il systems

Article

Heuristic Algorithms for the 1-m-1 Hybrid Flow Shop
Scheduling Problem with Lot Streaming, No-Wait, Blocking, and
Sequence-Dependent Setup Times

Hyejin Park, Minseo Lee

W) Check for updates

Academic Editor: Ruben

Ruiz-Torrubiano

Received: 17 June 2026

Revised: 12 July 2026

Accepted: 30 July 2026

Published: 1 August 2026
Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

and Jinil Han *

Department of Industrial and Information Systems Engineering, Soongsil University, 369 Sangdo-ro, Dongjak-gu,
Seoul 06978, Republic of Korea; hzinpark@gmail.com (H.P.); minseolee@vt.edu (M.L.)

* Correspondence: jinil han@ssu.ac.kr

t Current address: Department of Industrial and Systems Engineering, Virginia Tech, Blacksburg, VA 24061, USA.

Highlights

Please indicate how your work links to systems science via your contributions to systems

practice, theory, and or methodology.

* A set of dispatching heuristics and a genetic algorithm are developed for a hybrid flow
shop scheduling problem that jointly incorporates lot streaming, no-wait, blocking, and
sequence-dependent setup times, motivated by a real industrial problem.

¢ This study demonstrates how multiple interacting constraints jointly determine system
behavior, capturing trade-offs that partial models would fail to reveal.

What are the main findings and/or the implications of the main findings?

¢ The genetic algorithm consistently yields superior schedules and near-optimal solutions
on small instances, while the proposed dispatching heuristics achieve comparable
quality within seconds, rendering them suitable for real-time scheduling decisions.

¢ The benefit of sequence optimization over a simple setup-minimizing rule varies non-
monotonically with machine capacity and setup time magnitude, guiding managers on
when capacity expansion or setup time reduction is most worthwhile.

Abstract

This study considers a 1-m-1 hybrid flow shop scheduling problem that simultaneously
incorporates four practical constraints: lot streaming, no-wait, blocking, and sequence-
dependent setup times. Although each of these characteristics has been studied individually
in the literature, their joint consideration in a single HFS model has received little atten-
tion. The problem is motivated by a real-world order sequencing problem in insulation
board manufacturing, where all four constraints arise simultaneously from the production
process. To formally characterize the problem, we develop a mixed-integer programming
formulation that captures all operational constraints. For practical-scale problems, we
propose several dispatching heuristics that can obtain sufficiently good solutions within a
short computation time. We further develop a genetic algorithm as an independent solution
approach to obtain high-quality solutions close to the optimum within a reasonable compu-
tation time. Computational experiments on instances generated based on real insulation
board production characteristics demonstrate that the proposed algorithms outperform a
benchmark greedy rule, and sensitivity analyses reveal the effects of setup time magnitude
and the number of parallel machines on scheduling performance.
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1. Introduction

Efficient scheduling is a central requirement in industrial management, particularly
in multi-stage production systems where limited resources, technological constraints,
and product-dependent operations must be coordinated simultaneously. The hybrid flow
shop (HFS) is a representative production layout for such systems and has been widely
adopted in manufacturing industries such as paper, steel, textiles, chemicals, and semicon-
ductor fabrication. An HFS consists of a series of processing stages, each containing one or
more parallel machines, through which every job must pass in a fixed order while being
processed by exactly one machine at each stage. As a generalization of both the flow shop
scheduling problem and the parallel machine scheduling problem, the HFS captures the
essential structure of many real-world production systems and has been extensively stud-
ied due to its theoretical significance and practical relevance [1]. Since even the simplest
two-stage variant is NP-hard [2], heuristic and metaheuristic approaches are often required
to obtain high-quality schedules within reasonable computation times.

In practice, real manufacturing systems impose operational constraints that extend
well beyond the classical HFS setting. Four characteristics are particularly important in
many production environments. First, lot streaming divides a job or lot into smaller sublots,
allowing downstream stages to begin processing before the entire lot has completed the
preceding stage. This enables overlap among stages and can significantly reduce makespan
by improving resource utilization and reducing idle time [3]. Second, the no-wait constraint
requires that a sublot move to the next stage immediately after completing the current
stage. This condition arises when intermediate storage is unavailable or when product
quality may deteriorate if waiting occurs [4]. Third, the blocking constraint occurs when a
completed sublot cannot be released from the current machine because the downstream
resource is unavailable. In such cases, the sublot remains on the current machine and
prevents it from processing subsequent sublots, which is typical of zero-buffer or limited-
buffer production systems [4]. Fourth, sequence-dependent setup times (SDSTs) arise
when the setup required before processing a job depends on the job processed immediately
beforehand. In such environments, sequencing decisions directly affect total setup time and
therefore become inseparable from scheduling decisions [5]. Each of these characteristics
has been studied in the scheduling literature, but their simultaneous consideration remains
challenging because of their strong interactions.

Existing studies have generally focused on individual constraints or partial combi-
nations of these features. For example, Wang et al. [6] studied an HFS problem with lot
streaming and SDSTs, while Maciel et al. [7] considered blocking and SDSTs. However,
studies that simultaneously incorporate lot streaming, no-wait, blocking, and SDSTs within
a single HFS model are scarce. The interaction among these four constraints creates a
scheduling structure that differs qualitatively from models considering only one or two
of them. A sequence that performs well under a partial set of constraints may become
infeasible or highly inefficient once the remaining constraints are also enforced. Therefore,
algorithms designed for simpler HFS variants cannot be expected to perform effectively
in fully constrained real-world settings, which motivates the development of a dedicated
problem formulation and tailored solution methods.
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This study addresses a real-world order sequencing problem arising in the production
of insulation boards. The target production system is a three-stage 1-m-1 HFS consisting
of a single machine at the first stage, multiple parallel machines at the second stage,
and a single machine at the third stage. The problem requires determining the processing
sequence of customer orders while simultaneously considering lot streaming, no-wait,
blocking, and SDSTs. From an industrial management perspective, the problem is not
merely to minimize makespan, but to coordinate setup-intensive operations, bottleneck
resources, zero-buffer material flow, and order-level processing decisions under practical
computational limits. A detailed description of the production process and the resulting
scheduling characteristics is provided in Section 3.

To the best of our knowledge, no prior work has formulated or solved the 1-m-1 HFS
scheduling problem under the simultaneous presence of lot streaming, no-wait, blocking,
and SDSTs. This paper addresses this gap by developing an exact mathematical formulation
and practical solution algorithms for a real-world constrained production scheduling
problem. The main contributions of this study are as follows:

¢ We formally define a 1-m-1 HFS scheduling problem that simultaneously considers lot
streaming, no-wait, blocking, and SDSTs, motivated by a real-world insulation board
manufacturing process, and develop a mixed-integer programming (MIP) formulation.

*  We propose three families of dispatching heuristics, including a setup-time-based
greedy heuristic, rollout-based heuristics, and exchange-based heuristics, to obtain
high-quality solutions rapidly for practical production scheduling.

*  We develop a genetic algorithm (GA) with multiple selection and crossover operators
to obtain improved makespan solutions within a reasonable computation time.

*  We conduct computational experiments on instances generated based on real insula-
tion board production characteristics, compare the proposed algorithms in terms of
solution quality and computation time, and provide sensitivity analyses with respect
to setup time magnitude and the number of parallel machines at the second stage.

The remainder of this paper is organized as follows: Section 2 reviews the relevant
literature on HFS scheduling, lot streaming, no-wait and blocking constraints, and SD-
STs. Section 3 describes the insulation board production process and presents the MIP
formulation. Sections 4 and 5 introduce the proposed dispatching heuristics and the ge-
netic algorithm, respectively. Section 6 reports the computational experiments, sensitivity
analyses, and managerial implications. Section 7 concludes this paper and discusses future
research directions.

2. Literature Review

This section reviews studies related to the constrained hybrid flow shop scheduling
problem considered in this paper. Since the basic concepts of the four main characteristics—
lot streaming, no-wait, blocking, and sequence-dependent setup times (SDSTs)—were
introduced in Section 1, this section focuses on how each characteristic has been addressed
in the HFS scheduling literature, and how prior studies have combined them.

