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中 文 摘 要 ： 流程式排程問題（PFSP）是製造現場常見的問題。因為它在實務上
的價值以及計算的複雜度，流程式排程問題長久以來都是學術界和
產業界非常重視的問題。以總完成時間為目標的流程式排程問題
（PFSP- makespan）是研究者最有興趣的問題之一。我從1993就開
始該問題的研究，我的兩篇主要的論文分別刊登在EJOR (1995，在
WOS資料庫中被引用118次) 和 C&amp;IE (1996，在WOS資料庫中被
引用66次)。2011年和2012年國科會計畫的研究成果也以分別刊登在
IJAMT (2012), Soft Computing和Applied Soft Computing。
2014年的國科會研究計畫則已開發一個比IGRIS 和 DDERLS（兩個到
目前為止最好的演算法）為佳的啟發式演算法(BBLS)，因此求解
PFSP-makespan，研究的成果最近已經被Soft Computing所接受
（DOI10.1007/s00500-013-1199-z）。本研究計畫利用PFSP-
makespan問題之解的區塊特性（Block）開發一個新的演算法
（block-based local search, BBLS）。BBLS先利用NEHT產生一個
起使解，設定其為起使期之週期最佳解(local best solution)。然
後在每一週期（iteration），利用週期最佳解的區塊特性，產生有
效的鄰近解(neighbor solutions)，再應用一個新的篩選方法
（filtered local search）在這些鄰近解上，以產生新的週期最佳
解，再重複下一週期的搜尋；篩選機制的主要目的是希望將搜尋的
方向導引向尚未搜尋的區域。此外，如果搜尋陷入區域最佳解中
（local optimum），我們也計畫開發一個逃離策略（jump
strategy），幫助搜尋跳出區域最佳解。最後，我們會利用IGRIS
和 DDERLS（兩個到目前為止最好的演算法）來評價BBLS的效能。

中文關鍵詞： 區塊特性，流程式排程問題，總完成時間，啟發式演算法

英 文 摘 要 ： Permutation flow shop scheduling problem (PFSP) is a common
problem in the manufacturing shop floor. Due to its value
in the real-world and its computational complexity, it has
received considerable attention in academia and in
practitioners for years. PFSP with minimum makespan as the
objective (PFSP-makespan) is one of the most studied NP-
hard scheduling problems; more than 1000 technical papers
for solving PFSP-makespan can be found in Web of Science
(WOS). I started conducting research in this field in 1994,
and two of my notable works were published in European
Journal of Operational Research (1995, cited 109 times in
WOS) and Computers and Industrial Engineering (1996, cited
66 times in WOS).
This proposal is a follow-up research of my NSC projects in
2011 and 2012 (100-2221-E-004-004 and 101-2221-E-004-004).
The project in 2011 developed a novel metaheuristic
(EDAACS) to solve PFSP-makespan, and the result of the
project was published in International Journal of Advanced
Manufacturing Technology (2012). The project in 2012
developed another metaheuristic (RDPSO) to solve PFSP-
makespan, and the result of the project has recently been
accepted for publication by Soft Computing



(DOI10.1007/s00500-013-1199-z). This research utilizes the
block property of the solution of PFSP-makespan to develop
a new metaheuristic (block-based local search, BBLS) for
solving PFSP-makespan. BBLS applies NEHT to generate an
initial solution and set the solution be the local best
solution. Then, in each iteration, BBLS utilizes the block
property of the local best solution to efficiently generate
promising neighbor solutions and applies a new filtered
local search method to the generated neighbor solutions to
update the local best solution. The purpose of the filtered
local search is to filter the solution regions that have
been reviewed and guides the search to new solution regions
in order to keep the search from trapping into local
optima. In addition, a new jump strategy will be developed
to help the search escape if the search does become trapped
at a local optimum. Computational experiments on the well-
known Taillard‘s benchmark data sets will be conducted to
compare the performance of BBLS with that of IGRLS and
DDERLS, the two most effective heuristics for PFSP-makespan
up to now.

