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Abstract

The Permutation Flow Shop Planning Problem (PFSSP) is fundamental and frequently
encountered in manufacturing systems and service operations. This problem is known to
be NP-hard for three or more machines. Therefore, various heuristic and metaheuristic
algorithms exist to approximate solutions to the problem. The solutions produced by
deterministic heuristic algorithms are frequently used as initial solutions for population-
based metaheuristic algorithms because they provide feasible schedules of relatively high
quality within a short computational time. Heuristic algorithms are also divided into two
groups: deterministic and random. In this study, we aim to develop a new deterministic
method that improves both solution quality and computational efficiency. Rather than
replacing existing deterministic heuristics, we propose a method that aims to enrich the
design space of deterministic PFSSP heuristics by introducing two new problem-specific
sequence improvement operators inspired by classical sorting principles. The proposed
method is based on the integrated use of three complementary components: (i) a Bubble-
Swap-based neighborhood structure that increases local search power, (ii) an NEH-style
insertion mechanism that uses the strong insertion logic of the classical NEH algorithm,
and (iii) a Merge-Global-Swap strategy that provides global optimization based on the
completion time value of the entire sequence at each merge step. By integrating these three
components, we develop a new deterministic hybrid algorithm called BNMG (Bubble–
NEH–Merge–Global). We also call the locally search-enhanced version of our algorithm
BNMG-II. Furthermore, we propose a new metric that accounts for computation time
to evaluate the performance of the algorithms. When we comprehensively compare the
BNMG and BNMG-II algorithms with the classical NEH, the recently developed vN-NEH
and NEH-II, vN-NEH+ algorithms in Taillard test problems, we report that they exhibit
superior performance according to the mean relative deviation metric (M1/ARPD) and the
proposed new metric.

Keywords: heuristic algorithm; makespan minimization; meta-heuristic algorithm; NEH
algorithm; scheduling problem

1. Introduction
Heuristic, metaheuristic, and hybrid algorithms are successfully applied to path

planning [1,2], collaborative filtering [3,4], supply chain management [5–7], various predic-
tion problems [8], community detection [9–11], and other applications. One of these broad
application areas is scheduling problems.
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Scheduling problems are one of the most fundamental and intensively studied prob-
lem classes in operations research and combinatorial optimization. These problems are
generally divided into two main groups: job/machine scheduling and project scheduling.
In job/machine scheduling problems, the aim is to allocate a limited number of resources
as efficiently as possible under specific process sequences and technological constraints.
Processor scheduling applications in production lines and computer systems can be given
as examples of this class. In project scheduling problems, the aim is to optimize the project
completion time or total cost by considering the priority relationships between activities
and resource constraints.

One of the most commonly studied problem classes in the production planning
literature is the Flow Shop Scheduling Problem (FSSP) [12–16]. The fact that this problem
is directly related to real-world applications such as production systems, assembly lines,
and service operations increases its importance both academically and industrially.

The Permutation Flow Shop Scheduling Problem (PFSSP) is a special case of the FSSP
in which all jobs follow the same processing order across the machines. The most common
objective function in this problem is to minimize the total completion time (makespan),
which represents the time it takes for the last job to complete on the last machine. PFSSP is
an NP-hard problem for three or more machines, and the exponential growth of the solution
space as the problem size increases significantly limits the applicability of exact solution
methods. Therefore, the literature focuses on developing heuristic and metaheuristic
methods that can produce high-quality solutions within acceptable computation times [17].

Among deterministic heuristic methods, the Nawaz–Enscore–Ham (NEH) algorithm [18]
is considered one of the most effective approaches for PFSSP. The NEH algorithm constructs
the solution incrementally by sorting jobs according to their total processing times and
then placing each job in the most optimal position within the partial sequence. Despite its
simple structure, the NEH algorithm has formed the basis of many studies in the literature
due to its successful balance between solution quality and computation time.

In recent years, approaches incorporating rich neighborhood structures and addi-
tional local search strategies have been proposed to make the NEH algorithm more flex-
ible. In this context, the vN-NEH and vN-NEH+ algorithms developed by [19] are note-
worthy for integrating variable neighborhood structures into the fitting phase. Such ap-
proaches demonstrate that a wider solution space can be effectively explored within a
deterministic framework.

Despite the widespread use of metaheuristic and stochastic methods, deterministic
heuristic algorithms continue to play an important role in the scheduling literature. Their
main advantages include full reproducibility, the absence of parameter tuning, low compu-
tational cost, and the ability to generate high-quality feasible schedules in a deterministic
manner. These characteristics make deterministic heuristics particularly attractive for
large-scale scheduling problems and real-time decision-making environments. Moreover,
deterministic heuristics are frequently employed as standalone solution methods and are
also commonly adopted as initialization procedures or components of hybrid optimization
frameworks. However, the effectiveness of a particular deterministic heuristic as an initial-
ization strategy depends on the characteristics of the metaheuristic in which it is embedded.
Therefore, in this study, the proposed BNMG framework is evaluated solely as a standalone
deterministic heuristic, while its integration into metaheuristic frameworks is left as future
work. Consequently, developing new deterministic search operators and improving the
solution quality of deterministic heuristics remain important research directions in the
PFSSP literature.

In this study, a new deterministic hybrid algorithm called BNMG
(Bubble–NEH–Merge–Global) is proposed for PFSSP. The proposed method is based on the
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integrated use of three complementary components: (i) a Bubble-Swap operator that pro-
vides local improvement by swapping between neighboring jobs, (ii) an NEH-like insertion
mechanism that produces high-quality partial solutions, and (iii) a Merge-Global-Swap
approach that makes decisions by considering the makespan value of the entire sequence
in each merging step.

Additionally, an extended BNMG-II algorithm with an iterative improvement step is
also presented. The most important feature of the proposed Merge-Global-Swap mechanism
is that decisions are made not only based on local sub-arrays, but also considering the
performance of the entire work array. In this respect, the method differs from the local
decision mechanisms commonly used in classical NEH and its derivatives. Furthermore,
the Bubble-Swap operator is systematically considered as a deterministic neighborhood
structure for PFSSP.

The main contributions of this study are summarized as follows:

• A new deterministic constructive heuristic, BNMG, is proposed for the PFSSP. Unlike
previous NEH-based heuristics, BNMG introduces two problem-specific search op-
erators inspired by the principles of Bubble Sort and Merge Sort. To the best of our
knowledge, these sorting concepts have not previously been adapted as optimization
operators for the PFSSP.

• Rather than serving merely as an initialization mechanism, BNMG is designed as a
standalone deterministic scheduling algorithm that directly improves solution quality
while preserving the computational efficiency of the classical NEH heuristic.

• The proposed Merge-Global-Swap mechanism performs global sequence refinement
by evaluating the makespan after each merge stage rather than relying solely on
adjacent insertion-based improvements.

• An enhanced version, BNMG-II, incorporates an additional deterministic local im-
provement phase, providing further solution improvements without introducing
stochastic components or parameter tuning.

• The proposed algorithms are extensively evaluated on all 120 Taillard benchmark
instances and compared with five representative deterministic heuristics using both
solution-quality and time-aware performance metrics. Additional runtime and statis-
tical analyses are also provided to support the experimental findings.