2.1. Hybrid Flow Shop Scheduling

The hybrid flow shop scheduling problem (HFSP) has been extensively studied be-
cause it represents a broad class of multi-stage manufacturing systems. Early review
papers established the theoretical foundation and classification framework of HFSPs. Linn
and Zhang [8] reviewed modeling and solution approaches, while Kis and Pesch [9] fo-
cused on exact solution methods for non-preemptive multiprocessor flow shop problems.
Wang [10] classified HFSP solution methods into exact algorithms, heuristics, and artificial-
intelligence-based approaches. Quadt and Kuhn [11], Ruiz and Vazquez-Rodriguez [1],
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and Ribas et al. [12] subsequently provided comprehensive taxonomies covering HFSP
variants, constraints, and solution methods. More recent reviews by Lee and Loong [13]
and Neufeld et al. [14] further summarized developments in flexible flow shop and multi-
objective HFS research.

Due to the NP-hard complexity of HFSPs, exact methods are generally applicable only
to small instances, whereas heuristic and metaheuristic approaches are widely adopted for
industrial-scale problems. As manufacturing systems have grown more complex, the clas-
sical HFSP has been extended to incorporate practical constraints such as lot streaming,
no-wait, blocking, sequence-dependent setup times, machine eligibility, and limited buffers.

2.2. HFS Scheduling with Lot Streaming

Lot streaming has been studied mainly in classical flow shop settings [3,15-17], but its
extension to HFS environments is more complex because sublots must be coordinated
across parallel machines within each stage. Early HFS lot-streaming studies therefore
often focused on two-stage systems. Kim et al. [18] considered a two-stage HFS in which
jobs are split into fixed-size lots for makespan minimization. Zhang et al. [19] studied
a multi-machine first stage with a single second-stage machine, proposing heuristics to
minimize mean completion time. Liu [20] developed exact and heuristic approaches for a
similar setting with a predetermined number of sublots. Cheng et al. [21] addressed the
joint determination of sublot number and size. Nejati et al. [22] investigated an assembly
HFS with multiple machines at both stages using a hybrid GA and simulated annealing.
Wang et al. [6] studied a two-stage paint manufacturing HFS with variable sublots and
sequence-dependent setup times.

Multi-stage HFS with lot streaming has received comparatively less attention. Naderi
and Yazdani [23] studied a general HFSP with sublots and SDSTs, minimizing total tardiness
under fixed sublot sizes. Zhang et al. [24] proposed a modified migrating birds optimiza-
tion algorithm for an HFSP with lot streaming to minimize total flow time. Chen et al. [25]
addressed energy-efficient HFS scheduling with lot streaming, while Shao et al. [26] re-
cently studied a distributed heterogeneous HFSP with lot streaming across factories of
different capacities.

Across this body of work, lot streaming consistently improves production performance
in HFS environments. However, the majority of these studies do not incorporate no-wait or
blocking constraints alongside lot streaming. These constraints fundamentally alter sublot
movement between stages and are characteristic of zero-buffer production systems such as
the insulation board process studied here.

2.3. HFS Scheduling with No-Wait and Blocking Constraints

No-wait and blocking constraints have been widely studied in flow shop environ-
ments; Hall and Sriskandarajah [4] provided a foundational survey of scheduling problems
involving both. In HFS settings, Sriskandarajah et al. [27] showed that the two-stage no-wait
HFSP is NP-hard for makespan minimization. Sriskandarajah [28] subsequently developed
heuristics with worst-case performance analysis for this problem. Xie et al. [29] proposed
algorithms for minimizing makespan in a two-stage no-wait HFSP, and Cheng et al. [30]
analyzed the computational complexity of two- and three-stage variants. Wang et al. [31]
developed a genetic algorithm for a two-stage no-wait HFS, and Wang et al. [32] proposed
a branch-and-bound approach for a related formulation. No-wait HFS models have also
been applied to operating room scheduling [33,34], and Rabiee et al. [35] studied a no-wait
HEFS with unrelated parallel machines, machine eligibility, and SDSTs.

Blocking constraints in HFS environments have received somewhat less attention.
Luo et al. [36] addressed a two-stage blocking HFS motivated by metalworking, while
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Missaoui et al. [37] proposed iterated greedy methods for a blocking HFS with due-date
windows. Aqil et al. [38] studied a blocking HFS with SDSTs, and Qin et al. [39,40]
developed iterated greedy algorithms for energy-efficient and distributed blocking HFS
variants. Meng et al. [41] extended classical HFSP models to include no-wait and blocking
as special cases within a unified MIP framework.

While no-wait and blocking constraints have both been studied in HFS settings, they
are almost invariably treated in isolation or combined with at most one additional feature.
No existing study examines a setting in which no-wait, blocking, and lot streaming coexist—
the very combination that characterizes the insulation board process modeled in this paper.

2.4. HFS Scheduling with Sequence-Dependent Setup Times

Sequence-dependent setup times have been actively studied in HFS scheduling be-
cause changeover requirements vary with product type. Kurz and Askin [42] were among
the first to address the HFSP with SDSTs, and subsequently proposed a random-key genetic
algorithm for the same problem [43]. Zandieh et al. [44] introduced an immune algorithm
and benchmarked it against the genetic algorithm. Subsequent work applied further meta-
heuristics, including agent-based GAs [45], simulated annealing [46,47], tabu search [48],
and trajectory-based methods [49].

Several studies have combined SDSTs with one other HFS characteristic. Wang et al. [50],
Jolai et al. [51], and Ramezani et al. [52] studied no-wait HFS with SDSTs. Aqil et al. [38]
and Maciel et al. [7] considered HFS with blocking and SDSTs. Naderi and Yazdani [23],
Nejati et al. [53], and Wang et al. [6] addressed lot streaming combined with SDSTs in
HEFS-related problems.

Taken together, these studies confirm the importance of SDSTs in practical HFS environ-
ments. Yet, in every case, SDSTs is paired with at most one of the other three characteristics—
no-wait, blocking, or lot streaming. No existing study embeds SDSTs within a model that
simultaneously imposes all three.

2.5. Learning-Based Approaches to HFS Scheduling

Beyond the heuristic and metaheuristic methods reviewed above, recent work has
applied deep reinforcement learning (DRL) and graph neural networks (GNNs) to HFS
scheduling. Zhao et al. [54] proposed an end-to-end DRL architecture based on a hetero-
geneous graph neural network for the general HFSP. Learning-based methods have also
been applied to HFS variants involving individual characteristics considered in this paper:
Zhao et al. [55] combined Q-learning with a cooperative meta-heuristic for no-wait flow-
shop scheduling with SDSTs; Chen et al. [56] proposed a Q-learning-based hyper-heuristic
for hybrid flow shop scheduling with lot streaming; and Wang et al. [57] developed a DRL
policy network for the blocking hybrid flow shop scheduling problem.

These studies demonstrate that DRL and GNN-based methods can be effective when
applied to HFS variants defined by one or two of the characteristics considered in this
paper. Despite this progress, we adopted the dispatching heuristics and genetic algorithm
(GA), rather than a learning-based approach, for two main reasons. First, designing a
state representation and reward signal that correctly captures the interactions among lot
streaming, no-wait, blocking, and SDSTs is a substantial undertaking in its own right, and no
existing learning-based formulation provides a starting point for this specific combination
of characteristics. Second, learning-based methods typically require a large number of
training instances to generalize reliably, whereas the industrial process motivating this
study is confidentiality-sensitive and does not provide access to a large historical dataset of
real production schedules. Dispatching heuristics and a metaheuristic, neither of which
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requires training data and both of which generalize directly from the problem definition,
are therefore better suited to the data availability constraints of our setting.

2.6. Research Gap

The preceding review shows that lot streaming, no-wait, blocking, and SDSTs have
each been actively studied in HFS scheduling, and that several partial combinations have
been explored. For example, lot streaming has been combined with SDSTs [6,23], no-wait
with SDSTs [50-52], and blocking with SDSTs [7,38]. However, no prior study appears to
have addressed all four characteristics simultaneously within a single HFS model.

