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Abstract

Cellular manufacturing system (CMS) is an application of group technology (GT) to the production environment. There are many
advantages of CMS over traditional manufacturing systems like reduction in setup-time, throughput time, etc. The grouping of machine
cells and their associated part families so as to minimize the cost of material handling is a major step in CMS and it is called as cell
formation (CF) problem. Cell formation is important to the effective performance of manufacturing. In this paper, an attempt has been
made to effectively apply the K-harmonic means clustering technique to form machine cells and part families simultaneously, which we
call K-harmonic means cell formation (KHM-CF). A set of 20 test problems with various sizes drawn from the literature are used to test
the performance of the proposed algorithm. Then, the results are compared with the optimal solution, and the efficacy of the proposed
algorithms is discussed. The comparative study shows that the proposed KHM-CF algorithm improves the grouping efficacy for 70% of
the test problems, and gives the same results for 30% of the test problems.
� 2007 Elsevier Ltd. All rights reserved.
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1. Introduction

Flexible manufacturing systems are designed to answer
the needs of today’s highly complex and dynamic produc-
tion environment. Cellular manufacturing system (CMS)
is an application of group technology (GT) to the produc-
tion environment. There are many advantages of CMS
over traditional manufacturing systems. Reduction in
setup-time, throughput time and work-in-process invento-
ries, shortening lead times, enhancing quality, and lowering
costs, centralization of responsibility and improved human
relations are just a few of them.

The grouping of machine cells and their associated part
families so as to minimize the cost of material handling is a
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major step in CMS and it is called as cell formation prob-
lem (CFP). Cell formation is NP-complete and has been
extensively studied in the literature. Besides some heuristics
like genetic algorithms, simulated annealing, etc. hierarchi-
cal and non-hierarchical clustering methods are also used
for having good solution procedures to the CFP.

From the point of clustering perspective, the cell forma-
tion models can be categorized into those of crisp/fuzzy
and hierarchical/non hierarchical. K-harmonic means clus-
tering (KHM-C) is a fuzzy and non-hierarchical clustering
procedure and has effective performance on the solution of
clustering problems.

The paper is organized as follows. Section 2 reviews the
cell formation problem and some solution methods. In Sec-
tion 3, K-harmonic means clustering algorithm and its
solution procedure and the proposed K-harmonic means
cell formation (KHM-CF) algorithm is presented. Data
sets for numerical examples are introduced in Section 4.
Computational experiences are shown in Section 5. Section
6 makes a conclusion of this study. In the appendix
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sections, the resulting block diagonal matrices of the test
problems are presented.
2. Cell formation problem

The fundamental step for implementation of CM is the
cell formation. Numerous papers can be found in the liter-
ature for cell formation problems, most of which use a
part-machine incidence matrix, which is a representation
resulting from a procedure based on technological and geo-
metrical considerations. A detailed description of group
technology and cellular manufacturing is given in Heragu
(1994).

Cell formation in a given 0–1 machine-component inci-
dence matrix (MCIM) involves rearrangement of rows and
columns of the matrix to create part families and machines
cells. The rows of the MCIM correspond to the machine
types that are available in the system, while the columns
denote the components manufactured. Fig. 1 presents an
example of matrix rearrangement process of a 10 � 10
matrix.

There are many studies in the literature about CFP.
Some used analytical approaches, while others used heuris-
tics. Defersha and Chen (2006) proposed a mathematical
model for the design of CMS based on tooling require-
ments of the parts and tooling available on the machines.
Albadawi, Bashir, and Chen (2005) used mathematical pro-
gramming approach and Wang (2003) used linear assign-
ment algorithm. Particle swarm optimization by Andres
and Sebastian (2006), data mining association rules by
Chen (2003), fuzzy clustering approach by Chu and Hayya
        Parts 
Machines

1 2 3 4 5 6 7 8 9 10 

1 1 1 1 1 1 1 
2 1 1 1 
3 1 1 1 
4 1 1 1 1 1 
5 1 1 1 1 1 
6 1 1 1 1 1 
7 1 1 1 
8 1 1 1 
9 1 1 1 1 

