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Abstract

Permutation flowshop scheduling problem (PFSP) is a classical NP-Hard combinatorial optimisa-
tion problem. Existing PFSP variants capture different realistic scenarios, but significant modelling
gaps still remain with respect to many real-world industrial applications. Inspired by the cider in-
dustry, in this paper, we propose a new PFSP variant that generalises over simultaneous use of
several types of blocking constraints and various settings of sequence-dependent setup times. We
also present a computational model for makespan minimisation of the new variant and show that
solving this variant remains NP-Hard. For this PFSP variant, we then present an acceleration
method to compute makespan efficiently and thus evaluate the neighbourhoods generated by inser-
tion operators. We develop a new constructive heuristic taking both blocking constraints and setup
times into account. We also develop a new local search algorithm that uses a constraint guided
intensification method and a random-path guided diversification method. Our comprehensive ex-
perimental results on a set of benchmark instances demonstrate that our proposed algorithms
significantly outperform several state-of-the-art adapted algorithms.
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1. Introduction

Permutation Flowshop Scheduling Problems (PFSP) are a very well-known combinatorial op-
timisation problem. A PFSP comprises n jobs where each job is to be processed successively by
a given sequence of m machines, each processing all the given jobs in the same sequence. The
processing time needed by each machine i for each job j is a given time period pij , which includes
the setup time of the machine for the job. The aim of PFSP is to find a permutation π of the given
jobs such that a given objective is optimised. PFSP is NP-Hard when makespan is the objective
(Garey et al., 1976). There exist PFSP variants that capture more realistic scenarios.

A PFSP with sequence dependent setup time (SDST) is one of the realistic variants. Setup times
are needed for those operations that must be performed on machines before starting processing
of a job e.g., cleaning, fixing, and adjustments. Clearly, the machine setup times here are not
considered to be part of the job processing times. Moreover, the setup time of a machine depends
not only on the job to be processed next but also does so on the job that is just processed by the
same machine. Setup operations could be performed just before starting processing a job, but are
normally performed immediately after the previous job is processed. Assume [k] denotes the job
at position k in the permutation π of n jobs. In a PFSP-SDST, σi[k] denotes the setup time of a

machine i to process job [k] after processing job [k − 1]; there is no setup time for the first job.
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SDSTs are important in the context of flowshops since can be seen in many industries e.g., the
paper cutting industry and the paint industry (Allahverdi, 2015).

A blocking PFSP (BPFSP) is another realistic variant of PFSP. In a typical PFSP, there is a
buffer with unlimited capacity between each two successive machines. So any number of jobs can
stay in a buffer after they have been processed by a machine and are awaiting to be processed by
the next machine. In a BPFSP, each buffer has zero capacity. This means before going to the next
machine, a job might have to stay at the machine that has just processed it and might thus block
the machine. Inspired by real-life industries such as the chemical industry, the waste treatment
industry, and the aeronautics parts fabrication industry, three different blocking constraints have
been reported in the literature: Release when Starting Blocking (RSb) (Lovner, 1969), Release
when Completing Blocking (RCb) (Martinez de La Piedra, 2005), and Release when Completing
Blocking* (RCb*) (Trabelsi et al., 2012). Under RSb constraint, a machine gets blocked until its
completed job is moved to the next machine. Under RCb constraint, a machine gets blocked until
its completed job leaves the next machine. Under RCb* constraint, a machine gets blocked until
its completed job is also completed by the next machine. In BPFSP, only one type of blocking
constraint is allowed in each problem instance while in a more generalised variant mixed BPFSP
(MBPFSP) (Trabelsi et al., 2012), multiple types are allowed. MBPFSP is more realistic and
appears in the cider industry (Riahi et al., 2017).

Despite existence of several PFSP variants, there are still significant modelling gaps when real-
world applications are considered. In this research, we propose a new variant of PFSP named
PFSP-BS that considers both blocking constraints and sequence-dependent setup times. In the
proposed model, as in MBPFSP, we assume that there is a mix of blocking constraints (RSb, RCb,
and RCb*) in the same problem instance. Also, as in PFSP-SDST, we assume SDSTs are required
in the proposed model and are scheduled immediately after processing the previous jobs. However,
when we consider both blocking constraints and setup times, two different situations could arise:
when a machine is blocked by a job, it might or might not be possible to set up for the next
job. We call overlapable setup operations when a machine can be set up for the next job even
if it is blocked by a job. We call non-overlapable setup operations when a machine cannot be
set up for the next job when it is blocked by a job. Examples of overlapable setup operations
include entering some programs in the machine while that of non-overlapable setup operations
include cleaning a machine which needs the machine to be free. In the proposed PFSP-BS, both
overlapable and non-overlapable setup operations are allowed in the same problem instance in a
mixed setting. Moreover, we consider makespan minimisation as our objective. Our motivation
comes from real-life applications of this PFSP variant in the cider industry.

The cider production process comprises seven stages: stocking, washing, sorting, pressing,
fermentation, filtration, and bottling (Riahi et al., 2017). First, apples of a job must stay in the
stock until the washing machine is available (RSb). Then, apples also wait in sorting machine until
apples of the previous job leave the pressing machine (RCb). Later, juice stays in the fermentation
stage until filtration is finished (RCb*). Besides blocking constraints, in this production line, there
are both overlapable and non-overlapable SDSTs as well. In the pressing stage, apples go to the
pressing machines only after machines are made free from the pressed apples of the previous jobs
and then cleaned (non-overlapable SDST). However, the fermentation process needs yeast nutrients
and sweeteners to be added to the juice. So, the required SDST can be started on the fermentation
machine as soon as the processing of the previous job is finished regardless of being blocked or not.
To summarise, the PFSP-BS is a realistic problem that, to the best of our knowledge, has not been
studied before and hence draws our attention.

This paper presents a computational model for makespan minimisation of PFSP-BS. We show
that solving this PFSP variant remains NP-Hard. We then present an acceleration method to com-
pute makespan efficiently and thus evaluate the neighbourhoods generated by insertion operators.
We develop a new constructive heuristic taking both blocking constraints and setup times into
account. We also develop a new local search algorithm that uses a constraint guided intensifica-
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tion method and a random-path guided diversification method. Our aim is to improve the search
by utilising problem specific structural knowledge. Such problem specific knowledge is obtained
from the constraint and the objective functions and is then utilised in the search algorithms, be
them constructive or perturbative. We are inspired by the views in the constraint optimisation
paradigm, where instead of random decisions to try the luck, more informed optimisation decisions
are of particular interest. This allows finding justifications for the decisions and explanations for
the performance. To be more specific, we select jobs that suffer the most in their schedule and
reschedule them; which can be viewed as fixing the most problematic part of the solution. In
our random-path guided diversification, we take a guided walk from a current good solution to a
random solution and on the way explore and select the best solution. The guided walk appears to
be better than a random walk of long lengths. Our comprehensive experimental results on a set
of benchmark instances demonstrate that our proposed algorithms significantly outperform several
state-of-the-art adapted algorithms.

In summary, the contributions of this paper are below. Note that some of our preliminary
results are in (Riahi et al., 2018b).

1. We propose PFSP-BS and its computational model, and also show a real example in the
cider industry.

2. We present an accelerated makespan calculation method to evaluate insertion-based search
neighbourhoods.

3. We present a constructive heuristic algorithm that uses blocking constraints and SDSTs to
prioritise jobs.

4. We present a local search algorithm that obtains search guidance from constraints and
random-paths.

In the rest of the paper, we review related work in Section 2; provide preliminaries in Section 3;
propose the PFSP variant in Section 4; propose an accelerated makespan computation method
in Section 5; present a constructive heuristic algorithm in Section 6; describe a constraint guided
local search algorithm in Section 7; show experimental results in Section 8; and lastly present our
conclusions in Section 9.

