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Abstract - Process planning optimization is known to be a 

popular optimization problem in the literature. Its goal is to 

find optimal operations sequence and assign appropriate 

machines, tools and tool approach directions. In addition, 

constraints in a form of precedence relationships among 

operations must not be violated. This paper represents the 

modified particle swarm optimization algorithm (mPSO) 

employed to solve the process planning problem. Main 

strategies of genetic algorithm, such as crossover and two 

mutation strategies have been included in order to improve 

the performance of the mPSO. Also, due to its large and 

successful application, chaotic maps are used to add diversity 

and increase search space. A simulation experiment from the 

literature has been carried out to verify the validity of the 

algorithm and the results show that the mPSO performs 

significantly better than existing algorithms for a given 

problem instance.  
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I. INTRODUCTION 

 Computer-aided process planning (CAPP) represents 

an essential component between computer-aided design 

and computer-aided manufacturing. The goal of CAPP 

system is to transform product design into a set of 

manufacturing instructions. Process planning includes 

activities such as selection and sequencing of machining 

operations, selection of available machines, cutting tools 

and tool approach directions, determination of setup plans, 

choice of fixtures and calculation of manufacturing time 

and cost [1]. Assuming the fact that a number of available 

alternatives of manufacturing resources as well as 

operations sequences are very large in most cases, an 

efficient approach in dealing with this issue is highly 

recommended.  The process planning optimization 

problem belongs to the class of non-deterministic 

polynomial (NP) hard problems which are based on the 

fact that number of solutions affect the time and memory 

required by computer to find the solution. Classic, 

conventional methods that solve this problem using step-

by-step procedure are not efficient enough which boils 

options down to metaheuristic algorithms and their 

probabilistic approach to these problems.  

 Many different methods in the last decade deriving 

from the field of swarm intelligence are widely 

implemented for various engineering problems including 

process planning optimization. Wen et. al. [2] proposed an 

algorithm based on the mating process between honey 

bees with the inclusion of precedence relationships among 

operations. Precedence relationships that form constraints 

in process planning optimization are involved in order to 

affect the quality, cost or efficiency of a process plan. 

They are divided into “hard” constraints a process plan 

must be consistent with and “soft” constraints that can be 

violated at some points. Precedence constraints are given 

in more detail in [3]. Huang et al. [1] developed a genetic 

algorithm approach which is highly improved by adding 

additional techniques for adjusting infeasible process 

plans to a feasible domain. Apart from standard GA 

components, crossover and mutation, emphasizing 

precedence relationships and operation precedence graph, 

this method proved to be very efficient at the time. Similar 

approach with a slight changes of techniques for 

adjustment can be found in [4]. An algorithm that largely 

influenced this work was proposed by Petrovic et. al [5]. 

Here, the particle swarm optimization algorithm is 

enhanced using chaos theory with the emphasis on chaotic 

maps. This combination has shown to be one of the most 

effective for process planning optimization so far and the 

many experiments conducted for its purpose prove it to be 

true.  

 This paper is focused on similar approach, introduction 

of modified particle swarm optimization that involves 

crossover and two mutation strategies from the GA 

represented in [1] as well as chaotic maps which were used 

mostly for increasing search space and improving 

diversity of the algorithm.  

 The paper is divided into these sections. Section 2 is 

concerned with the representation of process plan. Section 

3 briefly represents the mathematical model of process 

planning optimization problem. Section 4 and 5 are 

focused on the proposed modified PSO approach and the 

results of simulation experiment, respectively. Concluding 

remarks are stated in Section 6. 

 

 

 

II. REPRESENTATION OF PROCESS PLANNING 

PROBLEM 

 Taking into account that, when approaching the 

process planning problem, one can use two different 
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representation methods. The first, and more frequent in 

literature, is the one based on AND/OR networks, which 

can be found in [5]. The other method is based on 

precedence relationships (PRs) among operations as 

aforementioned. These representations are proposed by 

authors in [1, 3, 4].  

