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中 文 摘 要 ： 本研究擬開發新的粒子群聚法(RDPSO)求解常見的以總完成時

間為目標的流程式生產排程問題。我們首先透過完整的探討

全體最佳解（global best solution）與個體最佳解

（personal best solution）在粒子的搜尋過程中所扮演的

引導角色來開發新的群體學習策略(swarm learning 

strategies)。然後，我們將開發一個新的過濾區域搜尋法

（filtered local search）來過濾粒子已經搜尋過的區域，

將粒子的搜尋導向尚未開發的區域，以避免粒子過早陷入區

域最佳解。如果粒子的搜尋還是陷入區域最佳解，我們將開

發三個新的逃離策略(escape strategies)來幫助粒子逃離區

域最佳解。本研究將分兩年完成，第一年我們將專注於群體

學習策略的研究，以開發一個基本的 RDPSO （Basic 

RDPSO）。第二年我們將專注於過濾區域搜尋法與逃離策略的

研究，以開發一個多階的 RDPSO（Multi-phase RDPSO，簡稱

MRDPSO）來改善 Basic RDPSO 的效能。我們將使用常用的

Taillard 測試問題組，以基因演算法（GA），蟻群演算法，

和其它的粒子群聚法（PSO），來評估 Basic RDPSO 與

MRDPSO 的效能。 

中文關鍵詞： 流程式生產排程問題，粒子群聚法，總完成時間 

英 文 摘 要 ： This research proposes a revised discrete particle 

swarm optimization (RDPSO) to solve the permutation 

flow-shop scheduling problem with the objective of 

minimizing makespan (PFSP-makespan). The candidate 

problem is one of the most studied NP-complete 

scheduling problems. RDPSO proposes new particle 

swarm learning strategies to thoroughly study how to 

properly apply the global best solution and the 

personal best solution to guide the search of RDPSO. 

A new filtered local search (FLS) is developed to 

filter the solution regions that have been reviewed 

and guide the search to new solution regions in order 

to keep the search from premature convergence. 

Computational experiments on Taillard｀s benchmark 

problem sets demonstrate that RDPSO significantly 

outperforms all the existing PSO algorithms. 

英文關鍵詞： Permutation Flow-Shop Scheduling Problem； Particle 

Swarm Optimization； Makespan 
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A Revised Discrete Particle Swarm Optimization Algorithm for 

Permutation Flow-Shop Scheduling Problem 

 

 

Abstract 

This research proposes a revised discrete particle swarm optimization (RDPSO) to solve 

the permutation flow-shop scheduling problem with the objective of minimizing makespan 

(PFSP-makespan). The candidate problem is one of the most studied NP-complete scheduling 

problems. RDPSO proposes new particle swarm learning strategies to thoroughly study how 

to properly apply the global best solution and the personal best solution to guide the search of 

RDPSO. A new filtered local search (FLS) is developed to filter the solution regions that 

have been reviewed and guide the search to new solution regions in order to keep the search 

from premature convergence. Computational experiments on Taillard's benchmark problem 

sets demonstrate that RDPSO significantly outperforms all the existing PSO algorithms.  

Keywords: Permutation Flow-Shop Scheduling Problem; Particle Swarm Optimization; 

Makespan 
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1. Introduction 
This research proposes a revised discrete particle swarm optimization (RDPSO) for the 

minimization of makespan in permutation flow-shop scheduling problems (PFSP-makespan).  

The candidate problem determines the best sequence of n jobs that are to be processed on m 

machines in the same order to minimize the completion time of the last job on the last 

machine (makespan), and has been proved to be one of the most studied NP-complete 

scheduling problems (Garey et al. 1976). Therefore, the development of approximate 

algorithms such as metaheuristics has been adopted to solve PFSP-makespan; these include: 

simulated annealing (SA) (Osman and Potts 1989; Ogbu and Smith 1990), tabu search (TS) 

(Nowicki and Smutnicki 1996; Grabowski and Wodecki 2004), genetic algorithms (GA) 

(Reeves 1995; Murata et al. 1996; Etiler et al. 2004; Chen et al. 2012), ant colony 

optimization (ACO) (Ying and Liao 2004; Rajendran and Ziegler 2004), particle swarm 

optimization (PSO) (Lian et al. 2008; Zhang C et al. 2010; Zhang J et al. 2010; Marinakis and 

Marinaki 2013), and bee colony algorithm (Pan et al. 2011). 

Particle swarm optimization (PSO) was proposed by Kennedy and Eberhart in 1995 

(Kennedy and Eberhart 1995). It imitates the behavior of a swarm of birds searching for food. 

The searching process of PSO for an optimization problem starts with a population of 

randomly generated solutions (particles; the positions of the birds in the solution space). 

Applying the swarm learning strategy, each particle in the population searches the solution 

space by considering the effect of the best solution that all the particles have ever searched 

(global best) and the effect of the best solution that the particle itself has ever searched 

(personal best). The new position of a particle in the next population is determined by its 

current position plus the effect of the global best solution and the effect of the personal best. 

This process will continue until a termination criterion is satisfied. 

There have been many PSO related algorithms proposed to solve PFSP-makespan 

recently, and they will be discussed briefly below. DPSORam (Rameshkumar et al., 2005)  
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and SPSOA (Zhigang et al., 2006) are two earlier PSO algorithms proposed to solve 

PFSP-makespan. Both of the algorithms were shown to outperform a basic GA. PSOvns 

(Tasgetiren et al., 2007) was developed by embedding the variable neighborhood search 

(VNS) in a PSO algorithm. The computational results showed that PSOvns dominated two ant 

colony algorithms, M-MMAS and PACO. H-CPSO (Jarboui et al. 2008) is a hybrid heuristic 

incorporating an idea of simulated annealing in a PSO algorithm. The computational results 

showed that H-CPSO outperformed PSOvns. A discrete PSO version called NPSO (Lian et al. 

