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Abstract 

In this paper, feasible solutions are found for the manufacturing cell formation 

problem using a hybrid methaheuristic algorithm which combines Greedy 

Randomized Adaptive Search Procedure (GRASP) with Iterated Local Search (ILS) 

methodologies: first, an initial solution is constructed with a randomized greedy 

algorithm followed by an iterated local search. The randomized greedy algorithm is 

divided into two steps in which first the cells are initialized, and then the unassigned 

machines are randomly located in each of the initialized cells. The second heuristic 

improves the initial solution using a local search methodology by switching machines 

from different cells, and then destroying it using an established shaking criterion. The 

algorithm has two stop criteria controlling the total destruction of the cells (building a 

solution with empty cells), and partial destruction of them (building a solution with 

non-empty cells). Both processes, partial and total, repeat themselves while the best 

solution is not improved after a several number of iterations. The algorithm is tested 

and compared with a set of instances from the literature. The obtained solutions with 

the proposed heuristic are competitive with respect to those reported in the literature. 

Keywords  

Manufacturing Cell Formation Problem - Randomized Greedy – Iterated Local 

Search – Stop Criterion – Shaking. 

1. Introduction 

The manufacturing cell formation problem comes from the idea of Group Technology 

(GT) introduced by Flanders (1925), which has a growing interest in researchers and 

manufacturers for its significant benefits. It is considered to be a great opportunity 

niche in “just-in-time manufacturing” and “lean manufacturing” as it can boost 

productivity by grouping a several number of machines into a cell consolidating the 

processes necessary to create a specific part, set of parts, or any other output. With 

cell formation, nonessential steps, inventory, production and idle times are reduced. 

On the other hand, productivity is increased because parts are moving from machine 

to machine as fast as possible, optimizing the flow between them.  



 
 

After Flanders introduced the concept, Mitrofanov (1993) adopted and 

improved the methodology in Russia. During the 1970’s, group technology ideals 

were rising in the United Kingdom by Burbidge (1975), but also in some Japanese 

firms. As part of JIT production (just in time), cells migrated to America, specifically 

to the United States. By now, many large corporations like John Deere, Caterpillar, 

Lockheed, General Electric, and Black & Decker have taken advantage of GT or are 

planning GT programs. 

Manufacturing cells have currently attracted the attention of a great part of the 

industrial community. Simplification of material handling, flow distance, reduction of 

material handling cost, reduction of production lead times, reduction of machines 

setups, reduction of work in process, and rework are just some of the expected 

benefits from cell formation. According to Hyer (2002), these benefits are obtained 

by capitalizing similarities in recurring tasks in three ways: 

• Similar activities performed together. 

• Standardization of related activities. 

• Storing and analyzing data related to recurring problems efficiently. 

In the cell formation process, there are some steps that must be covered like 

the cell formation, the cell layout, or the job and part scheduling that flow within a 

cell, which are defined by 1Hyer (2002) as: 

“Job scheduling sets the order in which parts should be processed and can 

determine expected completion times for operations and orders. Process 

planning, on the other hand, decides the sequence of machines to which a 

part should be routed when it is manufactured and the operations that should 

be performed at each machine.” (p.5)  

                                                           
1 Hyer, Nancy, and Urban Wemmerlöv. 2002. op. cit., p 5 

 



 
 

These steps are divided into two phases: a design and operative phase. During the 

design process, concerns such as product mix, product volume, resources available, 

capacity, etc. are identified (see Vaughn, 2002). 

The idea of building cells in a workplace is to facilitate the intracellular flow of 

parts, commonly in a U or L shape, or even forming a straight line. Inefficiencies can 

be found very easily by observing a cell performance, such as inactivity or work 

overload. To avoid this kind of issues, group technology partitions a set of machines 

into families called cells. In most cases, classification and coding, serving as an 

index for different characteristics during the manufacturing process, is the common 

way to find similarities between machines to form families. Later on, these families 

will be used to form manufacturing cells. There are many ways to classify parts, for 

example: geometric shape and dimension, or machine where it is manufactured. 