This gap is not merely a matter of completeness. The four characteristics are coupled
through a chain of sequencing and resource-release decisions that only closes when all
four are present together: a sequencing choice made to reduce setup time determines how
quickly sublots arrive at a shared downstream resource, blocking determines how long
that resource stays occupied once congestion occurs, and the resulting delay in resource
release feeds back into upstream sequencing decisions for later orders. A model that omits
any one of the four characteristics breaks a link in this chain; so, a sequencing rule that
appears optimal under a partial model need not remain so once all four constraints act
together. Section 3.1 describes the specific mechanism by which this coupling arises in
our production setting, and our sensitivity results in Section 6.5 confirm it empirically:
the benchmark greedy rule, which sequences orders solely to minimize setup time, is
competitive only when the number of Stage 2 machines is large enough to absorb the
resulting congestion, and degrades sharply otherwise. Existing studies that combine at
most two of the four characteristics cannot expose this trade-off, and algorithms developed
for such partial models have no mechanism to account for it—which is the underlying
reason a dedicated formulation and tailored heuristics are necessary here.

This study addresses this gap by formulating a 1-m-1 HFS scheduling problem that
simultaneously incorporates lot streaming, no-wait, blocking, and SDSTs—a combination
that, to the best of our knowledge, has not been jointly considered in the existing literature.
The problem is motivated by a real insulation board manufacturing process, described in
detail in the next section.

3. Problem Description and Mathematical Formulation

This section formally defines the scheduling problem studied in this paper. Section 3.1
describes the insulation board manufacturing process and introduces the problem structure
and assumptions. Section 3.2 presents the mixed-integer programming (MIP) formulation.

3.1. Problem Description
3.1.1. Production Process

This study is motivated by a real-world scheduling problem encountered in the
production of phenolic foam insulation boards. The insulation board is manufactured by
forming a thermal core between two flexible facings. The production process consists of
three sequential stages: foaming (Stage 1), curing (Stage 2), and cutting (Stage 3).

At Stage 1, raw boards are continuously fed into the line and a mixture of phenolic
resin, catalyst, hardener, and blowing agent is sprayed onto each board through the nozzle
of a foaming tank. At Stage 2, the foamed boards are held inside curing chambers under
controlled temperature and humidity until the resin fully solidifies. Stage 2 consists of m
parallel curing chambers, each of which can accommodate a fixed number of boards at
a time. At Stage 3, the cured boards are precision-cut by a single cutting machine to the
thickness and length specified in each customer order.
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3.1.2. Orders and Sublots

The scheduling problem is to determine the processing sequence of a set of n cus-
tomer orders so as to minimize the total makespan. Each order j € | = {1,2,...,n}is
characterized by the board thickness and quantity required by the customer, which together
determine the processing times at each stage prior to scheduling.

Each order j is divided into smaller processing units called sublots, where each sublot
corresponds to the portion of the order that occupies one curing chamber at Stage 2. The
number of sublots /; is determined by the total board quantity and the chamber capacity,
and order j thus consists of sublots L; = {1,2,...,1;}. Because all curing chambers have
the same capacity, sublots of the same order have identical sizes and identical processing
times at every stage.

3.1.3. Operational Constraints

The three-stage process described above gives rise to all four characteristics considered
in this study, as illustrated in Figure 1. We first describe the lot-streaming structure, which
defines the sublot-level flow of each order, and then explain the stage-specific constraints
imposed on this flow.

Sequence-dependent setup

'

staget [T [2[8[4[5][1]2 28] [1[2]34 ———
[] order
w (I s e e [ orers
: : : 5 Y [] ordera
M2 1 ' >
Stage 2 ! 3‘, |<_’
M3 2 = > 4 |l
M4 2 |.,, ‘lr 1 I< ' No-wait
: <+ Block
stage 3 B E B3 E T2 38 fR[1[2]3]4]

Figure 1. Example Gantt chart of the insulation board production schedule.

Lot streaming: Because the curing stage is considerably longer than both the foaming
and cutting stages, it represents the bottleneck of the production process. To improve
overlap among successive stages and thereby reduce the overall makespan, each order is
split into sublots that can be processed across multiple curing chambers. This lot-streaming
structure allows the foaming, curing, and cutting operations of an order to proceed in an
overlapping manner while requiring the sublot flow to be coordinated with the no-wait
and blocking constraints. At Stage 3, orders are processed in the sequence determined
by their Stage 2 completion times—that is, the order whose last sublot completes curing
first is processed first at Stage 3. Sublots belonging to the same order are then processed
consecutively.

No-wait constraint (Stage 1 — Stage 2): Once a sublot completes foaming at Stage 1,
the foamed resin must immediately enter a curing chamber at Stage 2. Any delay between
the two stages causes the resin to begin solidifying outside the chamber, compromising the
structural integrity of the board. Accordingly, a sublot cannot wait between Stage 1 and
Stage 2: the start time of each sublot at Stage 2 is fully determined by its completion time at
Stage 1.

Blocking constraint (Stage 2 — Stage 3): There is no intermediate buffer between the
curing chambers and the cutting machine. Once curing is complete, a sublot must wait
inside its curing chamber until the cutting machine at Stage 3 becomes available to process
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it. During this waiting period, the curing chamber is occupied and cannot accept a new
sublot. This constitutes the blocking constraint: a sublot that has completed Stage 2 blocks
its curing chamber until Stage 3 can begin.

Sequence-dependent setup times (Stage 1): At the foaming stage, the setup time be-
tween consecutive orders depends on the difference in board thickness. A larger difference
in thickness between the preceding and the following order requires a longer reconfigura-
tion of the foaming equipment. Furthermore, for the same thickness difference, the setup
time is longer when the following order has a larger thickness than the preceding one,
because upsizing the board dimensions requires more careful adjustment than downsizing.
Let s, denote the setup time incurred at Stage 1 when order k is processed immediately
after order j.

3.1.4. Problem Summary

Using standard scheduling notation, the problem studied in this paper can be summa-
rized as follows:

*  The production process is a 1-m-1 HFS: Stage 1 and Stage 3 each have a single machine,
and Stage 2 has m identical parallel machines (m > 2).

*  There are n orders to be scheduled; order j € | consists of /; > 1 sublots of equal size.
All sublots of the same order have identical processing times at each stage.

* At Stage 1, a sequence-dependent setup time s > 0 is incurred when order k is
processed immediately after order j (j, k € |, j # k).

* A no-wait constraint exists between Stage 1 and Stage 2: each sublot must move to
Stage 2 immediately upon completing Stage 1.

* A blocking constraint exists between Stage 2 and Stage 3: a sublot that has completed
Stage 2 must remain on its machine until the Stage 3 machine becomes available.

*  All orders are available for processing at time zero. Preemption is not allowed.

The objective is to find an order sequence that minimizes the makespan Cpmax.

3.2. Mathematical Formulation

The mathematical symbols, sets, parameters, and decision variables used in the for-
mulation are summarized in Table 1 for reference.

Table 1. Notation used in the problem formulation.

Sets

J={1,2,...,n} Set of orders j
I={1,2,...,m}  Setof Stage 2 machines (curing chambers) i
L= {1,2,...,1i} Setofsublots ! of order j

Parameters
p]l Processing time of one sublot of order j at Stage 1
pjz. Processing time of one sublot of order j at Stage 2
p]3. Processing time of one sublot of order j at Stage 3
Sik Setup time at Stage 1 when order k immediately follows order j

C}, Completion time of sublot I of order j at Stage 1
Cl.z., Completion time of sublot ! of order j on machine 7 at Stage 2
Cjél Completion time of sublot  of order j at Stage 3
S .3 Binary variable that equals 1 if order j precedes order k at Stage 1 (or
k7 “jk Stage 3), and 0 otherwise
Vi Binary variable that equals 1 if sublot I of order j is assigned to machine i

at Stage 2, and 0 otherwise
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The scheduling problem described in Section 3.1 is formulated as the following mixed-

integer program.

min  Cpax

s.t.

