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Abstract 

This paper proposes an Iterated Local Search (ILS) procedure and an Iterated Greedy (IG) algorithm, 

which are both combined with a variable neighbourhood search (VNS), for dealing with the flow 

shop problem with blocking, in order to minimize the total tardiness of jobs. The structure of both 

algorithms is very similar, but they differ in the way that the search is diversified in the space of 

solutions. In the ILS algorithm, the diversification is performed by a perturbation mechanism that 

takes into account some characteristics of the problem; whereas the perturbation in the IG is 

performed through a deconstruction and construction phase proposed in the literature that has been 

proven to be very effective in dealing also with the makespan criterion. Moreover, the algorithms 

have been tested with three initial solution procedures. The computation of these algorithms when 

evaluated against an algorithm from the literature has shown their good performance. 
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1. Introduction 

One of the most studied problems in combinatorial optimization is the permutation flow shop 

scheduling problem. In a flow shop, there are n jobs that have to be processed in m machines. All 

jobs follow the same route in the machines. The processing time of job i, i∈{1,2,..., n} on machine j, 

j∈{1,2,..., m}, is 0p ij >, . In the traditional version of the problem, it is assumed that there are 

buffers of infinite capacity between consecutive machines, where jobs, after being processed by the 

previous machine, can wait until the subsequent machine is available. However, in many industrial 

systems this supposition cannot be made, since the capacity of buffers is zero, due to the 

characteristics of the process [1]. Some examples can be found in the production of concrete blocks 
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where storage is not allowed in some stages of the manufacturing process [2]; in the iron and steel 

industry [3]; in the treatment of industrial waste and the manufacture of metallic parts [4]; or in a 

robotic cell, where a job may block a machine while waiting for the robot to pick it up and move it to 

the next stage [5].  

The literature regarding flow shop with blocking is not very extensive. However, in recent years 

there has been an increase in the number of published papers which deal with the blocking flow shop 

problem for makespan minimization. For instance, Grabowski and Pempera [6] propose two tabu 

search (TS) algorithms. Wang et al. [7] propose a hybrid genetic algorithm (HGA), Liu et al [8] an 

algorithm based on particle swarm optimization (HPSO) and Qian et al. [9] one that is based on 

differential evolution (DE) that is later adapted to the multicriteria case [10]. Wang et al. [11] 

propose a hybrid discrete differential evolution (HDDE) and Ribas et al. [12] an iterated greedy (IG) 

algorithm. Most of these procedures use some variant of the NEH heuristic [13] to generate an initial 

solution, because this structure has been proven very effective in minimizing makespan for the 

permutation and blocking flow shop problem. As is well known, this procedure consists of two steps. 

The first step creates a sequence of jobs according to LPT rule, which is improved upon in the 

second phase by an insertion procedure. Most of the proposed variants consist of priority rules 

adapted to the problem’s characteristics; they substitute the LPT rule in the first step.  For this type 

of procedure, Ronconi [14] suggests two methods for ordering the jobs: the Profile fitting heuristic 

[15] and the Min-Max rule. Alternatively, Pan et al [16] suggest some PF variants to combine with 

the enumeration scheme.  

This paper deals with the permutation flow shop problem without buffers between two consecutive 

machines in order to minimize total tardiness. This problem can be denoted as Fmblock∑T, 

according to the notation proposed by Graham et al. [17]. The Fm| block |∑T can be formulated with 

the following equations, where kje ,  denote the time in which the job [k] starts to be processed on 

machine j and cj,k  is the departure time of job [k] in machine j:  

ej,k + pj,[k] ≤ c j,k   j=1,2,...,m   k=1,2,...,n   (1) 

ej,k ≥ c j,k-1  j=1,2,...,m   k=1,2,...,n   (2) 

ej,k ≥ cj-1,k  j=1,2,...,m   k=1,2,...,n   (3) 

c j,k ≥ c j+1,k-1  j=1,2,...,m   k=1,2,...,n  (4) 
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 If equations (2) and (3) are summarized as (6) and equation (1) and (5) as (7), the schedule obtained 

is semi-active, which is interesting because an optimal solution can be found in the subset of the 

semi-active set of solutions. 

ejk=max{cj,k-1; cj-1,k}.       (6) 

{ }11 −++= kjkjkjkj cpec ,][,,, ,max                (7) 

The tardiness criterion has been studied less than the makespan or flowtime criteria, despite the fact 

that scheduling according to this performance measure helps companies offer a high service level to 

their customers, which is essential for survival in the market. In particular, to the best of our 

knowledge, only [18] and [19] dealt with the blocking flow shop problem for total tardiness 

minimization. Armentano and Ronconi [18] propose a Tabu Search procedure that uses the LBNEH 

method proposed in [20] to obtain the initial solution. Alternatively, in Ronconi and Henriques [19], 

a new NEH-based method (FPDNEH) and a GRASP procedure is proposed for this problem.  

In this paper we suggest two heuristic procedures: 1) Iterated Greedy (IG) and 2) Iterated Local 

Search (ILS). Both of them are combined with a Variable Neighbourhood Search (VNS) to minimize 

the tardiness of scheduled jobs in a flow shop environment with blocking. We have compared these 

algorithms to a Greedy Randomized Adaptive Search (GRASP) procedure from the literature and to 

this same GRASP when combined with VNS. The obtained results show that ILS and IG, both with 

VNS, are efficient procedures for dealing with this problem.   

