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Abstract. This paper presents a group scheduling problem for manufacturing cells, in which parts may
visit different cells. By addressing intra-cell scheduling, the sequence of parts within manufacturing cells is
determined. In inter-cell scheduling however, the sequence of cells is obtained. Two evolutionary algorithms,
namely a genetic algorithm (GA) and a memetic algorithm (MA), are proposed and empirically evaluated
as to their effectiveness in finding optimal permutation schedules. The performance of the proposed GA and
MA is shown and evaluated on 15 test problems. The computational results reveal that the proposed MA
outperforms the proposed GA and Lingo software in these test problems with respect to the average elapsed
time to obtain the makespan and objective function value.
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1 Introduction

Cellular manufacturing (CM) is a production system, in which parts requiring similar production pro-
cess are grouped in distinct manufacturing cells. These similarities reduce setup times as similar parts can be
processed with similar jigs and fixtures. The major advantages of CMS have been reported in the literature
as a reduction in setup time, throughput time, work-in-process inventories, and material handling costs; better
quality and production control; enhancement in flexibility; and the like [22]. CMS also provides a production
infrastructure that facilitates successful implementation of modern manufacturing technologies, such as com-
puter integrated manufacturing, just-in-time manufacturing, flexible manufacturing systems, and the like [5].
There are several issues in the design and planning of CMS, such as cell formation problem, layout of CMS,
production planning in CMS, scheduling in CMS, etc. The cell formation problem is an area that has been
widely attempted in the literature [23].

One of the most important issues to attain the benefits of CMS is effective implementation of its schedul-
ing systems[7]. Nevertheless, this area has not been widely attempted in the literature as compared to the cell
formation problem[9, 11]. Due to the similarities in the design, shape, function, and so on, parts in a part family
generally visit machines in the same sequence with minor differences in setup requirements[19]. Therefore, a
part family can be divided into several groups so that each group needs similar setup requirements. In other
words, a group is a subset of a part family and all parts in the same group need similar setup requirement. This
problem is addressed as flow shop group scheduling or briefly group scheduling in the literature. In group
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scheduling, it is assumed that each part family can be processed in one cell by duplicating bottleneck ma-
chines or subcontracting exceptional parts[9]. However, subcontracting exceptional parts may not be practical
or duplicating bottleneck machines may not be possible in every CMS environment due to production eco-
nomics, budget and manufacturing space limitation, etc. Thus, in a typical CMS environment, it is difficult to
form independent manufacturing cells and mostly there are some exceptional parts that create inter-cellular
moves[21]. These constraints limit the applicability of group scheduling methods in the real life.

This paper considers a scheduling problem, in which intercellular moves are allowed and parts may visit
machines in the other cells. We propose a genetic and memetic algorithm (MA) to solve the above-mentioned
problem. This paper is organized as follows: Section 2 includes a review of the literature and discussion of
methods developed for group scheduling problems. In Section 3, the cell scheduling problem considered in
this paper is described and formulated. Section 4 describes the genetic algorithm, section 5, proposed MA, in
section 6 presented GA and MA parameters. The computational results of the proposed MA and the Lingo
software are reported in Section 7.

2 Literature review

A majority of algorithms developed for group scheduling problem have two stages. The first stage deter-
mines the sequence of parts within the groups and the second stage determines the sequence of groups. Hitomi
and Ham[7] defined a lower bound for the optimal makespan and proposed a branch-and-bound technique to
determine the optimal sequence of parts and groups. Since the group scheduling problem is NP-hard[13].
Several researchers have attempted to develop heuristics for the group scheduling problem. Logendran and
Nudtasomboon[10] proposed a heuristic referred to as LN method for solving the intra-group scheduling prob-
lem, which is very similar to the NEH algorithm proposed by Nawaz et al.[17]. The only difference between
the NEH algorithms and LN method is that in the NEH algorithm jobs are initially sorted according to the
descending order of total processing time, but this is done in descending order of average processing time in
LN method. Memetic algorithms (MAs), which are primarily concerned with exploiting all available knowl-
edge about the given problems, are also applied to a number of optimization problems[2, 15, 16]. Yoshida and
Hitomi[27] provided an algorithm for an optimum solution of a two-machine flow shop scheduling problem
with setup times. Sekiguchi[20] and Baker[1] extended the work of Yoshida and Hitomi[27] to two-machine
group scheduling problem, in which each group requires different setup on machines.