Although, this methodology is very time consuming and complex, which makes it not 

attractive to big companies. 

There is not much literature that talks about the cell formation problem 

including part processing orderings. The best-known solution for many instances of 

the literature has been achieved using different heuristic methods in several number 

of problems.  This problem was solved using a simulated annealing heuristic by 

Sofianopoulou (1997).  The previously mentioned method starts with an initial 

feasible solution generated with randomly selected machines. The process of 

random selection repeats itself until there are no unassigned machines, always 

respecting the maximum cell size constraint. The second part of the heuristic 

consists of creating feasible neighbor solutions by selecting a random machine and 

reassigning it to another cell, again, considering the maximum cell size constraint. 

Later on, a tabu search bases on short and long-term memory was tested on 

the literature by Spiliopoulos and Sofianopoulou (2003). The initial feasible solution 

was created by assigning random machines but now, looking to have the maximum 

number of cells with the maximum number of machines allowed per cell to improve 

the initial solution. Once this is accomplished, there is a short-term memory 

stabilization phase. In this process, the reassignment of a machine to a different cell 



 
 

and the exchange between machines of different cells (tabu restriction) are studied 

to create neighborhoods.  Afterwards, a diversification phase starts using long-term 

memory, once again the stabilization phase, then a long-term memory 

intensification-phase, and finally the stabilization phase again. Cycles change every 

time the best solution is not improved after a several number of iterations. 

Years later, Spiliopoulos and Sofianopoulou (2008) implemented and studied 

a meta-heuristic called ant colony. The problem uses pheromone spread by the ants 

and a greedy evaluation of attractiveness to select a machine and assign it to a cell. 

By solving a non-smooth convex optimization problem, the pheromone is updated in 

each iteration. Finally, they used a local search heuristic which considers a machine 

swap neighborhood (i.e. machines assigned to different cells are interchanged) to 

find good-quality feasible solutions. A multi-start heuristic was studied by Díaz et al. 

(2011) consisting of a constructive phase and an improvement one. The initial 

feasible solution is constructed using a randomized greedy heuristic initializing each 

cell with a single machine and randomly assigning the rest of them. Maximum cell 

size constraint is always considered. The second phase consists on exchanging 

machines assigned to different cells and reassignment of a single machines from 

one cell to another. 

  In this paper, feasible solutions are found for the manufacturing cell formation 

problem using a two-step algorithm. The initial feasible solution is obtained using a 

randomized greedy algorithm proposed in Diaz et al. (2011). In the randomized 

greedy procedure, the cells are initialized with a single machine. Afterwards, the rest 

of the machines are assigned to each of the cells considering the maximum number 

of machines per cell. Within the iterated local search procedure, a machine swap 

neighborhood is explored using a best-improvement strategy to select a neighbor 

solution, at each iteration of the search procedure. When a local optimum solution is 

found with respect to the swap neighborhood, the best solution found is partially 

destroyed and it is rebuilt again using the randomized greedy algorithm and 

improved with the local search procedure. The process repeats itself a several 

number of iterations until the solution does not improve, considered as the partial 



 
 

destruction criterion. The total destruction of the cells comes after the whole part 

process algorithm is performed and breaks when the solution does not improve after 

a number of iterations. Next on the paper, the manufacturing cell formation problem 

will be explained followed by an example. Afterwards the model will be proposed 

along with the pseudocode of the procedure. Finally, computational results are 

presented and evaluated with respect to results obtained in previous works from the 

literature 

2. Manufacturing Cell Formation Problem (MFCP) 

The characteristics of the manufacturing cell formation problem studied on 

this article is described as follows.  