The paper is organized as follows: after this brief introduction, the ILS and IG algorithms are 

presented in section 2. Section 3 shows computational experiments with both approaches and section 

4 summarizes the conclusions.  

2. Hybrid  metaheuristic approaches  

In this paper we propose two metaheuristic approaches for Fm| block |∑T: iterated local search (ILS) 

and iterated greedy local search (IG). Both have been combined with a variable neighbourhood 

search (VNS). These two approaches are very close to each other but they differ in the way that they 

diversify the search. Both procedures can be decomposed into four basic components: the initial 
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solution procedure, the local search, the perturbation mechanism and the acceptance criterion. The 

initial solution procedures, the local search and the acceptance criterion are the same in both cases, 

whereas the perturbation mechanism, which is specific for each algorithm, is presented in their 

respective sections (2.3 and 2.4). 

2.1 Initial Solution 

In order to obtain a good initial solution, we have tested some NEH-based heuristics which have 

been adapted to the specific problem. As has been mentioned before, the structure of the NEH has 

proven very effective in minimizing the makespan for the permutation and blocking flow shop 

problem, but the scheme is also effective for the tardiness criterion. In this way, Armentano and 

Ronconi [20] proposed ordering the jobs with a tardiness lower bound (LB) rule, whereas Ronconi 

and Henriques [19] showed that better solutions are obtained if jobs are ordered with a fitting 

processing times and due dates (FPD) rule.  

We have tested the performance of three ordering rules, which are especially designed for the 

tardiness criterion. They are the earliest due date (EDD), the slack (SL) and the FPD rule proposed 

in [19] and are to be used in ILS and IG to generate an initial solution. These procedures have been 

named NEDD, NSL and NFPD, respectively.  

 

2.2 Neighbourhood structures 

The local search implemented in both algorithms consists of a variable neighbourhood search (VNS). 

The VNS  method has proven very effective in escaping from a local optimum whose main strategy 

is the systematic change of neighbourhood structure during the search [21,22]. In our procedures, 

two neighbourhood structures have been considered: swap and insertion. The procedures for 

exploring each one have been named LS1 and LS2, respectively.  

 

LS1 is based on the swap neighbourhood structure, which considers any two positions j, k Є {1, .., n} 

being  j ≠ k, in a sequence, where the job of position j is exchanged for the job of position k. This 

neighbourhood can potentially generate n·(n-1)/2 neighbouring solutions for each solution. LS1 is 

defined as follows: for each job in the sequence, neighbours are generated by swapping a job with all 

jobs that follow it in the sequence. If the best neighbour (x’) is better than the current solution (x), it 

becomes the new current solution x and the process continues until all jobs have been considered. To 
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prevent the neighbourhoods from always being explored in the same order, the jobs are selected 

randomly. 

LS2 is based on the insertion neighbourhood structure, where the job at position j is removed from its 

position and inserted at position k Є {1, ..., n} being k ≠ j, in a sequence. This neighbourhood can 

potentially generate n·(n –1) neighbouring solutions for each solution. We defined LS2 as follows: 

for each job in the sequence, neighbours are generated by removing the job from its position and 

inserting it in all other possible positions. If the best neighbour (x’) is better than the current solution 

(x), it becomes the new current solution x and the process continues until all jobs have been 

considered. As in LS1, jobs are selected randomly.  

Figure 1. Pseudocode of the variable neighbourhood search implemented.  

 

In our implementation (Figure 1), the percentage of times that one neighbourhood structure is 

selected first is controlled by parameter β. After exploring the neighbouring solutions of current 

solution x, the local optimum x’ is compared with x. If the solution has improved, x’ replaces x and 

the search continues in the other neighbourhood. This process continues until the current solution is 

no longer improved. Next, the local optimum x’ is compared with the best solution x* in terms of the 

quality of the solution. If TT(x’) is less than TT(x*), then x’ replaces x*. If the solution has been 

improved, there are two possible options: to leave (shallow local search) or to restart the current local 

Procedure VNS 
    TT*= TT(x);  x* = x;  
       nml1=0 
   if random < β then 
     indmet = 0 
   else indmet = 1 
   endif          
     do 
          nml1=nml1+1; 
         TT0 = TT(x)  
        if indmet =0 then    
           LS1  
         else  
           LS2 
         endif 
         if TT(x) < TT0 or nml1=1 then 
             indmet = 1 – indmet    
          else exit do 
         endif 
   loop 
 end  
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search (in depth local seach). These options are a two-level factor which are adjusted when tuning 

the algorithm. 

 

2.3 Iterated Local Search  

The Iterated Local Search (ILS) is a metaheuristic procedure that applies a local search to 

perturbations in the current search point in order to diversify the search. The perturbation has to be 

enough to escape from a local optimal but should not completely destroy the characteristics of the 

obtained solution in order to avoid random restarts. The implemented perturbation is specific to the 

problem being dealt with and it tries to improve the current solution by moving some delayed jobs to 

advanced positions.  