2. Related Work

PFSP-BS has not been studied yet, although it is realistic and it has applications in the industry.
The closely related known problems are MBPFSP (Trabelsi et al., 2012) and PFSP-SDST (Ruiz
and Stützle, 2008). MBPFSP allows a mix of RSb, RCb, and RCb* constraints but no setup times.
PFSP-SDST allows SDSTs but no blocking constraints. PFSP-BS generalises over both of these
variants.

For MBPFSP, a genetic algorithm (GA) was proposed (Trabelsi et al., 2012). It was later
outperformed by a scatter search (SS) algorithm (Riahi et al., 2017). The SS algorithm was further
outperformed by a local search (LS) algorithm that exploits constraints (Riahi et al., 2018a). For
BPFSP (RSb-PFSP), an iterated greedy (IG) algorithm, referred to as IG R here, was presented
(Ribas et al., 2011). Later, a modified fruit fly optimisation (MFFO) algorithm came for the same
BPFSP (Han et al., 2016) and lately also came another IG variant (Tasgetiren et al., 2017a),
referred to by IG IJ here. For PFSP-SDST, an IG algorithm was presented (Ruiz and Stützle,
2008) and then an artificial bee colony (ABC) algorithm (Ince et al., 2016).

A mixed integer linear programming model and a branch-bound method were applied on small
instances of RSb-PFSP with non-overlapable SDSTs (Takano and Nagano, 2017). A water wave
optimisation (WWO) algorithm also came for the same problem (Shao et al., 2018).

3. Preliminaries

At any time, each job in a PFSP variant can be processed by one machine at most and each
machine can process one job at most. When a machine starts processing a job, it cannot be
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stopped.

3.1. PFSP Blocking Constraints

There is a buffer with unlimited capacity before each machine in a PFSP. This scenario is known
as Without Blocking (Wb). However, in real-life factories, there may not be any intermediate buffer;
which essentially causes a blocking constraint. When a blocking situation arises, a job, even after
its processing is finished, stays at the current machine since the following machine is not available.

Three types of blocking has been reported in real-life situations. Under the classical Release
when Starting Blocking (RSb) constraint, job [k] blocks machine i which cannot start processing
job [k + 1] because machine i + 1 is not free to process job [k]. Under the special Release when
Completing Blocking (RCb) constraint, machine i waits before processing job [k+1] since job [k] is
not finished by and has not left machine i+ 1. Under Release when Completing Blocking* (RCb*)
constraint, machine i waits before processing job [k + 1] since job [k] is not finished by machine
i + 1. Only one type of blocking constraint is allowed in a BPFSP while more than one type is
allowed in a MBPFSP.

3.2. PFSP SDST Constraints

Setup operations (e.g. cleaning, fixing, and adjusting) are those that must be performed on
machines before starting processing a job and setup time is time needed to perform those oper-
ations. In PFSP, all setup times are part of the processing times. However, in many scheduling
applications, setup times must be considered separately to eliminate time wastage and to boost
resource utilisation (Allahverdi, 2015). Various types of setup time are possible but sequence de-
pendent setup time (SDST) is the most important one since it is found in 70% industries (Dudek
et al., 1974), including the paper cutting and the paint industry (Allahverdi, 2015). Under SDST
constraints, each machine i after processing job [k − 1] = j and before processing job [k] = j̄
requires sequence dependent setup time σi[k] = si

jj̄
, where si

jj̄
is given as input for each j 6= j̄. Note

that σi[k] is neither part of pi[k−1] nor of pi[k], since it depends on two successive jobs [k − 1] and [k]
in the permutation.

3.3. Neighbourhood Operators

The following two operators generates one permutation from another.

• remove(π, k): Remove job [k] from a given permutation π of n jobs to get a permutation π̄
of n− 1 jobs.

• insert(π̄, j, k): Insert job j at position k of a given permutation π̄ of n − 1 jobs to get a
permutation π of n jobs.

Each of the two neighbourhoods below contains a set of neighbour permutations.

• insert-neighbourhood(π, k): Remove job j = [k] from a given permutation π to obtain a
permutation π̄. Then, produce n permutations by inserting job j at each position k̄ of π̄
separately. Each resultant permutation π has n jobs.

• insert-neighbourhood(π): Generate a set of permutations accumulating insert-neighbourhood(π, k)
for all k.

4. Proposed PFSP-BS

We describe the formulas needed to compute the makespan of a given PFSP-BS. Because of
the reversibility property of flowshops (Pinedo, 2016), the makespan of a permutation π can be
calculated passing the permutation from the first job through to the last job (forward calculation)
or from the last job through to the first job (backward calculation).
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4.1. Forward Makespan Calculation

Assume Si
[k] be the starting time and Ci

[k] be the completion time of job [k] at machine i. We

use (1)–(12) to calculate the makespan C(π) of a permutation π for an PFSP-BS. In (1), we define
Si

[k] = 0 and Ci
[k] = 0 whenever i < 1 or i > m or k < 1 or k > n. Assume Bi is the blocking

constraint after machines i and before machine i+ 1. Also, assume Oi denotes overlapable (O), or
non-overlapable (N) SDST for a machine i.

Si
[k] = 0, Ci

[k] = 0 k < 1 ∨ k > n ∨ i < 1 ∨ i > m (1)

Ci
[k] = Si

[k] + pi[k] 1 ≤ k ≤ n, 1 ≤ i ≤ m (2)

For 1 ≤ k ≤ n and Oi = N,

Si
[k] = max(Ci−1

[k] , S
i+2
[k−1] + σi[k]) i ≤ m− 2, Bi = RCb (3)

Si
[k] = max(Ci−1

[k] , C
i+1
[k−1] + σi[k]) i ≤ m− 1, Bi = RCb* (4)

Si
[k] = max(Ci−1

[k] , S
i+1
[k−1] + σi[k]) i ≤ m− 1, Bi = RSb (5)

Si
[k] = max(Ci−1

[k] , C
i
[k−1] + σi[k]) i ≤ m− 1, Bi = Wb (6)

For 1 ≤ k ≤ n and Oi = O,

Si
[k] = max(Ci−1

[k] , S
i+2
[k−1], C

i
[k−1] + σi[k]) i ≤ m− 2, Bi = RCb (7)

Si
[k] = max(Ci−1

[k] , C
i+1
[k−1], C

i
[k−1] + σi[k]) i ≤ m− 1, Bi = RCb* (8)

Si
[k] = max(Ci−1

[k] , S
i+1
[k−1], C

i
[k−1] + σi[k]) i ≤ m− 1, Bi = RSb (9)

Si
[k] = max(Ci−1

[k] , C
i
[k−1] + σi[k]) i ≤ m− 1, Bi = Wb (10)

For 1 ≤ k ≤ n, Sm
[k] = max(Cm−1

[k] , Cm
[k−1] + σm[k]) (11)

Finally to compute the makespan, C(π) = Cm
[n] (12)

Just like in PFSP, for a given permutation π in PFSP-BS, the computational complexity of
calculating makespan C(π) from (1)–(12) is O(mn). The aim of PFSP-BS with makespan criterion
as shown in (13) is to find a permutation π∗ with C(π∗) being the smallest over each π.

C(π∗) ≤ C(π) ∀π (13)
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4.2. Backward Makespan Calculation

C(π) can be computed from (1)–(12) by iterating from 1 to n for position k and for each job
[k], iterating from 1 to m for machine i. Thus, each job at each machine is scheduled at the
earliest time possible. We will now find the latest possible time each job can be scheduled at each
machine, but the makespan of the whole schedule will remain the same. For this, we will calculate
the schedule from job [n] to [1], and for each job [k] from machine m to 1. Assume T i

[k] denotes

the time when job [k] can be scheduled in the backward calculation; for convenience, time axis is
assumed to be in the backward direction starting from C(π). To deal with the case of Bi−2 = RCb,
we use an auxiliary variable Ri

[k] here.