Let 𝑀 = {1, ⋯ 𝑚}  be a set of machines and 𝑃 = {1, ⋯ , 𝑝} be a set of parts that 

will be manufactured within these machines. We will have an integer 𝑇 parameter 

that stands for the maximum number of machines that can be assigned to a cell and 

a 𝐴𝑝𝑥𝑚 matrix. The elements of the matrix are:  𝑎𝑖𝑗 = 0, if the machine 𝑗 is not 

manufacturing part 𝑖, or  𝑎𝑖𝑗 = 𝑛, if the 𝑛-th operation of the part 𝑖 is performed at 

machine 𝑗. By knowing these premises, an equivalent graph partitioning problem can 

be stated using a complete undirected graph 𝐺 = (𝑀, 𝐸), 𝑀 being the set of 

machines and 𝐸 the set of edges that we will define as: 

𝐸 = { 𝑒 = {𝑖, 𝑗}: 𝑖, 𝑗 ∈ 𝑀, 𝑖 < 𝑗} 

Each of the edges have a 𝑐𝑒 weight given by:  

 

𝑐𝑒 = ∑ 𝑓𝑖𝑗𝑘

𝑝

𝑘=1
, 

Now, 𝑓𝑖𝑗𝑘 will be 1 if machines 𝑖 and 𝑗 are in the same cell manufacturing 

part 𝑘 consecutively as following: 

𝑓𝑖𝑗𝑘 =  {
1, if |𝑎{𝑖𝑘} − 𝑎{𝑗𝑘}| = 1 and 𝑎{𝑖𝑘} × 𝑎{𝑗𝑘} > 0

0, otherwise
 



 
 

 

 

The MCFP will be solved as a graph partitioning problem since we are using 

the part process sequence.  The previously stated graph 𝐺 = (𝑀, 𝐸) is going to be 

partitioned into 𝐾 = ⌈
𝑚

𝑇
⌉  cells of machines where: 

 𝑀 = ⋃ 𝐶𝑘
𝐾

𝑘=1
, 𝐶𝑖 ∩ 𝐶𝑗 = ∅ 𝑓𝑜𝑟 𝑎𝑙𝑙 i ≠  i, j =  1, . . . , K and |𝐶𝑘| ≤ T 𝑓𝑜𝑟 𝑎𝑙𝑙 k  ∈{1, … , K} 

while minimizing the sum of the edge weights (𝑐𝑒) with ends in different cells, 

as in the next formula: 

∑ 𝑐𝑒 ,

𝑒∈𝛿(𝐶1,𝐶2,…,𝐶𝑘)

 

where 

𝛿(𝐶1, 𝐶2, … , 𝐶𝑘) = {𝑒 ∈ 𝐸: 𝑒 ∉ ⋃ E(𝐶𝑘)},

𝐾

𝑘=1

 

and 

𝐸(𝑆) = {𝑒 = {𝑖, 𝑗} ∈ 𝐸: 𝑖, 𝑗 ∈ 𝑆}. 

 

The MFCP is a particular case of the Graph Partitioning problem, considered 

to be a NP-hard problem (Sorensen 1995). By partitioning the complete undirected 

graph using the randomized greedy heuristic we will get a partition of the machines 

into machine-cells. To show things clearer, we will use an example extracted from 

Diaz et al. (2013) using a 𝐴𝑝𝑥𝑚 (Figure 1) and a 𝑚𝑥𝑚 matrix (Figure 2). In this 

example, the number of parts and machines, 𝑚, is set to 7, while the maximum 

number of machines per cell is 𝑇=3. The 𝐴𝑝𝑥𝑚 matrix shows the manufacturing 

sequence for each part. The upper triangular matrix shows the weights between 



 
 

machines, in other words, the flow between a pairs of machines. For example, 𝑐{5,6} 

= 3 since parts 5, 6 and 7 are manufactured successively within these machines.  