英文關鍵詞： Block; Metaheuristic; Permutation Flow Shop Scheduling;
Makespan
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An Effective Block-based Algorithm for PFSP 

 

1. Introduction 

Permutation flow shop scheduling problem (PFSP) is a common problem in the manufacturing shop 

floor. Given a set of n jobs, a set of m machines, and requiring all the jobs to be processed in the same 

processing order on all the machines, PFSP determines the best sequence of all the n jobs on each one of the 

m machines in order to optimize a predetermined objective. Due to its value in the real-world and its 

computational complexity, PFSP has received considerable attention in academia and in practitioners for 

years. Over 1,300 technical papers can be found in Web of Science (WOS) in the past decade.  

This research proposes to develop an effective metaheuristic for PFSP with minimum makespan as the 

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

[1] and more than 1000 technical papers for solving the problem have been published in SCI journals in the 

past decade. In addition, due to its computational burden, the development of metaheuristics that find 

near-optimal solutions in a reasonable computation time has held the attention of many researchers recently. 

These include genetic algorithm (GA) [2, 3, 4, 5], ant colony optimization (ACO) [6, 7, 8], particle swarm 

optimization (PSO) [9, 10, 11, 12], differential evolution (DE) [13, 14, 15], iterated greedy algorithm (IG) 

[16], iterated local search (ILS) [17], simulated annealing (SA) [18, 19, 20], tabu search (TS) [21, 22, 23, 24, 

25] and hybrid metaheuristics [26, 27, 28, 29]. Several research papers reviewing heuristics for the candidate 

problem can be found in Framinan et al. [30], Hejazi & Saghafian [31], and Ruiz & Maroto [32]. 

This research proposes to utilize the block property of the solution of PFSP-makespan to develop a new 

metaheuristic (block-based local search, BBLS) for solving PFSP-makespan. BBLS applies NEHT to generate 

an initial solution and set the solution be the local best solution. Then, in each iteration, BBLS utilizes the 

block property of the local best solution to efficiently generate promising neighbor solutions and applies a 

modified filter local search method to the generated neighbor solutions to update the local best solution. The 

purpose of the filter local search is to filter the solution regions that have been reviewed and guides the search 

to new solution regions in order to keep the search from trapping into local optima. In addition, a new jump 

strategy will be developed to help the search escape if the search does become trapped at a local optimum. 

Computational experiments on the well-known Taillard's benchmark data sets [33] will be conducted to 

compare the performance of BBLS with that of IGRIS and DDERLS [15], the two most effective heuristics for 

PFSP-makespan up to now.  

 

2. The proposed algorithm: block-based local search (BBLS)  

The basic process of BBLS is presented as follows: 

1. Set t = 0. Generate an initial solution using NEHT and let it be the local best solution and the best-so-far 

solution. 

2. do { 

3. Find a critical path of the local best solution for iteration t.  

4. Generate m new solutions using the proposed job moving rule.  

5. Apply the modified filter local search method to select a solution from the m solutions generated in Step 

4 and update the local best solution  

6. Launch the jump strategy if the search traps into a local optimum. 
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7. t = t + 1 

8. } until (Terminate criteria are met ) 

9. Return best-so-far solution 

 

The BBLS algorithm, different from general population-based metaheuristics, produces only a solution 

using the heuristic NEHT (Taillard 1990) in the initial iteration and sets the solution to be the local best 

solution and the best-so-far solution. The major loop in BBLS (step3~step7) finds a critical path for the local 

best solution, generates m new solutions using the job moving rule, and updates the local best solution with 

the solution produced by applying the modified filter local search to the m new solutions. Note that m is the 

number of machines considered in a problem. If the local best solution is not able to improve the best-so-far 

solution in a certain number of iterations, it is assumed that the search has trapped into a local optimum. Then 

the new jump strategy is launched to find a new initial solution as the local best solution and the same loop 

(step3~step7) is performed on the new initial solution. The major components of BBLS, job moving rule, 

modified filter local search and jump strategy will be discussed in detail in the following sections. 

