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Abstract

The Distributed Assembly Permutation Flowshop Scheduling Problem with
Sequence-Dependent Setup Times (DAPFSP-SDST) arises in many modern man-
ufacturing supply chains. This paper proposes a Block-Guided Artificial Bee
Colony (BG-ABC) algorithm for this problem with the aim of minimizing the
makespan. An idle-aware block compression mechanism is developed to lock
adjacent product pairs with minimal setup time and zero assembly idle time
into atomic blocks, reducing the search space for global exploration. To fur-
ther enhance search adaptability, a Sliding Window Upper Confidence Bound
1 (SW-UCB1) scheme is embedded in the employed bee phase to dynami-
cally select neighborhood operators based on their recent performance. In the
onlooker bee phase, local search is restricted to the Critical Job Subsequence
so that computational effort is concentrated on the bottleneck region of the
schedule. Moreover, a refinement-and-reconstruction mechanism is proposed in
the scout bee phase to counteract the stagnation risk induced by block com-
pression. Finally, extensive experiments on benchmark instances demonstrate
that BG-ABC significantly outperforms state-of-the-art algorithms, verifying its
effectiveness in solving DAPFSP-SDST.

Keywords: Distributed Assembly Scheduling; Artificial Bee Colony; Idle-Aware Block
Compression; Adaptive Neighborhood Selection
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1 Introduction

1.1 Background

With the deepening of economic globalization and industrial specialization, distributed
assembly manufacturing has become a mainstream production strategy in industries
such as automotive, semiconductors, and furniture [1, 2]. In this paradigm, jobs are
processed across multiple geographically dispersed factories and subsequently trans-
ported to a centralized assembly facility, where they are assembled into final products
according to predefined product structures. This model offers several well-recognized
advantages, such as higher product quality, decreased management risks, and the abil-
ity to produce a large variety of final products at a controlled cost [3, 4]. In the
context of supply chain management, this distributed assembly architecture consti-
tutes a multi-stage supply chain network, where coordinating geographically dispersed
factories is critical for fulfilling customer orders efficiently.

Despite these advantages, scheduling such distributed assembly systems is far from
trivial, as it requires tight coordination of production and assembly decisions within
a multi-stage supply chain. In practice, each factory in these systems typically oper-
ates as a permutation flowshop, where jobs are processed through a series of machines
in a fixed order. This gives rise to the Distributed Assembly Permutation Flowshop
Scheduling Problem (DAPFSP), which involves three sets of strongly coupled deci-
sions: assigning jobs to factories, sequencing jobs within each factory, and determining
the assembly order of products [5]. Owing to its practical relevance and computational
intractability, the DAPFSP has attracted extensive attention from researchers, and a
variety of effective constructive heuristics and metaheuristics have been developed [6].

In practical manufacturing, setup operations—such as machine cleaning, tool
replacement, and fixture adjustment—are usually required both before processing a
job and assembling a product, and the corresponding time is referred to as the setup
time. Setup time commonly depends on the pair of consecutive jobs or products on
a machine, and this type of setup time is known as the Sequence-Dependent Setup
Time (SDST). Since SDSTs couple adjacent jobs and products in a nonseparable man-
ner, any decision on job or product sequencing immediately affects the setup times
of the preceding and succeeding operations, thereby making the scheduling problem
substantially more difficult to solve. Incorporating SDSTs into both the processing
and assembly stages of the DAPFSP gives rise to the DAPFSP-SDST [7], which is a
strongly NP-hard problem to be addressed in this paper.

In recent years, a number of constructive heuristics, metaheuristics, and hyper-
heuristics have been developed for the DAPFSP-SDST. Among them, Song et al. [8]
revealed a fundamental property of the problem: minimizing the makespan is equiv-
alent to minimizing the sum of assembly setup times and assembly idle times. They
proposed a Two-Stage Heuristic Algorithm (TSHA) that first constructs promising
product sequences and then optimizes these two components using neighborhood
descent algorithms. Although TSHA achieves both remarkable computational effi-
ciency and acceptable performance, its solution quality is inherently constrained by the
single-descent nature of its local search. To overcome this limitation, metaheuristics
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offer a promising alternative, as their population-based search and flexible neigh-
borhood structures can explore a much larger solution space than a single-descent
heuristic. However, the solution space of the DAPFSP-SDST can be viewed as d!
regions, each defined by a distinct product sequence, where d is the number of prod-
ucts. When d is large, even identifying which regions are worth exploring becomes a
challenging task, let alone optimizing the job sequences within them.

Interestingly, observations on high-quality solutions reveal that a large number of
adjacent product pairs are both SDST-minimal and assembled with zero idle time.
Such pairs achieve the minimum possible contribution to the objective and are there-
fore expected to appear frequently in elite solutions. This suggests that locking these
pairs into blocks during the search can substantially reduce the effective search space
and improve search efficiency. However, such compression also carries a risk of pre-
mature convergence, as locked blocks may prevent the algorithm from exploring
alternative structural configurations. This is precisely where the Artificial Bee Colony
(ABC) algorithm offers a natural advantage. Its scout bee mechanism can periodically
abandon stagnated solutions and reconstruct the search structure, thereby compen-
sating for the risk introduced by compression. Moreover, at the algorithmic level,
balancing search depth and computational cost during exploitation remains a general
challenge. This involves two critical aspects: dynamically selecting suitable neighbor-
hood operators as their effectiveness changes during the search, and precisely confining
the local search to the bottleneck region to avoid wasting evaluations on non-critical
parts of the schedule.

Motivated by the above observations and challenges, we propose a Block-Guided
Artificial Bee Colony (BG-ABC) algorithm that embeds problem-specific structural
insights into the ABC framework. The above challenges are addressed through four
coordinated designs: an idle-aware block compression mechanism that reduces the
search space, a Sliding Window Upper Confidence Bound 1 (SW-UCB1) scheme for
adaptive operator selection, a critical-job-subsequence-based local search with two-
level evaluation for focused exploitation, and a scout bee phase that dissolves locked
blocks to escape local optima. The main contributions are summarized as follows:

(1) An idle-aware block compression mechanism is proposed to lock adjacent prod-
uct pairs that are both SDST-minimal and assembled with zero idle time into
atomic blocks. Since such pairs frequently appear in elite solutions, this mechanism
reduces the dimensionality of the search space while preserving promising structural
patterns.