1
Ch = pj, vje] )
Ciin) = Cii +pj, vie], VieL\{l;} 3)
Cia = i, +5jk + pic + (zj — )M, Vie Vke\{j} 4)
Ch = Ch+pi + (yij — )M, Viel, Vje] VIeL (5)
Clus) = Cin + 7 + Wias) + Vi — 2)M, Viel,Vje], VIeL 6)
Char = Coy + pic + Wijt + Vawr +2j —3)M, Viel,Vje], Yke ]\ {j},
VielLj, VI el 7)
Chor — Pt = Co = P} + (Wit +yar + 23, —3)-2M, Viel,Vje ] Vke]\{j},
VieL;, Vel (®)
Ci=Ch+p), VielVje] Viel, )
Cliyny 2 Ci+p3, vie], Vie L\ {} (10)
Ch = C +pi+ (Z — DM, Vi€ Ve \{j} (11)
Chig, 2 Cz'zjl]- + (Y, + Vg, + 2 — 3) - 2M, Vii' e, Vj€], Vke]\{j} (12)
Zj+z =1, Vie], Vke\{j} (13)
Ztz =1, vie] Ve T\ {j} (14)
m
;%‘jlzlr Vie], Vel (15)
Cmax > Cjj, Vie] (16)
zj, 2 € {0,1}, Vi€, Yke\{j} (17)
v € {0,1}, Viel,Vje], VIel; (18)

where M is a sufficiently large positive constant. The objective function (1) minimizes
the makespan, i.e., the completion time of the last sublot processed across all orders.
Constraint (2) ensures that the completion time of the first sublot of each order at Stage 1
is at least its processing time. Constraint (3) enforces sequential processing of the sublots
belonging to the same order at Stage 1: sublot [ 4 1 cannot complete before sublot | has
finished. Constraint (4) captures the sequence-dependent setup time between consecutive
orders at Stage 1. If order j precedes order k (i.e., zjl-k = 1), the first sublot of order k cannot
begin until the last sublot of order j has completed and the setup time s, has been served;
otherwise, the constraint is relaxed by the big-M term.

Constraint (5) enforces the no-wait condition between Stage 1 and Stage 2. When
sublot  of order j is assigned to machine 7 at Stage 2 (i.e., y;j = 1), its completion time at
Stage 2 equals its Stage 1 completion time plus the Stage 2 processing time, allowing for
no idle time between the two stages. When y;;; = 0, the big-M term renders the constraint
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inactive. Constraint (6) ensures that on each machine at Stage 2, consecutive sublots of
the same order are processed sequentially: if both sublot / and sublot ! 4- 1 of order j are
assigned to machine i, sublot / 4- 1 cannot begin before sublot / has finished. Constraint (7)
ensures that on each machine at Stage 2, the sublot of order k cannot start before the sublot
of order j has finished, provided that both sublots are assigned to the same machine i and
order j precedes order k at Stage 1.

Constraint (8) enforces the blocking condition between Stage 2 and Stage 3. The start
time of sublot I’ of order k on machine i at Stage 2 must be no earlier than the start time
of sublot [ of order j at Stage 3, whenever both sublots are on the same Stage 2 machine
and order j precedes order k at Stage 3 (i.e., z;’k = 1). This ensures that sublot / has vacated
the Stage 2 machine before sublot I’ can begin curing, reflecting the zero-buffer blocking
constraint. The coefficient 2M arises because three binary variables appear in the activation
term. Constraint (9) ensures that a sublot cannot begin processing at Stage 3 until its Stage 2
processing is complete. Constraint (10) enforces sequential processing of sublots of the
same order at Stage 3. Constraint (11) determines the processing order of orders at Stage 3:
if order j precedes order k at Stage 3 (i.e., z?k = 1), the first sublot of order k cannot start
until the last sublot of order j has finished. Constraint (12) links the Stage 3 processing
sequence to the Stage 2 completion times of the last sublots of consecutive orders. Together
with constraint (11), this prevents infeasible schedules in which a Stage 2 machine would
be required to release a sublot before the preceding order has completed Stage 3.

Constraints (13) and (14) ensure that for every pair of distinct orders, exactly one
precedes the other at Stage 1 and Stage 3, respectively. Constraint (15) ensures that each
sublot is assigned to exactly one machine at Stage 2. Constraint (16) defines the makespan
as the maximum completion time of the last sublot over all orders. Constraints (17) and (18)
specify the domains of the binary decision variables.

The MIP formulation above serves to formally characterize the feasible solution space
and the objective. Given the NP-hard complexity of the problem, we do not rely on the
MIP for computational experiments; instead, practical solution methods are developed in
Sections 4 and 5.

4. Dispatching Heuristics

Since the 1-m-1 HFS scheduling problem with lot streaming, no-wait, blocking, and SD-
STs is NP-hard, exact solution via the MIP formulation in Section 3.2 is feasible only for
small instances. For practical production environments where schedules must be gen-
erated quickly, we propose three families of dispatching heuristics: a greedy heuristic,
an exchange heuristic, and a rollout heuristic. All three heuristics operate on the or-
der sequence and evaluate candidate schedules using a common schedule evaluation
function, COMPUTESCHEDULE(K), which computes the makespan of a given sequence
K = (ky,ky, ..., ky) by simulating the 1-m-1 HFS under the no-wait, blocking, SDSTs,
and lot-streaming constraints defined in Section 3.1.

4.1. Greedy Heuristic

The greedy heuristic constructs an order sequence by exploiting the dominant role
of SDSTs at Stage 1. As noted in Section 3.1, the setup time sj; at Stage 1 decreases as the
thickness difference between consecutive orders diminishes, and the asymmetry of setup
times means that processing a thinner order immediately after a thicker one incurs less
setup time than the reverse. Because Stage 2 is the bottleneck of the production process and
typically determines the makespan, minimizing total setup time at Stage 1 directly reduces
idle time propagation into Stage 2.

The greedy heuristic therefore sorts all orders in descending order of board thickness.
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This sorting strategy minimizes the total SDSTs at Stage 1 by ensuring that the
thickness difference between consecutive orders is small and that the asymmetric setup
penalty associated with a thicker order following a thinner order is avoided. When the
number of Stage 2 machines m is sufficiently large to prevent bottlenecks at Stage 1,
this rule produces an optimal or near-optimal schedule. The resulting sequence serves
as the initial solution for the exchange and genetic algorithm described in Section 4.2
and Section 5, respectively.

4.2. Exchange Heuristic

The exchange heuristic is a local-search procedure that improves a given initial se-
quence by iteratively swapping pairs of orders. Starting from the given sequence, the algo-
rithm repeatedly examines pairwise swaps and applies the swap that yields the greatest
reduction in makespan, continuing until no improving swap exists. Two variants are
proposed: the 2-EX heuristic and the Grouped 2-EX heuristic.

4.2.1. 2-EX Heuristic

The 2-EX heuristic performs pairwise exchange over all pairs of orders in the current
sequence. At each iteration, every pair (i, j) withi < jis examined by temporarily swapping
orders at positions i and j in the sequence G, evaluating the resulting makespan via
COMPUTESCHEDULE(G), and then restoring the original order. The swap that yields
the minimum makespan Hipner is recorded. If hipner is strictly less than the current best
makespan Npeqt, the swap is permanently applied and the search continues; otherwise, the
algorithm terminates. The pseudocode is given in Algorithm 1.

Algorithm 1: 2-EX heuristic.
Input: Sequence of orders G

Output: Best sequence K = (ky,kp, ..., ky)
1 Mpest <~ COMPUTESCHEDULE(G);
2 while true do
3 hinner <= ©9;  ipest, Jbest < 0;

4 | fori< 0to|G|—1do

5 forj < i+1to|G|do

6 SwAPr(i, j,G); // 2-EX
7 T + COMPUTESCHEDULE(G); // Evaluation
8 if T < hinner then Ninper <= T ipest < 1 Joest < J;

9 SWAP(i,j,G); // Restore

10 if Hinner < Hpest then

1 ‘ hpest < Minner; SWAP(ibest’ jbest/ G); K+ G;
12 else
13 L break ; // Termination

4.2.2. Grouped 2-EX Heuristic

The Grouped 2-EX heuristic applies the 2-EX exchange logic at the level of thickness
groups rather than individual orders. The key observation is that, under SDSTs, orders of
the same thickness incur zero setup time between them; so, their relative order within a
group does not affect the total setup time at Stage 1. The algorithm therefore first groups
orders by board thickness and sorts the groups in descending order of thickness to form the
initial sequence G. It then applies pairwise swaps between adjacent groups, evaluating the
resulting makespan for each group-level swap. The swap that most reduces makespan is
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applied, and the process repeats until no further improvement is possible. The pseudocode
is given in Algorithm 2.