The diagram in Figure 3 shows a feasible solution, omitting edges with 𝑐𝑒 =

0, since they are not relevant. The partition consists of Cell 1 containing machines 

2, 5 and 6, Cell 2 with machine 4, machines 1, 3 and 7 were assigned to Cell 3. For 

this instance of the problem, E(Cell1) = {{2, 5},{2, 6},{5, 6}}, E(Cell2) = ∅ and E(Cell3) 

= {{1, 3},{1, 7},{3, 7}}. The set of edges with end points in different cells δ(Cell1, 

Cell2, Cell3)=E\(E(Cell1)∪E(Cell2)∪E(Cell3)), in other words, δ(C1,C2,C3) is {{1, 

2},{1, 4},{2, 3},{2, 4},{2, 7},{3, 6},{6, 7}}. The objective value for this feasible solution 

is to 8 (intercellular flow).  

 MACHINES 

1 2 3 4 5 6 7 

 

P 

A 

R 

T 

S 

1 1 2  3    

2 1   2    

3  1 2     

4  1 2     

5     1 2 3 

6  2   4 3 1 

7   3  1 2 4 

Figure 1. Shows the manufacturing sequence for each part. 

 MACHINES 

1 2 3 4 5 6 7 

 

M 

A 

C 

H 

I 

N 

E 

S 

1 - 1 0 1 0 0 0 

2  - 2 1 0 1 1 

3   - 0 0 1 1 

4    - 0 0 0 

5     - 3 0 

6      - 1 

7       - 

Figure 2. Shows the weights between machines 

 



 
 

 

Figure 3. 3 Shows a feasible solution 

3. Methodology 

Hybrid algorithms, i.e. combination of different heuristics, are very useful to 

solve computationally hard problems, since they have accomplished very good 

results. This kind of processes have been researched by people like Blum (2010) 

and Talbi (2002). Hybridizations has commonly combined two metaheuristics by 

including one into another. Blum (2008) proposes that it is better to combine 

population-based methods (ant colony, scatter search, etc.) with trajectory methods 

(iterated local search, tabu search, GRASP). One of the hybridizations that have 

been studied was GRASP with tabu search by Laguna and González-Velarde 

(1991). Afterwards, Delmaire et al. (1999) used two different GRASP hybridizations 

to search for better local optimals.  



 
 

In this paper we study a Greedy Randomized Adaptive Search Procedure 

(GRASP) used in the constructive phase with an Iterated Local Search (ILS) used in 

the improvement phase. After both procedures are completed, the hybrid algorithm 

repeats itself a several number of iterations, changing the value of the parameter 

that controls the greediness/randomness from the randomized constructive 

heuristic, until the local optimum is not improved. First, we will introduce the two parts 

of the GRASP procedure used in the constructive phase. Then, the Iterated local 

search will be explained.  

3.1 GRASP Algorithm 

GRASP was first introduced in 1989 by Feo and Resende (1995). Since 

then, it has been widely used to solve problems like the Travelling Salesman 

Problem by constructing a greedy randomized feasible solution on every iteration. 

In this paper, this initial feasible solution will be improved by an Iterated Local 

Search.  

3.1.1 Constructive Phase 

We previously stated that the problem consists on partitioning the set of 

machines into machine-cells in order to minimize intercell movements. To 

accomplish this, we need a partition of the nodes (machines) such that we minimize 

intercellular flow or the weight of edges with ends in a different cell. The machines 

will be assigned to 𝐾 cells where: 

𝐾 = ⌈
𝑚

𝑇
⌉ 

All cells 𝐶1, … , 𝐶𝑘 have to be initialized as empty so that they can be filled with 

the unassigned machines following a greedy randomized heuristic. The set 𝑁 will 

represent all the assigned machines to a 𝐾 cell. 𝑁 will be initialized as empty (∅) and 

it will be updated every iteration after a new machine is assigned to a cell 𝐾. Every 

iteration, a restricted candidate list called 𝑅𝐶𝐿1 containing the best edges will be 

constructed under the following restrictions: 