(2) A SW-UCB1 scheme is embedded into the employed bee phase for adaptive operator
selection. By dynamically adjusting the selection probabilities based on the recent
rewards of each operator, SW-UCB1 enables the algorithm to adapt its search
strategy as the block structure evolves.

(3) In the onlooker bee phase, local search is restricted to the Critical Job Subsequence
(CJS), and a two-level evaluation strategy is adopted to reduce the cost of evalu-
ating candidate moves. This focuses computational effort on the bottleneck region
of the schedule and significantly reduces the number of redundant evaluations.

(4) To prevent the premature convergence induced by block compression, a refinement-
and-reconstruction mechanism is designed in the scout bee phase. When an
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individual stagnates, a targeted local refinement is first attempted; if no improve-
ment is found, the existing blocks are dissolved and the product sequence is
reconstructed to restore structural diversity.

In summary, by addressing the structural bottlenecks in distributed assembly
scheduling, the proposed BG-ABC algorithm provides a practical and robust intelli-
gent optimization tool for improving operational efficiency and decision-making within
multi-stage supply chain environments. The remainder of this paper is organized as
follows. Section 2 reviews the related literature. Section 3 introduces the notations.
Section 4 describes the DAPFSP-SDST, solution encoding and decoding. Section 5
presents the proposed BG-ABC algorithm in detail. Section 6 reports the experimental
results and statistical analyses. Finally, Section 7 concludes the paper and discusses
future research directions.

2 Literature Review

2.1 The Distributed Assembly Permutation Flowshop

Scheduling Problem

The DAPFSP with makespan criterion was formally introduced by Hatami et al.
[5], who developed a mixed integer linear programming model, constructive heuris-
tics, and a variable neighborhood descent (VND) algorithm. Since then, a collection
of metaheuristics and hyper-heuristics has been proposed to improve solution qual-
ity and computational efficiency in distributed manufacturing environments. Wang
and Wang [9] proposed an estimation of distribution algorithms-based memetic
algorithm (EDAMA), which incorporates a selective-enhancing sampling mecha-
nism and a critical-path-based local search to balance exploration and exploitation.
Zhang et al. [10] introduced MCEDA, a matrix-cube-based EDA that uses a three-
dimensional probabilistic model to preserve superior block and order information
from elite solutions. Song et al. [11] proposed a hyper-heuristic-based memetic algo-
rithm (HHMA) that uses an EDA-based hyper-heuristic for global search and a
critical-products-based referenced local search for exploitation. Other contributions
include a biased-randomized iterated local search by Ferone et al. [12], a hybrid
biogeography-based optimization (BBO) by Lin and Zhang [13], a backtracking search
hyper-heuristic by Lin et al. [14], a social spider optimization algorithm by Zhang et
al. [15], and a single seekers society algorithm by Hamzadayi et al. [16].

Beyond makespan minimization, alternative objectives have also been considered
for the DAPFSP. For the total flowtime criterion, Sang et al. [17] proposed effective
discrete invasive weed optimization variants with a two-level solution representation
and problem-specific local search operators for product and job sequences. Huang et
al. [18] developed a groupthink-based improved iterated greedy algorithm (gIGA),
which combines a Pal-NEH initialization, a destruction-and-construction scheme, and
separate local searches to enhance solution quality. Qiu et al. [19] designed three evolu-
tionary algorithms, in which Q-learning and Sarsa adaptively select among local search
operators. For energy-efficient scheduling, Zhang et al. [20] proposed an MCEDA
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that incorporates a machine speed adjustment strategy to reduce energy consump-
tion without sacrificing production efficiency. Yu et al. [21] embedded Q-learning into
metaheuristics, enabling adaptive selection of local search operators to dynamically
balance energy consumption with other criteria. Cheng et al. [22] developed a BBO
algorithm featuring a dual-population heuristic initialization and hybrid migration
operators. Sun et al. [23] proposed a multi-objective memetic algorithm that explic-
itly generates time-dominant and energy-dominant product sub-sequences to balance
makespan and energy consumption.

To accommodate practical production constraints, various constrained variants of
the DAPFSP have also been investigated. These include the blocking, no-wait, and
no-idle flowshop settings, for which Yang and Li [24] proposed a knowledge-driven
constructive heuristic, Zhao et al. [25] designed an optimal block-knowledge-driven
backtracking search algorithm, and Shao et al. [26] developed local search methods,
respectively. Other variants include flexible assembly with batch delivery, studied
by Yang and Xu [27]; a distributed assembly hybrid flowshop with transportation
resource scheduling, modeled by Luo et al. [28]; and a distributed two-stage assembly
flowshop, for which Deng et al. [29] presented a competitive memetic algorithm. Het-
erogeneous assembly settings have recently attracted attention, with Zhang et al. [30]
developing a matheuristic-based self-learning approach and Zhao et al. [31] propos-
ing a knowledge-based two-population optimization algorithm. In addition, Zhao et
al. [32] addressed the integrated scheduling of distributed production, assembly, and
delivery. For more literature on these DAPFSP variants and optimization objectives,
see [1] and references therein.

The considered DAPFSP with sequence-dependent setup times (DAPFSP-SDST)
was first studied by Hatami et al. [7], who proposed constructive heuristics, a VND,
and iterated greedy (IG) algorithms with two neighborhood structures. Subsequently,
Song and Lin [33] designed a genetic programming hyper-heuristic (GP-HH) to
automatically select low-level heuristics from a heuristic set. Huang and Gu [34] devel-
oped a novel biogeography-based optimization algorithm (NBBO) with an effective
initialization scheme and an SDST-specific local search operator. Yu et al. [35] pro-
posed a double-learning-strategy-based evolutionary algorithm for the multi-objective
DAPFSP-SDST, where Q-learning is used to guide the selection of machine speed
adjustment strategies and neighborhood structures. However, the above results mainly
focused on algorithm-level adaptation to the problem and have not fully discovered
the essential properties of the DAPFSP-SDST. Song et al. [8] uncovered the structural
characteristics of the DAPFSP-SDST and proposed a two-stage heuristic algorithm
(TSHA) that efficiently solves the problem, achieving better results than existing
approaches. Nevertheless, TSHA is essentially a heuristic algorithm with limited global
exploration capability, and the design of a metaheuristic algorithm that can fully
leverage the problem-specific structural information of the DAPFSP-SDST remains
an open issue.