Wemmerlov and Vakharia[24] compared the performance of eight part family scheduling procedures and
reported that the family-based scheduling approaches perform superior with respect to the minimum flow
time and lateness. Logendran et al.[9] studied the performance of different combinations of Petrov’s (PT)
method[18], Logendran and Nudtasomboon (LN) method, and Campbell, Dudek and Smith (CDS) method[3].
They reported that the LN-PT method (i.e., the use of LN method at the first stage and PT method at the
second stage) performs superior over the PT-LN, PT-CDS, and CDS-PT combinations. The PT and CDS
algorithms are respectively single- and multiple-pass heuristics, which simplify an N-job M machine flow
shop scheduling problem into an N job two-machine problem and then use Johnson’s algorithm[8] to determine
the sequence of jobs. A detailed description of these methods can be found in Logendran et al.[9]. Yang
and Liao[26] considered a group scheduling problem with two cells and inter-cellular moves. They proposed
a branch-and-bound technique and a heuristic to solve the group scheduling problem. Yang and Chern[25]

considered a two-machine flow shop group scheduling problem, in which each group requires same setup
and removal times on both machines. Schaller[19] reports a new lower bound tighter than the one proposed
by Hitomi and Ham[7] that is used to evaluate partial sequences in the branch and bound procedure for the
flow shop group scheduling problem. One of the major limitations of group scheduling approaches is the
assumption that all parts in a part family are processed in the same cell and there is no inter-cellular move.
Also, some of the methods reviewed above are computationally intractable for real size applications. This
paper proposes an efficient heuristic for cell scheduling problem in the presence of inter-cellular moves.
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3 Mathematical model

The scheduling problem considered in this paper concerns two distinct sequencing problems. These are:
sequencing of parts within the cells and sequencing of cells[13]. The following assumptions are made for the
considered scheduling problem:

(1). All parts in all part families are available for processing at time zero.

(2). Once an operation starts on a machine, it cannot be interrupted before getting completed (non-
preemption).

(3). There is no backtracking in the sequence of machines required by a part family. Once a part is
completed on a machine, either it continues processing in the same cell or leaves that cell and joins another
cell. As this part returns back to its primary cell, it does not go to the machines already visited.

We formulate a novel, nonlinear mathematical model based on machine-part in CMS. This proposed
model deals with the minimization of exceptional elements (EE) and number of voids in cells to achieve the
higher performance of cell utilization and minimization of makespan. The integer nonlinear programming
model for the CMS design is presented below.

A. Indices

P : Number of parts

M : Number of machines

C: Number of cells

K: Maximum Sequence of parts in their cell

KC: Maximum Sequence of cell

B. Parameters

tij : Processing time of part i on machine j

aij =
{

1 if part i visit machine j;
0 otherwise.

mjc =
{

i if machine j belongs to cell c;
0 otherwise.

T : Time of move between cells for each part (Note: this time is fixing for move between each cells)

C. Decision variables

xic =
{

1 if part i is assigned to cell c;
0 otherwise.

ycb =
{

i if cell i is assigned to sequence b;
0 otherwise.

Ckjcb: Completion time of sequence k on machine j in cell c that assign sequence b

zikc =
{

1 if part i is positioned in sequence k in cell c;
0 otherwise

Cmax: Makespan

D. Mathematical model
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min =
P∑

i=1

C∑
c=1

(
M∑

j=1

aij × |aij −mjc|)× xic × T + Cmax (1)

s.t.
C∑

c=1

xic = 1; ∀i (2)

C∑
c=1

ycb = 1; ∀b (3)

KC∑
b=1

ycb = 1; ∀c (4)

K∑
k=1

Zikc = xic; ∀i, c (5)

P∑
i=1

zikc ≤ 1; ∀k, c (6)

C11C1 = max(∀i : ti1 × zi1c × yc1); ∀c (7)

Ck1c1 = ck−1,1,c,1 + max(∀i : ti1 × zi,k,C × yc1); ∀k ≥ 2, c (8)

C1,1,C,b = max(∀c : CK,1,c,b−1) + max(ti1 × zi,1,C × yC,b);
∀b ≥ 2, c (9)