 

2.1 Job moving rule  

The job moving rule is applied to generate neighbor solutions of the local best solution in every iteration. 

The purpose of the job moving rule is to generate only the neighbor solutions which may improve the local 

best solution so as to significantly reduce the number of neighbor solutions searched in every iteration. The 

job moving rule is proposed based on the research of Grabowski and Wodecki (2004) and Jin and Song (2007). 

Given an example with n jobs and m machines and setting π = (π(1), π(2), … , π(i), … , π(n)) as a 

job-sequence of the n jobs, Grabowski and Wodecki showed that there would be at least a critical path u = (u1, 

u2, … , um-1) such that the makespan of π: 

Cmax(π) =  +  + … + .  

Grabowski and Wodecki defined a block on each machine based on the critical path: Bk = ((π(uk-1), π(uk-1 + 

1), … , π(uk)), k = 1, 2,..., m, where u0 = 1 and um = n. They also defined an internal block for each block as 

follows: 𝐵1
∗ = B1 – {π(u1)}, 𝐵𝑚

∗  = Bm – {π(um-1)}, and 𝐵𝑘
∗ = Bk – {π(uk-1), π(uk)} for the rest of the blocks. A 

simple 7-job and 3-machine example given in Jin and Song (2007) can be used to illustrate the notion above. 

Figure 1 presents a schedule of the example; The job-sequence of the schedule is π = (1, 7, 3, 2, 4, 5, 6) and 

the critical path of the schedule is u = (u1 = 2, u2 = 6), which generates three blocks: B1 = (1, 7), B2= (7, 3, 2, 4, 

5), and B3 = (5, 6), and three relevant internal blocks: 𝐵1
∗ = (1), 𝐵2

∗ = (3, 2, 4) and 𝐵3
∗ = (6). It should be 

noted that B1 is the block on machine 1, B2 is the block on machine 2, and so on. 

 

1 1 7 3 2 4 5 6              

2    1  7 3 2 4 5 6     

3        1      7  3    2 4  5 6 

 1    5     10     15     20     25     30     35   38 

Figure 1. A schedule of the 7-job and 3-machine example 

 

In addition, Theorem 1 in Jin and Song (2007) proved that, given a schedule πa with blocks Bk, k = 1, 

2,…, m, and job j is a job in 𝐵𝑝
∗ and pjp and pjq are the processing times of job j on machines p and q 

respectively, if schedule πb is generated by moving job j from  𝐵𝑝
∗ and inserting it into a position in 𝐵𝑞

∗, then 



 3 

the result of Cmax(πb) ≧ Cmax(πa) + (pjq - pjp) is produced. This theorem shows that schedule πa can only be 

improved when (pjq - pjp) is negative; that is when pjp > pjq stands. The same 7-job and 3-machine example can 

be used to illustrate the application of the theorem to the proposed moving rule. If πa = (1, 7, 3, 2, 4, 5, 6) is 

currently the local best solution, the proposed moving rule will generate only the neighbor solutions that may 

improve πa. According to the internal blocks of the schedule, 𝐵1
∗ = (1), 𝐵2

∗ = (3, 2, 4) and 𝐵3
∗ = (6), the 

theorem will be applied to each job in the internal blocks to generate neighbor solutions. For instance, 

according to Figure 1, job 1 is in block 1 and the condition of p12 > p11 > p13 stands, so the neighbor solution 

that may improve πa by moving job 1 is to insert job 1 into feasible positions in 𝐵3
∗, which are the positions 

before and after job 6. Thus, the neighbor solutions, which are generated by moving job 1, are (7, 3, 2, 4, 5, 1, 

6) and (7, 3, 2, 4, 5, 6, 1). Compared with the commonly used insertion method, which inserts job 1 into the 

positions between every two consecutive jobs of (7, 3, 2, 4, 5, 6) and the position after job 6, the proposed 

moving rule obviously generates a smaller number of neighbor solutions.  

