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Abstract— Cellular manufacturing systems (CMS) typically comprise a number of manufacturing cells served by a centralized 

material handling system. Designing such systems includes three major decisions; cell formation (CF), group layout (GL), and group 

scheduling (GS). Traditionally, these three decisions have been dealt with separately, which has usually lead to less than optimal 

system performance. In a previous paper, a mixed integer linear programming (MILP) model was proposed for solving the integrated 

CF, GL and GS problem, to efficiently design and operate CMSs. In this paper, an efficient Genetic Algorithm (GA) is proposed to 

determine the optimal cell formation, layout of machines and schedule of parts on the machines in a job shop setting, simultaneously. 

The GA chromosome is designed to represent the three decisions in a way that allows maximum design and operational flexibility. 

The performance of the algorithm is tested by solving two problems previously introduced in the literature considering two 

objectives; minimizing the makespan and minimizing the mean flow time in the system. The proposed algorithm obtained the optimal 

solutions for the two problems in a few seconds. 
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I. INTRODUCTION

By the mid 1960’s, it was realized that approximately 60-80% of the discrete products market demanded mid-variety and 
mid-quantity products. To cope with this shift in market behavior, the notion of Group Technology (GT) emerged. The basic 
idea was to divide the system capacity between groups of products, or product families, by dividing the system machines into a 
group of production cells, where each is dedicated for a product family; hence the paradigm of Cellular Manufacturing Systems 
(CMS). The design and efficient operation of a CMS typically involves four types of decisions [1]: 

 Cell formation (CF): grouping similar parts into part families and machines into machine cells

 Group layout (GL): determining the locations of the cells in the shop floor and those of the machines within each cell

 Group scheduling (GS):  determining the sequence of parts to visit each machine

 Resource assignment (RA): assigning labor, tools, materials, etc. to cells.

These types of decisions have received substantial attention by researchers in the past decades, especially the CF and GS 
problems. Traditionally, they have been dealt with either separately or sequentially [2].  It was proven however in [3] that 
operations sequence (GS) and machines layout (GL) have major effects on the CF decision. It was further shown in [4] and [5] 
that CF results have significant impacts on the GS decision, and that it is better to consider CF, GL and GS decisions 
simultaneously. Accordingly, in the past decade a number of studies have been proposed to model and solve all or combinations 
of these decisions, simultaneously. This integrated problem has usually been formulated as a non-linear model [5, 6, 7, 8] and 
has been frequently solved using Genetic Algorithms (GA) [4, 5, 8, 9].  

In [10], a mixed integer linear programming model (MILP) was proposed for the integrated CF, GL, and GS problem. 
Because of the problem complexity, the MILP model can be used to obtain optimal solutions for small and fairly medium-sized 
problems only. In this paper, an efficient GA is proposed to solve the integrated problem. The algorithm takes into consideration 
intercellular and intracellular transportation times to determine the optimal cell formation, layout of machines and schedule of 
parts on the machines in a job shop setting, simultaneously. The GA chromosome is designed to represent the three decisions in 
a way that allows maximum design and operational flexibility.  In Section 2, literature concerning the CMS design and 
operational decisions listed above is reviewed. In Section 3, the problem on hand is described along with the assumptions. In 
Section 4, the proposed GA is presented. In Section 5, the proposed algorithm is used to solve two problems earlier introduced 
in literature, followed by conclusions in Section 6. 

II. LITERATURE REVIEW

The most important application of GT has been the utilization of CMSs in many discrete-product industries. Design of such 
system requires efficient solutions for the CF and GL problems to identify the cells, their locations and inner arrangements, while 
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operational efficiency dictates the proper scheduling of parts on cell machines (GS) and assignment of resources to the formed 
cells (RA).  In previous literature, the GL and RA decisions have been addressed, but the CF and GS problems have gained most 
of the attention from researchers. Traditionally, all such problems have been approached separately or sequentially. Because the 
CF problem is the first decision in a CMS design, it required no prior solution of the other three problems. However, solving the 
GS problem has always assumed that a CF solution is available [11, 12, 13]. Recently, the simultaneous consideration of two or 
more of the CF, GL, GS,  and RA decisions has been proven to result in better design and operational performance of CMSs [3, 
4, 5], and has been addressed in a number of studies. 