ILs procedure  
 x:=Generate Initial Solution 
  x*:=x; TT*=TT(x) 
    repeat  
         x’:= VNS (x) 
          if TT(x’)< TT* then  TT * = TT(x’); x* = x’;  endif 
          if  TT * < TT(x’) and random < α then 
      x’ = x*; 
          endif            
 x =swap_perturbation (x’)    
     until stopping condition met 
end 
Figure 2. Pseudocode of ILS algorithm 

The pseudocode of ILS is shown in figure 2. Firstly, an initial solution is generated and the process 

goes to the main body of the algorithm, an operation which is repeated until the stopping condition is 

met. In this implementation, this condition has been fixed to a CPU time limit. At each iteration, 

improvements are attempted on the current solution x in the VNS module. Next, if the improved 

solution x’ is worse than the best solution found x*, then the current sequence x’ is set to the best 

sequence found x* with a probability 1-α. Next, the solution x’ is perturbed by moving some delayed 

jobs to advanced positions. To select the delayed jobs, the lateness of each job is calculated and kept 

in an array. This array is ordered in decreasing order of lateness and the first 2·d jobs in the array, i.e. 

those jobs that are more delayed, are selected as candidates to be moved forward. Among these 2·d 

jobs, d are randomly selected and each of these jobs are swapped with another job, also selected 

randomly, which are in previous positions. The magnitude of the perturbation is fixed by parameter 

d.  

The swap_perturbation is built from the following steps: 
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step 1: calculate the lateness of jobs :in array lat(x’) 

step 2: order lat(x’) in non-decreasing order of lateness 

step 3: set v=select the last d positions in lat(x’)  

step 4: set w=select randomly d/2 positions of v 

step 5: set w’=for each position in w select, randomly, an advanced position  

step 6: swap those jobs in position w with those in position w’ in x ‘ 

 
2.4 Iterated Greedy Algorithm 

The Iterated Greedy Algorithm (IG) is closely related to ILS, the main difference being in the type of 

perturbation used. The IG generates a sequence of solutions through iterations over a greedy 

construction heuristic using destruction and construction phases. The destruction phase removes 

some jobs from the incumbent solution. The construction phase creates a new candidate solution, 

reconstructing a complete solution by applying a greedy constructive heuristic. Therefore, IG uses a 

stronger perturbation than ILS. 

The pseudocode of the proposed IG is shown in Figure 3. Firstly, an initial solution is generated and 

the process goes to the main body, which is repeated until the CPU time limit is reached. At each 

iteration, improvements are attempted on the current solution x. If the improved solution x’ is worse 

than the best solution found x*, then the current sequence x’ is set to the best sequence found x* with 

a probability 1-α. Next the solution is perturbed by removing d jobs, which are randomly chosen, 

from the current solution x. They are then reinserted, one at a time, using the insertion procedure of 

the NEH, as is done in [23].   
 

procedure Iterated Greedy 
  x:=Generate Initial Solution 
  x*:=x; 
  repeat 
        x’:= VNS (x) 
       if TT< TT* then  TT * = TT; x* = x’;  endif 
       if  TT * < TT and random < α then 
         x’ = x*; 
       endif      
        x=decon_perturbation (x’)  
  until stopping condition met 
end 
 
procedure decon_perturbation (x’) 
       x’’ := Ø; 
      for i :=1 to d do 
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        remove one job of x’ randomly and insert it in position i of x’’; 
     endfor 
     for i :=1 to d do 
         insert jobs of x’’ in x according to the insertion procedure of NEH; 
     end for 
end 

Figure 3. pseudocode of the Iterated Greedy algorithm  

 

2.5 Experimental parameter adjustment of the algorithm 

Both algorithms have some parameters to be adjusted: d, the number of jobs to be considered for 

swapping in ILS or the number of jobs to be extracted in the perturbation phase in IG; α, the 

rejection threshold for accepting a worse solution; β, the percentage that the local search begins with 

LS1; and ML, the strategy used during the search. 

The levels chosen for these parameters were: 

α: 0.5, 0.75 

β: 0.25, 0.5, 0.75 

ML: shallow, in depth 

d (ILS): 2,3,4 

d (IG): 4, 6, 8 

For this test, 480 instances were generated ad hoc, 10 instances for each combination of n={20, 50, 

100, 200} and m={5, 10, 20} and 4 ranges of due dates, which are named scenarios from now on. 

The due dates of jobs were uniformly distributed between LB(1-T-R/2) and LB(1-T+R/2) as in [24], 

where T and R are the tardiness factor of jobs and the dispersion range of due dates, respectively. LB 

is a lower bound of the Cmax with unlimited buffer in the flow shop [25]. Therefore, each of the 

scenarios correspond to a combination of R={0.6, 1.2} and T={ 0.2, 0.4}. Due to the randomness of 

the improvement procedure, we performed 5 runs per instance. The computation time limit was set to 

10·n2·m·10-5 seconds. The experiments were carried out on an Intel Core 2 Duo E8400 CPU, with 

3GHz and 2GB RAM memory. 

To analyze the experimental results obtained, we measured the relative deviation index (RDI), 

calculated as (8) for each procedure:   
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where Heurhs is the average of tardiness values obtained by heuristic h in 5 runs, in instance s, and 

Bests and Worsts are the best and worst solutions obtained for this instance, in any run, among all the 

combinations of parameters.  

The EDA (Exploratory Data Analysis) of the results from the parameter adjustment shows that there 

are two idiosyncrasies to take into account before proceeding to a formal analysis. The first one is 

that the obtained RDI values show a non-normal distribution. This is due to the existence of a high 

concentration of zero values. This has been solved by removing from the analysis all the instances in 

which RDI values were zero for all combinations of parameters. It is obvious that these instances do 

not contribute to differentiating between them. For the IG algorithm, 59 instances were removed, 

leaving 421 to be analyzed. For the ILS, the number is a bit higher: 71 instances were removed, 

leaving 409 to be analyzed. 