2008) was developed and successfully applied to the candidate problem with results also 

proving to be more effective than a basic GA. Another discrete PSO (DPSOPon) 

(Ponnambalm et al. 2009) was presented and was shown to outperform ACO. HPSO (Kuoa et 

al. 2009) is a continuous version of PSO which integrates the random-key (RK) encoding 

scheme and the individual enhancement (IE) scheme into PSO. The experimental results 

showed that HPSO was superior to a basic GA and NPSO. ATPPSO (Zhang C et al. 2010) 

was developed through the integration of PSO with genetic operators and an annealing 

strategy. The results showed that both the solution quality and the convergence speed of 

ATPPSO were improved when compared to NPSO. Zhang J. et al. (2010) proposed a circular 

discrete particle swarm optimization algorithm (CDPSO). The particle similarity changes 

adaptively with the iterations, and an order based strategy is introduced to preserve the swarm 

diversity. If the adjacent particles’ similarity is bigger than its current similarity threshold, the 

mutation operator is used to mutate the inferior particle. Furthermore, a fast makespan 

computation method based on matrix is designed to improve the efficiency of the algorithm. 

The result showed that the solution quality and the stability of CDPSO are superior to both 

GA and SPSOA. Wang and Tang (2012) developed a discrete PSO using self-adaptive 

diversity control strategy for PFSP with blocking. They also applied their algorithm to solve 

PFSP-makespan and showed that their algorithm outperformed DPSOPon and DPSORam. 

Marinakis and Marinaki (2013) presented a PSO with expanding neighborhood topology 
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(PSOENT). The major difference between PSOENT and the aforementioned PSO algorithms 

is that PSOENT does not use local search methods. It combines a PSO algorithm, a variable 

neighborhood search strategy, and a path relinking strategy. Computational results showed 

that PSOENT outperforms all the PSO algorithms without using local search methods. 

RDPSO proposes new particle swarm learning strategies to thoroughly study how to 

properly apply the global best solution and the personal best solution to guide the search of 

RDPSO. A new filtered local search (FLS) is developed to filter the solution regions that have 

been reviewed and guide the search to new solution regions in order to keep the search from 

premature convergence. Computational experiments on Taillard's benchmark problem sets 

(Taillard 1993) will be performed to evaluate the effectiveness of RDPSO by comparing its 

performance with several state-of-the-art PSO heuristics. The remainder of the paper is 

organized as follows: section 2 presents the proposed RDPSO. Section 3 provides 

computational experiments, and conclusions and future works of this study are summarized in 

Section 4. 

 

2. Proposed RDPSO algorithm 

Particle swarm optimization (PSO) was proposed by Kennedy and Eberhart in 1995 

(Kennedy and Eberhart 1995). It imitates the behavior of a swarm of birds searching for food. 

The standard PSO equations for updating positions for birds are real-valued equations; 

therefore, discrete PSO (DPSO) algorithms (Pan et al. 2008) have been developed to solve 

PFSP-makespan. The main components of DPSO include population initialization, position 

update for particles and a local search for improving the solution quality. A discrete position 

update equation can be expressed as follows: 
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Given that the position of particle i in iteration t-1 is 1−t
iX , this equation first implements 

function F1 with a probability of w; function F1 searches the neighborhood of 1−t
iX . Then the 

equation implements function F2 with a probability of c1. Function F2 exchanges information 

with the solution generated by function F1 and the personal best solution of particle i ( 1−t
iP ); it 

refers to the condition that particle i will learn from its personal best solution. Finally, this 

equation implements function F3 with a probability of c2. Function F3 exchanges information 

with the solution generated by functions F2 and the global best solution; it refers to the 

condition that particle i will learn from the global best solution.   

In this research, we alter the DPSO algorithm to develop RDPSO. New particle swarm 

learning strategies are proposed to update particle position in order to guide the search of 

RDPSO. A new filtered local search (FLS) is developed to filter the solution regions that 

have been reviewed and guide the search to new solution regions in order to keep the search 

from premature convergence. The flowchart of RDPSO is presented in Figure 1. It first 

randomly generates the initial population with Pnum particles. The new particle swarm 

learning strategies are then applied to update the positions of the particles. Three learning 

parameters, c1, c2 and w, are used to determine the probabilities that a particle will learn from 

the global best solution, its personal best solution and searching its neighborhood. When the 

positions of all the particles are updated, the new filtered local search will be implemented. 

This searching process will continue until a termination criterion is satisfied. 

The details of the new particle swarm learning strategies and the new filtered local 

search are discussed in the following subsections and the notations used in Figure 1 are 

described as follows: iΠ  is the solution of particle i; pbest
iV  is the objective value of the 

personal best solution of particle i ( pbest
iΠ ); gbestV  is the objective value of the global best 

solution ( gbestΠ ); hbest
iV is the objective value of the hybrid best solution of particle i ( hbest

iΠ ); 



6 
 

tempV  is the objective value of a temporary solution ( tempΠ ); Pnum is the number of particles 

generated in an iteration; and FLSV  is the objective value of the solution ( FLSΠ ) generated 

by the filtered local search. The hybrid best solution of particle i ( hbest
iΠ ) is constructed by 

applying a crossover operation to the personal best solution of particle i ( pbest
i∏ ) and the 

global best solution ( gbestΠ ).   