10 1 1 1 

         Parts
Machines

1 2 4 5 9 3 6 7 8 10 

1 1 1 1 1 1   1 
2 1 1 1
3 1 1 1 
5 1 1 1  1 1 
9 1 1 1 1     
10 1 1 1     

4 1 1 1 1 1
6 1 1 1 1 1
7 1 1 1
8 1 1 1

Fig. 1. Matrix rearrangement process of cell formation problem.
(1991), Gungor and Arıkan (2000), Li, Chu, Wang, and
Yan (2007), Masnata and Settineri (1997) and Yang, Hung,
and Cheng (2006), evolutionary approaches by Car and
Mikac (2006), Gonc�alves and Resende (2004) and Stawowy
(2006), simulated annealing by Wu et al. (2007), group
genetic algorithm by Filho and Tiberti (2006) and James,
Brown, and Keeling (2007), minimum spanning tree by
Srinivasan (1994), multi-objective cluster analysis by
Aktürk and Balköse (1996), genetic programming by Chan,
Lau, Chan, and Choy (2006), Cheng, Gupta, Lee, and
Wong (1998), Dimopoulos and Mort (2001) and Dimopo-
ulos and Mort (2004), non-hierarchical clustering algo-
rithms by Chandrashekharan and Rajagopalan (1987),
Jayakrishnan and Narendran (1998) and Srinivasan and
Narendran (1991) are just a few of heuristics used in CFP.

Two evaluation criteria to assess the goodness of CF
solutions are grouping efficiency and grouping efficacy.
Grouping efficiency (3) was first proposed by Chan-
drashekharan and Rajagopalan (1986). It incorporates
both machine utilization (1) and intercell movement (2)
and is defined as weighted sum of two functions g1 and
g2. Grouping efficacy (4), was first proposed by Kumar
and Chandrashekharan (1990), seeks to minimize the num-
ber of exceptional elements and the number of voids in the
diagonal blocks. A detailed description and proposals can
be found in Akright and Kroll (1998) and Selim, Askin,
and Vakharia (1998).

To describe two criteria some definitions and notations
are given as follows:
m number of machines (rows)
e total number of l’s in MCIM
ee total number of l’s in the offdiagonal blocks
ei total number of l’s in the ith machine group
c number of components (columns)
e1 total number of l’s in the diagonal blocks
e0 total number of 0’s (blanks) in the diagonal blocks
g grouping efficiency
s grouping efficacy
g1 ratio of the number of 1’s in the diagonal blocks to

the total number of elements in the diagonal
blocks of the solution matrix

g2 ratio of the number of 0’s in the off-diagonal
blocks to the total number of elements in the off-
diagonal blocks of the solution matrix

r weight factor
g1 ¼
e� ee

e� ee þ e0

ð1Þ

g2 ¼
mc� e� e0

mc� ðe� ee þ e0Þ
ð2Þ

g ¼ rg1 þ ð1� rÞg2 ð3Þ

s ¼ e� ee

eþ e0

ð4Þ

In this study grouping efficacy measure is used as the eval-
uation criterion to test the proposed CF algorithm based
on K-harmonic means clustering.
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3. Applying K-harmonic means clustering to cell formation

3.1. K-harmonic means clustering

Clustering algorithms are designed for selecting groups
within objects whose have some similarities to one another
based on some relevant features. Generally, clustering algo-
rithms can be categorized into those of crisp/fuzzy and
hierarchical/non-hierarchical. Crisp clustering methods
implicitly assume that disjoint part families exist in the data
set; therefore, a part can only belong to one part family.
But fuzzy clustering methods assume a part belongs to
more than one family and classification relation is fuzzy.
Hierarchical clustering algorithms yield a dendrogram rep-
resenting the nested family of parts and similarity levels at
which families change. Non-hierarchical clustering algo-
rithms, on the other hand, obtain a single partition of the
data instead of a clustering structure, such as the dendro-
gram produced by a hierarchical technique. Non-hierarchi-
cal clustering problems are NP-complete (Garey, Johnson,
& Witsenhausen, 1982). A detailed study about clustering
procedures can be found in Jain, Murty, and Flynn (1999).

K-harmonic means clustering is a fuzzy and non-hierar-
chical clustering method proposed by Zhang, Hsu, and
Dayal (1999) and Zhang, Hsu, and Dayal (2000) and mod-
ified by Hammerly and Elkan (2002).