Ck1cb = Ck−1,1,c,b + max(∀i : ti1 × zikC × ycb);
∀k ≥ 2, c, b ≥ 2 (10)

C1jc1 = C1,j−1,c,1 + max(∀i : tij × zi1c × yc1); ∀j ≥ 2, c (11)

C1jcb = max(max(∀c : CK,j,c,b−1), C1,j−1,c,b) + max(∀ic : tij × zi1c × ycb);
∀j ≥ 2, c ∈ C, b ≥ 2 (12)

Ckjcb = max(Ck,j−1,c,b, Ck−1,j,c,b) + max(∀i : tij × zikc × ycb);
∀k ≥ 2, j ≥ 2, c, b (13)

Cmax = max(Ck,j,c,b; ∀k, j, c, b) (14)

xic, ycb, zikc : Binary; ∀i, k, c, b (15)

Ckjcb, Cmax ≥ 0; ∀k, j, c, b (16)

The objective function of this model minimizes the makespan and assigns an operation of a part to only
one part family. To clarify the problem considered in this paper, we present a typical CMS with two cells.
In this system, four parts are to be scheduled on four machines. The processing time of each part on each
machine is given in Tab. 1. As seen in this table, machine C is bottleneck. For example, machine C is shared
by all three cells.

Table 1. Processing time
XXXXXXXXXXpart

Machine
A B C D

1 4 5 12
2 9 4
3 5 3
4 7 6
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After solving this problem, Parts 1 and 2 are assigned to Cell 1 and Part 3 and 4 are assigned to Cell
2. Now, this mathematical model can determine the sequence of part in their cell and sequence of cell. The
result of the Lingo software and the proposed are equal and reported below. In Fig. 1, parts are processed in
Sequences 1 and 2 in Cell 1 and Sequences 4 and 3 in Cell 2. The best permutation of parts on Cells 1 and 2
is obtained as 1-2 and 4-3, respectively. Sequence of the cell is 2-1 and Cmax = 24.

Fig. 1. Calculation of earliest times to complete each operation in cell 1 and 2.

4 Proposed genetic algorithm

The genetic algorithm (GA) is a population-based algorithm that uses analogies to natural, biological, and
genetic concepts including chromosome, mutation, crossover, and natural selection. Basically, it consists of
making a population of solutions evolve by mutation and reproduction processes. The best fitted solutions of
the population survive while the worse fitted are replaced. After a large number of generations, it is expected
that the final population will be composed of highly adaptable individuals, or in an optimization application,
high-quality solutions of the problem at hand. The basic steps of a canonical GA are as follows.
Step 1. Initialize the population and enter Step 2.
Step 2. Select individuals for recombination and enter Step 3.
Step 3. Recombine individuals generating new ones and enter Step 4.
Step 4. Mutate the new individuals and enter step 5.
Step 5. If the stopping criterion is satisfied, STOP; otherwise, replace old individuals with the new ones
restructure the population tree and return to Step 2.

In Step 1, the initial population is created. In our work this population is composed of randomly generated
solutions. Step 2 consists of selecting individuals among the population to recombine. This selection normally
takes into account the fitness of the individuals or the quality of the solutions (regarding the objective function
that in this case is the makespan). As our proposed algorithm works with a hierarchically structured population,
the selection is somewhat different. In Step 3, the selected individuals recombine and generate new individuals.
This means that new information is added to the population. In this step, we use the crossover operator as the
backbone of the GA. In Step 4, some individuals are submitted to a mutation process in order to preserve
the diversity of the whole population. The mutation must be very light or important information can be lost.
Finally, in Step 5, the search stops if previously determined stopping criterion is satisfied. Otherwise, the new
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individuals generated in Steps 3 and 4 are replaced with some individuals of the population. IN general, the
solutions to be replaced are chosen accordingly to their quality, and the worst fitted individuals give their place
to the new ones.