Although the job moving rule is a very efficient approach, it is noticed that the equation Cmax(πb) ≧ 

Cmax(πa) + (pjq - pjp) provides only a lower bound of πb. Therefore, we are not able to justify which neighbor 

solutions are better than the others. For instance, in the previous example, we cannot justify which of the two 

neighbor solutions generated by inserting job 1 in 𝐵3
∗ is better. This problem will become critical when the 

job moving rule is applied to large-scale problems. Since there will still be a large number of neighbor 

solutions generated by the job moving rule and only m solutions from them will be chosen for the following 

procedure of BBLS, an efficient approach needs to be developed for choosing better neighbor solutions. 

In this research, we set a table recording the operation with the smallest processing time for each job and 

the machine processing the operation. In each iteration, starting from 𝐵1
∗, we evaluate each job in 𝐵1

∗ to 

determine a neighbor solution generated by 𝐵1
∗; a job is evaluated by finding the difference between the 

processing of the job on machine 1 and the smallest processing time of the job. The job with the largest 

difference is chosen to be randomly inserted into a feasible position in 𝐵𝑞
∗, where q is the machine with the 

smallest processing time of the job. If there are more than one job having equal ‘largest difference’, one of 

them is randomly chosen. The same process is applied to 𝐵2
∗, 𝐵3

∗, …and 𝐵𝑚
∗ , and the m neighbor solutions 

will be efficiently generated.       

  

2.2  Modified filter local search  

Local search methods are crucial for improving the effectiveness of population-based metaheuristics. 

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 the local optima. Tzeng et al. [34] proposed a filter 

strategy to address this problem. The filter strategy is applied when the m neighbor solutions are generated by 

the job moving rule. Its purpose is to filter the solution regions that have been reviewed and guide the search 

to new solution regions in order to keep the search from trapping into local optima. A filter-list, defined as a 

first-in, first-out queue, is used to store the makespan of the chosen solution in each iteration and a parameter, 

f-size, is defined as the size of the queue. The queue is set to be empty initially. When all the m solutions are 

generated, the solutions are sorted according to their makespans in ascending order, and the filter strategy is 

applied from the top of the m 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 m 

solutions has a different makespan from the makespans in the filter-list, the last of the m solutions is chosen 

(but the makespan will not be stored in the filter-list). The purpose of comparing makespans instead of 
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job-sequences of solutions while using the filter strategy 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 each of the m solutions and the solutions stored in the filter-list; this is especially critical when the 

number of jobs considered in a problem is large. In addition, the idea of choosing the solution with the largest 

makespan when none of the m solutions has a different makespan from the makespans in the filter-list is that it 

may prevent the search of BBLS from quick convergence. 

Once a solution is chosen using the filter strategy, a local search method (denoted as NEHT_LS) is 

applied to improve the makespan of the solution. NEHT_LS integrates Taillard’s Modified-NEH method [35] 

with Ruiz and Stützle’s [16] iterative improvement method. Given that π is the job sequence of the chosen 

solution, NEHT_LS first randomly 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 local best solution, it will update the local solution with π; if the 

makespan of πis smaller than that of the best-so-far solution, it will update the best-so-far solution with π. The 

procedure integrating the filter strategy and NEHT_LS is denoted as filter local search (FLS) in this research.  

The modified filter strategy first implements FLS, then determines if the makespan of the schedule 

generated by FLS dominates the best-so-far solution. If so, it will stop; otherwise, it will implement FLS one 

more time by using the filter strategy to find a solution different from the one found by the filter strategy in 

the first FLS. 

 

2.3 Jump strategy 

The main idea of the jump strategy is to guide the search to jump to another solution region when the 

search is trapped in a local optimum. We define the search trapped in a local optimum when the search is not 

able to improve the best-so-far solution in a number of iterations. The solution generated by the jump strategy 

is considered to be a new initial solution, and the search procedure is restarted.  