𝑐𝑚𝑎𝑥 ← 𝑚𝑎𝑥{𝑐𝑒 : 𝑒 ∈ 𝐸, 𝑒 = {𝑖, 𝑗} , 𝑖 , 𝑗 ∈ 𝑀\𝑁} 

𝑐𝑚𝑖𝑛 ← 𝑚𝑖𝑛 {𝑐𝑒 : 𝑒 ∈ 𝐸, 𝑒 = {𝑖, 𝑗} , 𝑖 , 𝑗 ∈ 𝑀\𝑁} 



 
 

We will use the parameter α ∈ [0, 1], to control the greediness of the 

procedure. In this paper, the α value will increase after completing the hybrid 

algorithm a fixed number of iterations without improving the local optimum. 𝑅𝐶𝐿1 will 

be defined as: 

𝑅𝐶𝐿1← { 𝑒 ∈ 𝐸: 𝑐𝑒 ≥ 𝑐𝑚𝑎𝑥 − α(𝑐𝑚𝑎𝑥  − 𝑐𝑚𝑖𝑛) and 𝑒 = {𝑖, 𝑗} where   𝑖 , 𝑗 ∈ 𝑀\𝑁} 

An edge 𝑒* ={i∗, 𝑗∗} ∈ 𝑅𝐶𝐿1 will be randomly selected and machines  {i∗, 𝑗∗} 

will be assigned to the cell k: 𝐶𝑘 ← {i∗, 𝑗∗}. 𝑁 will be updated with the assigned 

machines as: 𝑁 ← 𝑁 ∪ {𝑖∗, 𝑗∗}. This process keeps iterating until 𝑘 is equal to 𝐾 

(number of cells). During the second phase of the constructing procedure, the 

remaining machines will be assigned to a machine-cell. At each iteration an 𝜺 value 

denoting the sum of the weight between m machine and 𝐾 divided by the cardinality 

of the 𝑘 cell will be calculated by: 

𝜺𝒎𝒌 ←
∑ 𝑐𝑒𝑒∈𝜷(𝒌,𝒎)

|𝒄𝒌|
, ∀ 𝑚 ∈ 𝑀\𝑁 𝑎𝑛𝑑 ∀𝑘 ∈ {1, … , 𝐾} 

 

where 

𝛽(𝑘, 𝑚) = {𝑒 ∈ 𝐸, 𝑒 = {𝑖, 𝑚} 𝑤ℎ𝑒𝑟𝑒 𝑖 ∈ 𝐶𝑘} 

and 

휀𝑚𝑎𝑥 ← 𝑚𝑎𝑥{휀𝑚𝑘: m ∈ M\N, k ∈ {1,..., K}} 

휀𝑚𝑖𝑛 ← 𝑚𝑖𝑛 {휀𝑚𝑘: m ∈ M\N, k ∈ {1,..., K}} 

Afterwards, we will construct 𝑅𝐶𝐿2, that is also a candidate list similar to 𝑅𝐶𝐿1, 

but obtained by: 

𝑅𝐶𝐿2 ← {(𝑚, 𝑘) : 휀𝑚𝑘 ≥ 휀𝑚𝑎𝑥 – α(휀𝑚𝑎𝑥 − 휀𝑚𝑖𝑛)} 

A randomly selected pair, (𝑚∗, 𝑘∗) from 𝑅𝐶𝐿2 will be assigned to  𝐶𝑘
∗ ←  𝐶𝑘

∗ 

∪ {𝑚∗}, which means that machine 𝑚∗ will be allocated to machine-cell 𝑘∗. Once 

again, 𝑁 will be updated by adding 𝑚∗ to the allocated machines set (𝑁 ← 𝑁 ∪ {𝑚∗}). 

Iterations will not stop until set 𝑁 is equal to 𝑀 (set of machines). The pseudocode 

for the Randomized Greedy Procedure is shown in algorithm 3.1.2.  