Algorithm 2: Grouped 2-EX heuristic.
Input: Set of orders | = {1,2,...,n}
Output: Best sequence K = (ky,kp, ..., ky)
1 K+ Q;
2 G < list of order groups, where each group contains all orders of the same

thickness, sorted in descending order of thickness;
3 hbest o
4 while true do

5 Hinner <= 09;  ipest, jbest <~ 0;

6 | fori< 0to|G|—1do

7 forj < i+1to|G|do

8 SwaAr(i, j,G); // 2-EX at group level
9 T <~ COMPUTESCHEDULE(G); // Evaluation
10 if T < hinner then hinner <= T ipest < 1 Joest < J;

1 Swar(i, j,G); // Restore

12 if Ninner < Hpest then

13 ‘ hpest < Ninner; SWAP(ibest/jbestr G); K+ G;
14 else
15 L break ; // Termination

4.3. Rollout Heuristic

The rollout heuristic is a sequential constructive procedure rooted in the rollout frame-
work of Bertsekas and Castanon [58], which evaluates each candidate decision at a given
stage by estimating its downstream cost using a base policy, rather than committing greed-
ily. The approach has been successfully applied to a variety of scheduling problems [59-62],
including those with blocking and no-wait constraints. We propose two variants: the basic
rollout heuristic and the two-step rollout heuristic, both of which rely on the Base heuristic
described below as their internal evaluation policy.

4.3.1. Basic Rollout Heuristic

The rollout heuristic builds the sequence one order at a time. At each step, every
unscheduled order i € S is tentatively placed next in the partial sequence K, and the cost
of this decision is estimated by appending the remaining orders via the Base heuristic
and computing the resulting makespan. The order that leads to the minimum estimated
makespan is permanently added to K and removed from S. This process repeats until all
orders are scheduled. The pseudocode is given in Algorithm 3.

The evaluation step of Algorithm 3 invokes BASE(C, start) (Algorithm 4), whose role
is to estimate the cost-to-go from a partial sequence C in which the first (start — 1) positions
are already fixed by the orders placed in K. Rather than accepting the arbitrary arrangement
of the unscheduled orders appended in the preceding lines, the Base heuristic refines the
remaining suffix of C by repeatedly applying pairwise adjacent exchanges until no further
improvement in makespan is possible, and returns the resulting makespan.
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Algorithm 3: Rollout heuristic.

1
2
3

11
12

Input: Set of orders | = {1,2,...,n}
Output: Best sequence K = (kq, ko, ..
K+ @;
S«
while |S| > 0 do
hmir\ < o0
foreachi € S do
C <+ K;
CONCAT(C,i);
foreach j € S\ {i} do CONCAT(C,);
h(i) < Basg(C, |K|+2);
if h(i) < hpin then hyin < h(1); ipest < 1

'/k}’l)

CONCAT(K, ipest);
S.REMOVE (ipest);

// Set of unscheduled orders

// Evaluation

Specifically, given a sequence C and a starting index start, the base heuristic scans all
adjacent pairs (i,i+ 1) in the suffix Cstart. .. n], temporarily swaps them, evaluates the
resulting makespan via COMPUTESCHEDULE, and restores the original order. The adjacent
swap yielding the greatest reduction is applied, and the scan repeats. The algorithm termi-
nates when a full scan produces no improving swap, and returns the best makespan found.
Because the base heuristic is invoked repeatedly inside the rollout loops, its computational
efficiency directly controls the overall running time of the rollout heuristics. Using adjacent
swaps (rather than all-pair swaps as in 2-EX) keeps each base heuristic call inexpensive
while still providing a meaningful quality signal for the rollout evaluation. The pseudocode
is given in Algorithm 4.

Algorithm 4: Base heuristic: BASE(K, start).

1
2
3
4

o 0w N o G

10
11
12
13

14

Input: Sequence of orders K; start index start
Output: Best makespan ltpegt
S+ K;
hbest & 09,
while true do
hinner <= 09;  ipest < 0;
fori < startto |S| — 1 do
Swapr(i, i+1, S);
T <+ COMPUTESCHEDULE(S);

Swapr(i, i+1, S);

if hinner < hbest then

else
L break ;

return fpeg;

if T < hinner then hipner <= T dpest < 1;

‘ hpest < Minner; SWAP(ibest/ Ipest + 1, S) ’

// Evaluation

// Restore

// Exchange

// Termination

4.3.2. Two-Step Rollout Heuristic

The two-step rollout heuristic extends the basic rollout by fixing two orders simultane-
ously at each iteration rather than one. At each step, every ordered pair (i, j) of distinct un-
scheduled orders is tentatively appended to K, and the cost is estimated via BASE(C, |K|+ 3)
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(Algorithm 4). The pair (ipest, jpest) that minimizes the estimated makespan is permanently
added to K and both orders are removed from S. Although evaluating all ordered pairs
increases the computational effort relative to the basic rollout, it enables a deeper lookahead
and typically yields solutions of higher quality. The pseudocode is given in Algorithm 5.

Algorithm 5: Two-step rollout heuristic.
Input: Set of orders | = {1,2,...,n}
Output: Best sequence K = (ky,kp, ..., ky)
1 K+ Q;
2 S+ J; // Set of unscheduled orders
3 Nmin ¢ 09;
4 while |S| > 1do

5 hmin < 0;

6 foreachi € S do

7 foreachj € S\ {i} do

8 C+ K

9 CoNcCAT(C,i,j);

10 foreach ! € S\ {i,j} do CONCAT(C,1);

1 h(i,j) < BASE(C, |K|+3); // Evaluation
12 if h(i,]) < hmin then hyin < 1(1,7); ipest <= i Joest < J;
13 CONCAT(Kr Ibests jbest)}
14 | S.REMOVE(ipest, Joest);

5. Genetic Algorithm

Although the dispatching heuristics proposed in Section 4 produce schedules rapidly,
their solution quality is limited by the greedy nature of the search. To obtain higher-
quality solutions within a reasonable computation time, we additionally propose a genetic
algorithm (GA). The GA evolves a population of permutation-encoded chromosomes over
multiple generations through selection, crossover, mutation, and elitist replacement. The
overall procedure follows the sequence population initialization — selection — crossover
— mutation — next-generation construction — termination check.

5.1. Encoding and Initialization

Each chromosome is encoded as a permutation vector (kq,ky, ..., k,) of the n orders,
representing the processing sequence at Stage 1. The fitness of a chromosome is evaluated
by COMPUTESCHEDULE(K), with a smaller makespan corresponding to higher fitness.

The initial population consists of Q = 100 x n chromosomes generated as random
permutations of the order set J]. The population size is set proportional to n to ensure
that the search space is adequately explored as the number of orders grows. Because
the number of feasible permutations grows factorially with n, scaling Q linearly with n
provides a reasonable balance between solution diversity and computation time. Prelimi-
nary experiments on a subset of the problem instances used in the computational study
(Section 6), with all other GA parameters fixed at the values reported in Section 5.6, showed
that varying the population-size multiplier alone (i.e., Q = multiplier x n) from 25 to 200
changes the average improvement over GRD by only about 0.25 percentage points, while
computation time increases from approximately 7 s to approximately 241 s; the multiplier
of 100 used throughout this paper balances solution quality with computation time.
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5.2. Selection

The selection step chooses parent chromosomes from the current population to un-
dergo crossover. We evaluated three selection methods—pairing selection [63], proportional
roulette wheel selection [64], and rank-based roulette wheel selection [65]—and adopted
rank-based roulette wheel selection in the final GA based on its best performance in pre-
liminary experiments. Detailed results of these preliminary experiments are presented in
Section 6.2.

In rank-based roulette wheel selection, all chromosomes in the current population
are ranked in ascending order of makespan (rank 1 for the smallest makespan), and a
selection probability proportional to rank is assigned to each chromosome. The fitness of
chromosome i with rank r; among Q chromosomes is defined as follows:

(ri—1)(SP—-1)
Q-1 7

where SP is the selective pressure parameter. A chromosome with rank r; = 1 receives

itness. (i) = SP — 2 x 1.0< SP <20, (19)
rank

the highest fitness value SP, while one with rank r; = Q receives 2 — SP. When SP ap-
proaches 1.0, selection probabilities become nearly uniform, promoting diversity; when
SP approaches 2.0, higher-ranked chromosomes are strongly favored. We set SP = 1.5
to balance exploitation of high-quality solutions with maintenance of population diver-
sity. Preliminary experiments on the problem instances used in the computational study
(Section 6), with all other GA parameters fixed at the values reported in Section 5.6, showed
that varying SP alone over the 1.0-2.0 range changes the average improvement over GRD
by less than 0.1 percentage points, confirming that GA performance is not sensitive to
this parameter.