T i
[k] = 0, pi[k] = 0, σi[k+1] = 0, Ri

[k] = 0 k < 1 ∨ k > n ∨ i < 1 ∨ i > m (14)

For i ≥ 2, n ≥ k, Oi−1 = N,

T i
[k] = max(T i+1

[k] + pi[k], T
i
[k+1] + pi[k] + σi[k+1], T

i−1
[k+1] + σi−1

[k+1], R
i
[k]) , Bi−1 = RSb (15)

T i
[k] = max(T i+1

[k] + pi[k], T
i
[k+1] + pi[k] + σi[k+1], T

i−1
[k+1] + pi[k] + σi−1

[k+1], R
i
[k]) , Bi−1 = RCb* (16)

T i
[k] = max(T i+1

[k] + pi[k], T
i
[k+1] + pi[k] + σi[k+1], R

i
[k]) , Bi−1 = RCb/Wb (17)

For i ≥ 2, n ≥ k, Oi−1 = O,

T i
[k] = max(T i+1

[k] + pi[k], T
i
[k+1] + pi[k] + σi[k+1], T

i−1
[k+1], R

i
[k]) , Bi−1 = RSb (18)

T i
[k] = max(T i+1

[k] + pi[k], T
i
[k+1] + pi[k] + σi[k+1], T

i−1
[k+1] + pi[k], R

i
[k]) , Bi−1 = RCb* (19)

T i
[k] = max(T i+1

[k] + pi[k], T
i
[k+1] + pi[k] + σi[k+1], R

i
[k]) , Bi−1 = RCb/Wb (20)

T 1
[k] = max(T 2

[k], T
1
[k+1] + σi[k+1]) + p1

[k] n ≥ k ≥ 1 (21)

For i ≥ 2, n ≥ k, Bi−2 = RCb,

Ri
[k] =


T i−2

[k+1] + σi−2
[k+1] if Oi−2 = N

T i−2
[k+1] if Oi−2 = O

0 otherwise

(22)

Figure 1 shows forward and backward calculations of an example PFSP-BS schedule with 4
jobs and 5 machines. Notice that two calculation may produce different starting and completion
times for some jobs.

Lemma 1. Makespan minimisation of PFSP-BS is NP-Hard.

Proof: Consider the particular instance where SDSTs are all set to zero. Thus, PFSP-BS is
transformed to an MBPFSP that is known to be NP-Hard (Riahi et al., 2018a).
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Figure 1: An example showing computation of a PFSP-BS makespan by (top) forward and (bottom) backward
calculations

5. Proposed Accelerated Makespan Computation

Neighbourhood operators using insertions are very widely used in PFSP and variants. As
mentioned before, computing C(π) involves O(mn) operations. So insert-neighbourhood(π, k) has
time complexity O(mn2) and insert-neighbourhood(π) has O(mn3). Therefore, using these two
neighbourhoods are very costly particularly in a large problem. Similar to the acceleration method
for PFSP Taillard (1990), we develop the same for PFSP-BS to compute C(π) efficiently for each π
in insert-neighbourhood(π, k) and insert-neighbourhood(π). The accelerated computation essentially
utilises the reversibility property of the PFSP-BS.

5.1. Computing Makespan Incrementally

Given a permutation π, assume Si
[k], C

i
[k], and T i

[k] are given for each machine i and for each job

[k]. Assume [k̄] = j in π and an application of remove(π, k̄) has produced a permutation π̄ of n− 1
jobs. Also, assume application of insert(π̄, j, k) has produced π of n jobs. We now show how to
incrementally calculate S̄i

[k], C̄
i
[k], and T̄ i

[k] for permutation π̄, and Si
[k], C

i
[k], T

i
[k], and hence C(π)

for permutation π.
Computing S̄, C̄, and T̄ for π̄ incrementally: Notice that S̄i

[k] = Si
[k] and C̄i

[k] = Ci
[k] for

each i and for each k < k̄. Compute S̄i
[k] and C̄i

[k] for k ≥ k̄ for each i using (1)–(12). Similarly

T̄ i
[k] = T i

[k+1] for each i and for each k ≥ k̄. Compute T̄ i
[k] for k < k̄ for each i using (14)–(22).

Computing S, C, and T for π incrementally: Notice that Si
[k] = S̄i

[k] and Ci
[k] = C̄i

[k] for

each i and for each k < k. Compute Si
[k] and Ci

[k] for each i using (1)–(12), and T i
[k+1] = T̄ i

[k] for
each i and each k ≥ k.

Computing makespan of π incrementally: To compute C(π), we need the time point Li
[k]

when job [k] in C(π) will leave machine i and the time period T i
[k] needed to process all the jobs

after position k. We calculate Li
[k] in (23)–(30) below.

Li
[k] = Si+2

[k] + σi[k+1] Bi = RCb, Oi = N (23)

Li
[k] = Si+1

[k] + σi[k+1] Bi = RSb, Oi = N (24)

Li
[k] = Ci+1

[k] + σi[k+1] Bi = RCb*, Oi = N (25)
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Li
[k] = Ci

[k] + σi[k+1] Bi = Wb, Oi = N (26)

Li
[k] = max(Si+2

[k] , C
i
[k] + σi[k+1]) Bi = RCb, Oi = O (27)

Li
[k] = max(Si+1

[k] , C
i
[k] + σik+1]) Bi = RSb, Oi = O (28)

Li
[k] = max(Ci+1

[k] , C
i
[k] + σi[k+1]) Bi = RCb*, Oi = O (29)

Li
[k] = Ci

[k] + σi[k+1] Bi = Wb, Oi = O (30)

Given all Li
[k] and T i

[k], in (31), C(π) can now be computed.

C(π) =
m

max
i=1

(Li
[k] + T i

[k]) (31)

An Illustrative Example. Assume Figure 1 shows the schedule for a given π̄, which is obtained
after removing one job from a given permutation π. Permutation π had 5 jobs and 5 machines,
but permutation π̄ now has 4 jobs. We now obtain a permutation π by inserting job 5 at position
3 in π̄. Permutation π is shown in Figure 2 (top). Moreover, Li,[k] and T i,[k] values for π are shown
in Figure 2 (bottom).
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Figure 2: Top: a PFSP-BS schedule when job 5 is inserted at position 3. Bottom: incremental computation of the
sane schedule using the backward calculation.

The same scenarios described above graphically in Figure 1 and 2 are shown numerically below.
Sequence 〈RCb,RCb*,Wb,RSb〉 represents the blocking constraints between successive machines.
Matrix [Pi,j ]5×5 represents the processing times for the jobs on all machines.

[Pi,j ]5×5 =


1 1 1 2 2
3 1 1 1 2
2 2 2 1 1
2 2 1 1 3
3 2 2 2 1

 [S̄i,[l]]5×4 =


0 5 10 14
1 6 12 17
4 8 13 18
6 11 16 21
8 14 18 22


8



[C̄i,[l]]5×4 =


1 6 11 16
4 7 13 18
6 10 15 19
8 13 17 22
11 16 20 24

 [T̄i,[l]]5×4 =


24 17 11 7
23 16 10 5
20 14 9 4
18 12 7 3
16 10 6 2


Suppose π = {1, 2, 3, 5, 4} be the current solution. Now, job 5 is removed from position k̄ = 4

of π and π̄ = {1, 2, 3, 4} is obtained. Then, using (1)–(12) of forward calculation and (14)–(22) of
backward calculation, S̄, C̄, and T̄ are calculated as above. Now, inserting job 5 at position k = 3
in π̄, permutation π = {1, 2, 5, 3, 4} is obtained. Values of S, C and L are calculated as follows:

[Si,[3]]5×1 =


10
12
14
16
19

 [Ci,[3]]5×1 =


12
14
15
19
20

 [Li,[3]]5×1 =


16
17
18
21
23

 [T i,[3]]5×1 =


11
10
9
7
6


Finally, the makespan Cmax(π) of permutation π is max(16+11, 17+10, 18+9, 21+7, 23+6) = 29.