5 Proposed memetic algorithm

A memetic algorithm (MA) is an evolutionary algorithm. Similar to the GAs, MAs are based on a popula-
tion of individuals or individuals. However, the method is less constrained since it does not use any biological
metaphor that would restrict the design of its components. Unlike the traditional evolution methods, MAs
are primarily concerned with exploiting all available knowledge about the problem studied[15, 16]. The main
difference between this model and the biological model is that the idea can be improved upon by their owner.
This improvement is obtained by incorporating local search into the genetic algorithm. The unit of informa-
tion in the memetic approach is referred to as a meme[4] rather than a gene. Even recombination operators
that introduce a high amount of new alleles are often used in MAs that have no biological analogy, but mimic
obsequious rebellious behavior was found in cultural systems. As a consequence, each individual can use the
previous knowledge of solution results. This knowledge can be optimal solution proprieties, heuristics, trun-
cated exact algorithms, etc. Different individuals may use different algorithms, even having different behaviors
that parameterize how they recombine solutions[2]. Also the individuals can use different metaheuristics for the
individual search processes, or independently adapt the search based on their own historical information[16].
Fig. 2 shows a pseudo code of the proposed MA that we have implemented. Following, we explain the MA
components.

Fig. 2. General outline of the proposed ma in a pseudo code.

5.1 Solution representation

Each solution is represented with two matrices. A matrix of size C × P is use to show sequence of parts
in their cells and another matrix of 1×C show sequence of cells, where C and P are the number of parts and
cells, respectively. A solution can be feasible or infeasible. For example, a solution for a problem with 10 part
and 3 cells is shown in Fig. 3. This solution shows the sequence part in Cell 1 is “5, 8, 4”, in Cell 2 is “9, 2,
1”, and in Cell 3 is “10, 7, 3, 6”. Finally, the sequence of cells is “2, 3, 1”.
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Fig. 3. Sequence of part in each cell and sequence of cells

5.2 Fitness

Each solution has a fitness function value, which is related to the objective function value of the solution.
However, the population can have feasible and infeasible solutions. An option to manage the infeasibility is to
use both cost and feasibility. This can be written as fitness cost feasibility; where s is the solution, cost of the
objective function value, and feasibility=1 if the solution is feasible, and 0 otherwise. Therefore, the fitness is
not one value, but two, the cost and the feasibility of the solution.

5.3 Population size and structure

The population has 13 individuals. The neighborhood relationship among individuals is based on a com-
plete ternary tree of three levels (Fig. 4) and is also fixed. Each individual has two solutions, called Pocket and
Current. The Pocket solution always has better fitness than Current one.

Fig. 4. Population structure.

UPDATE POCKET CURRENT swaps the Current with the Pocket whenever fitness of the Current is
better than the Pocket one. Each subpopulation is composed of one leader and three supporters, which are one
level below in the hierarchy. Individual 1, the root of the tree, is the leader of the top subpopulation and it has
as supporter’s individuals 2, 3, and 4. Individual 2 has as supporter’s individuals 5, 6, and 7, and so on. The
fitness of the Pocket solution of one leader is always better than the fitness of any solution in the Pocket of its
supporters. Procedure TREE ORDENATION in the pseudo-code copies the Pocket solution of one supporter
to the Pocket solution of its leader whenever the Pocket solution of the supporter is better than its leader. With
this, we guarantee the flow of the best solutions towards the solution at the top of the hierarchy[2].

5.4 Initial population

Each solution of the initial population is created by using the WW algorithm like Procedure P1 in the
heuristic H0. Since this solution probably is infeasible, we apply the smoothing Procedure P2 after Procedure
P1. With the aim of producing different solutions, we cause perturbations in the values of the setup costs
before the creation of each solution as follows. For each period, the setup cost values are multiplied or divided
for 100, choosing between these two options uniformly at random. These perturbations force the production
in some periods (low setup costs) and become impractical in others (high setup costs). Afterwards, we apply
the smoothing procedure.
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5.5 Parent selection

A number of individuals are selected according to their fitness to create and form the next generation. This
is carried out by using the roulette wheel selection without replacement[6, 12]. The simplified roulette wheel
considers the quality of parents. Each chromosome in the population has an associated selection probability
Pi that is proportional to its fitness value fi. First, all chromosomes are ranked in ascending order based on
their fitness value. Then, the selection probability of each chromosome is computed as follows.

Pi =
1 + fi

N +
∑N

l=1 fl

; fi = −
(

λ1 × f1i(x)
maxl f1l(x)

+
λ2 × f2i(x)
maxl f2l(x)

+
λ3 × f3i(x)
maxl f3l(x)

)
where, fki(x) is the k-th objective function value for the i-th chromosome in the population. Then, the cumu-
lative probability ci is computed for each chromosome and a uniform random number in the interval [0, 1]
determines the selected parents until the desired number of parent is reached. In addition to the above assump-
tions, we also assume that each chromosome must be selected only once time. According to this assumption,
the diversity of mating pool increases[14].

