithm to cell-formation problem. The individual (chro-
mosome) representation method decides on how the
problem can be expressed in genetic algorithm. Each
chromosome should represent one alternative solution
of problem, and is composed of a sequence of genes
which can be set of binary numbers, real numbers, inte-
gers, bit strings, etc. [11]. In this case, each individual is a
vector consisting of N + M integer variables. Addition-
ally, initial population is generated by random selection
of individuals.

• Evaluation is the next step of genetic algorithm in which
each individual is tested by the objective function. In this
case objective function is not only a minimum sum of
exceptional elements outside the clusters [8], but also
minimum of voids inside the diagonal blocks [7]. Fitness
value as a measure of how well the individual optimizes
the objective function is calculated. Individuals with
higher fitness value will be chosen more often in the
algorithm procedure.

• Reproduction is the phase of exchanging the genes
between the parents in order to produce individuals of
next generation. In this paper, two point crossover oper-
ation is applied to generate new individual, and muta-
tion operation with randomly change a tiny amount of
genetic information in individuals is also performed.
The generation will continue to evolve until stopping cri-
teria has been satisfied.

3.2. Modified neural network solution (ART1)

The topology of the modified unsupervised learning
ART1 neural network consists of two layers: input and
output layer. The structure of the neural network could
be characterized by the interconnection architecture among
neurons, the activation function for converse of inputs into
outputs, and learning algorithm. The unit in one layer is
connected with all the units in the other layer by bottom-
up or top-down weight. The top-down weight represents
the exemplar pattern of units in the output layer. Neuron
xi, in the input layer corresponds to an entry in the inci-
dence matrix. The vector X = (x1,x2, . . .,xn) corresponds
to a row of the incidence matrix. Each output node yk cor-
responds to a part group.
The steps to implement modified ART1 algorithm for
cell-formation problem are as follows. In the first step rear-
rangement of the rows (machines) of incidence matrix in
descending order of the number of 1s in the row. In a case
of tie, the machine with the smallest identification number
is presented first. Secondly the number of neurons is
defined in the input layer n and the number of neurons in
the output layer m and selects a value for the vigilance
parameter q(0 < q < 1). After defining number of neurons
and selection of a value for vigilance it is enabled all the
output units and initialized top-down weights Wt and bot-
tom-up weights Wb as follows:

W t
ij ¼ 1 ð7Þ

W b
ij ¼

1

1þ n
ð8Þ

In the next step it is shown a binary machine vector X to
the input layer (X consists of elements xi). In the fifth step it
is calculated the weight sum of input and bottom-up weight
as matching scores for all enable nodes in output layer:

netj ¼
X

i

W b
ij � xi ð9Þ

After calculating the weight it is selected a node that has
the highest level of matching score as the best match exem-
plar. Then implemented the vigilance test to verify that
input pattern belongs to cluster (cell) according to

V j ¼
P

iW
t
ij � xiP
ixi

ð10Þ

The ratio of the nodes whose input and exemplar are
matched as ‘1’ is compared with the vigilance threshold.
If Vj > q there is resonance, then it will update the best
matching exemplar according to Eqs. (11) and (12), other-
wise will disable the best match node and remove it from
the future calculation of matching score. Then will repeat
process by repeating calculated weight sum of input and
bottom-up weight:

W t
ij ¼ fhðdijÞ ð11Þ

W b
ij ¼

fhðdijÞ
0:5þ

P
ifhðdijÞ

ð12Þ

where

fhðxÞ ¼
1 if x > h; 0 < h < 1

0 otherwise

�
ð13Þ

dij ¼
P

i2jzip

mj
ð14Þ

where Zip is the element of machine – part matrix and mj is
the number of patterns which allocated node j.

Finally if all input vectors are applied it will be allocated
the parts to their appropriate machine cells that have the
most processes of the part. In a case of tie, the machine cell
with high percentage of the part processes is selected. In a
case of a tie again, the machine cell with the smallest
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identification number is selected as an associate cell. How-
ever if this is not a case it will be enabled any nodes disabled
before in algorithm and process is repeated by repeating cal-
culated weight sum of input and bottom-up weight.

4. Performance measures and simulation results

Simulation model according to above described GA and
modified ART1 mathematical model was developed in
computer program Visual C++ and used an IBM compat-
ible Pentium computer to perform the experiment
computations.

For the performance measures three evaluation objec-
tives: machine utilization (MU), grouping efficiency (GE),
and grouping efficacy (C) as an aggregate performance mea-
sure of clustering [12,13] were used to evaluate the quality of
proposed solution given by the MGA for cell formation.
The genetic parameters for example problem were set as fol-
lows: population size popsize = 60, probability of crossover
pc = 0.50, probability of mutation pm = 0.50.
Table 3
Simulation results – comparison between different methods

Examples Methods P

G

Example 1, 5 · 7 matrix, No = 16 Rank order clustering 2
ART1 3
Modified ART1 2
MGA 3

Example 2, 5 · 7 matrix, No = 16 Rank order clustering 2
ART1 2
Modified ART1 3
MGA 3

Example 3, 6 · 6 matrix, No = 15 Rank order clustering 3
ART1 3
Modified ART1 2
MGA 2