The jump strategy proposed in this research first applies the Destruction and Construction Operation [16] to 

the detected local optimum m times to generate m new solutions. The solution with the minimum makespan, 

which satisfies the following conditions: (i) the makespan is less than or equal to a pre-determined 

objective-value distance and (ii) the job sequence of the solution is different from the job sequence of the 

local optimum, will be chosen and used as the new initial solution. The objective-value distance is defined to 

be the distance of a jump from the objective value of the current local best solution and is calculated by 

multiplying the objective value of the current local best solution with a parameter, jump rate. If none of the m 

solutions satisfies the conditions, the same procedure will be implemented until a solution is produced. In 

order to apply the Destruction and Construction Operation to a schedule, S, first randomly choose n1 jobs from 

S and let the job sequence of the n1 jobs be s1 and the job sequence of the rest of the jobs in S be s2. 
Then, 

insert the first job in s1 into the first position, the last position and the positions between every two 

consecutive jobs in s2 and choose the sequence with the smallest makespan; repeat the same process until all 

the n1 jobs in s1 are inserted in s2. In this research, n1 is defined to be the second parameter, denoted as DC-n1, 

of the jump strategy, and the jump strategy is implemented three times in order to generate a new initial 

solution.  
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3. Computational Results 

The well-known Taillard's test problems for PFSP-makespan [33] are used to evaluate the performance 

of BBLS. The test problems are composed of 12 different problem sets with different numbers of jobs (n) and 

different numbers of machines (m) and 10 instances are included in each problem set. Twelve instances, 

selecting the last instance from each of the 12 problem sets, denoted as Test1, are used to investigate the 

effects of the major components of HLBS: the filter strategy and the jump strategy. Note that the parameters 

defined for these components are: f-strategy, f-size, jump-rate and DC-n1 respectively. Therefore, experiments 

will be designed based on the parameters to investigate the effects of the components. Then, BBLS with the 

best combination of the parameters will be applied to solve all the test problems, and its performance will be 

compared to two of the best heuristics, IGRIS and DDERLS [15], for PFSP-makespan under limited 

computation times. Furthermore, Note that all the algorithms in this paper are coded in C language and 

executed on the Linux operating system. 

The levels considered for the four major parameters of BBLS are: two levels are set for f-strategy: fs1 and 

fs2; three levels are set for f-size: none, 10 and 20, where none refers to no filter strategy is applied; three 

levels are set for jump-rate: none, 1.01 and 1.11, where none refers to no jump strategy is applied; three levels 

are set for DC-n1: 4, 5 and 6. The remaining factors of BBLS are the number of the solutions (M) constructed 

in each iteration, the number of iterations without improvement for defining trapping at a local optimum and 

the termination criterion. The first two parameters are determined by trial-and-error and set to be the number 

of machines (m) of the instances solved, and the execution time, like most of the other researches, is chosen to 

be the termination criterion. Therefore, there are a total of 54 different combinations of the four parameters. 

The BBLS is applied with each of the 54 combinations to solve the 12 instances in Test1 with limited 

computation times, n×(m/2)×30 milliseconds [15], for three trials (executed on an Intel Xeon CPU X3220 

2.4GHz PC). The Average Relative Performance (ARP) is used to measure the performance of the BBLS. The 

formula of ARP is as follows: 






3

1

3/)100(
i sol

soli

Best

Bestsolution
ARP ; given an instance, solutioni is the 

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

the best makespan that all the research has found for the instance provided by Zobolas et al. [28] 

The analysis of variance (ANOVA) is applied to analyze the ARPs produced. Table 1 presents the results 

of the ANOVA table. The results show that all the parameters, except DC-n1, significantly affect the ARP of the 

test problems. Therefore, the Duncan’s test is applied to test all the significant parameters. Table 2 

summarizes the results of the Duncan tests: the minimum average ARP for each parameter is: f-strategy = fs1, 

f-size = 20, jump-rate = 1.01 and DC-n1 = 5. This condition is same as the condition that generates the best 

solution and is, therefore, determined to be the best parameter combination for BBLS. 
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Table 1 ANOVA table for testing the significance of the four factors 