2.2 Scheduling with Sequence-Dependent Setup Times

Setup time is a critical factor in realistic production environments, and its sequence-
dependent nature substantially increases the combinatorial complexity of scheduling
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problems. Research on scheduling with setup times can be traced back to the
mid-1960s. Early studies concentrated on classical shop environments, including single-
machine, parallel-machine, flowshop, and job shop settings, where problem scales were
small and exact methods predominated. As practical production environments became
more complex and problem scales grew, the steady advancement of computing power
and algorithmic techniques enabled a gradual shift toward heuristic and metaheuristic
approaches capable of tackling larger and more realistic problems. A series of compre-
hensive surveys, from the first by Allahverdi et al. [36] to the most recent one [37],
have reviewed this development.

For the permutation flowshop with SDST, Ruiz and Stützle [38] proposed an IG
algorithm that combines a destruction–construction scheme with a local search, achiev-
ing strong performance for both makespan and total weighted tardiness objectives. In
assembly flowshop environments with SDST, Navaei et al. [39] considered non-identical
assembly machines and developed hybrid metaheuristics integrating simulated anneal-
ing and tabu search to minimize the sum of holding and delay costs. For distributed
flowshop problems with SDST, Karabulut et al. [40] proposed a MILP model and a
constraint programming model for the problem, and further developed a self-adaptive
evolution strategy that embeds a ruin-and-recreate procedure to obtain high-quality
solutions in short computational times. More recently, He et al. [41] developed a his-
torical information-based iterated greedy algorithm, in which a set-covering model is
used to learn effective factory allocation patterns from historical solutions for total
flow time minimization.

2.3 Artificial Bee Colony Algorithms in Distributed Assembly

Scheduling

The Artificial Bee Colony (ABC) algorithm, originally proposed by Karaboga [42], is
a swarm-based metaheuristic that mimics the foraging behavior of honey bee colonies.
Owing to its simplicity, few control parameters, and strong global exploration capa-
bility, it has been successfully applied to a wide range of scheduling problems, as
comprehensively reviewed by Gorkemli et al. [43]. In the context of distributed assem-
bly scheduling, existing ABC-based studies have addressed both problem extensions
and algorithmic enhancements. Zuo et al. [44] extended ABC to handle fuzzy process-
ing and assembly times in the standard DAPFSP, while Jiang et al. [45] developed a
hybrid ABC-CP algorithm that couples ABC with a constraint programming model
for the distributed assembly hybrid flowshop problem.

Beyond extending the problem itself, a common thread in more recent ABC-based
studies is the adaptive selection of search operators. Since no single neighborhood oper-
ator performs consistently well across problem instances and search stages, adaptive
operator selection has become an effective means to enhance algorithm robustness.
Wang et al. [46] reinforced ABC with Q-learning for a distributed three-stage assem-
bly problem with maintenance constraints, and Wang et al. [47] embedded Q-learning
into ABC to guide operator selection for a DAPFSP variant with factory eligibility,
transportation capacity, and sequence-independent setup times. Li et al. [48] and Li
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et al. [49] also adopted Q-learning to assist ABC for the DAPFSP with batch deliv-
ery. Yu et al. [50] employed Q-learning as well, embedding it into several improved
metaheuristics including ABC for distributed assembly permutation flowshops.

3 Notations

The notations used throughout this paper are summarized in Table 1.

Table 1: Notations used in this paper.

Notation Description

Indices

i Machine index, i = 1, 2, . . . ,m
j, j′ Job index, j, j′ = 1, 2, . . . , n
k Factory index, k = 1, 2, . . . , f
h, h′ Product index, h, h′ = 1, 2, . . . , d
l Position index in the product sequence, l = 1, 2, . . . , d
b Individual index, b = 1, 2, . . . , d
Parameters

n Total number of jobs
m Number of machines in each factory
f Number of identical factories
d Number of products
pij Processing time of job j on machine i

sM
i,j,j′

SDST on machine i after job j and before job j′

sMi,0,j Initial setup time on machine i before the first job j

th Assembly time of product h

sA
h,h′ SDST on the assembly machine after product h and before product h′

sA
0,h

Initial setup time on the assembly machine before the first product h

Ωh Set of jobs belonging to product h

|Ωh| Number of jobs in product h

Decision Variables

Ci,j Completion time of job j on machine i in the manufacturing stage
CM

h
Completion time of the jobs belonging to product h

CA
h

Completion time of product h in the assembly stage
Cmax Completion time of the last assembled product
Sequences and Derived Variables

X = (Π, σ) A feasible solution, consisting of a product sequence and a job sequence
B Block sequence obtained by compressing the product sequence of a solution
Π = [π1, π2, . . . , πd] Product sequence
πl The l-th product in the assembly sequence
σ Complete job sequence
λk Job sequence of factory k

Lk Number of jobs assigned to factory k

Il Idle time on the assembly machine between the setup and the assembly of the l-th
product

TSTA Total setup time on the assembly machine
TITA Total idle time on the assembly machine
K Number of products in the CPS
Algorithm Parameters

W Sliding window size in SW-UCB1
θ Stagnation threshold for scout bee
φ Onlooker bee selection ratio
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4 Problem Statement and Solution Representation

4.1 Problem Description

As shown in Fig. 1, the DAPFSP-SDST consists of a distributed manufacturing stage
and a centralized assembly stage. Compared with the classical DAPFSP, the DAPFSP-
SDST additionally considers SDSTs in both stages, i.e., between consecutive jobs in
each factory and between consecutive products on the assembly machine. In the first
stage, n jobs are assigned to f identical factories, each containingm machines in series.
Within each factory, jobs are processed in the same order on all machines. In the
second stage, the completed jobs are assembled into d products on a single assembly
machine MA. Each product h is assembled from a predefined subset of jobs Ωh, and
its assembly can start only after all jobs in Ωh are completed and MA is free. Solving
the problem requires determining the assignment of jobs to factories, the job sequence
within each factory, and the product assembly sequence. The objective is to minimize
the makespan Cmax.