Accordingly, the objective of this study is not to develop an initialization strategy
for metaheuristic algorithms, but to design a competitive standalone deterministic heuris-
tic that improves the performance of the classical NEH framework while preserving its
computational efficiency.

The rest of the article is organized as follows: Section 2 presents the relevant literature.
Section 3 provides the problem definition and basic representations. We describe the
proposed algorithm in Section 4. Section 5 includes the experimental results and analyses.
Finally, we discuss the results of the study in Section 6.

2. Related Work
The Permutation Flow Scheduling Problem (PFSSP) is a significant problem both

theoretically and due to its applications in production and service systems. This problem
has been extensively studied by researchers for many years. It is known that the problem is
NP-hard for three or more machines. Therefore, exact solution methods such as branching
and bounding, dynamic programming, and mixed integer programming are only effi-
cient for small-scale problems. This situation has made the development of heuristic and
metaheuristic methods for finding approximate solutions attractive to researchers.

As mentioned above, the Nawaz–Enscore–Ham (NEH) algorithm is one of the most
efficient methods for PFSSP. The NEH algorithm iteratively generates the solution by
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sorting jobs according to their total processing times and then placing each job in the
optimal position within a partial sequence.

Subsequent studies have attempted to improve NEH through various strategies.
Fernandez-Viagas and Framinan [20] proposed the Fast NEH (FNEH) algorithm, which
reduces computational time without significantly affecting solution quality. Rajendran [21]
developed a heuristic algorithm for scheduling that aims to minimize the total flow time
of jobs in a flow shop. In this algorithm, the author developed a heuristic preference
relation and used it as the basis for job insertion. Dong et al. [22] and Kalczynski and
Kamburowski [23] developed improved versions of the NEH algorithm, which refines the
initial NEH sequence by selectively interchanging jobs with large total processing times if
the swap reduces the makespan. In this study, we used Dong et al.’s refinement for compar-
ison and used the abbreviation NEH-II for this algorithm throughout. Puka et al. [19,24]
developed N-NEH+, vN-NEH, and VN-NEH+ algorithms as modifications of the NEH
algorithm. Other studies explored modifications to the job ordering phase [25,26], insertion
rules [27], greedy approach [28,29] or local search integration [30,31].

Machine-based heuristics aim to incorporate information about machine workloads
and idle times into the sequencing process. Early studies employed load-based priority
rules, such as those minimizing machine utilization variance or balancing processing times
among machines [32–34]. These studies combined machine load metrics with constructive
insertion rules to achieve better initial sequences.

Another line of research focuses on block-based heuristics, where groups of jobs
(blocks) are inserted or rearranged together rather than individually. Block insertion and
pairwise evaluation techniques have been shown to accelerate convergence and improve
local sequencing decisions [35–37].

The incorporation of local improvement phases—particularly those inspired by NEH-
II—has proven effective in refining heuristic schedules. The NEH-II procedure performs
selective job interchanges among the most time-consuming jobs, improving the global
sequence without significant computational overhead. Inspired by this, several NEH
hybrids have adopted similar post-optimization phases [26].

Metaheuristic algorithms such as genetic algorithms (GA), teaching–learning-based
optimization (TLBO), particle swarm optimization (PSO), and simulated annealing (SA)
have also been extensively applied to PFSSP. Recent studies emphasize hybridization—e.g.,
GA–NEH, memetic algorithms, and TLBO with NEH initialization—to improve conver-
gence speed and solution quality [38].

In [39], a hybrid Grey Wolf Optimization (HGWO) approach is proposed. First,
a cooperative initialization strategy based on the tent chaotic map and the improved
Nawaz–Enscore–Ham (NEH) method is presented to improve the quality of the initial solu-
tion. Second, a Lévy flight strategy is integrated to balance the exploration and exploitation
processes of the problem features. Third, a critical block replacement mechanism based
on the critical path approach is proposed along with crossover and mutation strategies to
avoid getting stuck in local optima.

Fazekas et al. [40] propose a novel combination of two powerful heuristics previ-
ously developed by the authors—the discrete bacterial memetic evolution algorithm and
a suitably adapted Monte Carlo tree search approach. They develop a hybrid algorithm
by combining these two methods. The authors evaluated the proposed algorithm on the
Taillard benchmark dataset.

In the study [41], to monitor current trends in the field and to more comprehensively
examine the improvement capabilities of Particle Swarm Optimization (PSO), the standard
PSO was first developed. This structure was then adapted to solve Permutation Flow Shop
Scheduling Problems (PFSP) and hybridized with Variable Neighborhood Search (PSO-
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VNS) and Simulated Annealing (PSO-VNS-SA). The effectiveness of the hybridization was
verified through internal comparisons conducted by Taillard on 120 examples generated
with different problem sizes. Furthermore, additional comparisons with other hybrid
metaheuristic methods reported in the literature revealed that the hybrid PSO (HPSO) de-
veloped in this study exhibits exceptional performance. The low ARPD (Average Relative
Performance Difference) value of 0.48 achieved by the algorithm demonstrates its signifi-
cantly superior performance compared to other methods in both structural robustness and
production time improvement.

Khurshid et al. [42] propose an Improved Evolution Strategy to reduce the total
completion time of the PFSSP. Two variants of this strategy, ES5 and ES10, have been
developed. The initial solution is based on the shortest processing time rule. The ES5
approach produces four offspring from a single parent, while the ES10 approach produces
nine. The selection pool is defined to consist of both the parents and offspring. To minimize
computational time and perform an efficient search in the solution space, a quadruple swap
mutation operator is proposed. Furthermore, a variable mutation rate is used to improve
the results, gradually decreasing the mutation rate as the number of iterations increases.

Mishra and Shrivastava [43] aim to investigate the performance of the Jaya algorithm
on the permutation flow shop scheduling problem. First, to adapt the Jaya algorithm to
this problem, a random priority value is assigned to each job in the permutation sequence.
Second, the generated job priority vector is transformed into a job permutation vector using
the Maximum Rank Value rule. Mishra and Shrivastava [44] proposed a Hybrid Iterative
Greedy-based Jaya algorithm (HIGJ). The proposed approach integrates the population-
based optimization structure of the Jaya algorithm with the single-solution-based Iterative
Greedy (IG) algorithm to ensure that population members arrive at better solutions. The
primary objective is to minimize the total completion time. The destruction and construction
phases of the Iterative Greedy algorithm are integrated into the optimal solution of the
Jaya algorithm. Furthermore, a local search method is incorporated into the algorithm
to improve the overall quality of candidate solutions and enable faster convergence to
the optimal solution. To evaluate the effectiveness of the proposed HIGJ algorithm, a
comprehensive comparative study and statistical analysis are conducted using publicly
available benchmarks.