 

“Please Insert Figure 1 about here” 

 

2.1 The new particle swarm learning strategies 

Several DPSO algorithms (Kuoa et al. 2009; Zhang C et al. 2010; Zhang J et al. 2010) 

have been developed for solving PFSP-makespan. Most of them follow the learning strategy 

of equation (1), that is a particle will start learning from searching its neighborhood (function 

F1), then from its personal best solution (function F2), and then from the global best solution 

(function F3). Since both of the parameters, c1 and c2, in the equation are less than or equal 

to1.0, they may cause F2 and F3 to not be implemented, and accordingly, a particle will not 

learn from its personal best solution and the global best solution.  

This research proposes new learning strategies that guarantee a particle to learn from its 

personal best solution or the global best solution. The learning strategy is separated into two 

phases. In the first phase, a particle will learn sequentially first from the global best solution, 

then its personal best solution, and finally its hybrid best solution. In the second phase, the 

particle will search its neighborhood. (In this research, the proposed learning strategy is 

denoted as two-phase strategy, and the strategy following equation is denoted as single-phase 

strategy.) The values of the parameters (c1, c2 and w) are properly determined in order to 

generate the probabilities that a particle will learn from the global best solution (pg), its 

personal best solution (pp), and its hybrid best solution (ph) in the first phase, and the particle 
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will search its neighborhood with probability (w) in the second phase. Table 1 presents six 

combinations of c1 and c2 that are considered in the first phase. The pg, pp, and ph values for 

each of the combinations are calculated following the flow chart in Figure 1. It will first test 

c2 to determine pg (pg = c2), then it will test c1 to determine pp (pp = (1 - c2) × c1) and the rest 

of the probability is the probability of ph (ph = 1 - pg - pp). For instance, if c1 = 0.9 and c2 = 

0.1 (the first combination in Table 1), then pg = c2 = 0.1, pp = (1 - c2) × c1 = 0.81 and ph = 1- 

pg - pp = 0.09. The pg, pp, and ph values for the combinations in Table 1 demonstrate the 

purpose of selecting the six combinations. A combination with smaller c2 (when c1 = 0.9) will 

have a smaller pg and a larger pp; it infers that, under this condition, a particle will learn more 

from its personal best solution. On the contrary, a combination with larger c2 (when c1 = 0.9) 

will have a larger pg and a smaller pp, and a particle will learn more from the global best 

solution under this condition. The last combination (c1 = 0.1 and c2 = 0.1) is designed for the 

condition that a particle will particularly learn from its hybrid best solution (ph = 0.81). In 

addition, the six levels of w are 0.0, 0.2, 0.4, 0.6, 0.8 and 1.0. 

Another idea is further considered for the learning strategies. Given a combination in 

Table 1, a learning strategy using the same pg and pp of the combination in the whole 

searching process is denoted as a fixed learning strategy; a strategy using the pg and pp in the 

first half of the searching process and using *
gp  (= pp) and *

pp  (= pg) in the second half of 

the searching process is denoted as a variable learning strategy. For instance, if a learning 

strategy employs the pg and pp values of the first combination in Table 1 and 1000 iterations 

are used in the searching process, then a variable learning strategy searches the solution space 

using pg = 0.1 and pp = 0.81 in the first 500 iterations and using pg = 0.81 and pp = 0.1 in the 

second 500 iterations. The motivation of using the variable learning strategy is to overcome 

certain limitations present with a fixed learning strategy. When a fixed learning strategy is 

applied with a large pg value, particles will learn mostly from the global best solution and 
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may cause the search to quickly trap into local optima. Furthermore, when a fixed strategy is 

applied with a large pp value, particles will learn mostly from the personal best solution and 

may keep the search from converging into good solution regions. Therefore, it is speculated 

that a variable learning strategy with proper pg and pp values may enhance the performance of 

RDPSO. Table 2 summarizes twelve different strategies used in the first phase, denoted as 

F-Strategy, of the particle swarm learning strategies. 

 

“Please Insert Table 1 about here” 

“Please Insert Table 2 about here” 

 

The learning operation of a particle from a chosen solution is executed by applying a 

random-block crossover operation to the particle and the chosen solution. Given iΠ  is the 

solution of particle i and gbestΠ  is the chosen solution, applying the random block crossover 

operation to iΠ  and gbestΠ  includes three steps. The first step is to randomly choose a 

consecutive job sequence, a random block, from gbestΠ . The size of the random block is 

equal to Int(B × n), where Int() is the integer function, B is a predefined real value between 

0.0 and 1.0, and n is the number of the jobs considered in a solution. The second step is to 

construct a new solution by assigning the random block to the same position in the new 

solution as that in gbestΠ . The last step is to sequentially assign the jobs in iΠ , which is not 

in the random block, to the empty positions in the new solution. A simple example 

illustrating the crossover operation is shown in Figure 2; let gbestΠ = (1, 2, 3, 4, 5, 6, 7), iΠ  

= (1, 3, 5, 7, 6, 2, 4), and B = 0.5, so the size of a random block is Int(0.5 × 7) = 3. A block (3, 

4, 5) is randomly chosen in Step 1, so the new solution constructed in Step 2 is (-, -, 3, 4, 5, -, 

-). The last step will then assign job 1, the first job in iΠ , to the first position in the new 

solution. Since job 3 and job 5, the second and the third jobs in iΠ , belong to the random 
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block, job 7, the fourth job in iΠ , will then be assigned to the second position in the new 

solution, and job 6 and job 2 will be assigned to the last two positions in the new solution. 