The second idiosyncrasy to take into account before proceeding is that, even though RDI is supposed 

to level out the differences due to the distinct level of difficulty presented by instances, it does not. 

Figure 4 shows boxplots of RDI (left for ILS and right for IG), stratified by n and m. It is easy to see 

that for low values of n and m, “easy” instances, RDIs are lower than for high values. 
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Figure 4. Boxplot of RDI stratified by n and m 

The usual way to remove this variability, so that it doesn’t hinder the identification of significant 

algorithm parameters, is to consider the 480 instances as a blocking variable in the Analysis of 

Variance.  The effect is to compare the 36 algorithm variations (resulting from the combination of all 

parameters) without interferences from instances differences. The procedure is equivalent to analyze 

a new variable, let’s call it RDI_Blck, generated by subtracting to each RDI the average of the 480 

RDI values obtained for each instance by the 36 different algorithm variations. Figure 5 is analogous 
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to Figure 4 but using RDI_Blck instead of RDI. It is clear that differences due to instances have 

disappeared.      
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Figure 5. Boxplot of RDI_Blck stratified by n and m 

In consequence, an Analysis of Variance for each algorithm was conducted, including as factors the 

four algorithm parameters (α, β, d and ML) and their two factor interactions plus the blocking 

variable (instances). The analysis of residuals shows no relevant violations of the ANOVA 

assumptions. The p-values showing the significance level for each factor are summarized for the two 

algorithms in Table 1. The blocking factor (instances), not included in the table, is obviously highly 

significant in both cases, as was to be expected from the discussion in the paragraph above.  
Factors  IG ILS 

β 0.000 0.000 
α 0.016 0.561 
d 0.000 0.000 
ML 0.000 0.000 
β*α 0.400 0.095 
β*d 0.592 0.158 
β*ML 0.998 0.490 
α*d 0.108 0.033 
α*ML 0.136 0.039 
d*ML 0.000 0.778 

Table 1. p-values from the Analysis of Variance for factors of IG and ILS 

Regarding the algorithm parameters, β, d and ML are all highly significant for both algorithms, and α 

is slightly significant in both cases. This is a primary effect in IG and results from the interactions 

with d and ML in ILS. The interaction between d and ML is also significant in IG. A graphical 

analysis of these three interactions clearly shows that the size of their effect is negligible in light of 

the size of the main effects; in other words, it is not necessary to take them into account in order to 

find the best levels for β, α, d and ML. To determine the best level for each parameter, we have 

computed 95% confidence intervals for each parameter level after removing all other influences; that 

is, by using the residuals from the model that include the remaining parameters plus the blocking 
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factor. The results are shown in Figure 6 for ILS and Figure 7 for IG, and the best levels for the two 

algorithms are summarized in Table 2 

 

In-depthShallow

0.075

0.050

0.025

0.000

-0.025

-0.050

ML

R
es

-M
L

95% CI for the Mean
Interval Plot of Res-ML

0,750,500,25

0.010

0.005

0.000

-0.005

-0.010

B

R
es

-B

95% CI for the Mean
Interval Plot of Res-B

 
 

432

0.008

0.006

0.004

0.002

0.000

-0.002

-0.004

-0.006

-0.008

d

R
es

-d

Interval Plot of Res-d
95% CI for the Mean

0,750,50

0.003

0.002

0.001

0.000

-0.001

-0.002

-0.003

a

R
es

-a

95% CI for the Mean
Interval Plot of Res-a

 
 

Figure 6. ILS Algorithm. 95% confidence intervals for each parameter once the influence of the others and the instances 

have been taken out. 
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Figure 7. IG Algorithm. 95% confidence intervals for each parameter once the influence of the others and the instances 

have been taken out. 

 

Parameter IG  ILS  
α 0.5 Indifferent  
β 0.75 0.75 
ML shallow shallow 
d 8 2 

Table 2. Best level of algorithm parameters 

 

Notice that for the ILS algorithm, the main effect of α is not significant because the three slightly 

significant interactions compensate each other.  

 

3. Computational evaluation 

In this section the performance of the proposed procedures has been tested against three test beds, 

two of them from the literature and the other one has been created ad hoc. The first test bed taken 

from the literature was the first 110 instances of Ronconi [19] (11 sets of 10 instances each), 

generated according to Taillard [25]. The due dates of the jobs were generated as in [24]. For each 

instance, four scenarios were created in relation to the following T and R values shown in columns 1 

and 2 of Table 3: 

Scenario 
Ronconi 
 test bed 

Taillard 
 test bed 

RCT 
 test bed 

T R T R T R  
1 0.2 0.6 0.36 0.48 0.2 0.6  
2 0.2 1.2 0.36 0.96 0.2 1.2  
3 0.4 0.6 0.52 0.48 0.4 0.6  
4 0.4 1.2 0.52 0.96 0.4 1.2  

Table 3. Definition of T and R value for each scenario and test bed 
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The second test bed was the 11 first sets of Taillard’s well-known instances [25] that, even though 

they were created for the permutation flow shop to minimize makespan, they are also used for the 

blocking flow shop to minimize the maximum completion time of jobs as well as to minimize the 

tardiness criterion. As the original instances do not have due dates, we have generated them 

according to [24]. But, in this case, the lower bound of Cmax has been substituted by an upper bound, 

which is the best known solution for each instance available in [26], because these values are tighter 

to the optimal solution than that calculated by the lower bound procedure. As these solutions are 

about 20% tighter than the lower bound, we have applied an impact equivalent to this percentage to 

the T and R values of each scenario (see column 3 and 4 of table 1).  