In the study [45], three metaheuristic optimization algorithms based on discrete dif-
ferential evolution (DE) are implemented to minimize the total completion time in PFS
scheduling problems. To this end, three different optimization approaches based on Dis-
crete Differential Evolution and Discrete Self-Adaptive Differential Evolution (DSDE) are
proposed, namely DDE-PFS, DSADE-PFS1, and DSADE-PFS2, respectively. Numerical
benchmarks presented by Carlier (CB), Heller (HB), Reeves (RB), and Taillard (TB) are
used to evaluate the effectiveness of the proposed algorithms. The performances of the
optimization methods are comprehensively analyzed using relative percentage error (RPE),
convergence behavior, standard deviation (Std), and Friedman and post hoc Nemenyi
statistical tests.

The studies [46,47] propose an improved version of the tabu search algorithm to solve
the problem.

Existing studies in the literature reveal that most proposed methods either focus on
improving NEH-based structures through a specific component or resort to meta-heuristic
hybrid approaches to achieve strong performance. However, an integrated structure that
enhances local search power, preserves NEH’s effective insertion mechanism, and enables
global decision-making across the entire sequence within a deterministic framework has
been addressed to a limited extent. In this study, we aim to fill this gap by combining Bubble-
Swap-based local improvement, NEH-style insertion, and Merge-Global-Swap global
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decision-making mechanisms under a single deterministic hybrid structure. Furthermore,
in contrast to performance evaluations that mostly focus solely on solution quality in the
literature, we propose a new metric that considers both solution quality and computation
time, thus providing a different perspective on the evaluation process.

Although Bubble Sort and Merge Sort are among the most fundamental comparison-
based sorting algorithms in computer science, their underlying principles have not previ-
ously been adapted as deterministic neighborhood generation mechanisms for the PFSSP.
This study explores this unexplored direction by redesigning these sorting concepts as
makespan-oriented sequence improvement operators.

3. Preliminaries
3.1. Mathematical Model of the PFSSP

The Permutation Flow Shop Scheduling Problem (PFSSP) is a scheduling problem that
requires n jobs to be processed in the same order on m machines. The goal is to minimize
the makespan value, which is the time it takes for the last job to be completed on the
last machine.

Some notation for the mathematical model of the problem is included.

3.1.1. Notations

J = {1, 2, . . . , n}: Set of jobs.
M = {1, 2, . . . , m}: Set of machines.
pj,k: Processing time of job j on machine k.
Cj,k: Completion time of job j on machine k.
π = (π1, π2, . . . , πn): Permutation of all jobs on all machines, where πi represents the

job processed at position i in the schedule.
Cmax = Cπn ,m, which is called as makespan.

3.1.2. Definition of the Problem

In this study, we address the following problem:

min Cmax (1)

under the constraints

Cj,k ≥ Cj,k−1 + pj,k ∀j ∈ J, k = 2, . . . , m (2)

Cπi ,k ≥ Cπi−1,k + pπi ,k ∀i = 2, . . . , n, k ∈ M (3)

Cπ1,1 = pπ1,1 (4)

Cπi ,k ≥ max
(

Cπi ,k−1, Cπi−1,k

)
+ pπi ,k

∀i = 2, . . . , n, k = 2, . . . , m
(5)

Here, (2) is a flow-type processing constraint, which means that each job must be
processed in a fixed order on the machines; (3) is a machine capacity constraint, showing
that each machine can process only one job at a time; and (4) represents the start time
constraint. Constraint (5) recursively defines the completion time of each job on each
machine. Since the first job and the first machine are separately initialized by Constraint (4),
Equation (5) is applied only for i = 2, . . . , n and k = 2, . . . , m.
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3.2. NEH Algorithm

Algorithm 1 provides a standard implementation of the classical NEH heuristic,
generating a sequence of jobs by incrementally placing jobs in positions that minimize
their completion times. Owing to its simplicity, computational efficiency, and consistently
competitive solution quality, the NEH algorithm has remained one of the most influential
deterministic heuristics for the PFSSP. Therefore, it is frequently used as a benchmark in
evaluating the performance of new methods proposed in the literature.

Algorithm 1 NEH Algorithm (Nawaz–Enscore–Ham)

Require: n jobs, m machines, processing times pij
Ensure: Job permutation π

1: Compute total processing time for each job:

Ti =
m

∑
j=1

pij, i = 1, . . . , n

2: Sort jobs in decreasing order of Ti
3: Let the sorted list be ⟨j1, j2, . . . , jn⟩
4: Evaluate sequences (j1, j2) and (j2, j1)
5: Set π to the sequence with smaller makespan
6: for k = 3 to n do
7: best_Cmax ← ∞
8: for r = 1 to k do
9: Insert job jk at position r in π

10: Compute makespan Cmax
11: if Cmax < best_Cmax then
12: best_Cmax ← Cmax
13: π∗ ← current sequence
14: end if
15: end for
16: π ← π∗

17: end for
18: return π

3.3. NEH-II Algorithm (Iterative Improvement NEH)

In the literature, applying an additional local optimization (post-optimization) phase
to the initial permutation has become a common approach to improve the solution quality
of the NEH algorithm. In such methods, the initial sequence generated by NEH is not
considered fixed; instead, each job is sequentially removed from its current position and
repositioned to all possible positions, and the completion times of the resulting permuta-
tions are compared. If a better solution is found, the new permutation is accepted, and
the process is repeated until no improvement remains. This approach can provide sig-
nificant improvements in solution quality by creating an additional local search layer for
NEH-based heuristics [48,49].

In this study, this approach is called “NEH-II”. Here, the “II” represents the iterative
improvement phase applied following the constructive NEH phase of the algorithm. The
NEH-II algorithm consists of two main phases:

• Constructor phase: An initial job sequence is generated using the standard NEH algorithm.
• Refining phase: An iterative insertion-based local search is applied to the resulting

permutation, where each job is repositioned to all possible locations.

The NEH-II algorithm is summarized in Algorithm 2.
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Algorithm 2 NEH-II Algorithm

Require: Processing time matrix Pn×m
Ensure: Improved job sequence S∗ minimizing makespan

1: Compute total processing time for each job:

Ti =
m

∑
j=1

Pij, i = 1, . . . , n

2: Sort jobs in decreasing order of Ti
3: Let the ordered list be ⟨j1, j2, . . . , jn⟩
4: Evaluate sequences (j1, j2) and (j2, j1)
5: Select the better one as initial sequence S
6: for k = 3 to n do
7: for r = 1 to |S|+ 1 do
8: Temporarily insert job jk at position r in S
9: Compute the corresponding makespan

10: end for
11: Fix job jk at the position yielding minimum makespan
12: end for
13: S∗ ← S
14: improved← true
15: while improved do
16: improved← false
17: for each job i ∈ S∗ do
18: for each position pos ∈ {1, . . . , |S∗|} do
19: Remove job i from its current position
20: Insert job i at position pos
21: Compute the makespan of the new sequence
22: if makespan < best_makespan then
23: Update S∗ and best_makespan
24: improved← true
25: end if
26: end for
27: end for
28: end while
29: return S∗

3.4. vN-NEH

vN-NEH adds a variable neighborhood mechanism based on adjacent swaps to the
classic NEH structure. vN-NEH+ strengthens this structure with iterative re-insertion
similar to NEH-II. Both algorithms rely on local decision mechanisms; swap or insertion
operations are evaluated via partial sequences.