 So called knowledge-based representation of a process 

plan, this procedure provides a detailed information about 

numbers of machining operations and their associated 

machines, tools and tool approach directions (TADs) that 

are randomly selected from the set of available candidates. 

Since the mPSO is coded in Matlab programming 

environment, the following steps of representing process 

plans slightly differ from the ones given in [1, 3, 4] due to 

the fact these algorithms were coded in object-oriented 

programming languages. In a form of a structure array, 

position of a particle in a swarm is consisted of four string 

arrays, sequence of operations, machines, tools and TADs, 

respectively, Fig.1. 
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Fig. 1. Representation of a process plan [1, 4] 
 

 The number of bits in a string matches the number of 

operations. The topmost string stands for the indices used 

for manipulating the data during the search process. As far 

as PRs are concerned, the best way to formulate them is 

using matrices, whereas graphs are well suited for 

providing adequate illustration of precedences among 

operations. The adjacency matrix is used for showing 

precedence constraints in which a number 1 means that an 

operation number in an observed row precedes operation 

in an observed column, Fig.2. More detailed explanation 

of knowledge-based representation of process plans can be 

found in [1, 3, 4]. 

 
Fig. 2. Example of the adjacency matrix 

 

III. MATHEMATICAL MODEL OF PROCESS 

PLANNING OPTIMIZATION 

 According to the authors [6], the mathematical model 

is formed on the basis of machining cost criteria of process 

plans. The total machining cost (PC) of a process plan 

consists of the following components that are briefly 

expressed below. 

- Total machine cost (MC): 

MC = ∑ MCIi

n

i=1

 (1) 

- Total tool cost (TC): 

TC = ∑ TCIi

n

i=1

 (2) 

- Machine change cost (MCC): 

MCC = MCCI  ∑ (Mi+1 − Mi)

n

i=1

 (3) 

- Tool change cost (TCC): 

TCC = TCCI  ∑2 (
1

(Mi − Mi+1)

n−1

i=1

− 1 (Ti − Ti+1)) 

(4) 

1(X − Y) = {
1, if  𝑋 ≠ 𝑌
0, if  𝑋 = 𝑌

 

2(X − Y) = {
0, if  𝑋 = 𝑌 = 0

1, otherwise
 

- Setup change cost (SCC): 

SCC = SCCI  ∑2 (
1

(Mi − Mi+1)

n−1

i=1

− 1 (TADi − TADi+1)) 

(5) 

- where n stands for the number of operations while MCIi, 

TCIi, MCCi, TCCi and SCCi represent cost indices for 

used resources and their changes. Total machining cost is 

calculated as the sum of these cost components. Weight 

coefficients are excluded from this study. 

IV. MODIFIED PARTICLE SWARM OPTIMIZATION 

WITH CHAOTIC MAPS 

 PSO is one of the most widely applied population-

based metaheuristic algorithm belonging to the area of 

swarm intelligence. It proved to be very effective for 

various types of combinatorial problems. The natural 

process that the PSO imitates is social foraging behavior 

of organisms in “swarms” (flocks, schools etc.) such as 

birds or fish. The population of particles evolves through 

generations while recording their positions in each 

generation as well as their velocities which are important 

features for achieving balance between exploitation and 

exploration of search space. 

 Considering the complexity of the process planning 

problem, the PSO such as other methods as well, require 

additional modification in order to achieve efficiency and 

rapidness in the search process. For that purpose, the 

standard components of genetic algorithm, crossover and 

mutation, are employed to diversify the search. Classic 

swap mutation was implemented as the first mutation 

strategy in which two genes of a randomly selected 

particle swap their positions. The second mutation 

strategy is adopted from the [1, 4] and it refers to machine, 

tool and TAD mutation of a randomly chosen operation. 

 Additional improvement of the traditional PSO 

algorithm within this study is achieved by adding chaotic 

behavior. Chaotic maps in the literature prove to possess 

the properties of certainty, sochasticity and ergodicity [5]. 