Finally, because we observed different behaviours of the algorithms in these two test beds, even 

though they were created in the same way, we decided to create a new set of instances that were also 

generated according to [25], which we named RCT. This test bed contains 11 sets of 10 instances. 

The size of each test (n x m) is the same as in the other test beds.  The processing times of jobs were 

uniformly distributed between [1, 99] and due dates were created according to [24]. The T and R 

values for each scenario are the same as in [19] (see columns 5 and 6 of table 1). 

The comparison between procedures is made with the RDI index defined as (8); but in this case, the 

Bests and Worsts solutions are the best and worst solutions obtained from among all methods 

included in the comparison. Since this index takes values between 0 and 1, an index that is close to 0 

indicates that the procedure is a good method for minimizing the tardiness criterion, whereas an 

index close to 1 indicates that some other procedure among those being compared is better. Notice 

that if the best and worst solutions are the same, it means that all these procedures have obtained the 

same solution; therefore the index associated to all procedures is set to 0. This measure is a good 

index for comparing several methods between them, but its value depends on the procedures being 

considered in the comparison. Therefore, the value of the index associated to each procedure has to 

be recalculated each time that a new procedure is included in the comparison, because the best and 

worst solutions of the instances can change. 

 

3.1 Analysis of initial solution procedures  

We have evaluated the performance of three initial solution procedures, NEDD, NSL and NFPD, in order 

to chose the procedure which leads to better results. This test has been carried out with the three test 

beds. In order to know the behaviour of each method, the average RDI in this analysis has been 
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calculated for each set in each scenario, as well as the overall average without considering scenarios,. 

The results are shown in Tables 4-6.  

   
Scenario1 

 
Scenario 2 

 
Scenario 3 

 
Scenario 4 

 
All scenarios 

n m 
 

NEDD NSL NFPD 
 

NEDD NSL NFPD 
 

NEDD NSL NFPD 
 

NEDD NSL NFPD 
 

NEDD NSL NFPD 
20 5 

 
0.42 0.44 0.65 

 
0.66 0.20 0.27 

 
0.57 0.44 0.43 

 
0.51 0.74 0.27 

 
0.54 0.45 0.40 

20 10 
 

0.43 0.56 0.38 
 

0.60 0.65 0.24 
 

0.42 0.71 0.52 
 

0.42 0.67 0.45 
 

0.47 0.65 0.40 
20 20 

 
0.64 0.63 0.28 

 
0.35 0.37 0.67 

 
0.28 0.39 0.84 

 
0.48 0.43 0.70 

 
0.44 0.46 0.62 

50 5 
 

0.56 0.66 0.29 
 

0.43 0.35 0.25 
 

0.40 0.57 0.42 
 

0.40 0.59 0.49 
 

0.45 0.54 0.36 
50 10 

 
0.36 0.41 0.61 

 
0.94 0.19 0.38 

 
0.51 0.55 0.47 

 
0.30 0.63 0.51 

 
0.53 0.44 0.49 

50 20 
 

0.45 0.65 0.36 
 

0.64 0.29 0.36 
 

0.53 0.32 0.69 
 

0.43 0.31 0.69 
 

0.51 0.39 0.53 
100 5 

 
0.51 0.53 0.36 

 
0.41 0.34 0.20 

 
0.73 0.62 0.23 

 
0.47 0.38 0.71 

 
0.53 0.47 0.38 

100 10 
 

0.42 0.68 0.37 
 

0.38 0.60 0.60 
 

0.73 0.62 0.23 
 

0.52 0.47 0.44 
 

0.51 0.59 0.41 
100 20 

 
0.36 0.50 0.71 

 
0.48 0.57 0.53 

 
0.75 0.25 0.51 

 
0.48 0.57 0.53 

 
0.52 0.47 0.57 

200 10 
 

0.44 0.55 0.56 
 

0.57 0.47 0.42 
 

0.45 0.85 0.28 
 

0.60 0.27 0.62 
 

0.51 0.53 0.47 
200 20 

 
0.30 0.52 0.58 

 
0.57 0.50 0.47 

 
0.41 0.52 0.60 

 
0.25 0.49 0.75 

 
0.38 0.51 0.60 

                      Average 
 

0.45 0.56 0.47 
 

0.55 0.41 0.40 
 

0.53 0.53 0.48 
 

0.44 0.50 0.56 
 

0.44 0.50 0.56 
Table 4. Average RDI for each NEH method with Ronconi’s intances by scenario. 

The results obtained from the Ronconi test bed (Table 2) indicate that the EDD rule is slightly better 

for scenarios 1 and 4, whereas the FPD is slightly better for scenarios 2 and 3. But considering the 

overall average between scenarios, it seems advisable to use EDD for sequencing jobs before the 

insertion phase. However, the differences between them are not so very great that we cannot ensure 

that one is better than another for generating the initial solution 

In the Taillard test bed (Table 5), the obtained results indicate that EDD is better for scenarios 1 and 

3 and Slack is slightly better for scenarios 2 and 4. In this test bed the FPD rule is less effective than 

in the previous one; instead, the behaviour of the slack has improved. But as can be observed in the 

last columns, the overall average RDI of each procedure is around 0.5, which indicate that sometimes 

the best solution is obtained by one of them but at other times another procedure is best.  