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

Corrected Model 203.954(a) 18 11.331 125.735 .000 

Intercept 152.781 1 152.781 1695.376 .000 

f-strategy 1.464 1 1.464 16.250 .000 

f-size 4.208 2 2.104 23.345 .000 

Jump-rate 32.384 2 16.192 179.676 .000 

DC-n1 .002 2 .001 .011 .989 

Case 165.897 11 15.082 167.356 .000 

Error 56.683 629 .090     

Total 413.419 648       

Corrected Total 260.638 647       

(a): R Squared = .783 (Adjusted R Squared = .776) 

 

Table 2 Results of Duncan’s test for the four major factors 

f-strategy Average ARP 
Subset 

1 2 3 

fs-1 .438 A   

fs-2 .533  B  

f-size Average ARP 
Subset 

1 2 3 

20 .394 A   

10 .395 A   

none .612  B  

Jump-rate Average ARP 
Subset 

1 2 3 

1.01 .324 A   

1.11 .329 A   

none .748  B  

DC-n1 Average ARP 
Subset 

1 2 3 

5 .457 A   

4 .468 A   

6 .476 A   

 

BBLS with the best combination of the parameters is then applied to solve all the 120 test problems, and 

its performance is compared to that of IGRIS and DDERLS with n×(m/2)×30 milliseconds as the termination 

criteria. All the heuristics were run on a PC with Intel Pentium IV at 2.8 GHz and same the number of 

replication runs (R=5) were executed for each heuristic on each test problem. Table 3 presents the average 

ARPs produced by IGRIS and DDERLS and BBLS for the twelve problem sets with each of the three 

computation times, respectively. The results show that BBLS is as effective as DDERLS. In addition, like IGRIS 
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and DDERLS [9], BBLS was applied to solve the three hardest test sets in Taillard's test bank (ten 

50-job×20-machine instances, ten 100-job×20-machine instances and ten 200-job×20-machine instances). 

Thirty trials were implemented for each instance, using n×(m/2)×150 milliseconds as the termination criteria, 

and the best solution was chosen to be the solution for the instance. A non-parametric test, Wilcoxon sum rank, 

is applied to compare the performance of DDERLS and BBLS on the hardest test sets. Table 4 summarizes the 

results of the tests, and the results show that BBLS significantly dominates DDERLS on 100-job×20-machine 

instances and 200-job×20-machine instances. This concludes that BBLS is the most effective heuristic for 

PFSP-makespan under limited computation times up to now. Several new ideas are studied to further improve 

the performance of BBLS. 

 

Table 3 Computational Results of IGRIS, DDERLS and BBLS 

Test Problems IGRIS DDERLS BBLS 

20x5 0.04 0.04 0.02 

20x10 0.01 0.01 0 

20x20 0.01 0.02 0.03 

50x5 0 0 0 

50x10 0.46 0.45 0.47 

50x20 0.63 0.66 0.77 

100x5 0 0 0.01 

100x10 0.17 0.15 0.12 

100x20 1.04 0.98 0.97 

200x10 0.09 0.07 0.04 

200x20 0.96 0.99 0.96 

500x20 0.47 0.49 0.47 

Average 0.33 0.32 0.32 

 

Table 4 Results of Wilcoxon Signed Ranks Test for IGRIS, DDERLS and BBLS 

50-job×20-machine Test Statistics 

 Z Asymp. Sig. (2-tailed) 

BBLS - IGRIS -1.552 0.121 

BBLS - DDERLS -0.059 0.953 

100-job×20-machine Test Statistics 

 Z Asymp. Sig. (2-tailed) 

BBLS - IGRIS -2.670 0.008 

BBLS - DDERLS -2.807 0.005 

200-job×20-machine Test Statistics 

 Z Asymp. Sig. (2-tailed) 

BBLS - IGRIS -2.812 0.005 

BBLS - DDERLS -2.803 0.005 
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