Chaos is unpredictable and random which perfectly adapts 

to the nature of metaheuristics such as the PSO. Ten 

standard chaotic maps are employed to improve the 

performance of the PSO, such as Chebyshev, Circle, 

Gauss/Mouse, Iterative, Logistic, Piecewise, Sine, Singer, 

Sinusoidal and Tent, identically as in [5].  The steps of the 
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proposed approach are shortly described in the following 

subsection. 

A. Steps of mPSO with chatic maps 

 Main steps of the modified PSO algorithm with the use 

of chaotic maps are shortly presented here: 

1) Initializing swarm – This step creates a population of 

individuals, so called swarm of particles, using the 

aforementioned knowledge-based representation of a 

process plan. Each particle’s position represents an array 

consisted of randomly generated sequence of operations 

and randomly chosen machines, tools and TADs from the 

available sets.  

2) Adjusting infeasible particles – After generating 

random swarm of particles, some particles are not feasible 

because of the violation of precedence constraints defined 

in the adjacency matrix. Namely, the specific heuristic 

algorithm proposed by [1] has been introduced to adjust 

infeasible particles to a feasible domain. Due to its 

complexity and a larger number of steps, this heuristic is 

described in more detail in [1]. 

3) Fitness evaluation – Fitness of each particle is 

evaluated after the completion of their adjustment. The 

objective function is based on total machining cost 

described in the section 3. 

4) Global and local best – Initialize global best position 

values of particles (the best position of all particles so far) 

and local best position values (the best position of current 

particle so far). 

5) Update positions and velocities -  Update particle’s 

positions and velocities using standard formulas in which 

one slight change was made, random numbers are replaced 

with chaos numbers generated from chaotic maps 

previously mentioned. Example of machine vector of a 

particle update : 

part(i). VelVectors. Machines = 

w ∙ part(i). VelVectors. Machines +  𝑐1 ∙ chaos(it) ∙ 

(
part(i). LocalBest. Machines

− part(i). PosVectors. Machines
) + 𝑐2 ∙ chaos(it) 

∙       (
part(i). GlobalBest. Machines  

 − part(i). PosVectors. Machines
) 

(6) 

 
part(i). PosVectors. Machines  

=  part(i). PosVectors. Machines 

+ part(i). VelVectors. Machines 

(7) 

 

where w stands for inertia coefficient and c1 and c2 are 

acceleration coefficients. 

6) Crossover – With adequate crossover probability pc, 

some particles are randomly picked out for crossover. The 

standard crossover strategy with one point crossover is 

adopted. Two particles are selected as parents, they are 

crossed with randomly chosen point, and the first part of 

parent 1 goes to offspring 1 and the second to offspring 2. 

The same procedure, but opposite, stands for parent 2 and 

offspring 2.  

7) Swap mutation – The first mutation strategy, using pm1 

mutation probability, works by picking a random particle 

from a swarm and then randomly selecting two of its genes 

(using operation indices) where a gene represents an 

operation with associated machine, tool and TAD. 

Positions of these genes are then exchanged. However, the 

heuristic algorithm from the step 2 is required again, in 

order to adjust infeasible particles because of the 

possibility of violating precedence constraints after 

swapping two genes of a particle. 

8) Mutation 2 – The second mutation strategy is partially 

adopted from [1]. Here, after randomly choosing a particle 

and later one of its genes for mutation with mutation 

probability pm2, algorithm is programmed to check if there 

is another available machine for the selected operation 

(gene) in the set of machine candidates other than the one 

which is current. If there are no available machines, the 

current one stays. The same is for tools and TADs within 

this strategy. 

9) Repeat over generations – Next, after evaluating 

updated particles, steps from 4 to 8 are repeated over the 

defined number of generations. 