 

“Please Insert Figure 2 about here” 

 

After a particle learns from its personal best solution and the global best solution in the 

first phase of a learning strategy, it explores its neighborhood, a self-exploration operation, in 

the second phase of the strategy with a probability w. The algorithm of the self-exploration 

operation is inspired by Ruiz and Stutzle’s (Ruiz and Stutzle 2007) destruction and the 

construction procedures. Given a solution Π , the self-exploration operation first randomly 

chooses four jobs from the solution. Let the job sequence of the four jobs be 1Π  and the job 

sequence of the rest of the jobs be 2Π . Then, insert the first job in 1Π  into the first position, 

the last position and the positions between every two consecutive jobs in 2Π  and choose the 

sequence with the smallest makespan; repeat the same process until all the four jobs in 1Π  

are inserted in 2Π .  

 

3.2 Filtered Local Search 

 When all the particles generate their solutions in an iteration, the Filtered Local Search 

(FLS) is applied to improve the global best solution. Local search methods are crucial for 

improving the effectiveness of population-based metaheuristics such as DPSO (Zhang J et al. 

2010; Pan et al. 2008) and ACO (Rajendran and Ziegler 2004; Dorigo and Stützle 2004). 

They usually are applied to the best solution in an iteration or the global best solution to 

improve the quality of the solution; however, this may cause a search trap into local optima. 

The FLS first applies a filter function to find a solution in an iteration, and then applies a 

local search method to the chosen solution. The purpose of the filter function is to guide the 
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search to the solution regions which have not been examined and protect the search from 

trapping into local optima.  

The proposed filter function is applied when all the Pnum solutions are generated in an 

iteration. We define filter-list as a first-in, first-out queue to store the makespan of the 

solution chosen in each iteration and set a parameter called filter-size to define the size of the 

queue. The queue is set to be empty initially. When all the Pnum solutions are generated in an 

iteration, the solutions are sorted according to their makespans in ascending order, and the 

filter function is applied from the top of the Pnum solutions until the first solution, whose 

makespan is different from all the makespans in the filter-list, is found and store the 

makespan of the solution in the filter list. If none of the Pnum solutions has a different 

makespan from the makespans in the filter-list, the last of the Pnum solutions is chosen but the 

makespan will not store in the filter-list. The purpose of comparing makespans instead of 

job-sequences of solutions while using the filter function is two-fold. Firstly, it may guide the 

search to the solution regions which have not been examined. Secondly, it can significantly 

reduce computation time by comparing the solution constructed by an individual and the 

solutions stored in the filter-list; this is especially critical when the number of jobs considered 

in a problem is large. The ten 50-job and 20-machine instances chosen from the well-known 

Taillard's test problems are used to compare the performance of the RDPSO with comparing 

makespan and that with comparing job-sequence. Computational results demonstrate that the 

RDPSO with comparing makespan on average dominates the RDPSO with comparing 

job-sequence by 30% using 16% less execution time. These findings reveal the rationale for 

comparing makespan while using the filter function. 

Once a solution is chosen using the filter function, the local search method NEHT_LS is 

applied to improve the makespan of the solution. NEHT_LS integrates Taillard’s 

Modified-NEH method (Taillard 1990) with Ruiz and Stützle’s (2007) iterative improvement 

method. Given that Π is the job sequence of the chosen solution, NEHT_LS first randomly 
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chooses a job k and removes it from Π. Then it inserts job k into the first position, the last 

position, and the positions between every two consecutive jobs in Π to generate n different 

solutions, and lets Π’’ be the best of the n generated solutions. If the makespan of Π’’ is 

smaller than that of Π, NEHT_LS will update Π with Π’’ and will repeat the same procedure 

until Π cannot be further improved. If the makespan of Π is smaller than that of the global 

best solution, it will update the global best solution with Π. 

 

4. Computational Experiments 
The well-known Taillard's test problems for PFSP-makespan (Taillard 1993) are used to 

evaluate the performance of the RDPSO. The test problems are composed of twelve different 

problem sets with different numbers of jobs (n) and different numbers of machines (m) and 

ten test instances are generated in each of the twelve problem sets, so there are a total of 120 

test problems. Twelve instances, selecting the first instance from each of the twelve problem 

sets (denoted as Test1), are used to investigate the effects of the three major parameters of 

RDPSO: the F-Strategy, the w value, and the filter-size. Then, the RDPSO with the best 

combination of the three parameters are applied to solve twenty-eight problems, which are 

chosen from the twelve problem sets (NPSO (Lian et al. 2008), ATPPSO (Zhang C et al. 2010) 

and CDPSO (Zhang J et al. 2010)), denoted as Test2, and to solve all the test problems except 

the problems with 500 jobs (PSOvns (Tasgetiren et al. 2007) and H-CPSO (Jarboui et al. 

2008)), denoted as Test3, in order to evaluate its performance. Note that all the algorithms are 

executed on a PC with Intel Pentium IV at 2.8 GHz. As mentioned in Table 1 and Table 2, 

twelve levels of F-Strategy and six levels of w are considered in the first and the second 

phases of the swarm learning strategy respectively. The filter-size has two levels and is set to 

0 and 7, where 0 refers to that which no filter function is applied. Therefore, there are a total 

of 144 different combinations of the three major parameters. The remaining parameters of 

RDPSO are described as follows: the population size is set to be 60; the block size for the 
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random-block crossover is set to be (3/20)×n and the termination criterion is set to be 1000 

generations. All these parameters are determined by trial-and-error. 

The RDPSO with each of the 144 combinations is then applied to solve the 12 instances 

in Test1 for three trials. The Average Relative Performance (ARP) is used to measure the 

performance of the RDPSO with a combination for each instance. The formula of ARP is as 

follows: ∑
=

×
−

=
R

i sol

soli R
Best

BestsolutionARP
1

/)100( ; given an instance, solutionui is the 

makespan obtained by trial i of the RDPSO with a combination for the instance, and Bestsol is 

the best makespan that all the research has found for the instance provided by Zobolas et al. 

(2009). 