Jobs

J1

J2

Jn

⋮

Manufacturing stage

F1 M1 M2 Mm⋯

F2 M1 M2 Mm⋯

Ff M1 M2 Mm⋯

⋮

Assembly stage

Assembly machine

MA

Products

P1

P2

Pd

⋮

Machine M1 of F1 setup processing

sM
1, 0, 2 J2 sM

1, 2, 4 J4 sM
1, 4, 1 J1 sM

1, 1, 3 J3

sM
1, 0, 2: initial setup; sM

1, j, j ′: setup between consecutive jobs.

Assembly machine setup assembly

sA
0, 1 P1 sA

1, 3 P3 sA
3, 2 P2

sA
0, 1: initial setup; sA

h, h ′: setup between products.

Fig. 1 System architecture of the DAPFSP-SDST.

The standard assumptions are as follows: all jobs are available at time zero; no
machine breakdowns or preemption; at any given time, a machine can process at most
one job, and a job can be processed on at most one machine; no job transfer between
factories; each job belongs to exactly one product, and all jobs are used for product
assembly; infinite intermediate storage is available; all the processing, assembly, and
setup times are deterministic non-negative integers known in advance.
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4.2 Makespan Calculation

For a given solution, the makespan is obtained by decoding the product sequence and
the corresponding job sequence into a feasible schedule. First, the jobs are dispatched
to the factories according to a given assignment rule, yielding a job sequence

λk =
[

λk(1) · · · λk(Lk − 1) λk(Lk)
]

(1)

for factory k, where Lk is the number of jobs assigned to factory k. For the first job
in each factory, it can be obtained that

C1,λk(1) = p1,λk(1) + sM1,0,λk(1)
(2)

Ci,λk(1) = max
{

Ci−1,λk(1), s
M
i,0,λk(1)

}

+ pi,λk(1), i = 2, . . . ,m (3)

For the remaining jobs in factory k, that is, u = 2, . . . , Lk, we have

C1,λk(u) = C1,λk(u−1) + p1,λk(u) + sM1,λk(u−1),λk(u)
(4)

Ci,λk(u) = max
{

Ci,λk(u−1) + sMi,λk(u−1),λk(u)
, Ci−1,λk(u)

}

+ pi,λk(u), i = 2, . . . ,m

(5)
The setups in Eqs. (3) and (5) are anticipatory, that is, machine i can be set

up for a job while that job is still being processed on machine i − 1. After all jobs
are processed, the completion time of job j on the last machine is Cm,j . The latest
completion time among the constituent jobs within product h is

CM
h = max

j∈Ωh

Cm,j . (6)

The assembly completion time of each product is computed according to the assembly
sequence Π. For the first product:

CA
π1

= max
{

CM
π1
, sA0,π1

}

+ tπ1
(7)

For subsequent products l = 2, 3, . . . , d:

CA
πl

= max
{

CM
πl
, CA

πl−1
+ sAπl−1,πl

}

+ tπl
(8)

and the makespan is
Cmax = CA

πd
. (9)

4.3 Solution Encoding and Decoding

A solution in the proposed algorithm is represented by two components: a product
sequence Π and a job sequence σ. The product sequence determines the order in which
products enter the assembly stage, while the job sequence determines the priority in
which individual jobs are processed on the manufacturing machines.
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In the decoding process, jobs are dispatched to factories in the order they appear
in σ. We adopt the commonly used NR2 rule [51], in which each job is assigned to the
factory with the smallest current completion time. If multiple factories tie, the one
with the smallest index is chosen. Once all the constituent jobs for a product have been
completed and the assembly machine is available, the assembly of the product can be
started. It should be pointed out that we make sure that the assembly order follows
Π, but the start times depend on both product ready times and machine availability.

As for the encoding scheme, we adopt a stage-dependent representation tailored
to the distinct roles of the employed bee and onlooker/scout bee phases. Specifically,
since the employed bee phase operates at the product-sequence level and a full job
sequence is required to evaluate a solution, σ is constructed by concatenating the job
sub-sequences of all products according to Π. This yields the multi-permutation repre-
sentation (MPR), in which all jobs belonging to the same product remain contiguous.
In contrast, the onlooker bee and scout bee phases operate at the job-sequence level,
which corresponds to the full permutation representation (FPR). Unlike MPR, jobs
belonging to the same product are not necessarily contiguous in FPR and they may
be separated by jobs from other products. Nevertheless, the assembly order is still
preserved by the stored product sequence.

For instance, if product 1 requires jobs (1, 3, 4) and product 2 requires jobs (2, 5),
then for Π = [1, 2], the MPR gives σ = (1, 3, 4, 2, 5), whereas the FPR may give
σ = (1, 2, 3, 5, 4). In the FPR, jobs of the same product are allowed to be separated,
but the assembly order is still determined by the stored Π = [1, 2].

5 Block-Guided Artificial Bee Colony Algorithm

5.1 Algorithm Foundation

The design of the proposed BG-ABC algorithm is based on several interesting obser-
vations on the solution structure of the DAPFSP-SDST, which are described in this
subsection.

First, as established by Song et al. [8], the assembly Gantt chart in Fig. 2 shows
that before a product is assembled, a setup time is required on the assembly machine,
and an idle period may follow this setup. The product is then assembled by a process
taking its given assembly time. Thus, the makespan can be viewed as the sum of
d product-specific segments, each comprising a setup time, an idle period, and an
assembly time. Regrouping these elements by type yields Eq. (10):

Cmax(X) =

d
∑

l=1

tπl
+TSTA(Π) + TITA(Π, σ), (10)

where

TSTA(Π) =

d
∑

l=1

sAπl−1,πl
, TITA(Π, σ) =

d
∑

l=1

Il, (11)

with sAπ0,π1
≜ sA0,π1

denoting the initial setup before the first product. The first term

is a constant, whereas TSTA and TITA are both variables. Consequently, minimizing
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the makespan is equivalent to minimizing TSTA + TITA. The idle time associated
with product πl is given by