In some studies, no actual sequences of parts on the machines were developed, as parts were treated as groups, but time 
(scheduling) data was used to improve the CF solution. In [14] a nonlinear model was proposed for the CF problem along with 
a hybrid GA and Simulated Annealing (SA) solution methodology. This work was extended in [15] by considering supply chain 
issues, and also the GL problem by considering the effect of machine positions on the CF solution. In [16], the CF problem was 
addressed while considering sequence of operations on machines, alternative processing routes, processing times, production 
volumes and others. A GA was proposed to solve the problem and identify the part families and manufacturing cells. In [17], 
similar factors were taken into consideration to solve the dynamic CF problem; reconfiguration of cells and reformation of part 
families. A SA algorithm was proposed to solve the problem. In [18], a two-phase procedure based on an improved similarity 
coefficient method was used to solve the CF problem taking into consideration aspects like alternative routing, machine capacity, 
and operation time. In phase 1, a similarity coefficient method was used to identify part families, and in phase 2 a mathematical 
model was used to assign machines to the formed part families. 

The CF and RA problems have also been considered simultaneously in a number of studies. In [19], an integer linear 
programming (ILP) model for the CF problem considered multi-period production planning, system reconfiguration, machine 
capacities, as well as worker availability. The objective was to minimize total CF costs, including planning, reconfiguration and 
smoothing costs. In [20], a two stage heuristic approach was proposed for the CF and RA decision problems with focus on human 
resources. Factors like salary, hiring, firing, and cross-training were taken into consideration. In [21], this work was extended to 
simultaneously solve the CF and operator assignment problems, along with determining the intra-cell layout (GL problem) in a 
dynamic manufacturing environment.  

Similarly, the integrated CF and GL problem has been approached in a number of studies. In [4], a non-linear integer 
programming (NLIP) model was formulated to capture the problem and a GA was proposed to solve it. In [22], a NLIP model 
was proposed to integrate the CF and GL decisions in a dynamic environment. A SA algorithm was proposed to solve the NP-
hard problem. In [23], a two-stage NLIP model was proposed to model the CF and the intra-cellular machine sequencing 
problems. In the first stage, the CF problem is solved, and in the second, machines layout in each cell is determined based on the 
solution of the first stage. A two stage Tabu Search (TS) was also proposed to solve the integrated problem. The importance of 
including other decisions like parts scheduling in solving the integrated problem was also highlighted. In [24], the integrated CF 
and GL problem was formulated as a NLIP model considering operational decisions like alternative process routings, operations 
sequences, along with actual positions of machines in cells and aisle distances. The machines within cells were assumed to be 
arranged in a flow line (single line). A GA was also proposed to solve the problem due to its non-linearity and hardness.  

As for parts scheduling, the GS problem has traditionally been solved as a second phase decision after solving the CF 
problem. In [6], and given a solution for the CF problem, the GS problem was modeled as a NLIP model. A scatter search 
approach was proposed to solve the non-linear hard model. In [25], an ILP model was developed for the GS problem, considering 
intercellular moves and sequence-dependent family setup times. An enhanced GA was also proposed to solve the problem. The 
work proposed in [6] was extended in [7] to simultaneously solve the CF and GS problems while neglecting intra-cell movement 
time. In [26], a mixed integer nonlinear programming model was further proposed for the CF and GS integrated problem, and a 
Lagrangian relaxation decomposition method with a heuristic was used to decompose the problem into CF and GS sub-problems. 
The CF sub-problem was linearized and solved, and a scatter search approach was developed to solve the GS sub-problem. 

Finally, the simultaneous consideration of the CF, GL, and GS problems has been considered in very few studies. In [5], the 
work proposed in [4] was extended to include the GS decision along with the CF and GL decisions considering intercellular and 
intracellular transportation times. The problem was formulated as a NILP model and solved using a hierarchical GA algorithm 
with the objective of minimizing the makespan of all the parts. Because in [4] and [5], any of the machines can be assigned to 
any cell without considering its position in the shop floor, the resulting cells could physically be overlapping. To address this 
issue, a NLIP model was proposed [8, 9] for the integrated CF, GL, and GS problem taking into consideration the coordinates 
of the machines on the shop floor and imposing restrictions that prevent the formation of overlapping cells. Objectives considered 
were the minimization of the average completion time of parts [8] and minimization of makespan [9]. A GA was proposed to 
solve the problem, in which the sequence of parts on machines was developed and fixed for all machines (flow line setting). 