The analysis of variance (ANOVA) is applied to analyze the ARPs produced by the 

RDPSO with all the 144 combinations for the instances in Test1. Table 3 presents the results 

of the ANOVA table (generated by using SPSS). The results show that all the three major 

parameters, the F-Strategy, the w value, and the filter-size, significantly affect the 

performance of RDPSO. Since the filter-size considers only two levels, 0 and 7, the results of 

ANOVA have shown that the performance of the RDPSO using these two levels is 

significantly different. Table 4 presents the average ARPs produced by the RDPSO with 

filter-size = 0 and filter size = 7; the results show that the RDPSO using filter strategy (filter 

size = 7) significantly dominates the RDPSO without using filter strategy (filter size = 0).  

The Duncan's multiple range test is then applied to determine if the performance of any two 

levels of the F-Strategy and the w value is significantly different. Table 5 and Table 6 present 

the results of the Duncan's test for the F-Strategy and the w value respectively. Note that the 

levels of the F-Strategy and the w value in Table 5 and Table 6 are sequenced in ascending 

order in terms of their mean ARPs, and the levels in the same subset represent that the 

performance of the RDPSO with the levels is not significantly different.  
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“Please Insert Table 3 about here” 

“Please Insert Table 4 about here”  

“Please Insert Table 5 about here” 

“Please Insert Table 6 about here” 

 

The results in Table 5 show several valuable findings. First, F-Strategy 4 produces the 

best mean ARP; it significantly dominates its corresponding fixed strategy, F-Strategy 3, 

which produces the second worst mean ARP. Also, F-Strategy 2 produces the second best 

mean APR; it significantly dominates its corresponding fixed strategy, F-Strategy 1, which 

produces the worst mean ARP. Note that the (pg, pp) values of F-Strategy 3 and F-Strategy 1 

are (0.3, 0.63), (0.1, 0.81) respectively. This result confirms our conjecture that the RDPSO 

using fixed F-Strategy with high pp value may not be able to converge to good solution 

regions. On the contrary, the RDPSO using variable F-Strategy with higher pp value in the 

first 500 iterations and higher pg value in the second 500 iterations of the search may take 

advantages of exploration in the first 500 iterations and exploitation in the second 500 

iterations and converge to promising solution regions. Second, the RDPSO using F-Strategy 2 

significantly dominates the RDPSOs using F-Strategy 8 and F-Strategy 10. The (pg, pp) 

values of F-Strategy 8 and F-Strategy 10 are (0.7, 0.27), (0.9, 0.09) respectively. These 

finding illustrate that although F-Strategy 2, F-Strategy 8, and F-Strategy 10 are all variable 

strategies, the RDPSO, using larger pp value in the first 500 iterations, may have better 

exploration capability and lead the search to better solution regions. Third, the RDPSOs using 

F-Strategy 11 and F-Strategy 12 produce poor mean ARP; the (pg, pp) value of F-Strategy 11 

is (0.1, 0.09) and its ph is 0.81. This result concludes that the RDPSO using both low pg and 

pp values will not converge to good solution regions. 

The results in Table 6 show that w values, 0.6, 0.8, 1.0, and 0.4, belong to the first subset. 

This result illustrates that the RDPSO should use at least a w value of 0.4 in the second phase 

of the learning strategy. The mean ARP show that the RDPSO using w = 0.6 dominates the 
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RDPSO using w = 0.2 and w = 0.0 by 16% ((0.8042-0.6717)/0.8042)) and 42% 

((1.1579-0.6717)/1.1579)) respectively. The previous analyses conclude that the best 

parameter set for the RDPSO is F-Strategy = F-Strategy 4, w = 0.6 and filter-size = 7.  

Note that the learning strategy of RDPSO is a two-phase strategy, and the learning 

strategy of most of the DPSO algorithms, using the learning sequence of equation (1), is a 

single-phase strategy. Pan et al. considered two levels (0.2, o.8) for each of w, c1 and c2 of 

equation (1) to determine an appropriate parameter set for their DPSO. In order to investigate 

the effect of the two-phase strategy, we replace the two-phase strategy in RDPSO with the 

single-phase strategy and execute the modified RDPSO with each of the eight combinations 

used by Pan et al. to solve the twelve instances in Test1 for three trials. The results show that 

the best parameter set for the modified RDPSO is w = 0.8, c1 = 0.2 and c2 = 0.8. The paired-t 

test is then applied to test the significance of the difference between the performance of 

RDPSO using the single-phase strategy (w = 0.8, c1 = 0.2 and c2 = 0.8) and RDPSO using the 

two-phase strategy (F-Strategy = F-Strategy 4, w = 0.6). Table 7 presents the results of the 

paired-t test and demonstrates that RDPSO using the two-phase strategy significantly 

outperforms RDPSO using the single-phase strategy.  

 

“Please Insert Table 7 about here” 

  

The RDPSO with the best parameter set is then applied to solve the test problems in 

Test2. Ten trials are implemented for each heuristic for each test problem. Note that all the 

algorithms use 1000 iterations as the termination criterion. Table 8 presents the ARPs 

generated by NPSO, CDPSO, ATPPSO and RDPSO. The notation used in the first column of 

the table denotes the problem number of the twenty-eight problems in the 120 test problems 

(Taillard, 1990), which are denoted from ta001 to ta120. The results show that RDPSO 

outperforms NPSO, CDPSO, and ATPPSO in all the test problems. The average ARP show 
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that RDPSO dominates CDPSO by 58% ((1.44 – 0.61)/1.44), dominates ATPPSO by 55% 

((1.37 – 0.61)/1.37), and dominates NPSO by 73% ((2.25 – 0.61)/2.25). Furthermore, the 

paired-t test is applied to test the significance of the difference between the performance of 

RDPSO and the performance of each of CDPSO, ATPPSO and NPSO for the test problems. 