3.5. vN-NEH+

The Algorithm 3 aims to improve solution quality by adding a variable neighborhood
mechanism based on neighbor swapping to the classical NEH constructor heuristic. How-
ever, this structure is limited to local swap improvements. Therefore, an extended version
of the vN-NEH algorithm with an additional re-insertion-based local search phase has been
proposed in the literature to further improve solution quality. This extended version is
called vN-NEH+.

In the Algorithm 4, the initial permutation is first obtained by running the vN-NEH
procedure, then each job is removed from its current position and repositioned to all
possible positions within the permutation. The completion time of each new permutation
is calculated, and only changes that provide improvement are accepted. This process
continues iteratively until no improvement remains.

https://doi.org/10.3390/sym18081285

https://doi.org/10.3390/sym18081285


Symmetry 2026, 18, 1285 9 of 24

Algorithm 3 vN-NEH Algorithm

Require: Processing time matrix P with n jobs and m machines
Ensure: Job sequence π minimizing makespan

1: Compute total processing time Tj = ∑m
k=1 Pj,k for each job j

2: Sort jobs in decreasing order of Tj to obtain list L
3: Initialize π ← [L1]
4: for i = 2 to n do
5: job← Li
6: πbest ← ∅, Cbest ← ∞
7: for pos = 0 to |π| do
8: Insert job into π at position pos to obtain π′

9: Compute makespan Cmax(π′)
10: if Cmax(π′) < Cbest then
11: πbest ← π′

12: Cbest ← Cmax(π′)
13: end if
14: end for
15: π ← πbest

▷ Variable Neighborhood swap improvement
16: for all adjacent pairs (i, i + 1) in π do
17: Swap jobs at positions i and i + 1 to obtain π′′

18: if Cmax(π′′) < Cmax(π) then
19: π ← π′′

20: end if
21: end for
22: end for
23: return π

Algorithm 4 vN-NEH+ Algorithm

Require: Processing time matrix P
Ensure: Improved job sequence π

1: π ← vN-NEH(P)
2: repeat
3: improved← false
4: for i = 1 to |π| do
5: Remove job πi from sequence to obtain π−

6: best_local ← π, Cbest ← Cmax(π)
7: for pos = 0 to |π−| do
8: Insert πi into π− at position pos to obtain π′

9: Compute Cmax(π′)
10: if Cmax(π′) < Cbest then
11: best_local ← π′

12: Cbest ← Cmax(π′)
13: improved← true
14: end if
15: end for
16: π ← best_local
17: end for
18: until improved = false
19: return π

4. Proposed Methodology
4.1. General Structure of the BNMG Algorithm

In this study, a new deterministic heuristic algorithm, called BNMG, is proposed for
solving the PFSSP. Rather than modifying only the insertion mechanism of the classical
NEH heuristic, BNMG integrates three complementary deterministic search operators:
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NEH-based constructive insertion, Bubble-Swap local refinement, and Merge-Global-Swap
sequence optimization. These operators work cooperatively to improve schedule quality
while maintaining the low computational complexity, deterministic behavior, and repro-
ducibility of the algorithm.

The proposed algorithm is named BNMG (Bubble–NEH–Merge–Global) and consists
of four basic stages:

1. Generating the initial solution: In the first stage, jobs are sorted according to their
total processing times in descending order.

2. Local optimizing with Bubble-Swap: A deterministic local search operator, in-
spired by bubble sort logic based on swapping neighboring job pairs, is applied
to the obtained initial permutation. This operator only accepts swaps that improve
completion time.

3. Reconstructive repositioning: The job order obtained after the Bubble-Swap phase is
re-evaluated using the NEH algorithm’s placement procedure.

4. Merge-based global optimization: In the final stage, the permutation is recursively
divided into sub-sequences, and the effect of job pair swapping on the entire permuta-
tion during the merge process is evaluated.

We give the general flow of the algorithm in Algorithm 5. We describe the procedures
Bubble-Swap and Merge-Global in detail in Section 4.2 and Section 4.3, respectively.

Algorithm 5 BNMG Algorithm

Require: Job set J, processing time matrix P
Ensure: Final job permutation π∗

1: π ← DESCENDING_ORDER(J, P)
2: π ← BUBBLE-SWAP(π, P)
3: π ← NEH_CONSTRUCT(π, P)
4: π∗ ← MERGEGLOBAL(π, P)
5: return π∗

4.2. Bubble-Swap Operator

The second stage of the BNMG algorithm proposed in this study is the Bubble-Swap
operator, a deterministic local search operator based on the swapping of adjacent pairs
of jobs. While inspired by the classical adjacent swap adjacency structure, this operator
follows the structural features of the bubble sort algorithm in terms of its search strategy.

The Bubble-Swap operator iterates from left to right on a given initial permutation,
testing only the swapping of adjacent pairs of jobs. After each swap attempt, the com-
pletion time of the resulting new permutation is calculated, and only swaps that provide
improvement are accepted. When a pass is completed, similar to the bubble sort algorithm,
an element at the end of the sequence is considered “fixed” and is not re-evaluated in sub-
sequent passes. This mechanism prevents unnecessary repetitions by enabling a directional
search in the permutation space.

The primary purpose of the Bubble-Swap operator is to improve the quality of the
solution by making low-cost local changes to the order obtained after the NEH_order
stage. This results in a more suitable starting sequence for the subsequent constructive
NEH_construct stage.

The pseudocode for the algorithm is given in Algorithm 6.
In the algorithm, the outer loop ensures that an element from the end of the array is

fixed in each pass, while the inner loop only tests neighbor swaps on the part that has not
yet been fixed. This structure, unlike classical neighbor-swap-based local searches, leads
to a gradual stabilization towards the end of the permutation and ensures a more orderly
progress of the search process.
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Algorithm 6 Bubble-Swap Operator

Require: Initial permutation π, processing time matrix P
Ensure: Locally improved permutation π

1: n← |π|
2: for i← 1 to n− 1 do
3: for j← 1 to n− i do
4: π′ ← π
5: swap positions j and j + 1 in π′

6: if MAKESPAN(π′, P) < MAKESPAN(π, P) then
7: π ← π′

8: end if
9: end for

10: end for
11: return π

4.3. Merge-Based Global Swap Operator

In the final stage of the BNMG algorithm, a global optimization operator based on a
recursive divide-and-combine structure is proposed to evaluate larger-scale permutation
changes in the solution space. This operator is inspired by the structural framework of the
classical merge sort algorithm, but makes comparison and merging decisions not only based
on local key values but also on the effect on the completion time of the entire permutation.

In the classical merge sort algorithm, when merging two sub-arrays, the order of the
elements is determined by a single comparison key. In the proposed method, two jobs at
the beginning of the left and right sub-arrays are selected in the merging stage, and the
new completion time that will be obtained if the positions of these jobs within the entire
permutation are swapped is calculated. If this change reduces the global completion time,
the relevant swap is applied permanently. Therefore, the proposed operator can evaluate
not only local neighborhood changes but also the interaction of jobs in distant positions of
the permutation.