Il = max
{

0, CM
πl
− CA

πl−1
− sAπl−1,πl

}

, l = 1, . . . , d, (12)

where CA
π0

≜ 0. If all jobs belonging to Ωπl
are completed no later than the previous

assembly completion time plus the corresponding SDST, the corresponding idle time
is zero, that is,

Il = 0 if CM
πl
≤ CA

πl−1
+ sAπl−1,πl

. (13)

sA
0, π1

I1 tπ1

sA
π1, π2

I2 tπ2

sA
π2, π3

tπ3

sA
π3, π4

tπ4

C A
π1

C A
π2

C A
π3

C A
π4

= Cmax

C M
π1 C M

π2 C M
π3 C M

π4

segment 1 segment 2 segment 3 segment 4
makespan split
into d segments:

TSTA TITA ∑tπl
regrouped
by type:

Il = max{0, C M
πl

− C A
πl − 1

− sA
πl − 1, πl

}
I3 = 0 I4 = 0

setup time assembly time idle time job completion

Fig. 2 Assembly machine schedule of an example product sequence Π = [π1, π2, π3, π4]. A positive
idle time Il appears between the setup and the assembly of π1 and π2, whereas I3 = I4 = 0.

Second, TSTA depends only on the product sequence Π and can therefore be
optimized by changing the order in which the products are assembled. In contrast,
TITA depends on both the product sequence Π and the job sequence σ. It is obvious
that each term Il is nonnegative and attains its minimum at zero. Then, Il = 0 means
that the idle time before the assembly of product πl has already reached its minimum.
This condition yields a useful guideline: for the last subsequence of products whose idle
times are all zero, there is no value in further adjusting the processing order of their
jobs, since the corresponding idle times cannot be reduced any further; by contrast,
the jobs of earlier products are more worthwhile to reorder, as they offer a greater
opportunity to reduce the makespan. As shown in Fig. 2, the idle times of the last two
products are both zero, so adjusting the orders of the jobs belonging to them cannot
reduce TITA.

5.2 Population Initialization

We can easily infer that the first product typically incurs idle time, because its assem-
bly operation cannot commence until all of its constituent jobs have completed their
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Algorithm 1 Population initialization of BG-ABC.

Input: Assembly SDST matrix sA, job sets Ωh, number of products d
Output: Population {X1, X2, . . . , Xd}, where Xb = (Πb, σb)
1: for b = 1 to d do

2: Πb ← [b] ▷ the product sequence of Xb starts with the b-th product
3: U ← {1, 2, . . . , d} \ {b} ▷ unsequenced products
4: π ← b
5: while U ̸= ∅ do
6: π∗ ← an h ∈ U minimizing sAπ,h, selected at random if more than one such

h exists ▷ SDST-minimal successor
7: append π∗ to Πb; U ← U \ {π∗}; π ← π∗

8: end while

9: σb ← concatenation of the default job orders of the products in Πb

10: decode Xb to obtain its makespan Cmax(Xb)
11: end for

12: return {X1, X2, . . . , Xd}

manufacturing processes, and there is no preceding product that could mask this wait-
ing time through overlapping. The idle time equals zero only when CM

π1
≤ sA0,π1

, which
is rarely encountered in practice, since the initial setup time on the assembly machine
is usually much shorter than the time required to process the constituent jobs. This
typical idle time implies that the choice of the first product has a decisive impact on
the makespan.

The population size is chosen to be equal to the number of products. Each indi-
vidual is initialized with a unique first product to ensure full diversity, that is, the
first product of individual Xb is the b-th product. Starting from this first product,
the remaining products are appended greedily by minimizing the local SDST. If more
than one successor has the same minimum SDST, then one of them is selected at ran-
dom. The job sequence σ is constructed by concatenating the default job orders of
the products in Π, where the default job order of a product lists its jobs in ascending
index order. The overall procedure is summarized in Algorithm 1.

5.3 Idle-Aware SDST-Minimal Block Compression

From the analysis in Section 5.1, we can see that consecutive product pairs with both
SDST-minimal setup time and zero idle time are always preferable in high-quality
solutions, since such an adjacent pair achieves its minimum possible contribution to
the makespan. Therefore, fixing such pairs into atomic blocks offers substantial search
value, as it preserves promising structural patterns that are highly likely to appear in
high-quality solutions while reducing the dimensionality of the search space. Motivated
by this observation, we introduce the following definition.

Definition 1 (Compressible block) A consecutive product pair (πl, πl+1) in the product
sequence Π is called a compressible block if the following two conditions hold simultaneously:
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(i) πl+1 is the SDST-minimal successor of πl;
(ii) the idle time between their assembly operations is zero, that is, Il+1 = 0.

Two compressible blocks are merged into a larger block when the last product of the first
block is identical to the first product of the second block. In the employed bee phase, these
blocks are treated as atomic units, so that the neighborhood operators operate on the block
sequence rather than on a single product sequence.

To illustrate this mechanism, consider the product sequence Π = [1, 2, 3, 4] shown
in Fig. 2. Suppose the SDSTs between these products are given by the following matrix:

sAh,h′ 1 2 3 4

1 0 15 20 30
2 10 0 5 25
3 12 8 0 6
4 18 22 9 0

From this matrix, products 3 and 4 are the SDST-minimal successors of products
2 and 3, respectively, since sA2,3 = 5 and sA3,4 = 6 are the minimum values in their
respective rows. Combined with I3 = I4 = 0, both adjacent pairs [2, 3] and [3, 4] are
compressible blocks. Since the last product of [2, 3] is the same as the first product of
[3, 4], they are merged into a single larger atomic block [2, 3, 4].

Consequently, the original search space of the product sequence, which contains
4! = 24 permutations, is compressed into 2! = 2 block-level permutations. This
reduction allows the algorithm to focus its computational effort on more critical com-
binatorial decisions, thereby improving search efficiency. However, this compression
introduces an inherent risk of premature convergence. By permanently binding [2, 3, 4]
together, the algorithm is prevented from exploring configurations where breaking this
block might lead to a globally better schedule. To address this limitation, the scout bee
phase (detailed in Section 5.6) will be designed to detect stagnation and dissolve these
atomic blocks, thereby reconstructing the search space and escaping local optima.