5.2. Evaluating Insertion Neighbourhood Incrementally

We need each permutation π in insert-neighbourhood(π, k̄). For this, we use remove(π, k̄) once
to obtain π̄ and then use insert(π̄, j, k) for each k to obtain π. Now for π̄ calculate S̄i

[k] and C̄i
[k]

where k = 1, . . . , n− 1 and i = 1, . . . ,m. Then, compute T̄ i
[k] for i = m, . . . , 1 and k = n− 1, . . . , 1

for π̄. Next, for each π, compute Si
[k] and Ci

[k] for i = 1, . . . ,m. Also, calculate T i
[k] for i = m, . . . , 1

for π. Then, calculate Li
[k] for i = 1, . . . ,m for π. Lastly, compute C(π) for π using (31). For insert-

neighbourhood(π), we do the same as we do for insert-neighbourhood(π, k̄) but for each 1 ≤ k̄ ≤ n.

Lemma 2. Evaluation of all permutations in insert-neighbourhood(π, k̄) and insert-neighbourhood(π)
incrementally requires O(mn) and O(mn2) time respectively.

Proof: Computing S̄, C̄, T̄ values for π̄ needs O(mn) time. Then, computing S, C, T , L and the
makespan of each π needs O(m) time; there are n such π. Thus, evaluation of all permutations
generated by insert-neighbourhood(π, k̄) and insert-neighbourhood(π) requires O(mn) and O(mn2)
time respectively.

6. Proposed Constructive Heuristic Algorithm

NEH (Nawaz et al., 1983) is a very well-known greedy constructive heuristic for PFSPs (Ruiz
and Maroto, 2005). Because of its effectiveness, there exist a number of variants (Framinan et al.,
2003; Abedinnia et al., 2016; Liu et al., 2017) for PFSPs and also for other PFSP variants (Riahi
et al., 2017; Wang et al., 2018). NEH has two main steps: ordering jobs initially and then inserting
jobs, one by one, into their best positions in the already obtained partial sequences. While ordering,
NEH assigns high priorities to the jobs with large sums of processing times over all machines.
However, that ordering rule is not always the best for other PFSP variants. Based on the exact
model of a PFSP variant, more efficient ordering rules may be obtainable (Riahi et al., 2017). In
addition, prioritising jobs in general still remains a challenge in flowshop scheduling (Liu et al.,
2017). In this paper, we focus on the initial ordering of the jobs in NEH, and develop a new
problem-dependent ordering rule to guide the insertion procedure for PFSP-BS.

The proposed ordering rule has two main differences with the original one. In the original one,
assuming wj =

∑m
i=1 p

i
j , NEH sorts jobs on the non-increasing order of wjs to obtain an initial

order. In this paper, first, we modify wj to get the SDSTs into the formula. For this, we define

(sequence independent) average setup time ŝij =
∑n,j̄ 6=j

j̄=1
(si

jj̄
+ si

j̄j
)/(2n− 2) for each job j on each
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machine i. Then, we redefine wj =
∑m

i=1[β× ŝij + (1−β)× pij ] where 0 ≤ β ≤ 1 will be empirically
determined. Notice that β is to balance the relative weight of the setup time and the processing
time associated with job j on machine i. The second modification to the ordering rule is that
we choose the non-decreasing order of wj instead of the non-increasing order. This is because
scheduling jobs with higher wj will tend to cause more delays for the following jobs, particularly
for the blocking constraints. We call the proposed heuristic for PFSP-BS as NEH-BS. Using the
proposed acceleration method, the time complexity of NEH-BS is O(n2m).

7. Proposed Constraint Guided Local Search Algorithm

Algorithm 1 presents our proposed constraint guided local search (CGLS) framework. It starts
from a greedily constructed initial solution returned by SetupAndBlocingGuidedInitialisation(). For
this, we use our proposed NEH-BS constructive heuristic, which achieves problem-specific guidances
from the use of setup times and blocking constraints in job ordering. Then, the initial solution
undergoes a constraint guided intensification procedure ConstraintGuidedIntensification() to generate
a current solution. Then, the current solution iteratively passes through a random-path guided
diversification procedure RandomPathGuidedDiversification() followed by the same constraint guided
intensification procedure to produce a solution that is accepted or rejected using a given criterion
specified in AcceptanceFunction. We adopt the simulated annealing (SA) based acceptance criterion
using temperature schedule e−∆/T with ∆ = C(π′) − C(π) and T being the T being replaced by
γT in each iteration, where γ is less than but very close to 1. The main differences of CGLS with
many other local search procedures for PFSPs (Pan and Ruiz (2012); Ribas et al. (2011, 2013);
Moslehi and Khorasanian (2014)) are the latter use more of exhaustive or random approaches for
next solution generation while the former takes constraint guided approaches. Below we describe
our constraint guided intensification and random-path guided diversification procedures.

Algorithm 1 Constraint Guided Local Search Framework

1. π ← SetupAndBlockingGuidedInitialisation()
2. π ← ConstraintGuidedIntensification(π)
3. while termination criteria not satisfied

π′ ← RandomPathGuidedDiversification(π)
π′ ← ConstraintGuidedIntensification(π′)
π ← AcceptanceFunction(π, π′)

return the global best solution found so far

7.1. Constraint Guided Intensification

An intensification phase involves moving only to a better neighbouring solution from the current
solution. Given a current solution, if there is no better neighbouring solution, then the current
solution is returned as a local optimum solution. The neighbouring solutions are often generated
from the current solution by using a random or an exhaustive approach. In flowshops, the job to be
removed first and then inserted back or jobs to be swapped are selected randomly, or alternatively
all jobs are considered exhaustively (e.g. Pan and Ruiz (2012); Tasgetiren et al. (2017a); Ruiz and
Stützle (2008) among many others). Intensification is only in the selection of the best solution from
the neighbours. In this paper, we propose to select jobs greedily using constraint based problem
specific knowledge as a guidance. We use insert-neighbourhood(π, k) since we also have proposed
an acceleration method for that.

Our constraint-guided job selection is based on a measure of delays caused by each job. Blocking
constraints cause a machine to be blocked with the current job until some latter machine can take

10



it. We associate this blocking period of a machine to the job that causes blocking. In addition,
because of the SDST constraints, machines must be set up after processing a job to become ready
to process the following job. This setup time is associated with both of the jobs. Now setup times
can be overlapping or non-overlapping with the blocking times. In the former case, the sum of
blocking and setup times is to be considered while in the latter case, the larger of the two. So the
total delay for each job then can be used to identify the problematic jobs. Given a solution π, each
job [k] has the total delay time TDT(k) =

∑m
i=1 DTi

[k] where

σi[k] = 0 i < 1 ∨ i > m ∨ k ≤ 1 ∨ k > n (32)

DTi
[k] = BTi

[k] + σi[k+1] + σi[k] Oi = N (33)

DTi
[k] = BTi

[k] Oi = O,BTi
[k] ≥ σ

i
[k+1] (34)

DTi
[k] = σi[k+1] Oi = O,BTi

[k] < σi[k+1] (35)

DTi
[k] = σi[k] Oi = O,BTi

[k−1] < σi[k] (36)

BTi,[k] =


Si+2

[k] − C
i
[k] Bi = RCb

Si+1
[k] − C

i
[k] Bi = RSb

Ci+1
[k] − C

i
[k] Bi = RCb*

0 Bi = Wb

(37)

Algorithm 2 shows our constraint guided intensification procedure. First we create a sequence
of jobs in the non-increasing order of their total delay times. The most problematic jobs are thus
towards the beginning of the sequence and will be considered earlier than the jobs towards the end.
We then consider each job from the sequence and use the selected job to generate the neighbouring
solutions. The best solution is taken as the next solution and the process continues. If there is
no better solution with a selected job, we consider the next job in the sequence created based on
delay times.