5.3. Crossover

The crossover step combines two selected parent chromosomes to produce two off-
spring chromosomes. We evaluated seven crossover operators: three classical operators—
Partially Mapped Crossover (PMX), Modified Order Crossover (MOC), and Order
Crossover (OX1) [66]—and four building-block-based operators designed to preserve
meaningful partial orderings shared between parents—Similar Job Order Crossover (SJOX),
Similar Job 2-Point Order Crossover (SJ20X), Similar Block Order Crossover (SBOX),
and Similar Block 2-Point Order Crossover (SB20X) [67,68]. Preliminary experiments
across all test scenarios showed that SB20X achieved the highest average improvement
over the greedy heuristic, and it was therefore adopted in the final GA. Detailed results of
these preliminary experiments are presented in Section 6.2.

SB20X is based on the concept of a building block, defined as a sequence of at least
two consecutive genes that have identical values at the same positions in both parent
chromosomes P; and P,. The operator proceeds in three steps, as illustrated in Figure 2.

In Step 1 (building block inheritance), up to two building blocks are identified from P;
and P, and copied directly into the offspring S; and Sy at their shared positions, preserving
common partial orderings between the two parents. If no building block is shared between
the two parents, Step 1 contributes no positions, and the offspring are generated entirely by
Steps 2 and 3.

In Step 2 (two-point crossover), two random cut points are selected in P; and P,.
For offspring S1, the segment between the cut points is copied from P,; for offspring S,,
the corresponding segment is copied from P;. Genes already placed in Step 1 retain their
positions and are not overwritten.

In Step 3 (filling the remaining positions), the positions left unfilled after Steps 1 and 2
are completed by reading through the opposite parent sequentially and inserting genes not

https:/ /doi.org/10.3390/systems14080900


https://doi.org/10.3390/systems14080900

Systems 2026, 14, 900

16 of 28

yet present in the offspring. Specifically, the remaining positions of S; are filled from P,
and those of S, are filled from P,, skipping any gene already assigned.

Step 1 exploits convergent partial orderings accumulated in the population, while
Steps 2 and 3 introduce recombination diversity, achieving a balance between exploitation
and exploration.

building block building block

P, n14 11 13 16 19‘6‘1‘9‘18‘5 4 2
JEEEE - - - -EEEEEN - - BEEN
EEEN - - -EENEEN : - DREE
p, n14 11 13 16 6‘18‘5‘19‘7‘8 4 2

@)

gl

cut point cut point

ry [+ el EORRREREI I o] - KR [
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SRRED - -CONOCHE - - BEEN
ry [5]] FERRRER O[S Fa[7] » KM + [

(b)
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SIIIHHMﬂwWGW\WMM42ﬂlEI
5 g -DOR0H - - Ans
lelnamnwwsw\wwh4znla

(0)

Figure 2. Illustration of the SB20OX crossover operator applied to parent chromosomes P; and P;.
(a) Step 1: building blocks shared by P; and P, (highlighted in blue) are inherited directly by offspring
S1 and S at their shared positions. (b) Step 2: two cut points are selected and the segment between
them is copied from the opposite parent (P, — Sj, highlighted in green; P; — Sy, highlighted in
orange); positions filled in Step 1 are not overwritten. (c) Step 3: the remaining unfilled positions
are completed by reading sequentially through the same parent (P; for S1, P, for Sy), skipping genes
already present in the offspring.

5.4. Mutation

Mutation introduces random perturbations into the population to maintain diversity
and prevent premature convergence. For each chromosome in the population, mutation
is applied with probability r = 0.1. When triggered, |7, x n| swap operations are per-
formed, where r,,;, = 0.1, so that approximately 10% of the genes are displaced. Each swap
exchanges two randomly chosen positions in the chromosome. Using the same instances
as in Section 5.2, we also examined the sensitivity of the mutation parameters r and ry,,
with all other GA parameters fixed at the values reported in Section 5.6. Jointly varying r

https://doi.org/10.3390/systems14080900


https://doi.org/10.3390/systems14080900

Systems 2026, 14, 900

17 of 28

and ry, over the 0.1-0.5 range changed the average improvement over GRD by less than 0.2
percentage points, though computation time increased with both parameters; the smaller
values used here were retained accordingly.

5.5. Next-Generation Construction and Termination

After applying selection, crossover, and mutation to the current population of Q
chromosomes, Q offspring chromosomes are produced. The 2Q chromosomes comprising
the current population and the offspring are merged, and the best Q chromosomes by
makespan are retained to form the next generation. This elitist replacement strategy
ensures that the best solutions found are never discarded.

The GA terminates when the average improvement in makespan between consecutive
generations falls below a threshold relative to the greedy heuristic solution. Formally,
the termination condition is:

7 i=1 x 100 < 0.01 (%), (20)
GRD

where f!(i) is the makespan of chromosome i at generation t and fggrp is the makespan of
the greedy heuristic solution. This criterion stops the GA once the population has effectively
converged and further improvement becomes negligible.

5.6. Parameter Summary

Table 2 summarizes the parameter settings of the proposed GA.

Table 2. Parameter settings of the proposed genetic algorithm.

Parameter Value/Description

Chromosome encoding Permutation of n orders

Population size Q 100 x n

Initial population Q random permutations

Selection Rank-based roulette wheel (SP = 1.5)
Crossover SB20X

Mutation probability » 0.1

Mutation intensity 7, 0.1

Next generation Best Q of 2Q (elitist replacement)
Termination Average improvement < 0.01% of fgrp

6. Computational Experiments

This section presents computational experiments to evaluate the performance of the
proposed dispatching heuristics and genetic algorithm.

6.1. Instances

Test instances were generated randomly to reflect the characteristics of the real insu-
lation board production process described in Section 3.1. The numerical values used in
the instances were scaled so as not to correspond directly to any actual production data,
and units are omitted throughout.

Each order j € | is assigned a board thickness drawn uniformly at random from nine
discrete levels: {6,9,12,15,18,21,24,27,30}. The processing times of a sublot at each stage
are determined by the board thickness of the corresponding order. Specifically, the Stage 1
(foaming) and Stage 3 (cutting) processing times are inversely proportional to thickness,
while the Stage 2 (curing) processing time is directly proportional to thickness. The resulting
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processing time ranges are [38, 47.6] at Stage 1, [120, 360] at Stage 2, and [12.5, 42.5] at
Stage 3, with processing times drawn from a uniform distribution over the corresponding
interval at each stage. The number of sublots /; per order is sampled from a zero-truncated
Poisson distribution with mean A = 2. The setup time s at Stage 1 is determined by the
thickness difference between consecutive orders j and k, as described in Section 3.1. The
thickness difference is partitioned into intervals of width 5, and the setup time increases
by 4 for each interval: s = 4 for a difference of 1-5, s = 8 for 6-10, and s = 12 for 11-15,
up to a maximum of s = 20 for a difference of 21-25. In addition, when the following
order k has a greater thickness than the preceding order j (i.e., an upward thickness change),
the setup time is multiplied by a factor of 1.2, reflecting the asymmetric reconfiguration
cost described in Section 3.1.

Scenarios are defined by varying two factors: the number of Stage 2 machines
m € {3,4,5,6,7} and the number of orders n € {15,20,25,30,35,40}. The full factorial
combination yields 30 scenarios in total. Because the GA incorporates stochastic elements
in population initialization, selection, crossover, and mutation, we generate 10 independent
random instances per scenario, yielding 300 instances in total. Algorithm performance is
reported as the average improvement over the 10 instances within each scenario.

6.2. Preliminary Experiments on the Selection Method and Crossover Operator

Before finalizing the genetic algorithm described in Section 5, we conducted prelim-
inary computational experiments to select the selection method and crossover operator
used in the final GA from among the candidates introduced in Sections 5.2 and 5.3. These
experiments used the 300 random instances introduced above. All other GA parameters
were fixed at the values reported in Section 5.6; only the selection method or the crossover
operator was varied at a time.

We first compared the three candidate selection methods—pairing selection, propor-
tional roulette wheel selection, and rank-based roulette wheel selection. For each selection
method, the GA was run with each of the seven candidate crossover operators (PMX, MOC,
OX1, SJOX, 5J20X, SBOX, and SB20X) on all 300 instances, yielding 7 x 300 = 2100 evalua-
tions per selection method. Figure 3 shows the distribution, over these 2100 evaluations,
of the percentage improvement in makespan over the GRD heuristic achieved by the GA
under each selection method.