5.4 Employed Bee Phase

The employed bee phase aims to explore promising regions of the solution space.
Since each product sequence defines a distinct region where all solutions share the
same assembly order, this phase operates at the product-sequence level. After initial-
ization, the product sequence of each individual is compressed into a block sequence
via the idle-aware compression mechanism. The BG-ABC algorithm then performs
global exploration directly on this compressed block representation, using three
commonly-used neighborhood operators to generate new candidates:

• Swap: randomly selects two blocks and exchanges their positions.
• Insertion: removes a block and reinserts it at another position.
• Inversion: reverses the order of a randomly selected subsequence of blocks.
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While swap and insertion perform fine-grained local adjustments, inversion intro-
duces more disruptive changes by reversing entire subsequences. Since no single oper-
ator consistently dominates throughout this phase, we adopt the SW-UCB1 algorithm
for adaptive operator selection. For each operator op ∈ {swap, insertion, inversion},
SW-UCB1 maintains a sliding window of its most recent W rewards. At each selection
step, the operator with the highest UCB value is selected:

UCB(op) = ρ̄op +

√

2 ln
(

min(T,W )
)

nop

(14)

where ρ̄op is the average reward within the window, nop is the number of times op has
been selected within the window, and T is the total number of selections so far.

The sliding window discards outdated historical information and quickly adapts to
the time-varying effectiveness of operators as the block structure evolves. Compared
to Q-learning, which requires jointly tuning the learning rate, discount factor, and
exploration strategy, SW-UCB1 involves only a single window-size parameter, making
it more robust and easier to implement in this context.

Once an operator is applied to the block sequence, the resulting sequence is decom-
pressed into a product sequence, and the job sequence is constructed by concatenating
the current job orders of the products in the new product sequence. The full makespan
is then evaluated. Based on the improvement achieved, a reward is assigned to the oper-
ator according to the scheme defined in Table 2, which is then fed back to update the
SW-UCB1 statistics. The selection and feedback procedure is detailed in Algorithm 2.

Table 2 Reward scheme for operator evaluation
in the employed bee phase.

Condition Reward

New global best found 5
New individual best found 2
Improvement achieved (non-best) 1
No improvement, but worsening < 1% 0.3
No improvement, worsening ≥ 1% 0

After evaluation, the product sequence is re-compressed into a new block sequence
for subsequent operations. The makespan of this solution is used as an indicator of the
potential of the entire region defined by the product sequence, since all job sequences
within this region share the same TSTA and differ only in TITA. A smaller makespan
suggests a lower achievable bound for this region, and thus a higher priority for further
exploitation. If the makespan improves, the individual is updated and its stagnation
counter is reset to zero; otherwise, the stagnation counter is incremented by one. The
overall procedure of the employed bee phase is outlined in Algorithm 3.
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Algorithm 2 SW-UCB1-based operator selection and reward feedback.

Input: operator set O = {swap, insertion, inversion}; window size W ; reward scheme
in Table 2

Output: the selected operator op∗ and the updated sliding-window statistics
Selection

1: T ← T + 1 ▷ total number of selections so far
2: if some op ∈ O has nop = 0 then

3: op∗ ← such an op ▷ each operator is tried at least once
4: else

5: for each op ∈ O do

6: UCB(op)← ρ̄op +
√

2 ln(min(T,W )) / nop

7: end for

8: op∗ ← argmaxop∈O UCB(op)
9: end if

Feedback ▷ after the offspring of op∗ is evaluated
10: ρ← reward determined by Table 2
11: push ρ into the window of op∗; remove the oldest record if the window size exceeds

W
12: update ρ̄op∗ and nop∗ over the current window

5.5 Onlooker Bee Phase

Following the global exploration by the employed bees, the onlooker bee phase focuses
on exploiting the most promising individuals. To balance the computational effort, only
a proportion φ of the current population are selected using roulette wheel selection
based on makespan. However, within a given region (i.e., a fixed product sequence),
not all products require job-order optimization. As already shown in Section 5.1,
only the prefix up to the last product with positive idle time requires refinement.
Following the notion introduced by Song et al. [8], we refer to this prefix as the Critical
Product Sequence (CPS) of length K, and the concatenation of the jobs belonging to
these products forms the Critical Job Subsequence (CJS). The onlooker bee therefore
performs local search exclusively on the CJS without altering the product sequence.
Two neighborhood operators are applied.

• Intra-product swap: for each product h in the CPS, one pair of distinct jobs of
that product is randomly selected and swapped.
• Inter-product swap: two positions are randomly selected from the CJS and the

corresponding jobs are swapped.

For each product h in the CPS, the intra-product swap is executed 2|Ωh| times,
whereas the inter-product swap is executed 5K times. To screen these candidate moves
efficiently, we adopt a two-level evaluation strategy. The first level computes a partial
makespan consisting only of the first K products and the computational cost of this
partial evaluation is approximatelyK/d of a full evaluation. The second level computes
the complete makespan over all d products and is triggered only when the candidate
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Algorithm 3 Employed bee phase.

Input: population {X1, X2, . . . , Xd} in block representation; SW-UCB1 statistics
Output: updated population, stagnation counters, personal bests, and global best
1: for each individual Xb do

2: op∗ ← SW-UCB1 selection
3: B′ ← apply op∗ to the block sequence of Xb

4: Π′ ← decompress(B′); σ′ ← concatenate the current job orders of the
products in Π′

5: evaluate the full makespan of (Π′, σ′)
6: B′ ← re-compress (Π′, σ′) into a block sequence
7: feed the reward of the outcome back to op∗

8: if the makespan is improved then

9: Xb ← (Π′, σ′) with block representation B′; stagnation counter stb ← 0
10: update the personal best of Xb

11: update the global best whenever it is improved
12: else

13: stb ← stb + 1
14: end if

15: end for

16: return the updated population

outperforms the incumbent at the first level. The overall procedure is detailed in
Algorithm 4.

5.6 Scout Bee Phase

While idle-aware block compression improves search efficiency, it also carries the risk
of trapping the search in local optima, as the locked blocks may prevent the algorithm
from exploring alternative structural configurations. The scout bee phase addresses
this limitation through a refinement-and-reconstruction mechanism that detects stag-
nation, attempts a targeted refinement of the stagnant solution, and rebuilds the search
structure when the refinement fails. Once the stagnation counter exceeds a predefined
threshold θ, the individual is considered stagnant and triggers the scout bee procedure.