Table 9 presents the results of the paired-t test and shows that RDPSO significantly 

dominates CDPSO, ATPPSO and NPSO.  

 

“Please Insert Table 8 about here” 

“Please Insert Table 9 about here” 

 

In addition, the RDPSO with the best parameter set is applied to solve the test problems 

in Test3 and compare the computational results with that produced by two promising PSO 

algorithms (PSOvns and H-CPSO). Note that PSOvns solved the problems using a PC with 

Intel Pentium IV at 2.6 GHz; it solved each problem ten times to calculate the ARP and set 

execution-time = 10 minutes as the termination criterion for the problems with 100 jobs or 

more and 5 minutes for the rest of the problems. H-CPSO solved the problems using a PC 

with Intel Pentium IV at 3.2 GHz; it solved each problem five times and set execution-time = 

500 seconds as the termination criterion for the problems with 100 jobs or more and 250 

seconds for the rest of the problems. The RDPSO solved the problems using a PC with Intel 

Pentium IV at 2.8 GHz and utilized the same computational conditions as H-CPSO. Table 10 

presents the average ARPs generated by H-CPSO, PSOvns and RDPSO for the problems in 

each of the eleven problem sets. Table 11 presents the results of the paired-t test for PSOvns, 

H-CPSO and RDPSO. The results show that RDPSO dominates H-CPSO at the significance 

level of 0.035 and dominates PSOvns at the significance level of 0.103.   

 

“Please Insert Table 10 about here” 
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“Please Insert Table 11 about here” 

 

Finally, the performance of the RDPSO algorithm without using the local search method, 

NEHT_LS, is compared with the recently proposed PSO with expanding neighborhood 

topology (PSOENT) of Marinakis and Marinaki (2013), the best PSO without using local 

search methods. For equal comparison, the RDPSO without using local search and PSOENT 

are applied to solve all the 120 test instances with the same termination criterion of 1000 

iterations for ten trials, and the best solution of the ten trials for each instance is presented in 

Table 11. Note that the solutions of PSOENT in Table 12 are from Marinakis and Marinaki 

(2013); the better solution between the two algorithms for each instance is presented with 

bold. The results demonstrate that the RDPSO without using local search is superior to 

PSOENT in 87 instances (72.5 % of all the instances), tied with PSOENT in 31 instances 

(25.8 % of all the instances), and inferior to PSOENT in only 2 instances. The ARPs of the 

two algorithms are then calculated for each instance, and the average ARPs of the ten 

instances for each of the 12 problem sets are presented in Table 13. The results show that the 

overall average ARP of the RDPSO without using local search dominates PSOENT by 40% 

((1.654 – 1.04)/1.65). Table 14 presents the results of the paired-t test for the RDPSO without 

using local search and PSOENT. The result shows that RDPSO without using local search 

dominates PSOENT at the significance level of 0.004.  

 

“Please Insert Table 12 about here” 

“Please Insert Table 13 about here” 

“Please Insert Table 14 about here” 

 

4. Conclusions 

This paper proposes a revised particle swarm optimization algorithm (RDPSO) to solve 

the PFSP-makespan. Computational experiments have shown that the proposed swarm 
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learning strategies and the new filtered local search method significantly affect the 

performance of RDPSO. Also, the performance of RDPSO dominates all the existing PSO 

algorithms using local search. Furthermore, the performance of RDPSO without using local 

search also dominates PSOENT, the best PSO without using local search. This study 

demonstrates that a proper swarm learning strategy should be a variable strategy that learns 

more from the personal best solution in the first 500 iterations and then learns more from the 

global best solution in the second 500 iterations. As mentioned, this idea may take advantages 

of exploring the solution space in the first 500 iterations and exploiting the solution space in 

the second 500 iterations. A future research direction may be to study mechanisms to adjust 

learning parameters (w, c1, and c2) based on the conditions in each iteration. Moreover, the 

self-adaptive learning strategy, which adjusts learning parameters in every iteration, has 

recently received attentions from the researchers of PSO. Although the process of 

self-adaptive learning strategy is complex, it is a definite future direction for the research of 

PSO. 

In addition, although the new filter function is able to keep the search of RDPSO from 

quick convergence, RDPSO may still trap into local optima. Therefore, research towards the 

development of escape strategies for guiding the search to jump from a local optimum to 

other solution regions also deserves to be conducted. The path relinking method (Glover 

1996), which has been reported to be effective for PFSP-makespan (Nowicki and Smutnicki 

2006), could be a good trial for generating a new global best solution that may help RDPSO 

escape from the local optima. 
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Table 1.  The six combinations of c1 and c2 considered in the first phase of the new particle 

swarm learning strategies  

c1 c2 pg pp ph 

0.9 0.1 0.1 0.81 0.09 

0.9 0.3 0.3 0.63 0.07 

0.9 0.5 0.5 0.45 0.05 

0.9 0.7 0.7 0.27 0.03 

0.9 0.9 0.9 0.09 0.01 

0.1 0.1 0.1 0.09 0.81 
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Table 2.  The twelve F-Strategies used in the new particle swarm learning strategies 

F-Strategy 
First 500 iterations Second 500 iterations 

pg pp 
*
gp  

*
pp  

F-Strategy 1 0.1 0.81 0.1 0.81 

F-Strategy 2 0.1 0.81 0.81 0.1 

F-Strategy 3 0.3 0.63 0.3 0.63 

F-Strategy 4 0.3 0.63 0.63 0.3 

F-Strategy 5 0.5 0.45 0.5 0.45 

F-Strategy 6 0.5 0.45 0.45 0.5 

F-Strategy 7 0.7 0.27 0.7 0.27 

F-Strategy 8 0.7 0.27 0.27 0.7 

F-Strategy 9 0.9 0.09 0.9 0.09 

F-Strategy 10 0.9 0.09 0.09 0.9 

F-Strategy 11 0.1 0.09 0.1 0.09 

F-Strategy 12 0.1 0.09 0.09 0.1 

 

 

 

 



25 
 

 

Table 3.  ANOVA table for testing the significance of the major parameters of RDPSO 

Source Type III Sum of Squares df Mean Square F Sig. 