2.80% A
—1—

< 2.60% 1 Mean
S
§ 2.40% A .
©
£ 2.20%-
=4
2 2.00% - L
2
o
a 1.80%
E
X 1.60%

1.40% o

Pairing Proportional Rank-based

(SP =1.5)
Selection method

Figure 3. Distribution of the percentage improvement over GRD achieved by the GA, by selection
method (2100 evaluations per method: 7 crossover operators x 300 random instances).
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As shown in Figure 3, the three selection methods achieve broadly similar improve-
ment distributions. Rank-based roulette wheel selection achieved the highest average
improvement among the three and was therefore adopted as the selection method of the
proposed GA.

We then compared the seven candidate crossover operators using the same procedure,
fixing each crossover operator in turn and applying all three selection methods to the 300
instances, yielding 3 x 300 = 900 evaluations per crossover operator. Figure 4 shows the
resulting improvement distributions.

2.80% -

2.60% A

2.40% ﬁ
2.20% - -

2.00% A

1.80% 1

% Imp over GRD makespan

1.60% 1

1.40% -

MOC OX1 PMX SJOX S20X SBOX SB20X
Crossover operator

Figure 4. Distribution of the percentage improvement over GRD achieved by the GA, by crossover
operator (900 evaluations per operator: 3 selection methods x 300 random instances).

SB20X and SJ20X achieved the highest average improvement among the seven op-
erators, both clearly outperforming the three classical operators (PMX, MOC, OX1), as
well as the remaining building-block-based operators (SJOX, SBOX). SB20OX achieved a
marginally higher average improvement than SJ20X across the 900 instances and was
therefore selected as the crossover operator of the proposed GA. The GA configuration
resulting from this preliminary study—rank-based roulette wheel selection with SP = 1.5
and SB20X crossover—is the one used throughout the remainder of this paper.

6.3. Performance Analysis of Dispatching Heuristics and Genetic Algorithm

This section evaluates the performance of the proposed dispatching heuristics and the
GA relative to the greedy heuristic baseline. The algorithms compared are as follows:

*  GRD: greedy heuristic;

¢ GRD + 2EX: GRD followed by 2-EX local search;

¢ ROLL: rollout heuristic;

¢ ROLL + 2EX: ROLL followed by 2-EX local search;

e 2ROLL: two-step rollout heuristic;

¢ 2ROLL + 2EX: 2ROLL followed by 2-EX local search;
¢ GR2: grouped 2-EX heuristic;

¢ GR2 +2EX: GR2 followed by 2-EX local search;

*  GA: genetic algorithm.
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Algorithm performance is measured by the percentage improvement in makespan
relative to GRD, defined as follows:

CGRD _ CALG

Improvement(%) = —"F == x 100, (21)
Cmax

where CSRP is the makespan obtained by the greedy heuristic and CALC is the makespan

obtained by a given algorithm. All algorithms were implemented in C# and run on a PC
with 16.0 GB RAM and a 2.10 GHz CPU.

Table 3 reports the average improvement over GRD for each algorithm, aggregated by
the number of orders n. For a given n, there are five scenarios (one per value of m), each
with 10 random instances; so, each entry is averaged over 50 instances.

Table 3. Percentage improvement in makespan over the greedy heuristic (GRD) by number of

orders n.
n GRD + 2EX ROLL ROLL + 2EX 2ROLL 2ROLL + 2EX GR2 GR2 + 2EX GA
15 2.11 1.18 2.16 1.67 2.35 1.61 2.22 3.58
20 1.60 1.01 1.69 1.26 1.89 1.07 1.66 2.98
25 1.74 1.06 1.71 1.30 1.91 0.99 1.76 2.86
30 1.52 0.87 1.54 1.40 1.80 1.12 1.69 2.62
35 1.26 0.81 1.31 1.16 1.56 0.87 1.52 243
40 1.21 0.80 1.26 1.11 1.46 0.71 1.27 2.18
Avg 1.57 0.95 1.61 1.32 1.83 1.06 1.69 2.78

Several observations follow from Table 3. First, the improvement over GRD tends to
decrease as n increases. This is because larger instances provide fewer opportunities to ex-
plore permutation space, and because orders with similar thicknesses occur more frequently,
which, in turn, narrows the room for improvement over the greedy rule. Second, applying
the 2-EX local search after any base heuristic consistently yields additional improvement at
low computational cost, confirming the effectiveness of the post-processing step. Among
the dispatching heuristics, 2ROLL + 2EX achieves the best average improvement of 1.83%.
The GA outperforms all dispatching heuristics, achieving an average improvement of 2.78%
over GRD.

Figure 5 shows the computation times of the algorithms across different values of n.
The computation times of 2ROLL + 2EX and GA grow rapidly with n. In particular, the GA
requires up to approximately 60 s for n = 40, whereas all dispatching heuristics terminate
within a few seconds in all scenarios. Nevertheless, given that production schedules in the
actual manufacturing environment are planned well in advance, a computation time of
up to 60 s is practically acceptable. Thus, the GA provides a favorable trade-off between
solution quality and computation time.
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Figure 5. Computation time of each algorithm as a function of the number of orders n.

6.4. Comparison with Optimal Solutions for Small Instances

To assess the absolute solution quality of the proposed algorithms, we compare them
against optimal solutions obtained by complete enumeration for small instances with
n = 10 orders. When n = 10, the total number of feasible permutations is 10! = 3,628,800,
which is tractable for exhaustive search. Prior to adopting exhaustive enumeration, we
also attempted to solve the exact MIP formulation directly using Gurobi 13.0. Solving time
increased sharply with n, and for n > 10, regardless of m, the solver failed to prove optimal-
ity within the one-hour time limit. These results indicate that solving the exact formulation
directly with a general-purpose solver within a practical time budget is not feasible at
this scale; we therefore rely on exhaustive enumeration, which exploits the problem’s
permutation structure directly, to obtain the optimal solution for n = 10 instances.

The optimality gap is defined as follows:

CALG _Cx
Gap(%) = =2 —=2 x 100, (22)
Cmax
where Cj,, is the optimal makespan and CALS is the makespan produced by a given

algorithm. For each of the five values of m, 10 random instances are generated, and the
reported gap is averaged over these 10 instances.

Table 4 presents the optimality gaps for all algorithms when n = 10. Algorithms
combining a base heuristic with 2-EX (GRD + 2EX, ROLL + 2EX, 2ROLL + 2EX, GR2 +
2EX) all achieve gaps within approximately 1% of the optimum. Among these, 2ROLL +
2EX yields the smallest average gap of 0.88%. The GA achieves an average gap of only
0.04%, demonstrating that it identifies near-optimal solutions even for this relatively small
instance size.

Table 4. Optimality gap (%) relative to the exhaustive-search optimal solution for instances with
n = 10 orders.

m GRD GRD +2EX ROLL ROLL + 2EX 2ROLL 2ROLL +2EX GR2 GR2 + 2EX GA
3 3.87 1.34 3.08 0.99 2.18 0.79 2.33 1.49 0.05
4 4.03 1.99 2.79 1.99 3.16 0.99 1.99 1.80 0.06
5 4.49 1.50 3.42 1.50 2.71 1.14 2.35 1.43 0.07
6 3.84 1.61 3.07 1.23 2.38 0.85 2.69 1.31 0.00
7 1.61 0.80 1.53 0.80 2.01 0.64 1.05 0.64 0.00
Avg  3.57 1.45 2.78 1.30 2.49 0.88 2.08 1.33 0.04
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6.5. Effect of the Number of Stage 2 Machines

Figure 6 illustrates the performance of each algorithm as a function of the number of
Stage 2 machines m for the scenario with n = 30 orders. Each data point is the average
improvement over GRD across 10 random instances for that scenario.
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Figure 6. Percentage improvement over GRD as a function of the number of Stage 2 machines m
for n = 30.

The results reveal a non-monotone relationship between m and algorithm improve-
ment. As m increases from 3 to 5, improvement tends to rise; however, once m exceeds 5,
improvement declines. This pattern can be explained as follows: When m is small (e.g.,
m < 4), the Stage 2 curing chambers become a bottleneck due to insufficient capacity, caus-
ing delays that dominate the makespan regardless of sequencing decisions. Consequently,
the benefit of sequence optimization is limited. Conversely, when m is sufficiently large
(m > 5), the curing stage no longer creates a bottleneck, and the proportion of sequence-
dependent setup times in the total makespan increases. In this regime, GRD—which is
specifically designed to minimize setup times—becomes relatively more effective, nar-
rowing the improvement margin for the other heuristics. Across all values of m, the GA
consistently achieves the highest improvement.