Before discarding the stagnant solution, an insertion-based neighborhood descent
on SDST (SDST-ND) is applied to the non-critical part of its product sequence, fol-
lowed by an insertion-based descent on the CJS of the new sequence. In the SDST-ND,
one product is removed and reinserted at another position of that part, and a move
is accepted whenever it reduces the total setup time. In the CJS descent, each job of
the CJS is removed and reinserted at up to f positions ahead in the CJS, and the
first improving reinsertion is accepted. If either descent yields an improvement, the
resulting solution is fully evaluated to update the individual best and the global best
if applicable. Afterwards, the following structural reset is triggered.

(1) A first product is randomly selected from the set of first products that appear in
the best solutions of the current population.

(2) The remaining products are randomly permuted.
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Algorithm 4 Onlooker bee phase.

Input: population {X1, X2, . . . , Xd} with stagnation counters {st1, st2, . . . , std};
onlooker bee ratio φ

Output: updated population, personal bests, and global best
1: select φ · d individuals by roulette wheel selection according to their makespan
2: for each selected individual Xb do

3: extract the CPS of length K and the corresponding CJS
4: for each product h in the CPS do

5: for t = 1 to 2|Ωh| do
6: swap two randomly chosen distinct jobs of product h in the CJS
7: evaluate the move at the two levels
8: if the move is improved then

9: update the individual, the personal best of Xb

10: update the global best whenever it is improved
11: stb ← 0
12: end if

13: end for

14: end for

15: if K > 2 then

16: for t = 1 to 5K do

17: two positions are randomly selected from the CJS and the corresponding
jobs are swapped.

18: evaluate the move at the two levels
19: if the move is improved then

20: update the personal best of Xb

21: update the global best whenever it is improved
22: stb ← 0
23: end if

24: end for

25: end if

26: end for

27: return the updated population

(3) The job order within each product is randomly shuffled.

This reset destroys all existing blocks and creates a new adjacency structure, which
will be re-compressed in the subsequent employed bee phase. The stagnation counter
is reset to zero, allowing the algorithm to initiate new space-reduction cycles from
various regions of the solution space. The overall procedure of the scout bee phase is
outlined in Algorithm 5.

5.7 Overall Framework and Computational Complexity

By integrating the components described in the preceding subsections, the proposed
BG-ABC follows the overall procedure summarized in Fig. 3. Starting from the ini-
tialized population, the algorithm repeatedly performs the employed, onlooker, and
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Algorithm 5 Scout bee phase.

Input: population {X1, X2, . . . , Xd} with stagnation counters {st1, st2, . . . , std};
threshold θ; number of factories f

Output: updated population with reset stagnation counters, personal bests, and
global best

1: for each individual Xb with stb > θ do

2: Πnc
b ← the products of Πb outside the CPS

3: apply SDST-ND to Πnc
b , yielding a new product sequence Π′

b

4: accepted← false

5: if the total SDST of Π′
b is smaller than that of Πb then

6: decode Π′
b with the current job orders to obtain σ′

b and evaluate its
makespan

7: apply one insertion-based descent to the CJS of Π′
b (updating σ′

b accord-
ingly)

8: if the makespan is improved then

9: Xb ← (Π′
b, σ

′
b); accepted← true

10: update the personal best of Xb

11: update the global best whenever it is improved
12: end if

13: end if

14: if not accepted then

15: select a first product h uniformly at random from the first products of the
best solutions in the population

16: permute the remaining products randomly, and shuffle the job order within
each product

17: Xb ← the reconstructed solution
18: end if

19: stb ← 0
20: end for

21: return the updated population

scout bee phases until the termination criterion is satisfied, and finally returns the
best solution found.

As for computational complexity, a single full evaluation takes O(nm) time. The
initialization phase constructs and evaluates d individuals in O(d3 + dnm) time. The
employed bee phase costs O(d(nm + q)) per generation, since it operates directly on
the q compressed blocks. The onlooker bee phase generates O(n+K) candidate moves
per selected individual, but its first-level partial evaluation costs only about K/d of
a full evaluation, filtering out most unpromising candidates before the expensive full
evaluation is triggered. The scout bee phase is invoked only for stagnant individuals;
its SDST-ND and CJS descent have a worst-case cost of O(d3 + nf), which has a
limited impact on the overall runtime. Overall, under a budget of E full evaluations,
the time complexity of BG-ABC is O(E · nm).
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Fig. 3 Overall framework of the proposed BG-ABC.

6 Experimental Study

6.1 Experimental Setup

The performance of the proposed BG-ABC is evaluated on a set of benchmark
instances originally generated by Hatami et al. [7] for the DAPFSP-SDST. These
instances are constructed from combinations of five problem parameters, as summa-
rized in Table 3. This yields 2 × 3 × 3 × 3 × 2 = 108 parameter combinations.

Table 3 Problem parameters of the
benchmark instances.

Parameter Levels Values

n 2 100, 200
m 3 5, 10, 20
f 3 4, 6, 8
d 3 30, 40, 50
SDST range 2 [1, 50], [1, 125]

For each combination, five instances are randomly generated, resulting in a total of
108 × 5 = 540 instances. All instances and their best-known solutions are publicly
available at http://soa.iti.es.

The proposed BG-ABC, like other metaheuristics, is a stochastic algorithm whose
performance may vary across independent runs due to randomness in the search pro-
cess. Therefore, in order to obtain a reliable assessment, each instance is run R = 10
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times independently with different random seeds, and the results are aggregated for
evaluation.