Corrected Model 1195.533(a) 28 42.698 770.531 0.000 

Intercept 1070.424 1 1070.424 19317.134 0.000 

F-Strategy 2.35 11 0.214 3.855 0.000 

w value 50.661 5 10.132 182.847 0.000 

filter-size 6.579 1 6.579 118.722 0.000 

instance 1135.944 11 103.268 1863.592 0.000 

Error 94.147 1699 0.055   

Total 2360.104 1728    

Corrected Total 1289.68 1727    

a R Squared = .927 (Adjusted R Squared = .926) 
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Table 4.  Result of the RDPSO with filter-size = 0 and filter-size = 7  

Filter-size Mean Std. Error 
95% Confidence Interval 

Lower Bound Upper Bound 

0 0.849 0.008 0.833 0.864 

7 0.725 0.008 0.710 0.741 

 

Table 5.  Result of the Duncan test for the F-Strategy 

Method N 
Subset 

1 2 3 

F-Strategy 4 144 0.7171   

F-Strategy 2 144 0.7491 0.7491  

F-Strategy 5 144 0.7522 0.7522  

F-Strategy 6 144 0.7617 0.7617  

F-Strategy 8 144  0.7818  

F-Strategy 9 144  0.7950  

F-Strategy 10 144  0.7960  

F-Strategy 7 144  0.8036  

F-Strategy 11 144  0.8047  

F-Strategy 12 144  0.8067  

F-Strategy 3 144  0.8091  

F-Strategy 1 144   0.8677 

 

 

Table 6.  Result of the Duncan test for the w value 

w N 
Subset 

1 2 3 

0.6 288 0.6717   

0.8 288 0.6932   

1.0 288 0.6965   

0.4 288 0.6988   

0.2 288  0.8042  

0.0 288   1.1579 
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Table 7.  Paired-t test for single-phase strategy and two-phase strategy 

  

Paired Differences 

t df Sig. 
(2-tailed) Mean Std. 

Deviation 
Std. Error 

Mean 

95% Confidence 
Interval of the 

Difference 

Lower Upper 

Pair 1 

Single-phase 

strategy – 

Two-phase 

strategy 

0.0683 0.0994 0.0287 0.0051 0.1315 2.380 11 0.036 
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Table 8.  ARPs of RDPSO, CDPSO, ATPPSO, and NPSO 

Problem Size Optimal CDPSO ATPPSO NPSO RDPSO 

ta001 20×5 1278 0.59 0.00 1.33 0.00 

ta011 20×10 1582 0.29 0.03 1.43 0.00 

ta015 20×10 1419 0.31 0.23 0.64 0.07 

ta021 20×20 2297 0.45 0.30 1.21 0.00 

ta025 20×20 2291 0.17 0.28 0.92 0.17 

ta031 50×5 2724 0.15 0.01 0.20 0.00 

ta035 50×5 2863 0.03 0.02 0.03 0.00 

ta040 50×5 2782 0.00 0.01 0.04 0.00 

ta041 50×10 2991 2.44 2.47 3.59 1.48 

ta045 50×10 2976 2.09 2.22 3.45 1.16 

ta051 50×20 3771–3847 2.50 2.32 3.75 1.28 

ta055 50×20 3553–3610 2.74 2.83 4.53 1.12 

ta061 100×5 5493 0.00 0.00 0.01 0.00 

ta065 100×5 5250 0.08 0.07 0.12 0.02 

ta071 100×10 5770 0.69 0.71 1.26 0.19 

ta075 100×10 5467 1.31 1.41 2.03 0.62 

ta081 100×20 6106–6202 3.43 -- -- 1.73 

ta085 100×20 6262–6314 3.19 3.27 5.37 1.57 

ta090 100×20 6404–6434 2.56 2.65 4.49 1.53 

ta091 200×10 10862 0.65 0.53 1.07 0.17 

ta095 200×10 10524 0.39 0.36 1.33 0.12 

ta100 200×10 10675 0.69 0.65 1.14 0.21 

ta101 200×20 11152–11181 3.25 3.29 4.21 1.54 

ta105 200×20 11259 2.40 2.80 4.12 0.98 

ta110 200×20 11284–11288 3.25 3.71 4.82 1.42 

ta111 500×20 26040–26059 2.51 2.78 3.68 0.71 

ta115 500×20 26334 2.27 1.97 2.98 0.46 

ta120 500×20 26457 1.81 2.11 3.11 0.60 

average   1.44 1.37 2.25 0.61 

--: This data are not generated by ATPPSO and NPSO. 



31 
 

 

Table 9.  Paired-t test for RDPSO, CDPSO, ATPPSO, and NPSO 

  

Paired Differences 

t df Sig. 
(2-tailed) Mean Std. 