   
Scenario1 

 
Scenario 2 

 
Scenario 3 

 
Scenario 4 

 
All scenarios 

n m 
 

NEDD NSL NFPD 
 

NEDD NSL NFPD 
 

NEDD NSL NFPD 
 

NEDD NSL NFPD 
 

NEDD NSL NFPD 
20 5 

 
0.24 0.52 0.69 

 
0.69 0.17 0.49 

 
0.67 0.50 0.49 

 
0.61 0.543 0.422 

 
0.55 0.43 0.52 

20 10 
 

0.39 0.56 0.61 
 

0.51 0.44 0.61 
 

0.62 0.33 0.35 
 

0.60 0.53 0.36 
 

0.53 0.46 0.48 
20 20 

 
0.40 0.51 0.55 

 
0.43 0.45 0.53 

 
0.33 0.71 0.57 

 
0.58 0.71 0.27 

 
0.43 0.59 0.48 

50 5 
 

0.60 0.42 0.43 
 

0.39 0.51 0.48 
 

0.27 0.42 0.70 
 

0.56 0.57 0.52 
 

0.46 0.48 0.53 
50 10 

 
0.45 0.34 0.84 

 
0.43 0.56 0.54 

 
0.34 0.46 0.76 

 
0.62 0.35 0.63 

 
0.46 0.43 0.69 

50 20 
 

0.49 0.62 0.50 
 

0.77 0.12 0.59 
 

0.30 0.52 0.66 
 

0.58 0.46 0.40 
 

0.53 0.43 0.54 
100 5 

 
0.18 0.75 0.63 

 
0.75 0.66 0.28 

 
0.60 0.42 0.50 

 
0.54 0.44 0.46 

 
0.52 0.57 0.47 

100 10 
 

0.48 0.64 0.55 
 

0.33 0.50 0.68 
 

0.43 0.52 0.49 
 

0.53 0.55 0.64 
 

0.44 0.55 0.59 
100 20 

 
0.33 0.35 0.86 

 
0.62 0.70 0.11 

 
0.56 0.65 0.24 

 
0.39 0.49 0.56 

 
0.47 0.55 0.44 

200 10 
 

0.31 0.55 0.58 
 

0.64 0.29 0.64 
 

0.25 0.65 0.78 
 

0.48 0.43 0.57 
 

0.42 0.48 0.64 
200 20 

 
0.32 0.56 0.49 

 
0.50 0.44 0.55 

 
0.33 0.60 0.57 

 
0.53 0.28 0.61 

 
0.42 0.47 0.55 

                      Average 
 

0.38 0.53 0.61 
 

0.55 0.44 0.50 
 

0.43 0.53 0.56 
 

0.55 0.49 0.50 
 

0.48 0.49 0.54 
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Table 5. Average RDI for each NEH method with Taillard’s intances by scenario. 

Finally, with the RCT test bed (table 6), the best results are always obtained when the Slack rule is 

used. Notice that now the difference between procedures is greater than in the other tests.  

    Scenario 1   Scenario 2 
 

Scenario 3   Scenario    All scenarios 
n m NEDD NSL NFPD   NEDD NSL NFPD 

 
NEDD NSL NFPD   NEDD NSL NFPD 

 
NEDD NSL NFPD 

20 5 0.63 0.56 0.47 
 

0.51 0.43 0.50 
 

0.46 0.69 0.26 
 

0.70 0.60 0.37 
 

0.46 0.46 0.32 
20 10 0.54 0.50 0.55 

 
0.78 0.27 0.61 

 
0.37 0.53 0.57 

 
0.31 0.47 0.59 

 
0.40 0.35 0.46 

20 20 0.54 0.37 0.40 
 

0.44 0.25 0.69 
 

0.61 0.22 0.64 
 

0.51 0.60 0.44 
 

0.42 0.29 0.43 
50 5 0.52 0.53 0.36 

 
0.57 0.42 0.50 

 
0.59 0.20 0.54 

 
0.69 0.43 0.25 

 
0.47 0.32 0.33 

50 10 0.69 0.27 0.54 
 

0.61 0.25 0.56 
 

0.70 0.51 0.35 
 

0.48 0.42 0.46 
 

0.50 0.29 0.38 
50 20 0.55 0.59 0.46 

 
0.58 0.46 0.56 

 
0.65 0.27 0.59 

 
0.80 0.35 0.42 

 
0.52 0.33 0.41 

100 5 0.53 0.49 0.52 
 

0.35 0.41 0.60 
 

0.35 0.49 0.67 
 

0.83 0.37 0.48 
 

0.41 0.35 0.45 
100 10 0.33 0.47 0.68 

 
0.40 0.37 0.52 

 
0.31 0.39 0.74 

 
0.63 0.30 0.58 

 
0.33 0.31 0.50 

100 20 0.47 0.36 0.85 
 

0.59 0.58 0.27 
 

0.39 0.44 0.77 
 

0.58 0.30 0.50 
 

0.41 0.34 0.48 
200 5 0.61 0.51 0.34 

 
0.55 0.46 0.28 

 
0.47 0.73 0.28 

 
0.34 0.34 0.74 

 
0.39 0.41 0.33 

200 10 0.42 0.58 0.41 
 

0.61 0.47 0.46 
 

0.64 0.25 0.70 
 

0.64 0.29 0.53 
 

0.46 0.32 0.42 
200 20 0.40 0.35 0.66 

 
0.37 0.44 0.71 

 
0.31 0.54 0.45 

 
0.66 0.46 0.39 

 
0.35 0.36 0.44 

Average 0.52 0.46 0.52   0.53 0.40 0.52   0.49 0.44 0.55   0.60 0.41 0.48   0.43 0.34 0.41 
Table 6. Average RDI for each NEH method with RCT intances by scenario. 