From the above, it can be deduced that the simultaneous consideration of all or some of the CF, GL, GS, and RA problems 
leads to better results that treating each decision separately. Moreover, such integrated problems have usually been formulated 
as non-linear models and heuristics have been developed to solve these complex problems. Furthermore, in the very few studies 
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that considered the integrated CF, GL and GS problem, GAs have been usually used to obtain a solution for the problem and a 
flow line setting has been assumed while solving the GS part of the problem.  

III. PROBLEM DESCRIPTION

In [10], the author proposed a MILP model for the integrated CF, GL, and GS problem. However, because of the hardness 

of solving the problem, especially for medium and large instances, the MILP model can only be used to obtain optimal solutions 

for small and fairly medium-sized problems only. Accordingly, in this paper, a GA is proposed to solve the integrated problem. 

In [5], because of the setting of the problem, resulting cells could physically be overlapping. To overcome this problem [8, 9], 

the coordinates of each candidate machine position was defined. This however has increased the complexity of the problem as 

the number of variables and decisions increased substantially. Furthermore, the chromosome design in [8, 9] fixed the sequence 

of parts that visit all the machines in the system; flow line setting.  In the current work, this complexity is avoided and the 

following is assumed: 

 Parts have different routing (process) plans through the system (job-shop setting).

 Once an operation starts on a machine, it cannot be interrupted before getting completed.

 The number of candidate cells (c) and the upper bound of cell capacity (R) are predefined.

 The layout is divided into a number of candidate empty cells, each with a pre-defined set of vacant positions for
machines to be assigned (Fig. 1), and the total number of positions in the system is p = c x R. This setting transforms
the CF and GL problem into an assignment one, thus reducing its complexity [10].

 The distances between cells (dc) and between vacant candidate machine positions (dp) are known.

Fig. 1. Candidate cells with vacant positions 

The above setting reduces the CF and GL problems into an assignment problem. By assigning each machine to a position 

in a cell, machines that share the same cell will form a production cell, and the parts whose most operations are conducted in 

that cell will constitute the corresponding part family.  

IV. PROPOSED GA FOR THE INTERGATED PROBLEM

Genetic Algorithms (GAs) have proven to be an efficient methodology for solving the combined CF and GL problem [4], 
the job shop scheduling problem [25, 27, 28], and the integrated CF, GL, and GS problem [5, 8, 9]. GA is a type of evolutionary 
computation that starts with a set of initial solutions for the problem, and through a selection process and a number of genetic-
inspired operators, it moves from one set of solutions to another until it stops at the best solution [29]. In GA, each solution is 
represented via a chromosome that carries the properties (attributes) of the solution, and each set of solutions is called a 
population. Natural selection is applied through a “survival of the fittest” strategy that preserves and reproduces new solutions 
(offspring) from the best solutions among the current set, based on a probability of selection. Finally, and to ensure diversity in 
the solutions to avoid getting trapped in a local optimal, GA uses operators like crossover –exchanging parts of chromosomes-  
and mutation –random change in a chromosome. The main aspects of the proposed GA are as follows: 

A. Chromosome Representation

Since the proposed GA solves the CF, GL, and GS decisions simultaneously, they all have to be encoded in the chromosome.
The chromosome is divided into two sections. The first section contains m genes equal to the number of machines in the system, 
and the alleles are the candidate machine positions. Thus, giving a value to any of these genes defines a specific position in a 
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specific cell for the corresponding machine. Accordingly, the first section handles the CF and GL decisions of the problem. The 
second section is responsible for the GS decision and it is a permutation of the operations of all the parts visiting the system, 
representing the relative processing order on all machines [24]. Where n is the number of parts visiting the system and Nj is 
number of operations of part j, the overall length of the chromosome (Fig. 2) is thus 𝑚 +  ∑ 𝑁𝑗

𝑛
𝑗=1 .

M1     M2   …….    Mm o11     o12 …… o1N1  o21     o22 ……… o2N2  …………………. on1     on2 …… onNn 

Fig. 2. Chromosome structure 

B. Initialization, fitness function and selection

The initial population is randomly generated, while ensuring a feasible schedule for each solution (chromosome). To ensure
the feasibility of the generated schedule, the values assigned to the genes that belong to the same part are re-arranged to respect 
the processing route of that part.  The objective function for the integrated CF, GL, and GS problem is a scheduling one [10], 
and assuming it is a minimization function (makespan or mean flow time), the fitness function f(x) of any chromosome x is equal 
to gmax – g(x), where g(x) is the objective value of solution x, and gmax is its maximum value among all chromosomes of the 
current population. To determine the value of the objective function for a given chromosome, the generated machine positions 
(first section of chromosome) are used to calculate the transportation times (inter and intra-cellular) of parts between any two 
machines, and the relative order of operations (second section of chromosome) determines the sequence of parts to visit each 
machine in the system. To ensure that the schedule is generated smartly, the operations are inserted into the schedule according 
to their relative order while making use of any earlier available time slots on the corresponding machines, without violating the 
processing order of the corresponding part. The elitist chromosome is always carried to the next population and the worst is 
discarded instead. The Roulette wheel approach is finally used for selecting the parent chromosomes, with a selection probability 
proportionate to the value of the fitness function.     