Example 4, 6 · 6 matrix, No = 15 Rank order clustering 3
ART1 3
Modified ART1 2
MGA 3

Example 5, 8 · 10 matrix, No = 27 Rank order clustering 2
ART1 4
Modified ART1 2
MGA 3

Example 6, 10 · 10 matrix, No = 33 Rank order clustering 2
ART1 3
Modified ART1 3
MGA 3

Example 7, 10 · 15 matrix, No = 51 Rank order clustering 3
ART1 3
Modified ART1 3
MGA 3

Example 8, 15 · 15 matrix, No = 50 Rank order clustering 3
ART1 4
Modified ART1 5
MGA 5
Machine utilization (MU) is the percentage of times the
machines with the clusters are used in production. MU can
be computed as

MU ¼ e1PG
k¼1jkik

ð15Þ

where e1 is the total number of 1s within the cells, G is the
number of cells, jk is the number of machines in the kth cell,
and ik is the number of parts in the kth cell.

Grouping efficiency (GE) is an aggregate performance
measure of clustering. It is measure to evaluate exceptional
parts and machine utilization, and it is defined as

GE ¼ 0:5MUþ 0:5 1� ee MN�
XG

k¼1

jkik

 !," #
ð16Þ

where MU is the machine utilization as defined before, MN
is the size of incidence matrix. As a general rule, the higher
the GE, the better the clustering results.
erformance measures

ev ee MU GE C

4 6 0.714 0.714 0.500
1 5 0.917 0.849 0.647
3 2 0.823 0.856 0.736
0 4 1.000 0.913 0.750

5 2 0.727 0.844 0.666
3 3 0.812 0.827 0.684
0 4 1.000 0.913 0.750
0 4 1.000 0.913 0.750

2 6 0.818 0.784 0.529
2 4 0.846 0.836 0.647
4 1 0.778 0.861 0.737
4 1 0.778 0.861 0.737

0 3 1.000 0.938 0.800
2 3 0.857 0.860 0.705
5 0 0.750 0.875 0.750
0 3 1.000 0.938 0.800

16 3 0.600 0.763 0.558
4 8 0.826 0.843 0.613

17 1 0.619 0.796 0.604
3 7 0.869 0.873 0.663

23 6 0.540 0.710 0.589
9 8 0.735 0.807 0.595
6 6 0.818 0.864 0.692
6 6 0.818 0.864 0.692

8 9 0.840 0.875 0.711
6 7 0.880 0.905 0.741
6 7 0.880 0.905 0.741
6 7 0.880 0.905 0.741

83 13 0.308 0.592 0.278
14 8 0.750 0.852 0.620
11 11 0.780 0.858 0.639
10 9 0.857 0.890 0.683
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Grouping efficacy (C) as an aggregate performance mea-
sure of clustering is used to evaluate the quality of pro-
posed solution, and it is defined as

C ¼ e� ee

eþ ev

ð17Þ

where e is the number of operations (‘‘1’’), ev is the number
of voids, ee is the number of exceptions.

As a general rule, the higher the C, the better the cluster-
ing results.

In order to clarify the effectiveness of the genetic algo-
rithm method proposed in the preceding section, we report
on our experiment in solving eight different grouping prob-
lems using four methods, rank order clustering [6], original
ART1 [14], modified ART1 neural network method [15]
and our MGA genetic algorithm method. It has been dem-
onstrated that genetic algorithm approach gives in most
cases better quality of grouping than conventional tech-
niques, as it can be seen from Table 3, where G is the num-
ber of cells, and other criteria are defined previously.

From here presented results it can be seen that the pro-
posed method, modified genetic algorithm (MGA), for solv-
ing cell-formations problem gives the best results, for most
simulated examples, or at least results are in the same rank
as modified ART1. Also difference between MGA and
other here presented methods for solving cell-formation
problem is that we are able to obtain increase for all three
measured performances (machine utilization (MU), group-
ing efficiency (GE), and grouping efficacy (C)), till by using
other methods we are able to obtain increase only in some
of measured performances. Figs. 1–3 represent measured
performances changes in correspondence to different meth-
ods for solving cell-formation problem. From these results
it can be seen that changes in matrix size of the defined
problem do not have influence on the results obtained by
proposed method (MGA). Our results show high quality
and stability for different measured performances (MU,
GE, and C). Other compared methods showed drop for
the measured performances. Based on the obtained results
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Fig. 1. Comparison of MU result of experiments.
we can conclude that MGA method shows ability for gener-
alization of the cell-formation problem, which is highly
positive characteristic of here proposed method in compar-
ison with other know methods in the literature.

5. Conclusion

In this paper was proposed method for solving cell-for-
mation problem based on Emergent Synthesis idea. The
Emergent Syntheses idea was utilized by introduction of
modified genetic algorithm (MGA). Objective function in
MGA was modified to obtain better solution for solving
the cell-formation problem is found in comparison with
known approaches in the literature. Based on the obtained
results we can conclude that here presented method shows
promising results and has generalization ability. Due to
that reason further development of here presented
approach should be investigated, where the main aim it will
be for solving not only the binary cell-formation problems
but also for implementation in the real manufacturing
environment.
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