The primary purpose of the merge-based global swap operator is to reduce the like-
lihood of getting stuck in local minima by systematically examining larger-scale order-
ing changes on the solution obtained in the Bubble-Swap phase and reconstructed with
NEH_construct.

The pseudocode for the algorithm is given in Algorithm 7.
The proposed operator differs from the classical merge sort algorithm in three key

points. It is separated as follows:

• The completion time of the entire permutation is used instead of local key values as
the comparison criterion.

• During merging, not only is a sorting decision made, but persistent swap operations
can also be applied to the global permutation.

• The algorithm is used not for sorting purposes, but to improve an existing job queue.

4.4. BNMG-II Algorithm

The BNMG algorithm is based on improving an initial constructive solution using
local and global optimization operators. However, in the literature, improved versions
that include an additional local search phase after the constructive phase have also been
proposed to improve the performance of the NEH algorithm. Such approaches are generally
called NEH-II, and the completion time is further reduced by applying iterative substitution
or repositioning operations on the obtained solution.
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Algorithm 7 Merge-Based Global Swap Operator

Require: Permutation π, processing time matrix P
Ensure: Globally refined permutation π

1: if |π| ≤1 then
2: return π
3: end if
4: Split π into two halves: πL and πR
5: πL ← MERGEGLOBAL(πL, P)
6: πR ← MERGEGLOBAL(πR, P)
7: πM ← empty list
8: while πL ̸= ∅ and πR ̸= ∅ do
9: a← first element of πL

10: b← first element of πR
11: π′ ← π
12: swap positions of a and b in π′

13: if MAKESPAN(π′, P) < MAKESPAN(π, P) then
14: π ← π′

15: end if
16: if position of a precedes position of b in π then
17: append a to πM
18: remove first element from πL
19: else
20: append b to πM
21: remove first element from πR
22: end if
23: end while
24: append remaining elements of πL to πM
25: append remaining elements of πR to πM
26: return πM

In this study, a similarly extended version of the proposed BNMG algorithm is also
considered and named BNMG-II. The BNMG-II algorithm takes the permutation obtained
by BNMG as the starting point and applies an iterative local search process on this permu-
tation. Thus, the global optimizations provided by BNMG are combined with NEH-II-style
fine-tuning mechanisms.

The working steps of the BNMG-II algorithm can be summarized as follows:

1. Jobs are sorted in descending order according to total processing times.
2. The Bubble-Swap operator is applied to the resulting order.
3. The updated order is constructively repositioned using the NEH_construct procedure.
4. The resulting permutation is improved with a Merge-based global swap operator.
5. In the final stage, iterative local search is applied to the resulting permutation to test

for neighbor and distant position changes, and only changes that reduce completion
time are accepted.

We give the pseudocode for the BNMG-II algorithm in Algorithm 8.
The iterative local search procedure used in the final stage of the BNMG-II algorithm

systematically evaluates the effect of moving each job to different positions within the
permutation on the completion time. This process continues until an iteration where no
improvement is achieved; thus, the algorithm searches until it reaches a local optimum
under the given neighborhood structure.

The BNMG-II algorithm follows the optimization framework of the classical NEH-II
heuristic while replacing its original job ordering with the deterministic schedule generated
by BNMG. Since this schedule has already been refined through the Bubble-Swap and
Merge-Global-Swap operators, BNMG-II starts its insertion process from a higher-quality
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deterministic sequence. This design enables BNMG-II to further improve schedule quality
while preserving the deterministic nature and computational efficiency of the original
NEH-II framework.

Algorithm 8 BNMG-II Algorithm

Require: Job set J, processing time matrix P
Ensure: Final improved permutation π∗

1: π ← DESCENDINGORDER(J, P)
2: π ← BUBBLE-SWAP(π, P)
3: π ← NEHCONSTRUCT(π, P)
4: π ← MERGEGLOBAL(π, P)
5: improved← true
6: while improved do
7: improved← false
8: for each job i in π do
9: for each position pos in π do

10: π′ ← permutation obtained by moving job i to position pos
11: if MAKESPAN(π′, P) < MAKESPAN(π, P) then
12: π ← π′

13: improved← true
14: end if
15: end for
16: end for
17: end while
18: π∗ ← π
19: return π∗

Termination and Deterministic Behavior

Unlike iterative metaheuristics, the proposed BNMG algorithm follows a deterministic
constructive procedure consisting of a finite sequence of predefined operations. Starting
from the initial job ordering, the algorithm successively applies the NEH construction
mechanism, the Bubble-Swap improvement phase, and the Merge-Global-Swap refinement
phase. Each phase performs a finite number of evaluations determined solely by the
problem size, and no stochastic decisions or adaptive stopping criteria are involved.

Consequently, BNMG always terminates after a finite number of deterministic opera-
tions and produces the same schedule for the same problem instance. This deterministic
behavior ensures full reproducibility of the obtained solutions without requiring multiple
independent runs.

Since BNMG is not based on an iterative optimization process that repeatedly updates
a population or a candidate solution until convergence, the classical concepts of local or
global convergence are not directly applicable. Instead, the algorithm provides a determin-
istic mapping from an input instance to a feasible schedule through a finite sequence of
constructive and improvement operations. Accordingly, the effectiveness of BNMG should
be assessed by the quality of the generated schedules and computational efficiency rather
than by convergence properties that are specific to iterative optimization algorithms.

4.5. Time Complexity Analysis

The proposed BNMG and BNMG-II algorithms are hybrid heuristic methods consist-
ing of multiple stages. Therefore, the total running time of the algorithms is obtained by
examining the time complexity of each component separately and then combining them.
In this section, the asymptotic running times of the BNMG and BNMG-II algorithms are
derived by analyzing the complexity of all sub-procedures used.
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Unlike population-based or iterative metaheuristics, BNMG is a deterministic construc-
tive heuristic that executes a single finite sequence of operations. Therefore, the algorithm
does not involve repeated iterations until a stopping criterion is met. Consequently, the
overall computational complexity is identical to the complexity of this single execution,
and no distinction between per-iteration complexity and total complexity is required.

The NEH_order procedure calculates the total processing time of each job and sorts the
jobs in descending order according to these values. Calculating the total processing times
takes O(nm) time, while sorting the resulting n values takes O(n log n) time. Therefore,
the total complexity of the NEH_order stage can be expressed as O(nm + n log n) time. In
practice, since m is usually greater than log n, this stage often becomes dominant as O(nm).

The Bubble-Swap operator performs approximately n(n−1)
2 = O(n2) neighboring

swap attempts using two nested loops. The completion time for each swap evaluation
needs to be calculated. Using a full calculation, this takes O(nm) time. In this case, the
worst-case complexity of the Bubble-Swap operator is O(n3m). However, using incremental
completion time calculation techniques, each swap evaluation can take O(m) time, and the
total complexity can be reduced to O(n2m) level.

The NEH_construct procedure uses a sorted list of jobs to place them sequentially into
partial permutations, testing all possible positions for each placement. While the kth job is
placed, k different positions are tried, and the completion time is calculated for each trial.
Therefore, the classical complexity of the NEH_construct phase is known as O(n2m), and
the same calculation applies in this study.