Algorithm 2 ConstraintGuidedIntensification(π)

1. Let πD be the sequence of all jobs when arranged in the non-increasing order of the total delay times
TDT(k) each job [k] in the current solution π.

2. For k = 1 to n (assuming n > 1) // to iterate over πD

(a) Let k′ be such that [k′] in π is the same as [k] in πD.
(b) Let π′ be the π ∈ insert-neighbourhood(π, k′) with the lowest makespan but π is not the same as

π.
(c) If C(π′) < C(π) then π = π′ and go to Step 1.

3. return π as the solution after intensification.

7.2. Random-Path Guided Diversification

A diversification phase in general takes the search away from a local optimum, even by moving
to a worse solution. A simple diversification approach used in optimisation problems is to start
from a completely random solution, although it has not been used in PFSPs. Overall, this approach
results into very low quality solutions and the following intensification phase then needs much time
to reach good solutions again. To remedy this issue, other approaches consider some perturbation
procedures that make a small number of random moves from the current solution (e.g. Pan and
Ruiz (2012); Ribas et al. (2013) in PFSPs). In this paper, we propose a random-path guided
diversification method. Our method first generates a random target solution. It then explores a
random path from the current solution to the target solution to obtain the best solution on the
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Algorithm 3 RandomPathGuidedDiversification(π)

1. πs ← π // start exploration from the given solution

2. πt ← FullyRandomSolution() // the target solution

3. πo ← FullyRandomJobOrder() // for a random path

4. π∗ ← πt // best solution, never return the given solution

5. for k = 1 to n do

(a) j ← the job at position k in πo
(b) k′ ← position of job j in πs
(c) k′′ ← position of job j in πt
(d) if k′ 6= k′′ then swap jobs at k′ and k′′ in πs.
(e) if C(πs) < C(π∗) then π∗ = πs

6. return π∗ as the solution after diversification

path. The random target solution perhaps allows the search to go to another part of the search
space and disallows making aimless random moves. The random path allows exploration of many
other intermediate solutions between the target and the current solutions. Moreover, taking the
best solution from those explored on the path ensures the quality of the returned solution is not
very bad. Algorithm 3 shows the proposed random-path guided diversification method.

A path relinking procedure (Glover, 1997) has been used in Algorithm 3 to explore a random
path from a given solution π to a random solution. We explain the path relinking procedure
using an example. Assume the current solution is π〈2, 3, 5, 1, 4〉, the random target solution is
πt = 〈1, 4, 2, 3, 5〉, and a random path is a job order πo = 〈3, 2, 5, 1, 4〉. We will start from π, so
πs = π. Based on πo, job 3 is at the first position of πo and is considered first. Since job 3 is at
position 2 in πs and at position 4 in πt, we swap the jobs at positions 2 and 4 in πs to obtain a
new πs = 〈2, 1, 5, 3, 4〉. Then job 2 at the second position of πo is considered. Gradually, all jobs
in πo are considered in the order they appear in πo. The solution returned by Algorithm 3 is the
best among all the new πs generated and πt. The given solution πs is never returned so that the
search can always move to a new solution.

8. Experimental Results

Taillard’s 120 instances (Taillard, 1993) are one well-known benchmark in PFSP literature.
These instances include 12 groups each comprising 10 instances of the same problem size. The 12
groups have problem sizes {20, 50, 100} × {5, 10, 20}, {200} × {10, 20} and {500× 20} in terms of
n×m values. Moreover, in each group, the processing time of each job at each machine is uniformly
distributed over [1, 100]. In PFSP-SDST literature, setup times have been uniformly generated in
the ranges of [1, 10), [1, 50), [1, 100) and [1, 125) to obtain respectively four scenarios SDST10,
SDST50, SDST100 and SDST125, each having 120 Taillard’s instances (Ruiz et al., 2005). These
scenarios allow to see the effect of having SDSTs larger and smaller than processing times. In the
MBPFSP literature, blocking constraints RSb, RCb, RCb*, and Wb are uniformly distributed in
each of the 120 Taillard’s instances to obtain a benchmark set (Riahi et al., 2017). In this paper,
for PFSP-BS, we uniformly distribute the blocking constraints in each of the 120× 4 = 480 PFSP-
SDST instances. Also, we uniformly distribute overlapable/non-overlapable setup time scenarios
in each instance. Thus, the 480 instances (denoted by label Oi = O/N) having overlapable/non-
overlapable blocking and setup times are our benchmark. However, we will also use 480 instances
where only overlapable cases are allowed (denoted by label Oi = O) and in another 480 instances
only non-overlapable cases (denoted by label Oi = N).

Using the above mentioned PFSP-BS benchmark, we compare our proposed algorithms with
existing state-of-the-art algorithms to be mentioned in appropriate sections. For this, we run each
algorithm 5 times on each PFSP-BS instances. We use three different timouts of ρnm milliseconds
where ρ ∈ {30, 60, 90}. These timeouts give more times to instances having larger n and m. All

12



algorithms have been implemented in programming language C and run on the same high perfor-
mance computing cluster Gowonda at Griffith University. Each node of the cluster is equipped
with Intel Xeon CPU E5-2670 processors @2.60 GHz, FDR 4x InfiniBand Interconnect, having
system peak performance 18,949.2 Gflops.

To analyse the experimental results, we define relative percentage deviation RPD to be Ca−Cr
Cr
×

100, where Ca is the makespan obtained for an instance in a given run of a given algorithm and Cr

is a reference makespan, which will be clearly mentioned as needed. To summarise our results, we
also define average relative percentage deviation (ARPD) using RPDs of the 5 runs of an instance,
or of the instances in a group, or in a blocking plus setup time plus overlapping scenario, or even
in the entire benchmark.

It is worth mentioning here that we show tables and charts for the performance of only some
of the settings of the problems or the solvers. This is mainly to avoid showing similar things
repeatedly where the actual conclusion does not vary. So unless it is mentioned otherwise the
performance of the other settings are assumed to be similar; if there is any exceptions we will
clearly mention as appropriate.

8.1. Performance of NEH-BS

We calibrate the parameter β of the proposed NEH-BS and found 0.65 to be the best value,
although statistically not significantly better than the other values. Taking β = 0.65, we then com-
pare our proposed NEH-BS constructive heuristic with PFT NEH (Shao et al., 2018) and NNEH
(Riahi et al., 2017). PFT NEH was recently proposed for PFSP-SDST with only non-overlapping
RSb constraints. NNEH was proposed for MBPFSP. There is no parameter for PFT NEH and we
calibrated the parameter of NNEH for PFSP-BS and found 0.1 to be the best value.

Table 1 shows the ARPDs obtained by the three algorithms in various settings of PFSP-BS.
Here, Cr is the minimum makespan obtained by any of the three algorithms. Among the 12 settings,
NEH-BS is the best in 7 settings while NNEH is the best in 2 settings and PFT NEH in 3 settings.
NNEH does not take setup times into account while obtaining the initial job ordering. It is the best
(in fact very slightly better than NEH-BS) when setup times are small and Oi = N. PFT NEH
is the best when setup times are large or non-overlapable with blocking constraints. PFT NEH
performs a costlier O(n2) search to find an initial job ordering where time wastage due to blocking
or being idle is taken into account. NEH-BS appears to be the best when overlapable setup times
are present (Oi = N/O,O).