From the results obtained in these tests, we cannot discard any of these priority rules to generate the 

initial solution for the IG or ILS procedure, because the differences between them are not enough to 

know which one can lead to better results. Therefore, in the next section, the performance of each 

algorithm is analyzed with each of these three initial solution methods.  

3.2 Analysis of proposed heuristics 

In this section the effectiveness of ILS and IG combined with VNS has been analyzed. Their 

performance has been compared to the GRASP procedure proposed in [19]. As is well known, a 

GRASP metaheurisitc is a multi-start procedure composed of construction and local search phases. 

The construction phase builds a feasible solution which is improved upon by searching its 

neighbourhood until a local minimum is reached. The construction phase is integrated by the FPD 

and a restricted candidate list (RCL) constructed by the method value_based_scheme1 with p=0.35. 

The solution is improved upon by the insertion phase of NEH before going into the local search. The 

local search uses the insertion move and the first improved strategy, i.e., the current solution is 

replaced by the first improved solution. The reader can find more details of this procedure in [19].  

In terms of RDI index, the algorithms have been compared to the three sets of test beds considered. 

In this case, the RDI Bests and Worsts are the best and worst solutions obtained in instance s by each 

version of the algorithms considered in the comparison of any of the 5 runs.  
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In a preliminary test, we observed a great advantage in our procedures when compared to GRASP. 

Since the RDI index varies according to the procedures in comparison, if one algorithm is much 

worse than the others, the range between best and worst solutions increases. This mitigates the 

difference between algorithms with a similar performance, as is the case with the implemented ILS 

and IG. Therefore, a first analysis was made in order to compare only IG and ILS before comparing 

them to other algorithms. In the results analysis of each test bed, we observed a high concentration of 

zero values which was again solved by removing the instances in which RDI values were zero in all 

runs of both algorithms. Additionally, to mitigate the difference between instances we considered, in 

each test bed, the instances as a blocking variable in the Analysis of Variance.   

For the Ronconi test bed, 117 out of 440 instances were removed. The ANOVA results shown in 

table 7 indicate that the differences between procedures are significant, whereas the initial solution 

method and its interaction with the procedures are not significant. This indicates that the method 

used is irrelevant. This fact can be seen in the interval plot of RDI_Blck (Figure 8), where the mean 

and 95% confidence interval for each algorithm and initial solution procedure is shown. Notice that 

IG has a better performance than ILS.  

Source DF  SS  MS F P 
Algorithm 1 3.284   3.284   165.23   0.000 
Initial solution 2 0.012   0.006     0.32   0.723 
Algorithm*Initial solution      2 0.044   0.022     1.12   0.326 
instances 332 39.310   0.118     5.96   0.000 
Error 1660 32.999   0.019   
Total 1997 75.652    

Table 7.  Analysis of Variance for RDI with Ronconi’s instances. 
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Figure 8. Interval plot for RDI_blck with Ronconi’s instances 
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The same analysis has been performed with Taillard’s and RCT instances. In the Taillard test bed, 82 

instances were removed whereas in the RCT 111 instances were discarded. Tables 6 and 7 show the 

ANOVA results, respectively.  

Source DF  SS  MS F P 
Algorithm 1 0.214 0.214   10.90   0.001 
Initial solution 2 1.399   0.699   35.60   0.000 
Algorithm*Initial solution      2 0.349   0.174    8.90   0.000 
instances 357 49.316   0.138    7.03   0.000 
Error 1785 35.096   0.019   
Total 2147 86.377    

Table 8.  Analysis of Variance for RDI with Taillard’s instances. 
 

From the results shown in table 8, one can see that, in this case, not only the algorithm is significant 

but also the initial solution procedure and the interaction between them. In Figure 9 we can observe 

the different behaviour of algorithms with each initial solution method. Moreover, it can be seen that 

these differences are due to the NFPD method, because both algorithms have a similar performance 

when the initial solution is generated by NSL or NEDD.  

Algorithm
Initial solution

ILSIG
NSLNFPDNEDDNSLNFPDNEDD

0.075

0.050

0.025

0.000

-0.025

-0.050

-0.075

R
D

I_
bl

ck

95% CI for the Mean
Interval Plot of RDI_Blck

 

Figure 9. Interval plot for RDI_blck with Taillard’s instances 

Lastly, with the RCT test bed, the p-values in table 9 show that the algorithm, initial solutions and 

their interaction are significant; the results are similar for the Taillard instances. These differences 

are made evident in Figure 10, where one can observe that the best results are obtained with ILS 

when the NEDD is used to generate an initial solution.    