 
 

3.2.1 Randomized Greedy Pseudocode 

function greedyrandomized(α) 

 𝐿𝑒𝑡 𝑁 ← ∅  

𝐿𝑒𝑡 𝐾 ←  ⌈
𝑚

𝑇
⌉    

𝒇𝒐𝒓 𝒂𝒍𝒍 𝑘 ∈ { 1,..., 𝐾 } 𝒅𝒐   

𝑐𝑚𝑎𝑥 ← 𝑚𝑎𝑥{𝑐𝑒 : 𝑒 ∈ 𝐸, 𝑒 = {𝑖, 𝑗} , 𝑖 , 𝑗 ∈ 𝑀\𝑁} 

𝑐𝑚𝑖𝑛 ← 𝑚𝑖𝑛 {𝑐𝑒 : 𝑒 ∈ 𝐸, 𝑒 = {𝑖, 𝑗} , 𝑖 , 𝑗 ∈ 𝑀\𝑁}  

𝑅𝐶𝐿1← { 𝑒 ∈ 𝐸: 𝑐𝑒 ≥ 𝑐𝑚𝑎𝑥 − α(𝑐𝑚𝑎𝑥  − 𝑐𝑚𝑖𝑛) and 𝑒 = {𝑖, 𝑗} where   𝑖 , 𝑗 ∈ 𝑀\𝑁} 

 select 𝑒* = {𝑖∗, 𝑗∗} randomly from 𝑅𝐶𝐿1 

 𝐶𝑘 ← {𝑖∗, 𝑗∗} 

𝑁 ← 𝑁 ∪ {𝑖∗, 𝑗∗} 

𝑃(𝑖∗) ← 𝑘 

 𝑃(𝑗∗)← 𝑘 

end for  

𝒘𝒉𝒊𝒍𝒆 𝑁 ≠  𝑀 𝒅𝒐  

 𝒇𝒐𝒓 𝒂𝒍𝒍 𝒎 ∈ M\N ∀k ∈ {1, … , 𝐾} 𝐝𝐨 

𝜺𝒎𝒌 ←
∑ 𝑐𝑒𝑒∈𝜷(𝒌,𝒎)

|𝒄𝒌|
 

end for 

휀𝑚𝑎𝑥 ← 𝑚𝑎𝑥{휀𝑚𝑘: m ∈ M\N, k ∈ {1,..., K}}  

휀𝑚𝑖𝑛 ← 𝑚𝑖𝑛 {휀𝑚𝑘: m ∈ M\N, k ∈ {1,..., K}} 

𝑅𝐶𝐿2 ← {(𝑚, 𝑘) : 휀𝑚𝑘 ≥ 휀𝑚𝑎𝑥 – α(휀𝑚𝑎𝑥 − 휀𝑚𝑖𝑛)}  

select (𝑚∗, 𝑘∗)  randomly from RCL2 

 𝐶𝑘
∗ ←  𝐶𝑘

∗ ∪ {𝑚∗}  

𝑁 ← 𝑁 ∪ {𝑚∗}  

𝑃(𝑚∗) ← 𝑘∗ 

end while  

return 

 



 
 

3.2 Iterated Local Search 

The Iterated Local Search Procedure presented in Lourenço et al. (2003), looks for 

better local optimal solutions by exchanging two machines previously assigned to 

different machine-cells. A neighborhood is built with feasible solutions obtained by 

exchanging machines 𝑖, 𝑗 ∈ 𝑀 such that 𝑖 ≠  𝑗 and 𝑃(𝑖) ≠  𝑃(𝑗). A candidate solution 

from this neighborhood will be selected if it is the best improving one. The following 

arrangements will be done: 𝑃(𝑖) ← 𝑃(𝑗), 𝑃(𝑗) ← 𝑃(𝑖), and the ∆ { 𝑖*, 𝑗*}, which 

denotes the change of the objective function value when machines 𝑖* and 𝑗* are 

interchanged, will be added to the objective function value, to update its value after 

the interchange. Until now, the solution structure has not changed, in other words, 

the number of machines in every cell stays the same. 