Table 1: ARPDs obtained by candidate algorithms

SDST Algorithm Oi = N/O Oi = O Oi = N

10

NEH-BS 0.27 0.27 0.38

FPT NEH 1.84 1.84 1.99

NNEH 0.45 0.39 0.36

50

NEH-BS 0.29 0.25 0.46

FPT NEH 1.64 1.75 1.53

NNEH 0.47 0.47 0.45

100

NEH-BS 0.54 0.40 0.89

FPT NEH 1.14 1.35 0.60

NNEH 0.67 0.50 1.10

125

NEH-BS 0.97 0.65 1.28

FPT NEH 0.76 0.71 0.39

NNEH 1.12 0.82 1.43

Table 2 shows the ARPDs obtained by the three algorithms in each of the 12 instance groups
in four SDST scenarios, only in the case where Oi = N/O.
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Table 2: ARPDs obtained by candidate algorithms on each instance group in Oi = N/O setting. In the table, BS,
PFT, and NN respectively denote NEH-BS, PFT NEH, and NNEH.

SDST10 SDST50 SDST100 SDST125

Ins. BS PFT NN BS PFT NN BS PFT NN BS PFT NN

20×5 0.03 3.63 0.44 0.38 1.77 0.69 0.86 0.89 0.93 1.16 1.80 1.51

20×10 0.47 2.46 0.83 0.45 1.09 0.87 1.23 1.66 0.38 0.87 1.53 1.62

20×20 0.69 1.62 0.49 0.34 2.42 0.53 0.24 1.29 1.62 0.99 0.68 1.41

50×5 0.14 1.13 0.38 0.20 1.09 0.70 0.24 0.81 0.72 1.52 0.17 1.40

50×10 0.07 1.86 0.85 0.30 1.64 0.33 0.64 1.11 0.73 0.54 0.55 0.89

50×20 0.39 1.54 0.68 0.04 1.80 0.89 0.17 1.87 0.58 0.71 0.74 0.72

100×5 0.08 1.69 0.09 0.41 1.43 0.11 0.77 0.62 0.61 1.60 0.03 1.47

100×10 0.30 1.80 0.50 0.26 1.25 0.45 0.60 0.28 0.69 1.15 0.18 1.02

100×20 0.13 1.98 0.33 0.39 1.88 0.28 0.44 1.40 0.40 0.43 0.82 0.62

200×10 0.37 1.36 0.14 0.37 1.73 0.22 0.71 1.15 0.73 1.33 0.78 1.43

200×20 0.18 1.87 0.24 0.12 2.14 0.22 0.26 1.32 0.24 0.53 0.99 0.53

500×20 0.43 1.18 0.51 0.26 1.40 0.35 0.32 1.22 0.42 0.84 0.83 0.84

Average 0.27 1.84 0.45 0.29 1.64 0.47 0.54 1.14 0.67 0.97 0.76 1.12

8.2. Calibrating CGLS Parameters

We calibrate the parameters T and γ in the SA based acceptance criterion of the proposed
CGLS algorithm. For this and to avoid overfitting issues, we generate 44 new instances adapting
instances from other PFSP variants to PFSP-BS. We employ the design of experiments method
(Montgomery, 2008) to analyse the effects of these parameters on the performance. For T , values
in {10, 50, 100} are considered while for γ, values are in {0.99, 0.999, 0.9999, 1.00}. For each setting,
CGLS is run 5 times on each instance. Then, ARPDs are computed using the minimum makespans
obtained only in this experiment as Cr and are shown in Figure 3. We see that T = 10 and
γ = 0.9999 are the best values although not significantly better than the closest values. We will
use these values in our further experiments.

Figure 3: 95% confidence intervals for T and γ combinations in CGLS.

8.3. Evaluating CGLS Components

We evaluate our SA based acceptance criterion, constraint guided intensification method, and
random-path guided diversification method using the 44 instances used in Section 8.2. For this,
each setting of the CGLS algorithm is run 5 times on each instance. Then, ARPDs are computed
using the minimum makespans obtained only in the respective experiments as Cr.

8.3.1. Evaluation Acceptance Criterion

We compare our SA based acceptance criterion (along with T = 10 and γ = 0.9999) with a
random acceptance (RA) criterion (Ribas et al., 2011) with probability 50% , a threshold based ac-
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ceptance criterion (TA) with threshold values that depend on the solution quality as in (Osman and
Potts, 1989), and also with a criterion of not accepting (NA) any worse solutions. Figure 4 shows
95% confidence intervals with Tukey’s HSD and we see that the SA based criterion significantly
outperforms the other three criteria.

Figure 4: 95% confidence intervals for various acceptance criteria in CGLS.

8.3.2. Evaluating Constraint Guided Intensification

Figure 5 shows the performance of our constraint-guided intensification method (denoted by
G) against two other methods. These two methods are a random job selection based neighbour
generation method (denoted by R) and a reference solution based neighbour generation method(Pan
et al., 2008) (denoted by Ref). For method R, in Algorithm 2, πD is constructed from a random
permutation and for method Ref, πD is the best solution found so far in the search. We also,
we consider two other intensification methods called first improvement (denoted by FI), and best
improvement (BI). In the former, exploration of the neighbouring solutions is stopped whenever an
improving solution is found, however, in the latter, the algorithm considers all possible neighbouring
solutions and then select the best one. Note that, the three other methods are iterative-based
intensification. From the 95% confidence intervals with Tukey’s HSD, we see that our constraint
guided intensification method significantly outperforms the other methods.

Figure 5: 95% confidence intervals for various intensification strategies.
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8.3.3. Evaluating Random-Path Guided Diversification

Figure 6 shows the performance our random-path guided diversification method (SRPR) against
two similar other typical methods denoted by SPR and IPR. All these three use a random permu-
tation as πt in Algorithm 3, but for πo, SRPR uses a random order while SPR and IPR both uses
a linear order from 1 to n. Moreover, SRPR and SPR use swapping in changing πs while IPR uses
insertion. Figure 6 also shows two other methods named SBOX and OX (Ruiz et al., 2005), which
are typical crossover operators and are applied on πt and πs. From the 95% confidence intervals
with Tukey’s HSD, we see that our random-path guided diversification method SRPR significantly
outperforms the other four methods.

Figure 6: 95% confidence intervals for various diversification strategies.

8.4. Overall Performance Comparison

Our final CGLS algorithm has NEH-BS with β = 0.65 in initialisation, method G in inten-
sification, method SRPR in diversification, and SA based acceptance method with T = 10 and
γ = 0.9999. We compare its overall performance with a number of solvers for PFSP-BS using
aforementioned 120 instances for each of the 4 SDST cases and Oi ∈ {N/O,O,N}. There exists no
algorithm for PFSP-BS as this is just proposed in this paper. We therefore consider state-of-the-art
algorithms of several PFSP variants and adapt them to PFSP-BS. After running all algorithms
including our proposed CGLS, in the ARPD computation for each instance, we use the minimum
makespan obtained by any of the algorithm as Cr.

We adapted iterated greedy algorithm (IG RS) (Ruiz and Stützle, 2008) for PFSPs with SD-
STs, iterated local search algorithm (ILS PR) (Pan and Ruiz, 2012) for PFSPs, modified fruit fly
optimisation (MFFO) algorithm (Han et al., 2016) for PFSPs with RSb, scatter search (SS) algo-
rithm (Riahi et al., 2017) for MBPFSP, a new iterated greedy algorithm (IG IJ) (Tasgetiren et al.,
2017a) for PFSPs with RSb, and water wave optimization (WWO) algorithm (Shao et al., 2018) for
PFSPs with RSb and non-overlapable SDSTs. Adaptation requires using the PFSP-BS model and
the accelerated makespan computation while the key components of the search algorithms remain
the same. Moreover, for effective adaptation, we also calibrated the parameters of those algorithms
in the same way we have done for CGLS using the same 44 generated instances. Table 3 shows the
selected parameter values of the adapted algorithms.