Source DF  SS  MS F P 
Algorithm 1 0.078   0.078    4.15   0.042 
Initial solution 2 0.837   0.418   22.03   0.000 
Algorithm*Initial solution      2 0.583   0.291   15.35   0.000 
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instances 328 40.915   0.124    6.57   0.000 
Error 1640 31.156   0.019   
Total 1973 73.571    

Table 9.  Analysis of Variance for RDI with RCT instances. 
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Figure 10. Interval plot for RDI_blck with RCT instances 

Notice that the behaviour of algorithms in the Taillard and RCT test beds is very similar, but totally 

different from that in the Ronconi test bed. If we had only considered the Taillard and RCT 

instances, we would have concluded that ILS with NEDD has the best performance; whereas if we had 

only considered the results obtained in the Ronconi test bed, we would have concluded that IG was 

the best algorithm. Therefore, we cannot say if ILS or IG is better; however, some improvement can 

be seen in the results obtained from IG, as well as in ILS, when the NEDD is used to generate the 

initial solution. Therefore, to make the final comparison to an external reference, the GRASP 

procedure [19], we have selected IG and ILS with NEDD to generate the initial solution. In addition to 

the original version of the GRASP, named GRASP1 from now on, we have implemented four 

variants of it. The first variant, that we have named GRASP2, is very close to the original, since we 

have omitted only the step in which the solution is improved upon by the insertion phase of NEH 

before using the local search. The other variants are a GRASP with EDD, SL and FPD rules, 

respectively, in which the local search has been substituted by the variable local search implemented 

in the IG and ILS algorithms, named GEDDVNS, GFPDVNS and GSLVNS, respectively. 

In order to carry out a fair comparison between procedures, all algorithms were encoded in the same 

language (QuickBASIC) and were tested on the same computer, an Intel Core 2 Duo E8400 CPU, 

with 3GHz and 2GB RAM memory. The CPU time limit was fixed to 30· n2·m·10-5 seconds in all 

algorithms. As in the previous test, the comparison has been carried out with the RDI measure 

calculated as in (8).  
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As in the previous test, we have analyzed the performance of these algorithms in each test bed 

without taking into account the instances whose RDI value is 0 for the 7 algorithms. Moreover, we 

have considered the instances as a blocking variable in the Analysis of Variance to diminish the 

difference between instances. The two-way ANOVA --which considers the algorithms and instances 

as a factors-- indicates that both factors were significant at a confidence level of 95% (p-value= 

0.000 ). 

It can be observed in Figures 11-13, which show the interval plot of the RDI blocked by the 

instances in each test bed, that the results obtained with these three test beds are very similar. It can 

be seen that IG and ILS outperform the other algorithms. Notice the great improvement in the 

obtained results when the VNS substitutes the original local search; this indicates the benefits of 

combining these two procedures.  However, little difference can be seen among the results when 

EDD, SL or FPD are used to generate an initial solution. However, we could say that GSLVNS and 

GEDDVNS have a similar performance, whereas GFPDVNS is slightly worse. 
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Figure 11. Interval plot with Ronconi’s instances           Figure 12. Interval plot for RDI_blck with Taillard’s instances 

It can also be seen that GRASP1, which uses the insertion phase of NEH to improve the initial sequence, is 

slightly better than GRASP2. Finally, as we mentioned at the beginning of this section, we cannot observe any 

difference between IG and ILS because, when all algorithm are compared, the interval between the worst and 

best solutions increases, which leads to mitigating the small differences between algorithms.   
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Figure 13. Interval plot for RDI_blck with RCT instances 

 

 

4. Conclusions 

This paper proposes an Iterated Local Search (ILS) procedure and an Iterated Greedy (IG) algorithm, 

both of which combined with a variable neighbourhood search (VNS), for dealing with the flow shop 

problem with blocking in order to minimize the total tardiness of jobs. Both procedures are very 

similar but, normally, the perturbation phase of IG is stronger than in ILS, which allows escaping 

from a deep local minimum more easily. In the proposed ILS, we have implemented a perturbation 

mechanism that takes into account some characteristics of the problem; this has allowed guiding the 

search toward good solutions. In order to improve the algorithms, we have evaluated their 

performance when three initial solution procedures are used. These procedures have the structure of 

NEH, in which the LPT rule has been substituted for other rules oriented more toward the tardiness 

criterion.  

 

The computational evaluation of these algorithms has been carried out on three sets of instances. 

Two of them were proposed in the literature and the third was created specifically (as were the first 

two) in order to strengthen the analysis, since we observed in the tests that the algorithms had 

different behaviour in each of these sets of instances. 

 

The experimental evaluation allowed us to conclude that both algorithms improve their results when 

NEDD is used. But, the comparison between these two algorithms does not allow us to say if one is 

better than another, as both have demonstrated a similar performance.  

 

Lastly, both algorithms have been compared to a GRASP proposed in the literature, concluding that 

both are very efficient for the problem being dealt with. In this test we have shown that the GRASP 

with VNS is much better than with local search in only one neighbourhood, which allows us to 

recommend this strategy in the improvement phase of this algorithm.   

 

Future research involving the tardiness criterion could include designing another procedure for 

comparing algorithms, because the RDI used until now does not provide a good perspective of the 

algorithms’ performance, due to the fact that the RDI’s value depends on the algorithms being 
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considered, as well as the fact that it has to be recalculated each time that an algorithm is included or 

excluded from the comparison.  
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