5.6 Crossover

In each subpopulation, the Pocket of a leader individual will recombine with all Pockets of the supporters’
individuals and each new solution generated will replace the Current of the supporter. For example, the Current
solution of individual 2, in Fig. 5, will be replaced by recombination of the Pocket solution of individual 1
and the Pocket solution of individual 2; the Current of individual 3 will be replaced by recombination of the
Pocket solution of individual 1 and the Pocket solution of individual 3, etc. Since each subpopulation has three
supporters, three recombination types will occur. As a result, each generation will have twelve recombination
types. Each recombination has as input two solutions and we design and experiment two algorithms following
the tradition of other population-based approaches we will call “crossovers”. It is worthy to note that these
two methods are highly dependent on the problem domain, so they are really ad hoc recombination processes.
In both cases, we start with the final items and go down the structure of products, in which final items are at
the top. This order preserves the feasibility of the inventory constraints[16].

Fig. 5. Crossover operation

5.7 Mutation

Some MAs use mutation operators, i.e., procedures that randomly alter the solutions without regarding
their fitness. We have experimented with an adaptation of the merging Procedure P4 mentioned before as a
mutation strategy. After the recombination, we run the basic exchange method with a priori probability of 0.1
that a given exchange be made. As a consequence, the original P4 procedure can be understood as a mutation
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parameterized with a value of 0 or 1. However, we note that this strategy for implementing a mutation in our
proposed MA does not show particular benefits, when tests with and without it are conducted. The reason,
in our opinion, is that the basic recombination strategies already in use have introduced a significant number
of implicit mutations, and as a consequence, the introduction of this alternative form of mutation produced
very little improvement, if any, over the basic MA. As a consequence, we have decided not to include it in the
pseudo code as shown in Fig. 3 and to report results without it.

5.8 Restart

The restart strategy is used because the population presents a very low diversity of solutions after some
generations. We reinitiate all solutions in the population and only the Pocket solution of individual 1 is pre-
served, because it is the best-so-far solution (also known as the incumbent solution). The solutions are ini-
tialized in the same way as in the initial population, but to proceed, we executed some iterations of the MA
algorithm for each solution. The restart generation value (see the pseudo code) is used to decide when the
Restart procedure must be applied. In our experiments, we use restart generation= 5. In our proposed MA,
the stopping criteria can be that either it has reached a defined maximum number of generation s (or iterations)
or that a time limit of execution is met. If at the end of the algorithm no feasible solution is found, we are not
be able to safely confirm that the problem is infeasible since the proposed algorithm is actually a heuristic. It
does not guarantee that it will find a feasible solution if one exists.

5.9 Local search engine

The local search engine is the basal component in mimetic algorithms. As say earlier, it implicates to
cultural evolution in population. It referred to as a local search, since it starts with a feasible solution and,
using moves (such as mutation in GA); it searches a neighborhood for another feasible solution with lower
cost. The neighborhood of a solution is the set of all solutions that can be reached with a move. If a better
solution is found, the current solution is replaced and the neighborhood search is started again. If no further
improvement can be made, a local optimum is found, i.e. there is no better solution in the neighborhood of
the current solution. We use XP local search in this paper. If a new chromosome is produced in the initial
population, then it is improved by using the pair wise exchange procedure (XP or 2-Opt method). In XP, the
position of every pair of adjacent jobs is exchanged. This local search must be performed until the fitness
function value is unchanged for g consecutive times.