Table 4 shows the ARPDs obtained by the 7 algorithms (IG RS, ILS-PR, MFFO, SS, IG IJ,
WWO, and CGLS) with ρ = 90 in each of the 4 SDST scenarios and in each of the three cases
Oi = N/O, O, and N. As can be seen, in each case, proposed CGLS algorithm outperforms all the
other 6 algorithms with WWO and IG IJ being the second and third best performing algorithms.
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Table 3: The selected parameter values of the adapted algorithms. These parameters are also callibrated using the
same method and the same 44 instances that are used to callibrate our CGLS algorithm.

Algorithm Selected Parameter Values

IG RS (Ruiz and Stützle, 2008) d = 5, T = 0.6
ILS PR (Pan and Ruiz, 2012) λ = 4, γ = 2
MFFO (Han et al., 2016) PS = 10, pls = 0.7
SS (Riahi et al., 2017) SizeofPop = 30, r1 = 10, r2 = 10, MaxIter = 25
IG IJ (Tasgetiren et al., 2017a) dS = 6, tP = 0.5, jP = 0.01
WWO (Shao et al., 2018) PS = 5, hmax = 10, w = 20, λmin = 2, λmax = 3

Table 4: ARPDs of obtained by the competing algorithms when ρ = 90

Oi SDST IG RS ILS-PR MFFO SS IG IJ WWO CGLS

N/O

10 2.49 0.90 1.69 0.64 0.60 0.36 0.13

50 3.13 1.19 2.26 0.86 0.81 0.55 0.16

100 4.02 1.74 3.08 1.19 1.11 0.73 0.28

125 4.54 2.04 3.52 1.38 1.28 0.85 0.35

O

10 2.47 0.92 1.63 0.64 0.59 0.40 0.15

50 2.77 1.05 1.84 0.75 0.70 0.49 0.17

100 3.55 1.52 2.58 1.09 1.00 0.72 0.23

125 4.04 1.85 3.10 1.32 1.22 0.84 0.30

N

10 2.53 1.00 1.72 0.67 0.64 0.42 0.17

50 3.24 1.40 2.37 0.88 0.84 0.64 0.20

100 4.19 1.96 3.27 1.18 1.13 0.83 0.32

125 4.56 2.17 3.65 1.28 1.23 0.93 0.35

We perform an ANOVA test to check that the performance differences are statistically signif-
icant. In all cases, the p value was 0.00, which is less than α = 0.05. It means that there is a
significant difference at least between two of the algorithms. Therefore, a post-hoc test is needed
to find those methods. So for this, a 95% confidence interval test is also done and the intervals for
only Oi = N/O are shown in Figure 7. From the figure, we can clearly see that the proposed CGLS
algorithm significantly outperforms the other six algorithms in all four SDST scenarios. Confidence
intervals for Oi = O and N are very similar to Figure 7.

Figure 7: 95% confidence intervals for algorithms when ρ = 90 and Oi = N/O.

For further detailed results, on each of the 12 groups of 10 instances, we show the ARPDS in
Table 5 for the best performing three algorithms and when ρ = 90 and Oi = N/O. The differences
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in the performance levels are very clear from this table as well.

Table 5: ARPDs obtained by the three best performing algorithms on each of the 12 groups of 10 instances when
ρ = 90 and Oi = N/O

SDST10 SDST50 SDST100 SDST125

Ins. IG IJ WWO CGLS IG IJ WWO CGLS IG IJ WWO CGLS IG IJ WWO CGLS

20×5 0.01 0.03 0.01 0.05 0.04 0.02 0.04 0.07 0.02 0.05 0.12 0.06

20×10 0.01 0.07 0.00 0.02 0.05 0.02 0.01 0.06 0.01 0.05 0.11 0.04

20×20 0.03 0.07 0.00 0.02 0.06 0.02 0.06 0.07 0.05 0.03 0.07 0.03

50×5 0.55 0.37 0.09 0.89 0.68 0.27 1.22 0.96 0.40 1.47 1.10 0.59

50×10 0.59 0.38 0.12 0.89 0.60 0.24 1.25 0.91 0.47 1.52 1.01 0.48

50×20 0.73 0.50 0.22 0.88 0.62 0.25 1.17 0.78 0.43 1.42 0.86 0.43

100×5 0.61 0.30 0.11 1.05 0.67 0.16 1.69 1.15 0.38 2.14 1.44 0.53

100×10 0.97 0.46 0.18 1.32 0.76 0.22 1.75 1.00 0.37 2.03 1.30 0.54

100×20 1.05 0.55 0.20 1.31 0.69 0.28 1.69 0.86 0.29 1.80 0.94 0.50

200×10 0.86 0.32 0.20 1.17 0.67 0.16 1.62 0.90 0.26 1.85 1.11 0.41

200×20 1.00 0.41 0.18 1.24 0.71 0.16 1.65 0.88 0.33 1.80 1.04 0.37

500×20 0.77 0.88 0.22 0.83 1.02 0.18 1.20 1.11 0.29 1.20 1.14 0.27

Average 0.60 0.36 0.13 0.81 0.55 0.16 1.11 0.73 0.28 1.28 0.85 0.35

For yet further detailed results on each of the 120 instances of SDST125 and when ρ = 90,
we show the ARPDs obtained by the best performing three algorithms in Figure 8. Our proposed
CGLS outperforms the other two algorithms with wide margins, particularly in the large instances.
Performances of the algorithms are similar in other SDST settings.

Figure 8: 95% confidence intervals for the best performing three algorithms on 120 instances of SDST125 scenario
and when ρ = 90 and Oi = N/O.

To see the performance of the 7 algorithms over various timeouts, we did the whole experiment
also with ρ = 30 and 60. Since the results are very similar to those in Tables 4 and 5, and Figures 7
and 8, we do not present them.

Nevertheless, to obtain a summary, Table 6 shows the numbers of best solutions found by the
competing algorithms in our entire experiment. Clearly, our proposed CGLS outperforms the other
six algorithms by a very wide margin.

8.4.1. Effect of Numbers of Jobs

Figure 9 shows confidence intervals of the ARPDs of the competing algorithms over the number
of jobs n for SDST125 and when Oi = N/O. We see from the interval plots that the performance
of CGLS is better than that of the other algorithms and almost remains consistent (although
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Table 6: Numbers of best solutions found by the competing algorithms
Oi SDST IG RS ILS-PR MFFO SS IG IJ WWO CGLS

N/O

10 12 30 26 26 30 35 116

50 5 30 24 22 30 30 120

100 4 30 21 30 29 35 115

125 6 30 22 26 29 31 119

O

10 7 30 24 30 31 37 109

50 5 30 19 24 30 32 113

100 2 28 16 28 31 34 110

125 0 24 11 20 27 26 113

N

10 5 31 18 30 29 34 111

50 6 31 22 23 29 35 112

100 3 29 20 24 30 35 109

125 3 30 20 28 30 28 108

slightly becoming better) with the increase of n, while for other algorithms performance levels vary
significantly.

Figure 9: 95% confidence intervals for the competing algorithms over numbers of jobs n only for SDST125 and only
when Oi = N/O.

8.4.2. Effect of Numbers of Machines

Figure 10 shows confidence intervals of the ARPDs of the competing algorithms over the num-
ber of machines m for SDST125 and when Oi = N/O. We see from the interval plots that the
performance of CGLS is significantly better than that of the other algorithms and almost remains
consistent with the increase of m, while for some of the other algorithms performance levels vary
significantly.