The merge-based operator recursively splits the array into two and evaluates potential
swaps in each merge step. The splitting process requires O(n log n) merge steps, similar to
the classical merge sort algorithm. However, since the completion time is calculated during
each comparison, the cost of each merge step depends on the problem size. When using
full computation, the worst-case complexity of this stage can reach the order of O(n2m). In
practice, this value is lower with incremental computation techniques, but the asymptotic
upper bound is thus preserved.

The iterative local search procedure used in the final stage of the BNMG-II algorithm
tests whether each job is moved to all positions within the permutation. This process
requires approximately O(n2) movement attempts in one iteration. Since the completion
time needs to be calculated for each move, the cost of one iteration is O(n2m). Assuming
that I iterations occur, since the local search process continues until no improvement
remains, the total complexity of this stage can be expressed as O(In2m).

When the above analyses are combined, the total time complexity of the BNMG algo-
rithm can be written as O(nm) + O(n2m) + O(n2m) + O(n2m). Considering the dominant
terms, the general upper bound for the BNMG algorithm is O(n2m) (assuming incremental
completion-time calculation is used).

For the BNMG-II algorithm, since there is an additional iterative local search phase,
the total complexity is O(In2m). Here, I denotes the number of iterations at which im-
provement is achieved; in practice, this value is usually small.

Both versions of the algorithms essentially store a work permutation and intermediate
tables used to calculate completion times. Therefore, the memory complexity is O(nm).
This value is on the same level as other constructive and local search-based heuristic
methods in the literature for flow-type scheduling problems.

In conclusion, the proposed BNMG algorithm remains in the same asymptotic com-
plexity class as NEH, but aims to produce higher-quality solutions thanks to additional
local and global optimization mechanisms. The BNMG-II algorithm, while having a higher
computational cost due to the additional local search phase, justifies this additional cost,
especially for large-scale problems, thanks to the improved solution quality.
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5. Experimental Design and Computational Results
To evaluate the effectiveness of the proposed heuristic algorithms, a comprehensive set

of computational experiments was conducted on test examples of Taillard’s permutational
flow-type shop scheduling problem (PFSSP) [50], a widely used problem in the literature.
The experimental evaluation includes all 120 classical Taillard benchmark instances, cov-
ering a wide range of problem dimensions from small to very large scheduling instances.
These benchmark sets have been extensively adopted in the PFSSP literature for evaluating
deterministic and metaheuristic algorithms and constitute one of the most widely accepted
test suites for this problem. The problem examples used were obtained from the online
resource at [51]. The best-known solutions and lower and upper bounds reported in the
literature for these examples were obtained from the [52]. All algorithms were implemented
using the Python 3.11 programming language, and the experiments were conducted on a
computer with an Intel Core i7 processor and approximately 16 GB of RAM.

For each benchmark instance, the Relative Percentage Deviation (RPD) is computed as

RPDi =
Ci − C∗i

C∗i
,

where Ci denotes the makespan produced by the algorithm and C∗i is the best-known
solution for instance i.

The M1 metric reported throughout this study is the Average Relative Percentage
Deviation (ARPD), computed over all benchmark instances,

M1 =
1
N

N

∑
i=1

RPDi,

where N is the number of benchmark instances. Lower M1 values indicate better solu-
tion quality.

To jointly assess solution quality and computational efficiency, we additionally report
the M2 metric, defined as

M2 =
1
N

N

∑
i=1

(
0.8RPDi + 0.2

ti

tbest
i

)
,

where ti is the execution time of the evaluated algorithm on instance i, and tbest
i denotes

the shortest execution time among all algorithms that achieved the best makespan for
that instance.

The weighting factors (0.8 and 0.2) assign greater importance to solution quality while
still reflecting computational efficiency. Since M2 combines two performance criteria, it is
used only as a complementary performance indicator, whereas the primary conclusions of
this study are based on direct makespan comparisons and the M1 metric.

The primary performance criterion adopted in this study is the M1 metric, which
directly measures the relative percentage deviation from the best known solution. Since
solution quality is the primary objective of the PFSSP, all algorithmic comparisons and
conclusions are mainly based on M1.

The M2 metric is reported only as a supplementary indicator to provide additional
insight into the trade-off between solution quality and computational efficiency. Therefore,
M2 should not be interpreted as a replacement for M1, but rather as an auxiliary measure
for comparing algorithms with similar solution quality.
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Different weight combinations could also be adopted depending on the application
requirements. Therefore, the proposed M2 metric is not intended as a universal benchmark,
but rather as a complementary evaluation criterion for this study.

Experimental results are given in Tables 1 and 2. These two tables present a comparison
of the proposed BNMG and BNMG-II algorithms with the widely used NEH, NEH-II, vN-
NEH, and vN-NEH+ algorithms in the literature in terms of solution quality (M1: ARPD
metric) and computation time sensitivity (M2: quality + time combined metric). Table 1
shows the average performance values obtained for the first 55 Taillard Problems, and
Table 2 shows the average performance values obtained for the first 100 Taillard Problems,
which is a larger test set. We give the dependence of the M1 metric on the number of
problems in Figure 1.

Table 1. Performance comparison for the first 55 Taillard Problems.

Algorithm M1 M2

Proposed BNMG 1.49 4.39
NEH 1.74 3.55
vN-NEH 1.83 11.88
Proposed BNMG-II 1.02 14.20
NEH-II 1.06 16.10
vN-NEH+ 1.30 71.67

Table 2. Performance comparison for the first 100 Taillard Problems.

Algorithm M1 M2

Proposed BNMG 2.41 6.81
NEH 2.69 5.60
vN-NEH 2.86 35.19
Proposed BNMG-II 1.72 20.11
NEH-II 1.75 23.91
vN-NEH+ 1.95 556.85

Figure 1. The dependence of the M1 metric on the number of problems.

In the experiment conducted on the first 55 Taillard Problems, the proposed BNMG
produced significantly better results than the classical NEH (1.74) and vN-NEH (1.83)
algorithms in terms of the M1 metric (Solution Quality), with an M1 value of 1.49. Among
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the algorithms with improvement (II), the proposed BNMG-II (1.02) has the lowest M1
value. This value is better than the NEH-II (1.06) and vN-NEH+ (1.30) results. This demon-
strates that the proposed algorithm consistently produces higher-quality schedules than the
compared deterministic heuristics while maintaining the computational efficiency of deter-
ministic search methods. In terms of M2 (Quality + Time), BNMG, with M2 = 4.39, is slightly
slower than NEH (3.55), but exhibits a much more balanced and efficient performance
compared to vN-NEH (11.88). Among the algorithms with improvements, BNMG-II (14.20)
is better than NEH-II (16.10), and significantly superior to vN-NEH+ (71.67). These results
clearly show that vN-NEH+ is inefficient in practice due to its excessively high computation
time, even though its solution quality is reasonable.