6 GA and MA parameters

The evolutionary algorithms parameters are obtained after several tests. The hierarchically structured
population and the size of the problems led to very similar performances of the evolutionary algorithms,
independently of the size of the population; however, the MA obtained slightly better results with fewer indi-
viduals. Therefore, we use 13 individuals which correspond to a ternary tree with three levels. The crossover
rate should be set at high levels, since our insertion policy works as a filter on the new individuals, accepting
only those that improve the overall fitness. In our tests, we experiment crossover rates of 0.75, 0.8, and 0.9.
In other words, we test situations where we create from 7 to 26 new individuals every generation. The best
number is 20 individuals with a crossover rate of 0.9. With less individuals being created every generation, we
have heavy mutations procedures being applied too often. That occurred because it was very difficult to have
a new individual replacing an old one after the population had already evolved for, say, 10 or 15 iterations.
With 26 individuals being created, the number of generations executed during the 30-s time span dropped
considerably, worsening the results. The mutation rate was set at 0.05 for the MA. That means 5% of the MA
new individuals go through a light mutation process every generation.
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7 Discussion and conclusion

To compare the computational results obtained by our two proposed GA and MA, 15 test problems are
solved by using these algorithms and LINGO 8 on a PC Pentium III 2.1 GHz. These two meta-heuristic
algorithms are developed by using MATLAB 7.0. The obtained results are shown in Tab. 2. Some of the
problems cannot be solved in reasonable time by using LINGO, as shown in Tab. 2, because of the excessive
number of variables and constraints. Lingo finds the global optimum solutions in all problems. Since the
selected problems did not contain the processing and setup times, these data are generated randomly from
a uniform distribution in [0, 100]. This range is similar to the one used in the experimentation conducted by
Logendran et al.[9]. To alleviate the effects of random data and consistently evaluate the performance of the
proposed algorithms, 100 random data sets are generated for each problem. Without loss of generality, the
sequence of machines in each cell is assumed in an increasing order of indices of machines. Considering the
results of Tab. 2 and Fig. 6, the presented metaheuristic algorithms are able to find and report the optimal or
near-optimal and promising solutions in a reasonable computational time. This indicates the success of our
proposed algorithms.

Table 2. Comparison between lingo and proposed ga & ma

part machine Cell
Lingo GA MA

OFV
Time
(min) OFV

Time
(min) OFV

Time
(min)

1 3 2 2 27 0 27 0.10 27 0.1333
2 4 2 2 95 48.36 95 1.248 95 1.233
3 4 4 2 155 313.11 155 1.50 155 1.677
4 4 5 2 213 452.87 213 3.20 213 73.58
5 5 7 2 375 623.75 423 8.35 375 7.365
6 8 8 3 N/A >900 578 13.652 578 12.252
7 12 10 5 N/A >900 1290 21.00 1150 21.86
8 15 12 5 N/A >900 1890 27.55 1710 25.30
9 15 15 5 N/A >900 2150 29.00 2320 27.63
10 20 12 5 N/A >900 3100 35.50 2756 33.932
11 22 12 5 N/A >900 3455 36.90 3160 36.90
12 25 17 5 N/A >900 3740 51.86 3550 50.36
13 30 15 6 N/A >900 4120 52.60 3970 53.20
14 35 18 6 N/A >900 4910 60.56 4886 63.28
15 40 20 6 N/A >900 5460 68.90 5096 65.50

Fig. 6. Related between ofv and generation of ga & ma algorithms.
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This paper deals with a scheduling problem in a CM environment. In many cases, the conventional
flowshop group scheduling approach cannot be applied to CM-based systems. The major shortcomings of the
group scheduling problem have been discussed in this paper. This paper considers the cell scheduling problem
in the presence of bottleneck machines and exceptional elements incurring inter-cell movement costs in CM. In
this sense, the considered problem is more general than the conventional flow shop group scheduling problem.
We have proposed a memetic algorithm (MA) to solve the foregoing problem that minimizes the makespan.
The proposed MA and the LINGO software have been used to solve 15 problems taken from the literature.
The obtained results indicate that the proposed MA has ability to reduce the time as compared to the LINGO
software. The advantages of this algorithm can be outlined as follows:

(1). All heuristic algorithms can find the near-optimal solutions in less computational times than the
optimal algorithm.

(2). The MA algorithm can meanly find better solutions than the proposed GA in less computational
times.

(3). The proposed MA considers inter-cell movements, which are common in CMSs.
(4). The proposed GA and MA are effective in reducing time as compared to the LINGO software.
(5). The proposed MA is simple to deploy in real problems of CMSs. Some limitations of the proposed

MA, which require further research, are as follows. The considered cell scheduling problem can further be
extended to include issues relating to material handling time, buffer size constraints, and the like. One of the
assumptions in the proposed cell scheduling model is that there is no backtracking within the manufacturing
cells. Relaxation of this assumption can enhance the applicability of our proposed MA.
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