After a fixed number of iterations, there will be no possible improving exchange 

of machines denoting the end of the local search heuristic. We will save this result 

so that the structure of the assigned machines to every cell does not get lost when 

the shaking procedure starts to run. The shaking algorithm will take place after the 

randomized greedy algorithm and the local search are done, and it consists on 

unassigning a fixed number of machines, randomly selected, (shaking criterion) 

without leaving a cell completely empty.  Once the shaking is done, cells will be re-

built with the second part of the greedy randomized procedure used in the 

constructive phase of the GRASP algorithm assigning the unassigned machines to 

the machine cells, improved with the local search procedure until there is no possible 

improving exchange of machines from different cells, and once again, partially 

destroyed by the shaking criterion. The randomized greedy, local search and 

shaking procedure will repeat itself a fixed number of iterations without improving the 

local optimal solution. 

The algorithm will repeat itself completely a fixed number of iterations without 

improving the best-known solution found so far (best result obtained from all the 

complete algorithm iterations). After a fixed number of main iterations, that is, greedy 

randomized construction, local search and shaking procedure, the α value will 

increase so the same instance is tested with different α values trying to obtain a 



 
 

better local optimal. The best solution found so far will be the one shown as final 

result. 

4. Computational Results 

From the literature, 250 instances grouped in six data sets used in Spiliopoulos and 

Sofianopoulou (2003, 2008) were used to test the proposed hybrid heuristic. The 

data sets have the following characteristics:  

• Set 1: 80 problem instances with weight matrices of dimension 16 × 16, where 

the maximum cell size ranges from 8 to 12 machines. All optimal solutions 

are known.  

• Set 2: 50 problem instances with weight matrices of dimension 20 × 20, where 

the maximum cell size ranges from 6 to 10 machines. All optimal solutions 

are known.  

• Set 3: 35 problem instances with weight matrices of dimension 25 × 25, where 

the maximum cell size ranges from 8 to 12 machines. All optimal solutions 

are known.  

• Set 4: 45 problem instances with weight matrices of dimension 30 × 30, where 

the maximum cell size ranges from 8 to 12 machines. All optimal solutions 

are known.  

• Set 5: 10 problem instances, with 5 instances with weight matrices of 

dimension 35 × 35 and 5 instances with weight matrices of dimension 40 × 

40. The maximum cell size is 5 machines for all instances. All optimal 

solutions are known.  

• Set 6: 30 problem instances, where the maximum cell size values are set to 

4, 7 and 10 machines with weight matrices of dimension 40 × 40. Not all 

optimal solutions are known. 

In Table 1, the results obtained with the GRASP and the hybrid algorithm 

proposed in this work shown. The information depicted in the table is as follows: 

• First column shows the data set number.  



 
 

• Second column (Num. opt.) is the number of best known solutions obtained 

for every data set.  

• Column 3 to 5 show the average percentage deviation of the best solutions 

obtained with respect to 1) the best-known solution (% Avg. Best), 2) the 

average percentage deviation of the solutions mean with respect to the best-

known solution (% Avg. Mean), and  3) the average percentage deviation of 

the worst solutions obtained with respect to the best-known solution ( % Avg. 

Worst).  

• The sixth column shows the biggest percentage deviation obtained from the 

worst result in all the 5 runs compared to the best-known solution. 

In Figure 4 each of the best-known solution, best solution, worst solution and 

average solution are plotted to demonstrate the accuracy from the proposed hybrid 

heuristic. The results in the table and in the graph were obtained by using different 

α values during the computational experimentation. For every instance of the 

literature, the algorithm was run five times, using the same stop criterion a number 

of iterations without improvement. 

As seen in Table 1, the quality of the results is very fulfilling, since the largest 

average gap of the best solutions found with respect to the best known solutions was 

only of 1.308%. It is very clear that the proposed hybrid heuristic can reach very 

good results.  



 
 

Table 1 

Data 

set. 

Num. 

opt. 