Table 2 shows the experiments conducted on the first 100 Taillard Problems, the trends
become even more pronounced in the larger problem set. In terms of M1, BNMG (2.41)
performed better than both NEH (2.69) and vN-NEH (2.86). Among the algorithms with
improvements, BNMG-II (1.72) gave the best result, while NEH-II (1.75) was a very close
second. vN-NEH+ (1.95) lagged behind both algorithms. This table shows that the scala-
bility of the proposed algorithm is strong as the problem size increases. In terms of M2,
an extremely high value of M2 = 556.85 was obtained for vN-NEH+. This shows that
the algorithm’s computation time completely overshadows the quality gain. In contrast,
BNMG-II (20.11) offers a better balance than NEH-II (23.91). In particular, this result clearly
shows that the vN-NEH+ algorithm, published in 2024, is weak in terms of time/efficiency,
even compared to the classical NEH-II with improvements.

Table 3 presents the results obtained for the last 20 Taillard benchmark instances,
which correspond to the largest and most computationally demanding problems in the
benchmark set. These instances provide a more challenging environment for evaluating
the scalability and robustness of deterministic constructive heuristics.

Table 3. Performance comparison for the last 20 Taillard Problems.

Algorithm M1 M2

Proposed BNMG 0.58 0.62
NEH 0.62 0.64
vN NEH 0.50 8.26
Proposed BNMG-II 0.46 3.24
NEH-II 0.48 3.38

The results indicate that the proposed BNMG algorithm achieves an average M1 value
of 0.58, outperforming the classical NEH algorithm (0.62), while the proposed BNMG-II
further improves the solution quality with an M1 value of 0.46. Although the vN-NEH
algorithm achieves a slightly lower M1 value (0.50) than BNMG, this improvement is
accompanied by a substantially larger M2 value (8.26), indicating considerably higher
computational cost. Therefore, BNMG provides a more balanced trade-off between solution
quality and computational efficiency.

Similarly, BNMG-II achieves the best compromise among the improvement-based
heuristics by obtaining both lower M1 and M2 values than NEH-II. These results suggest
that the proposed Merge-Global-Swap mechanism becomes particularly effective when
combined with the iterative improvement phase, allowing better schedules to be produced
without excessive computational overhead.

Figure 1 illustrates how the average M1 value changes as the number of benchmark
instances increases. It can be observed that the relative ranking of the algorithms remains
stable throughout the benchmark set. In particular, BNMG consistently performs better
than the classical NEH and remains competitive with recently proposed deterministic
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heuristics. Moreover, BNMG-II maintains the lowest average M1 values over almost the
entire evaluation range, indicating that the proposed hybridization strategy preserves its
effectiveness as the benchmark size grows. This behavior suggests that the proposed global
decision mechanism contributes not only to improving solution quality on individual
instances but also to maintaining stable performance across problems of different sizes.

This observation indicates that the proposed BNMG algorithm prioritizes a balanced
optimization strategy rather than pursuing marginal improvements in solution quality at
the expense of computational efficiency.

When these two tables are evaluated together, the following results are clearly evident:

• BNMG produces better solution quality compared to NEH and vN-NEH while main-
taining its deterministic structure.

• BNMG-II achieves the best solution quality (M1) among the proposed improvement-
based deterministic heuristics while maintaining competitive computational perfor-
mance. Although the classical NEH algorithm exhibits lower M2 values due to its
simpler structure and lower computational cost, BNMG-II provides a substantially
better balance between solution quality and computational efficiency through its
improved scheduling performance.

• While vN-NEH and especially vN-NEH+ appear competitive in terms of solution
quality, they lose practical applicability when computation time is considered.

• Thanks to the proposed M2 metric, deterministic algorithms are objectively evaluated
not only for “how well they find a solution” but also for how long it takes them
to reach that solution. Although M2 combines solution quality and runtime into
a single indicator, the optimization objective of the PFSSP remains minimizing the
makespan. Therefore, M1 is considered the principal performance metric throughout
this study, whereas M2 is presented only to provide complementary information
regarding computational efficiency. Although M2 provides a convenient way of jointly
considering solution quality and runtime, its weighting coefficients are predefined and
therefore may not reflect every practical scenario. For this reason, M2 is used only as a
complementary performance indicator in this study, while all primary comparisons
rely on the widely accepted M1 (ARPD) metric.

Table 3 summarizes the results obtained for the last 20 Taillard benchmark instances,
which represent the largest and most computationally demanding problems in the bench-
mark suite. These large-scale instances provide a rigorous evaluation of the scalability and
robustness of deterministic heuristic algorithms.

Although vN-NEH achieves a slightly lower average M1 value (0.50) than the proposed
BNMG algorithm (0.58), the observed difference is relatively small. This indicates that
the insertion mechanism employed by vN-NEH remains highly competitive for these
particularly challenging instances, leaving limited room for further improvement during
the constructive phase. Nevertheless, the proposed BNMG algorithm still outperforms
the classical NEH heuristic in both M1 and M2, demonstrating that the Bubble-Swap
and Merge-Global-Swap mechanisms consistently enhance the solution quality without
increasing the computational cost.

The effectiveness of the proposed framework becomes more evident when the improve-
ment phase is incorporated. As shown in Table 3, BNMG-II achieves the best average M1
value (0.46), outperforming both vN-NEH (0.50) and NEH-II (0.48). Furthermore, BNMG-II
also attains a lower M2 value than NEH-II, indicating a better balance between solution qual-
ity and computational efficiency among the improvement-based deterministic heuristics.

Since the proposed algorithms are deterministic, identical input instances always
produce identical schedules. Therefore, their stability is reflected by the consistency of their
performance across different benchmark groups rather than by repeated-run variability.
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The experimental results demonstrate that BNMG and BNMG-II maintain competitive
performance over small, medium, and large Taillard benchmark instances, confirming the
robustness of the proposed framework.

5.1. Ablation Study

To evaluate the contribution of each component of the proposed BNMG algorithm, an
ablation study was conducted on the first 100 Taillard benchmark instances. Three reduced
variants were considered by removing one module at a time while keeping the remaining
algorithm unchanged.

The results are reported in Table 4. Removing the Bubble-Swap stage slightly degrades
the average M1 value from 2.41 to 2.49, indicating that this stage contributes to improving
the initial sequence before the constructive phase. Eliminating the Merge-Global-Swap
stage has a larger impact, increasing the M1 value to 2.66, which confirms the effectiveness
of the global refinement process.

Table 4. Ablation study of the proposed BNMG algorithm on the first 100 Taillard benchmark instances.

Configuration M1

Proposed BNMG 2.41
Without Bubble-Swap 2.49
Without NEH-like Construction 11.78
Without Merge-Global-Swap 2.66

The most significant deterioration is observed when the NEH-like construction stage is
removed. In this case, the average M1 value increases dramatically to 11.78, demonstrating
that this component forms the structural foundation of the proposed heuristic. The Bubble-
Swap and Merge-Global-Swap operators therefore act as complementary improvement
mechanisms built upon this construction phase.

Overall, the ablation results demonstrate that each module contributes positively to
the final performance of BNMG, while the combination of all three components yields the
best overall solution quality.

5.2. Runtime Analysis

Table 5 presents the runtime statistics of all deterministic algorithms over the 120 Tail-
lard benchmark instances. As expected, the classical NEH heuristic is the fastest method,
with an average runtime of 9.665 s. The proposed BNMG algorithm requires a very similar
computational effort, with an average runtime of 9.988 s, corresponding to only a 3.3% in-
crease. Considering the consistent improvements in solution quality reported in Tables 1–3,
this additional computational cost is negligible in practice.