C. Crossover and Mutation

In the proposed GA, and because the values of the alleles cannot be repeated in any of the two sections of the chromosome,
Partially-Mapped Crossover (PMX) is used for both sections. This ensures exploring different schedules for the same cell 
formation and layout, and vice versa. In PMX, two different crossing points enclosing a matching section in the two parent 
chromosomes are randomly chosen. This matching section is exchanged between the two parent chromosomes to create the 
offspring.   

As for the mutation operator, again and according to the mutation probability, two positions are randomly selected; one in 
each section of the chromosome. The value in the selected position (gene) is exchanged with another gene in the corresponding 
section to explore different cell formations and layout (first section), and different schedules as well (second section). 

V. ILLUSTRATIVE EXAMPLES

In this section, the proposed GA is used to solve two problems that were earlier introduced in literature. The problems are 
modified to fit the current problem description and assumptions. The algorithm is coded using MATLAB™ on a 3.40-GHz 
personal computer with 4.00 GB of RAM. For all problems, a population size of 50, 100 generations a crossover rate of 0.75 and 
a mutation rate of 0.01 were used. 

A. Problem 1: 4 Parts x 4 Machines x 2 Cells

The first problem was introduced and solved in [8] considering the combined CF, GL and GS decision. It constitutes 4 parts

and 4 machines. The problem is to divide the four machines into two manufacturing cells and obtain the optimal schedule for 

the parts. To fit the problem description presented in this study, it is assumed that the two cells have 3 empty positions each, to 

accommodate the machines. The distance between each two adjacent positions is assumed to be 2 units of distance and the 

distance between cells is 10 units. The intracellular and intercellular unit transfer times are 2 and 5 time units, respectively. This 

problem was solved twice in [10] using MILP, and the optimal mean flow time was 70.75 time units and optimal makespan was 

102 time units. Using the proposed GA, the optimal mean flow time and optimal makespan solutions are obtained in less than 4 

seconds, and are shown along with the corresponding chromosomes in Fig. 3 and Fig. 4, respectively. 

B. Problem 2: 8 Parts x 7 Machines x 3 Cells

The second problem is adapted from [6], in which only the combined CF and GS decision was considered; the layout of
machines within the cells was not considered. The problem constituted 8 parts and 7 machines and an intercellular transfer time 
of 2.5 seconds between all cells. The problem is to divide the 7 machines into three cells and obtain the optimal schedule for the 
parts. It was solved in [10] and the optimal solution had a mean flow time of 6.3125 seconds. Using the proposed GA, a different 
solution was obtained in 6.8 seconds with the same optimal mean flow time of 6.3125 seconds as shown in Fig. 5. 
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Fig. 3. Solution for problem 1: optimal mean flow time 

Fig. 4. Solution for problem 1: optimal makespan 

Fig. 5. Solution for problem 2: optimal mean flow time 
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VI. CONCLUSIONS

In this paper, a new GA is proposed to solve the combined CF, GL, and GS decision problem to determine the optimal cell 
formation, layout of machines and schedule of parts on the machines, simultaneously. The algorithm takes into consideration 
intercellular and intracellular transfer times, candidate positions for machines within the cells, and the distances between these 
positions and between the cells. In its current form, it can handle any time related scheduling objective, and it can also be modified 
to handle traditional cell formation objectives, like minimizing the number of exceptional parts. 

Compared to previous literature, the novelty of the proposed algorithm lies in producing non-overlapping manufacturing 
cells, with optimal/near optimal positions for the machines within each cell, and optimal/near optimal production schedules in a 
job-shop setting. The performance of the proposed algorithm was tested by solving two problems that were earlier introduced in 
literature; a small and a medium-sized problem. Optimal solutions for the two problems were obtained considering different 
objectives in a few seconds. In the future, numerical experiments will be conducted to measure the performance of the algorithm 
against that of the MLIP model proposed in [10]. 
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