Avg. Best in  

% 

Avg. Mean in 

% 

Avg. Worst in 

% 

Worst in 

% 

1 80/80 0.0000 0.028 0.100 4.762 

2 50/50 0.0000 0.151 0.363 4.735 

3 24/35 1.308 2.189 3.355 14.409 

4 45/45 0.0000 0.033 0.086 0.872 

5 10/10 0.0000 0.012 0.044 0.285 

6 29/30 0.0004 0.038 0.116 0.649 

 

 

Figure 4. Plot from the known, best, worst and average solution. 

 From the 250 instances where the performance of the proposed hybrid 

heuristic was tested, in 238 at least in one of the five runs the best-known optimal 

was reached. To get results on the statistical performance of the algorithm proposed 

in this work, two performance measures were used mainly. First, to evaluate the 

solution quality, the average percentage deviation of the solutions mean was 

compared with the best-known solutions (% Avg. Mean). Then, to evaluate the 

algorithm robustness, the average gap of the worst solutions found with respect to 

the best-known values was computed.  
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All deviations taking the best-known solution as our first result were obtained 

by using the following: 

𝑔𝑎𝑝 = 100 ∗
𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛 𝑉𝑎𝑙𝑢𝑒 − 𝐵𝑒𝑠𝑡 𝐾𝑛𝑜𝑤𝑛 𝑉𝑎𝑙𝑢𝑒

𝐵𝑒𝑠𝑡 𝐾𝑛𝑜𝑤𝑛 𝑉𝑎𝑙𝑢𝑒
 

 

The results for the quality of the proposed hybrid algorithm were almost perfect, as 

well as the robustness results. 

 As can be observed, in set 3 we can find the largest number of instances 

where the best-known solution was not achieved, in other words, the largest 

deviation for the % average best, % average mean, % average worst and the %  

worst deviation for a single instance. In particular, we find a worst deviation of 

14.409% from the best-known solution for an instance of 25 machines, allowing 12 

machines per cell. If we divide 25 between 12, we would need 3 cells to assign every 

machine without exceeding the 𝑇 number of machines in a cell. Initially, we would 

have two machines in each of the three cells, and the remaining unassigned 

machines assigned to each of the cells following the greedy procedure. Due to the 

fact, that the algorithm only explores neighbor solutions by exchanging machines 

from different cells, in the first local search improvement from the iterated local 

search, cells will not change the number of machines they have. It will be until the 

shaking part when cells might change their cardinality, but still, it will be very difficult 

for the algorithm to find the best-known solution, which in this case, must be of two 

cells with 12 machines and a single machine cell. Since the cells were initialized with 

two machines each, finding this 12-12-1 structure in the cells by just exchanging 

machines turns out to be very difficult. Although this happens in many cases where 

the division is not exact, like in the previously mentioned one, in most cases where 

the division was also not precise the best-known solution was indeed found. It was 

only in 3 instances using 25 machines between 8 machines per cell, 2 instances 

using 11 machines per cell and 7 cases using 12 machines per cell, including the 

one with the 14.409% deviation, where the best-known solution was not found in any 



 
 

of the five runs, being the worst deviation between 2.848% and 14.409% in these 

cases. 

5. Conclusions 

In the current paper, a hybrid heuristic algorithm is proposed to obtain feasible 

solutions for a set of instances of the manufacturing cell formation problem 

considering part process sequence that combines GRASP with Iterated Local 

Search methods. According to the results, the quality is very good for the hybrid 

heuristic demonstrating its effectiveness reaching the best-known solutions. 

Although the main purpose of this paper was to obtain quality results, which were 

accomplished by obtaining the best-known solution in 238 cases out of 250, it is 

proposed, for further investigation, to test the execution time of the hybrid heuristic 

since in the current algorithm every time a neighbor solution is calculated, copies 

from the current cells are made to recalculate the objective function absorbing a lot 

of time and memory. Also, other neighborhood structures can be used to tackle those 

cases where it is required to change solution structures, for example, the 

reassignment neighborhood which consists in moving one machine from one cell to 

another. 
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