Table 5. Runtime statistics of the deterministic algorithms over all 120 Taillard benchmark instances.

Algorithm Mean (s) Std. Dev. Median (s) Total (s) Relative Speed

Proposed BNMG 9.988 29.543 0.363 1198.592 1.00×
NEH 9.665 29.048 0.363 1159.768 0.97×
vN-NEH 686.090 2221.055 3.966 82,330.788 68.69×
Proposed BNMG-II 193.070 650.792 2.130 23,168.411 19.33×
NEH-II 209.797 696.491 2.376 25,175.651 21.00×
vN-NEH+ 360.586 890.922 6.903 43,270.266 36.10×

In contrast, the optimization-based variants require substantially longer execution times.
BNMG-II and NEH-II increase the average runtime by factors of approximately 19.3 and 21.0,
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respectively, while vN-NEH+ and vN-NEH are approximately 36.1 and 68.7 times slower
than BNMG. Similar observations can also be made from the median runtimes, where
BNMG (0.363 s) remains comparable to NEH (0.363 s), whereas the remaining methods
require considerably longer execution times.

These results indicate that the proposed BNMG algorithm successfully improves
schedule quality while preserving the computational efficiency of the original NEH heuris-
tic. Therefore, unlike optimization-intensive variants that obtain better solutions at the
expense of significantly increased runtime, BNMG achieves a favorable balance between
solution quality and computational cost, making it particularly suitable for large-scale
scheduling problems and time-sensitive production environments.

The experimental runtime analysis also supports the theoretical complexity discussion
presented in Section 4.5. Although BNMG introduces additional Bubble-Swap and Merge-
Global optimization stages, these operations incur only a marginal computational overhead
compared with the original NEH heuristic. Consequently, the practical runtime remains
almost unchanged while providing consistently improved scheduling performance.

5.3. Statistical Significance Analysis

Since all compared algorithms are deterministic, repeated executions on the same
benchmark instance always produce identical schedules. Therefore, reporting standard
deviations over multiple runs would not provide additional information. Instead, statis-
tical significance was evaluated by considering the makespan obtained for each Taillard
benchmark instance as paired observations.

The proposed algorithms were compared with the competing deterministic heuristics
using the Wilcoxon signed-rank test. Since multiple pairwise comparisons were performed,
Holm–Bonferroni correction was applied to control the family-wise error rate. In addition to
statistical significance, the practical importance of the observed differences was quantified
using Cliff’s Delta (δ) and the Vargha–Delaney effect size (A12). Finally, Win/Tie/Loss
statistics were reported to evaluate the consistency of the proposed algorithms over the
complete benchmark suite.

Table 6 presents the statistical comparison over all 120 Taillard benchmark instances.
The results indicate that BNMG achieves a statistically significant improvement over the
classical NEH heuristic (p = 0.0153), although the corresponding effect size is small
to medium (δ = 0.208). In contrast, the differences between BNMG and vN-NEH, as
well as between BNMG-II and NEH-II, are not statistically significant over the complete
benchmark suite. This observation suggests that these algorithms exhibit comparable
overall performance despite differences in average M1 and M2 values.

Table 6. Statistical comparison over all 120 Taillard benchmark instances.

Comparison Wilcoxon p Cliff’s δ A12 Win/Tie/Loss

BNMG vs. NEH 0.0153 0.208 0.604 69/7/44
BNMG vs. vN-NEH 0.6050 0.117 0.558 66/2/52
BNMG-II vs. NEH-II 0.7370 0.075 0.538 57/15/48
BNMG-II vs. BNMG 2.60× 10−17 0.792 0.896 95/25/0

The comparison between BNMG-II and BNMG reveals a highly significant improve-
ment (p < 10−16), accompanied by a large effect size (δ = 0.792, A12 = 0.896). Furthermore,
BNMG-II achieves 95 wins, 25 ties, and no losses against BNMG, demonstrating that the
second-stage improvement consistently enhances solution quality across a wide range of
benchmark instances.
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6. Conclusions
In this study, a new deterministic hybrid algorithm called BNMG

(Bubble–NEH–Merge–Global) is proposed for the Permutation Flow-Type Workshop
Scheduling Problem (PFSSP). Unlike the widely used NEH and its derivatives (NEH-II,
vN-NEH, and vN-NEH+) in the literature, the proposed approach does not rely solely on
local or partial evaluations. The method developed in this study offers a global evaluation
approach that performs decision processes based on the makespan value of the entire job
sequence, particularly through the Merge-Global-Swap component.

In existing deterministic methods in the literature, job addition or replacement de-
cisions are mostly evaluated based on partial sequences or limited neighborhood struc-
tures, which can lead to irreversible sub-optimal decisions made in the early stages, es-
pecially in large-scale problems. In contrast, the global makespan-based swap criterion
proposed in this study ensures that each swap decision is directly compatible with the
objective function.

The proposed BNMG algorithm combines local optimization with the Bubble-Swap
operator, constructive solution generation with an NEH-style insertion mechanism, and
global optimization with the Merge-Global-Swap approach under one roof. This integrated
structure extends the classical local decision paradigm of deterministic algorithms, allowing
for a more efficient exploration of the solution space. Furthermore, the M2 performance
metric proposed in this study contributes to a more comprehensive analysis of deterministic
algorithms by evaluating solution quality and computation time together.

Experimental studies show that the proposed BNMG and BNMG-II algorithms exhibit
superior performance compared to existing deterministic methods in the literature in
terms of both solution quality and computational efficiency. The advantages provided
by the global decision mechanism are particularly evident in medium- and large-scale
problem examples.

From a practical perspective, the proposed BNMG and BNMG-II algorithms are par-
ticularly suitable for manufacturing environments where production schedules must be
generated rapidly while maintaining high solution quality. Since both algorithms are deter-
ministic, they always produce the same schedule for the same input, making them attractive
for industrial decision-support systems that require repeatable and predictable scheduling
decisions. Potential application areas include automotive assembly lines, electronics manu-
facturing, textile production, metal processing, and other flow-shop production systems
where makespan minimization directly affects productivity and resource utilization.

Future research may extend the proposed framework to more complex scheduling
environments, including no-wait, no-idle, blocking, distributed, and flexible flow shop
scheduling problems. Another promising direction is to integrate the proposed deter-
ministic construction strategy into population-based metaheuristics as an initialization
mechanism or as a local improvement operator. In addition, parallel implementations
and multi-objective extensions could further improve the applicability of the proposed
approach to large-scale industrial scheduling problems.

In conclusion, the hybrid deterministic approach proposed in this study offers an
effective and reliable solution method for PFSSP, both theoretically and practically, and
makes significant contributions to the development of deterministic scheduling algorithms.
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1. Hazrati Nejad, E.; Yigit-Sert, S.; Emrah Amrahov, Ş. An effective global path planning algorithm with teaching-learning-based

optimization. Kybernetika 2024, 60, 293–316. [CrossRef]
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