Deviation 
Std. Error 

Mean 

95% Confidence 
Interval of the 

Difference 

Lower Upper 

Pair 1 
CDPSO - 

RDPSO 
0.8333 0.6687 0.1287 0.5688 1.0979 6.476 26 0.000 

Pair 2 
ATPPSO - 

RDPSO 
0.8312 0.7527 0.1476 0.5271 1.1352 5.631 25 0.000 

Pair 3 NPSO - RDPSO 1.6965 1.2087 0.2371 1.2083 2.1848 7.156 25 0.000 
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Table 10.  Average ARPs of RDPSO, H-CPSO , and PSOvns 

Problem set PSOvns HCPSO RDPSO 

20x5 0.03 0.00 0.00 

20x10 0.02 0.01 0.01 

20x20 0.05 0.02 0.01 

50x5 0.00 0.00 0.00 

50x10 0.57 0.49 0.49 

50x20 1.36 0.96 0.83 

100x5 0.00 0.02 0.00 

100x10 0.18 0.26 0.15 

100x20 1.45 1.28 1.24 

200x10 0.18 0.40 0.12 

200x20 1.35 1.55 1.38 

Overall 

Average ARP 
0.47 0.45 0.39 

 

Table 11.  Paired-t test for RDPSO, H-CPSO, and PSOvns 

  

Paired Differences 

t df Sig. 
(2-tailed) Mean Std. 

Deviation 
Std. Error 

Mean 

95% Confidence 
Interval of the 

Difference 

Lower Upper 

Pair 1 
PSOvns - 

RDPSO 
0.08644 0.15985 0.04820 -0.2095 0.19383 1.793 10 0.103 

Pair 2 
H-CPSO - 

RDPSO 
0.06825 0.09270 0.02795 0.00598 0.13053 2.442 10 0.035 
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Table 12.  Solutions generated by the RDPSO without local search and PSONET  

Problem PSOENT RDPSO Problem PSOENT RDPSO Problem PSOENT RDPSO 

20x5 1278 1278 50x10 3092 3051 100x20 6430 6414 

20x5 1359 1359 50x10 2942 2915 100x20 6489 6383 

20x5 1081 1081 50x10 2926 2889 100x20 6526 6437 

20x5 1293 1293 50x10 3083 3071 100x20 6440 6407 

20x5 1235 1235 50x10 3049 3024 100x20 6612 6509 

20x5 1195 1195 50x10 3056 3036 100x20 6633 6551 

20x5 1239 1239 50x10 3144 3133 100x20 6605 6476 

20x5 1206 1206 50x10 3072 3049 100x20 6724 6640 

20x5 1230 1230 50x10 2952 2923 100x20 6576 6462 

20x5 1108 1108 50x10 3143 3131 100x20 6699 6593 

20x10 1582 1582 50x20 4004 3950 200x10 10953 10872 

20x10 1659 1659 50x20 3838 3761 200x10 10610 10556 

20x10 1500 1496 50x20 3788 3741 200x10 11040 10950 

20x10 1377 1377 50x20 3857 3806 200x10 10939 10893 

20x10 1419 1419 50x20 3732 3688 200x10 10646 10537 

20x10 1397 1397 50x20 3821 3758 200x10 10452 10378 

20x10 1484 1484 50x20 3855 3763 200x10 10977 10882 

20x10 1544 1543 50x20 3825 3788 200x10 10864 10777 

20x10 1593 1593 50x20 3903 3831 200x10 10498 10450 

20x10 1591 1598 50x20 3896 3830 200x10 10810 10727 

20x20 2298 2297 100x5 5493 5493 200x20 11571 11535 

20x20 2101 2100 100x5 5274 5268 200x20 11729 11596 

20x20 2328 2326 100x5 5179 5175 200x20 11757 11676 

20x20 2225 2223 100x5 5023 5014 200x20 11713 11665 

20x20 2294 2294 100x5 5255 5250 200x20 11712 11548 

20x20 2229 2228 100x5 5135 5135 200x20 11699 11546 

20x20 2273 2273 100x5 5251 5246 200x20 11874 11702 

20x20 2202 2200 100x5 5094 5094 200x20 11813 11675 

20x20 2240 2237 100x5 5454 5448 200x20 11725 11554 

20x20 2178 2178 100x5 5332 5322 200x20 11780 11683 

50x5 2724 2724 100x10 5851 5790 500x20 26737 26656 

50x5 2838 2836 100x10 5407 5377 500x20 27497 27153 

50x5 2621 2621 100x10 5691 5679 500x20 27277 26923 

50x5 2751 2751 100x10 5902 5849 500x20 27080 26894 

50x5 2863 2863 100x10 5588 5514 500x20 26915 26768 

50x5 2829 2829 100x10 5334 5308 500x20 27203 26965 

50x5 2725 2725 100x10 5658 5602 500x20 27057 26799 

50x5 2683 2683 100x10 5695 5664 500x20 27270 27066 

50x5 2554 2555 100x10 5958 5907 500x20 26622 26488 

50x5 2782 2782 100x10 5903 5857 500x20 27164 26923 
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Table 13.  Average ARPs of the RDPSO without local search and PSOENT 

Problem set PSONET RDPSO 

20 × 5 0.00 0 

20 × 10 0.07 0.08 

20 × 20 0.08 0.03 

50 × 5 0.02 0.02 

50 × 10 2.11 1.31 

50 × 20 3.83 2.2 

100 × 5 0.09 0 

100 × 10 1.26 0.48 

100 × 20 4.37 3 

200 × 10 1.02 0.3 

200 × 20 4.27 3.21 

500 × 20 2.73 1.9 

Overall  

Average ARP 
1.65 1.04 
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Table 14.  Paired-t test for RDPSO and PSOENT 

  

Paired Differences 

t df Sig. 
(2-tailed) Mean Std. 

Deviation 
Std. Error 

Mean 

95% Confidence 
Interval of the 

Difference 

Lower Upper 

Pair 1 
PSOENT - 

RDPSO 
0.61 0.57671 0.16648 0.09294 1.12706 3.664 11 0.004 
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