The following notations are used to formulate the K-
harmonic means algorithm:
xi ith data point, i = 1, . . . ,N

cj jth cluster center, j = 1, . . . ,K

uij membership value of ith data point to jth cluster

d (i, j) distance of ith data point to jth cluster center

wðxiÞ weight of xi ith data point

In the following, basic algorithm for K-harmonic means
clustering is given:

(1) Select an initial partition of the N points into K clusters
by selecting the N points as initial centers randomly.
Calculate objective function value according to
KHMðX ;CÞ ¼
XN

i¼1

kPk
j¼1

1
kxi�cjkp

ð5Þ
(2) Obtain membership matrix according to
uij ¼
kxi � cjk�p�2

PK
j¼1kxi � cjk�p�2

ð6Þ

An element uij of this matrix represents the grade of
membership of point xi in cluster cj. Typically uij 2
½0; 1�.
(3) Calculate weight of each point according to
wðxiÞ ¼
PK

j¼1kxi � cjk�p�2

PK
j¼1kxi � cjk�p

� �2
ð7Þ
(4) With membership and weight values of each point cal-
culate new locations of centers according to
ck ¼

PN
i¼1

1

dpþ2
i;k

PK

l¼1
1

dp
i;l

� �2 xi

PN
i¼1

1

dpþ2
i;k

PK

l¼1
1

dp
i;l

� �2

ð8Þ
(5) Calculate objective function value with new center
values.

(6) Repeat step 2–5 predefined number of iterations or
until KHM(X,C) does not change significantly.

(7) Assign point i to cluster j with biggest uij value.

3.2. The proposed algorithm

In this section, a novel method based on K-harmonic
means clustering is developed for cell formation that iden-
tifies part families and machine groups simultaneously. The
K-harmonic means cell formation problem can be
described as follows: given the routing information of m

parts and c machines, the goal of CF is to cluster the parts
into k part families and the corresponding machines into
machine cells.

The proposed algorithm steps for CF are presented as
follows:

Step 1. Input machine-component data and number of
part families.

Step 2. Apply K-harmonic means clustering algorithm to
the machine-component data.

Step 3. Group part families and machine cells.
Step 4. Calculate grouping efficiency and/or efficacy

values.
Step 5. Terminate if a predefined number of iterations

achieved or there is no better quality solutions
for sequential 3 iterations.

4. Data sets for numerical example

The main objectives of this study are

(i) to analyze the effects of parameters on clustering per-
formance and

(ii) to assess the relative performances of the proposed
KHM-CF against several alternatives.

The effectiveness of the clustering algorithm has been
tested by applications to several different size cellular man-
ufacturing problems. Two groups of examples are reported
as follows:

First, 20 problems (refer to Table 1), referred to as Prob-
lems 1–20, from the literature are taken as test data to eval-
uate the viability of the proposed approach. These data sets



Table 1
Data sets for computational experiences

Problem no. Size Reference

1 5 � 7 Waghodekar and Sahu (1984)
2 5 � 7 King and Nakornchai (1982)
3 6 � 8 Kusiak and Cho (1992)
4 7 � 11 Kusiak and Chow (1987)
5 7 � 11 Boctor (1991)
6 5 � 18 Seifoddini (1989)
7 10 � 10 Mosier and Taube (1985a)
8 14 � 24 Askin and Subramanian (1987)
9 14 � 24 Stanfel (1985)

10 16 � 24 McCornick et al. (1972)
11 16 � 30 Srinivasan et al. (1990)
12 16 � 43 King and Nakornchai (1982)
13 18 � 24 Carrie (1973)
14 20 � 20 Mosier and Taube (1985b)
15 24 � 40 Chandrasekharan and Rajagopalan (1989)
16 24 � 40 Chandrasekharan and Rajagopalan (1989)
17 30 � 50 Stanfel (1985)
18 30 � 50 Stanfel (1985)
19 35 � 20 Carrie (1973)
20 37 � 53 McCornick et al. (1972)
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are not taken from original references but from Srinivasan
and Narendran (1991) and include different instances of the
cell formation problem in terms of size and difficulty. In
addition, results obtained from the existing methods are
available in the cell formation literature. The size of first
20 problems ranges from 5 � 7 to 37 � 53.

Second, five other problems are tested with KHM-CF,
which is taken from the CF literature. Since there is no
comparison with these sets, the results of experiments
obtained are given in Appendix B of this study.
Table 2
The results of computational experiences

Problem No. Other approaches (grouping efficacy)

ZODIAC GRAFICS MST GATSP GP

1 56.52 60.87 62.
2 73.68 73.68
3 76.92 76.92 76.
4 39.13 53.12 46.88 50.
5 70.37 70.37 70.
6 77.36 77.36 77.
7 70.59 70.59 70.59 70.59
8 64.36 64.36 64.36
9 65.55 65.55 67.44 63.