6.6. Effect of Setup Time Magnitude

Figure 7 examines how the magnitude of sequence-dependent setup times affects
algorithm performance. Setup times are scaled by a multiplier « € {0,0.5,1.0,1.5,2.0}
relative to the base values defined in Section 6.1. Performance is averaged over all 300
random instances (30 scenarios x 10 instances each) for each value of a.
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Figure 7. Percentage improvement over GRD as a function of the setup time multiplier «.
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As « increases, setup times account for a larger share of the total makespan, which
amplifies the advantage of GRD—a greedy rule that directly minimizes setup times. As a
result, the improvement in the other algorithms over GRD decreases as « grows. Conversely,
when « is small, setup times contribute less to the makespan, and sequence optimization
beyond the greedy rule yields greater benefit. Across all values of «, the GA achieves the
highest improvement, confirming its robustness to varying setup time environments.

6.7. Stage 2 Ultilization and Work-in-Process Analysis

Because Stage 2 is the bottleneck of the production process, makespan is closely tied
to how effectively the m curing chambers are utilized. We also report the average work-in-
process (WIP) time per order, defined as the time elapsed between an order’s Stage 1 start
and its Stage 3 completion, averaged over all orders in an instance. Figure 8 and Figure 9
report makespan and average WIP time, respectively, for the GA as a function of both the
number of orders 7 and the number of Stage 2 machines m.
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Figure 8. Makespan achieved by the GA, as a function of the number of Stage 2 machines m, for each
value of n.
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Figure 9. Average work-in-process (WIP) time achieved by the GA, as a function of the number of
Stage 2 machines 1, for each value of n.
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As shown in Figure 8, makespan increases with 1 and decreases with m, as expected
given the additional parallel curing capacity. As shown in Figure 9, average WIP time per
order, by contrast, depends much more on m than on #: it falls from approximately 400 at
m = 3 to approximately 371-373 at m = 67, and is essentially flat across n at any fixed m,
indicating that an individual order’s flow time through the system is governed mainly by
curing-chamber availability rather than by how many other orders share the schedule.

To understand this pattern more directly, we decompose the total available Stage 2
machine time, m X Cpax, into three mutually exclusive components for each schedule:
busytime, during which a chamber is actively curing a sublot; blocking time, during which
a chamber holds a sublot that has finished curing but is still waiting for the Stage 3
machine to become available; and idle time, during which a chamber holds no sublot at
all. By construction, the percentages of busy, blocking, and idle time sum to 100% of the
available Stage 2 machine time for every schedule. Figure 10 reports this decomposition for
the GA, as a function of both n and m, with each cell averaged over 10 random instances.
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Figure 10. Stage 2 busy, blocking, and idle time (%) achieved by the GA, as a function of the number
of orders n and the number of Stage 2 machines m (each cell averaged over 10 random instances).

As shown in Figure 10, the number of Stage 2 machines m has a far stronger effect
on the utilization decomposition than the number of orders n. Averaged over all n, busy
time falls from 95.48% at m = 3 to 68.75% at m = 7, while blocking time rises from 0.15% to
2.49% and idle time rises from 4.38% to 28.76%; busy time increases only modestly with
n within each value of m (for example, from 93.1% to 96.9% at m = 3, and from 66.5% to
70.7% at m = 7). This is consistent with the sensitivity analysis in Section 6.5: when m is
small, the curing stage is heavily utilized and blocking is rare because Stage 3 rarely has
to wait; as m grows, chambers are used less intensively and both blocking and idle time
increase, reflecting the shift in the bottleneck away from Stage 2. Averaged over all 300
instances, the GA achieves 83.14% Stage 2 busy time, 1.34% blocking time, and 15.52%
idle time.

6.8. Summary and Managerial Implications

The computational experiments yield the following key findings and practical implica-
tions for production managers in insulation board manufacturing and similar hybrid flow
shop environments.

First, the GA consistently achieves the highest makespan improvement across all
scenarios, with an average of 2.78% over GRD, followed by 2ROLL + 2EX at 1.83% among
the dispatching heuristics. When higher solution quality is required and a computation
time of up to approximately one minute is acceptable, the GA is the recommended choice
for daily production planning. For small instances with # = 10, the GA achieves an average
optimality gap of only 0.04%, confirming near-optimal solution quality.

Second, applying the 2-EX local search as a post-processing step after any base heuristic
reliably yields additional improvement at negligible computational cost. When real-time
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scheduling decisions are required on the shop floor, the dispatching heuristics—particularly
2ROLL+2EX—provide high-quality schedules within seconds and serve as a practical
alternative to the GA.

Third, improvement over GRD tends to decrease as the number of orders 7 increases,
and the GA requires up to approximately 60 s for n = 40, which remains practically
acceptable given typical production planning horizons.

Fourth, the sensitivity analysis with respect to the number of Stage 2 machines m
reveals a non-monotone relationship: improvement peaks around m = 5 and declines for
both smaller and larger values. When m is small, curing-stage bottlenecks limit the benefit
of sequence optimization; when m is sufficiently large, setup times dominate the makespan
and the greedy rule becomes comparatively more effective. Managers should therefore
be aware that investing in additional curing chambers beyond a certain threshold yields
diminishing returns in terms of scheduling flexibility.

Finally, the sensitivity analysis with respect to setup time magnitude shows that the
benefit of advanced sequencing algorithms is greatest when setup times are small relative
to processing times. In environments where changeover times can be reduced through
tooling or process improvements, the relative advantage of the proposed heuristics over
simple greedy scheduling increases accordingly.

7. Conclusions

This paper studied the order-sequencing problem in a hybrid flow shop (HFS) arising
from an insulation board manufacturing process, with the objective of minimizing the total
makespan. The production environment simultaneously incorporates lot streaming, no-
wait and blocking constraints, and sequence-dependent setup times (SDSTs) at Stage 1—a
combination of practical constraints that has received limited attention in the existing HFS
scheduling literature. By addressing this problem, this study extends the scope of HFS
research while remaining grounded in an industrial application.

To solve the problem efficiently, we developed a suite of dispatching heuristics: a
rollout heuristic, a two-step rollout heuristic, and a grouped 2-EX heuristic, each option-
ally augmented with a 2-EX local-search post-processing step. These heuristics gener-
ate high-quality schedules within seconds, making them directly applicable to real-time
shop-floor decision making. For situations where higher solution quality is required, we
further proposed a genetic algorithm (GA) with rank-based roulette wheel selection and
SB20X crossover. The GA achieves an average makespan improvement of 2.78% over
the greedy heuristic across all scenarios, and an average optimality gap of only 0.04% on
small instances, demonstrating near-optimal solution quality within a computation time of
approximately 60 s even for the largest instances considered.

Sensitivity analyses revealed that the number of Stage 2 machines and the magni-
tude of setup times both have a significant influence on the relative performance of the
algorithms, providing actionable insights for production managers regarding equipment
investment and changeover reduction strategies.

Several directions remain for future research. First, the current study considers a single
Stage 1 machine for the foaming process; extending the model to allow for multiple parallel
machines at Stage 1 would increase the generality of the framework and better reflect
production environments with higher throughput requirements. Second, the proposed
algorithms treat all problem parameters as deterministic and known in advance. Incor-
porating uncertainty in processing times, setup times, or order arrival—through robust
optimization or stochastic scheduling approaches—would improve the practical robust-
ness of the resulting schedules. Third, the objective in this study is limited to makespan
minimization; future work could explore multi-objective formulations that simultaneously
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consider criteria such as total tardiness, energy consumption, or machine utilization, which
are of growing importance in sustainable manufacturing. Fourth, a further direction is the
adaptation of general-purpose metaheuristics from the broader HFS literature to the specific
combination of constraints considered here, enabling a direct comparison with the pro-
posed GA. Finally, the integration of the proposed heuristics with machine-learning-based
methods—for example, using reinforcement learning to adaptively select dispatching rules
based on the current system state—represents a promising avenue for further improving
solution quality in dynamic production environments.
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