8.4.3. Effect of Timeout

Figure 11 shows confidence intervals of the ARPDs of the competing algorithms over the timeout
parameter ρ values when Oi = N/O. We see from the interval plots that the performance of CGLS
is significantly better than that of the other algorithms when ρ values are the same or even not.
Expectedly, performance of each algorithm improves with the increase of ρ.

8.4.4. Effect of SDST Scenarios

Figure 12 shows confidence intervals of the ARPDs of three best performing algorithms over
various SDST scenarios when Oi = N/O. We see from the interval plots that the performance
of CGLS is significantly better than that of the other algorithms. Moreover, performance of each
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Figure 10: 95% confidence intervals for the competing algorithms over numbers of machines m only for SDST125
and only when Oi = N/O.

Figure 11: 95% confidence intervals for the competing algorithms over timeout parameter values ρ only when Oi =
N/O.

algorithm degrades when SDST values increase. However, differences between the performances of
pairs of algorithms increase with the increase of SDST values.

8.4.5. Comparing with Lower Bounds

Since there is no known lower bound of makespan for PFSP-BS, we compare our results with
some lower bounds of makespan obtained by using related problems. When optimal values are
not known, lower or upper bounds are often obtained by relaxing some constraints and solving
the relaxed problems. Assuming no blocking constraints, we can transform PFSP-BS to PFSP-
SDST. Then, making further assumption that SDSTs are all zero, we can obtain typical PFSPs.
Alternatively, assuming SDSTs are all zero, we can transform PFSP-BS to MBPFSP and then
further assuming no blocking constraints, we can obtain PFSPs. Unfortunately optimal solutions
are not known for many of the 120 Taillard’s instances (Taillard, 1993) and also for the PFSP-
SDST or MBPFSP instances that are based on the Taillard’s instances. Nevertheless, it is obvious
that given a problem instance, optimal makespan for the typical PFSP version will be smaller than
the optimal makespan for the PFSP-SDST or MBPFSP, which will be smaller than the optimal
makespan for the PFSP-BS. In the absence of optimal values for PFSP-BS, we compare our results
with the best known makespan values of the typical PFSPs (Tasgetiren et al., 2017b) and PFSP-
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Figure 12: ARPDs for three best performing algorithms over various SDST scenarios only when Oi = N/O.

SDSTs (Ruiz and Stützle, 2008) and MBPFSPs. However, we note that these comparisons are
just indicative and not definitive. Figure 13 shows these results. Notice that the more the SDST
periods the wider the gap between the best known makespans for typical PFSPs and that for PFSP-
SDSTs; which is expected. Similar observations can be made for the gap between the makespans
for MBPFSP and PFSP-BS.

Figure 13: Comparison against lower bounds of makespan obtained from related problems.

8.5. Further Results on Blocking Variants

So far in all our experiments, we have used problem instances with a uniform distribution of
blocking constraints RSb, RCb, RCb*, and Wb. It is possible to generate and use other problem
instances with various types of blocking constraint distributions. However, we do not show all
those detailed results. In Table 7, we just show summarised results on all SDST scenarios for two
configurations: RSb-N having only RSb constraints with non-overlapable SDSTs and RSb-RCb-O
having a mix of RSb and RCb constraints with overlapable SDSTs. We use these two configurations
because there exist studies on these (Shao et al., 2018; Riahi et al., 2018b). From the table, it is
clear that the proposed CGLS outperforms the other six algorithms significantly, which was also
verified by ANOVA and Tukey’s HSD tests with α = 0.5.
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Table 7: Performance comparison on blocking variants
Bi-Oi SDST IG RS ILS-PR MFFO SS IG IJ WWO CGLS

RSb-N

10 4.34 1.75 3.14 1.08 0.99 0.75 0.28

50 4.27 1.87 3.19 1.17 1.08 0.88 0.30

100 5.08 2.41 3.94 1.49 1.42 1.10 0.38

125 5.63 2.66 4.32 1.63 1.56 1.20 0.47

RSb-RCb-O

10 2.61 1.05 1.78 0.62 0.64 0.44 0.18

50 2.81 1.10 1.97 0.74 0.70 0.50 0.17

100 3.40 1.50 2.54 0.91 0.96 0.70 0.24

125 3.86 1.77 2.94 1.03 1.13 0.82 0.29

8.6. Overall Discussion

We have first proposed PFSP-BS, which is a generalisation over PFSP-SDST and MBPFSP.
We then have developed formulas to calculate makespan of a PFSP-BS and show that makespan
minimisation is NP-Hard. We then have developed a constructive heuristic algorithm NEH-BS
and a constraint guided local search algorithm CGLS for PFSP-BS. Both algorithms have been
calibrated to find optimal parameter values. To compare our algorithms, we have used benchmark
instances that are generated based on 480 PFSP-SDST instances (Ruiz et al., 2005).

NEH-BS has been empirically compared with PFT NEH (Shao et al., 2018) and NNEH (Riahi
et al., 2017), both adapted to PFSP-BS and parameters are calibrated. NEH-BS is found to be
better than both PFT NEH and NNEH when overlapable SDSTs are considered either solely or in
a mixed fashion.

CGLS have been empirically compared with IG RS (Ruiz and Stützle, 2008), ILS PR (Pan and
Ruiz, 2012), MFFO (Han et al., 2016), SS (Riahi et al., 2017), IG IJ (Tasgetiren et al., 2017a),
and WWO (Shao et al., 2018). These algorithms are originally for various PFSP variants and are
adapted for PFSP-BS along with parameter calibration. CGLS significantly outperforms all the six
algorithms in many combinations of blocking constraints, setup times, and overlapping conditions.
CGLS obtains the best found solutions in almost all instances in all settings. We have shown
that CGLS performs consistently with the increase of number of jobs and number of machines.
We also have shown that CGLS with the shortest timeout (ρ = 30) performs better than any
timeout setting (ρ ∈ {30, 60, 90}) of the other algorithms. CGLS performance slightly degrades
with the increase of setup time durations, but the performance gap with the second and third best
performing algorithms increases.

9. Conclusions

We propose a new generalised variant of permutation flowshop scheduling problem (PFSP)
by considering two real constraints simultaneously: sequence-dependent setup times (SDST) and
mixed blocking constraints. Also, we consider overlapping and non-overlapping scenarios involving
setup and blocking times. First, we explain a real-world example for this new problem. Then,
we describe a computational model for makespan minimisation of the problem and show that
this variant remains NP-Hard. We then present an acceleration method to efficiently evaluate
insertion-based neighbourhoods. We further developed a new constructive heuristic algorithm as
well as a constraint guided local search algorithm for the PFSP variant. Our constructive heuristic
takes both blocking constraints and setup times into account. Our constraint guided local search
algorithm uses a constraint guided intensification method and a random-path guided diversification
method. We perform a detailed experiment with a total of 480 benchmark instances. The results
show that our proposed algorithms statistically significantly outperform adapted state-of-the-art
algorithms.
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Tasgetiren, M. F., Pan, Q.-K., Kizilay, D., and Vélez-Gallego, M. C. (2017b). A variable block insertion heuristic for
permutation flowshops with makespan criterion. In Evolutionary Computation (CEC), 2017 IEEE Congress on,
pages 726–733. IEEE.

Trabelsi, W., Sauvey, C., and Sauer, N. (2012). Heuristics and metaheuristics for mixed blocking constraints flowshop
scheduling problems. Computers & Operations Research, 39(11):2520–2527.

Wang, Y., Li, X., Ruiz, R., and Sui, S. (2018). An iterated greedy heuristic for mixed no-wait flowshop problems.
IEEE Transactions on cybernetics, 48(5):1553–1566.

24

https://www.researchgate.net/publication/332854463