10 32.09 45.52 48.70
11 67.83 67.83 67.83
12 53.76 54.39 54.44 53.89
13 41.84 48.91 44.20
14 21.63 38.26 37.12 34.
15 100.00 100.00 100.00 100.00 100.
16 18.23 44.51 44.72 44.67 34.
17 46.06 56.32 58.70 56.61 48.
18 21.11 47.96 46.30 45.93 37.
19 75.14 75.14 75.14 75.28 66.
20 52.21 52.21
5. Computational results

In this study, the results are compared with the follow-
ing algorithms that are reported in the literatüre many
times.

� ZODIAC (Chandrashekharan & Rajagopalan, 1987)
� GRAFICS (Srinivasan & Narendran, 1991)
� MST (Srinivasan, 1994)
� GATSP (Cheng et al., 1998)
� GP (Dimopoulos & Mort, 2001)

The proposed KHM-CF algorithm is coded using
MATLAB and run on a computer Pentium IV, 3.2 GHz,
1 GB RAM.

Table 2 shows the computational results of KHM-CF
and published results in the literature. The results obtained
with KHM-CF are better for 70% of test problems and
same as others for the remaining 30%. It is interesting that
as data size grows (greater than 10 � 10), the performance
of the algorithm increases significantly. On the other hand,
bottleneck machines mostly affect the performance of cell
formation. Like most of other clustering algorithms,
KHM clustering algorithm is sensitive to exceptional ele-
ment. Therefore, if bottleneck machines exist in the data
set, the solution contains exceptional elements as occurs
in problems 4, 10, 12, 13, 14 and 20.

Fig. 2 shows the performance of KHM-FC against alter-
native five algorithms. One can easily see that the KHM-
FC has superior performance over other algorithms.

The solution matrices of 20 test problems are given in
Appendix A and other 5 problems in Appendix B sections,
Best of five approaches KHMCF Cell size CPU time

50 62.50 62.50 2 0.34
73.68 73.68 2 0.37

92 76.92 76.92 2 0.78
00 53.12 53.13 3 0.37
37 70.37 70.37 3 0.37
36 77.36 79.59 2 0.96

70.59 76.47 3 1.36
64.36 65.75 5 0.76

48 67.44 69.33 5 0.82
48.70 50.48 6 2.37
67.83 67.83 4 0.67
54.44 54.80 5 1.52
48.91 52.83 6 1.63

16 38.26 40.29 5 2.15
00 100.00 100.00 7 2.88
76 44.72 47.17 9 2.26
28 58.70 59.43 12 4.12
55 47.96 58.86 12 4.17
30 75.28 76.22 4 0.59

52.21 56.42 2 0.73
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Fig. 2. Results of five approaches and KHM-CF on 20 test problems.
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respectively. (Some of the solution matrices are transposed
for space requirements.)

6. Conclusion

In this paper, a K-harmonic means algorithm has been
developed to solve the cell formation problem. This
method generates quality solutions and provides improved
flexibility for analysing the cell formation problem. To dis-
play the used of proposed method, 25 different scaled with
varying size and complexity cell layout problems from pre-
vious literature.

There are several advantages of KHM-CF over tradi-
tional methods: (1) getting good solutions in acceptable
amount of time, (2) producing several good solutions
allowing the user to choose among the best and (3) being
easy to understand, modify and implement.

The K-harmonic means approach gives the information
about the degree of the membership, priority for realloca-
tion. In this study these intermediate steps are not given,
but our proposed algorithm is available to cover the inter-
mediate step of the algorithm to show the degree of mem-
bership value of parts related to the corresponding cells.
Meanwhile, processing time takes less than few seconds.
Therefore solution time does not consider as performance
criteria and algorithm is more practical. K-harmonic
means clustering algorithm is better than the original heu-
ristics and because the K-harmonic means approach pro-
vides more constructive information, such as degree of
membership, priority for reallocation; the solutions forced
the clusters to form along the diagonal block, simulta-
neously grouping parts and machines. Bottleneck machines
mostly affect the cell formation. KHM clustering algorithm
is sensitive to exceptional element. Therefore, if bottleneck
machines exist in the data set, the solution contains excep-
tional elements as occurs in problem 20.
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