V. EXPERIMENTAL RESULTS 

 For the purpose of obtaining optimal process plans, the 

simulation experiment has been proposed. As already 

mentioned, the mPSO with chaotic maps is coded in 

Matlab software using the PC with satisfying 

configurations: Intel i3 2,1 GHz processor with 3 GB 

RAM with Windows 7 operating system. The experiment 

used for testing the algorithm is the prismatic part adopted 

from authors in [6]. The problem instance consists of 20 

operations that need to be sequenced, then 4 machines, 10 

tools and 7 different TADs in total. This model is most 

frequently used prismatic part in the literature.  

 As far as parameters of the mPSO are concerned, 

mention the following information is worth mentioning: 

number of generations is 200, number of particles in a 

swarm is 80, inertia coefficient starts from 0.5 and linearly 

decreases to 0.2, both acceleration constants C1 and C2 are 

1. For the GA strategies: crossover probability pc is 0.6, 

and both mutation probabilities pm1 and pm2 are 0.4.  

 The optimization objective is to find optimal process 

plan that has minimal total machining cost previously 

described in the section 3. Computational results obtained 

by the modified PSO with chaotic maps clearly expresses 

its superiority comparing to not only classical PSO but 

also to the efficient GA approach given in [1]. The results 

cannot be compared to those obtained from the GA in [3] 

due to the fact this approach includes additional penalty 

cost component which is not considered in this study. 

 The mPSO with chaotic maps proved to be very 

effective in escaping local optima and its high 

performances resulted in economical and feasible process 

plans which may confidently qualify to be new optimal 

solutions for this problem sample. 

 Table 1 shows experimental results obtained by the 

mPSO with chaotic maps for prismatic model from [6] and 

all available resources. The algorithm was tested for all 

chaotic maps and 12 runs were made using each of them. 

Excellent results were obtained with all the maps which 

proved that chaos has a huge influence on metaheuristic’s 

performance. Piecewise and Sinusoidal map were the ones 

that generated process plans with the lowest total 

machining cost with 2350 and 2360 respectively. The 

mPSO with the assistance of each chaotic map 

individually gave at least one result that was 2500 or 

below in total machining cost.  Apart from only Piecewise 

and Sinusoidal map, Gauss/Mouse map gave the result 

which is below 2400. The best result achieved by 
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traditional PSO is greater than 2800.  
 

Table 1. One optimal process plan for prismatic part [6] using modified PSO and Piecewise chaotic map 

 

 Figure 3 shows the convergence curve which 

provides information about how algorithm advances in 

finding the optimum during iteration process. This curve 

matches the run in which mPSO was combined with 

Piecewise map that resulted in the best process plan so 

far, so long as the minimal total machining time is 

concerned. Piecewise and Sinusoidal map are 

represented in Figure 4.  

 

 

Fig. 3. Convergence curve of the mPSO with chaotic 

maps 
 

  

Fig. 4. Piecewise (a) and Sinusoidal (b) chaotic map 

 

VI. CONCLUDING REMARKS 

 Modified particle swarm optimization algorithm 

with chaotic maps was presented in small detail in this 

paper. It was proposed for solving process planning 

optimization problem that has shown to be among the 

hardest combinatorial optimization problems so far. The 

algorithm was tested on the sample part model from the 

literature in order to prove its efficiency. With the 

emphasis on precedence relationships among 

operations, the mPSO with chaotic maps gave far better 

results than expected. With genetic strategies such as 

crossover and mutation on one side and chaotic maps for 

improving diversity on the other side, this algorithm 

found optimal solutions for a problem instance in a 

reasonable time and appropriate number of generations. 
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Operation 1 6 2 11 12 13 14 5 18 7 8 9 15 16 17 4 3 19 20 10 

Machine 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 3 3 3 

Tool 8 2 7 7 3 9 10 7 6 7 4 9 1 5 7 2 7 9 10 10 

TAD +z -z -z -z -z -z -z -z -z a a a -z -z -z -z +x +z +z a 

MC = 980; TC = 270; MCC = 160; TCC = 340; SC = 600; PC = 2350; fitness = 0,00042553 