To compare the performance of different algorithms, we define the Relative
Percentage Deviation (RPD) for a single run of algorithm A on instance I as:

RPD(A, I) =
Cmax(A, I)− C∗

max(I)

C∗
max(I)

× 100% (15)

where Cmax(A, I) is the makespan obtained by algorithm A on instance I, and
C∗

max(I) is the best-known makespan for that instance. The best-known values are
those originally released with the benchmark [7] and remain fixed throughout this
study. Therefore, a negative RPD implies the algorithm outperforms the published
best-known value, while a positive RPD means that it is not reached. ARPD is the
mean RPD over R runs, reflecting the average performance of the algorithm, which is
defined as follows:

ARPD(A, I) =
1

R

R
∑

r=1

RPD(Ar, I) (16)

All algorithms are implemented in Python and run on a desktop computer with an
Intel i7-12700 processor and 32 GB RAM. The stopping criterion for all algorithms is a
maximum number of solution evaluations. Specifically, for an instance with d products,
each algorithm is allowed to perform at most d × 3000 evaluations. This evaluation
budget is scaled with the problem size to ensure a fair comparison across instances of
different scales. For fair comparison, all competing algorithms are executed under the
same termination condition and hardware environment.

6.2 Parameter Settings

We conducted a parameter tuning experiment on three key parameters: the stagnation
threshold θ ∈ {25, 50, 75, 100}, the window size W ∈ {50, 100, 150}, and the onlooker
bee ratio φ ∈ {5%, 10%, 15%}. For each of the 36 parameter combinations, we ran the
algorithm on 29 calibration instances covering all instance scales, with 10 independent
runs per instance, resulting in a total of 36× 29× 10 = 10,440 runs.

We adopt the range analysis [52] to evaluate the parameter effects. For each
parameter, the average makespan at each level is computed across all instances and
all combinations involving that level. The optimal level for each parameter is the
one yielding the smallest average makespan. The range ∆—defined as the differ-
ence between the maximum and minimum average makespan across levels of a given
parameter—indicates the relative importance of that parameter: a larger range means
the parameter has a greater influence on algorithm performance. Table 4 reports the
range analysis results. For each parameter, the average makespan at each level, the
range, and the optimal level are presented.

First, the stagnation threshold θ exhibits the largest range (∆ = 2.4), indicating
that it is the most critical parameter affecting algorithm performance. We can see
that a small θ may trigger the scout bee to reset individuals prematurely, cutting
off the search along promising directions before they have been sufficiently exploited.
Conversely, a large θ may waste too much computational resources on individuals
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Table 4 Range analysis of the three key parameters.

Parameter Level Average makespan Range ∆ Optimal Level

Stagnation threshold θ

25 7782.7
50 7781.2 2.4 50
75 7782.1
100 7783.6

Window size W

50 7782.4
100 7781.8 1.2 100
150 7783.0

Onlooker ratio φ

5% 7782.9
10% 7782.0 0.9 10%
15% 7782.3

that have already stagnated. The data in Table 4 support this interpretation: the best
average makespan is obtained at θ = 50, while both smaller and larger values lead to
performance degradation.

A small window makes the SW-UCB1 operator selection overly sensitive to recent
fluctuations, while a large window retains outdated historical information that no
longer reflects the current search stage. The intermediate valueW = 100 yields the best
performance by maintaining a sufficiently long history for stable reward estimation
while remaining responsive to changes in the search dynamics.

The onlooker bee ratio φ controls the balance between global exploration and local
exploitation. A small φ implies that only a few top individuals undergo local search,
which may leave the promising regions insufficiently exploited. Conversely, a large φ
causes too many individuals to be refined, which consumes too much computational
effort in this phase. The intermediate value φ = 10% strikes the best balance, focus-
ing computational effort on the elite individuals while maintaining the evolutionary
progress of the population.

6.3 Ablation Study

To validate the effectiveness of the four key components in the proposed BG-ABC
algorithm, we conduct ablation experiments on four variants:

• BG-ABC-v1: removes the idle-aware block compression mechanism and operates
directly on the raw product sequence throughout the search. This variant is designed
to verify the contribution of the block compression mechanism.
• BG-ABC-v2: replaces the SW-UCB1 operator selector with uniform random selec-

tion among the three operators (swap, insertion, inversion). This variant is designed
to verify the contribution of the adaptive operator selection mechanism.
• BG-ABC-v3: replaces the CJS-oriented neighborhood and the two-level evalua-

tion strategy of the onlooker bee phase with a plain neighborhood search over the
whole product sequence in which every candidate is fully evaluated. This variant is
designed to verify the contribution of the CJS-oriented local search with two-level
evaluation.
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• BG-ABC-v4: replaces the SDST-ND-guided reconstruction and the insertion-
based descent of the scout bee phase with a uniform random reinitialization of the
stagnating individual. This variant is designed to verify the contribution of the
guided reconstruction mechanism.

All variants are evaluated on the same 540 benchmark instances with 10 indepen-
dent runs per instance, using the same termination criterion and parameter settings as
the full BG-ABC. We employ the Wilcoxon signed-rank test [53], with BG-ABC as the
control algorithm, to detect significant differences between BG-ABC and each variant.
Instances with identical makespan are excluded as ties. Because four comparisons are
conducted, the Holm–Bonferroni procedure is applied to control the family-wise error
rate, and the adjusted p-values are reported together with the significance decisions
at α = 0.05 and α = 0.01. Table 5 reports the results of the ablation experiments.

Table 5 Wilcoxon signed-rank test results of the ablation study (control algorithm: BG-ABC).

BG-ABC vs. Wins Losses Ties R+ R− Z Adj. p α = 0.05 α = 0.01

v1 442 92 6 129675.5 13169.5 16.330 1.81× 10−59 Yes Yes
v2 345 192 3 101907.0 44163.0 7.959 3.46× 10−15 Yes Yes
v3 480 57 3 141304.0 4766.0 18.820 2.07× 10−78 Yes Yes
v4 325 211 4 98855.5 45060.5 7.498 6.47× 10−14 Yes Yes

As shown in Table 5, the full BG-ABC significantly outperforms all four variants
at both significance levels. The largest performance degradations result from removing
the idle-aware block compression and the CJS-oriented local search, indicating that
these two mechanisms play the most critical role in exploring and exploiting the search
space. Replacing SW-UCB1 with uniform random selection, or replacing the guided
reconstruction of the scout bee phase with a random reinitialization, also leads to
statistically significant performance losses. Overall, these results demonstrate that
none of the four components is redundant.

6.4 Comparison with State-of-the-Art Algorithms

To evaluate the performance of the proposed BG-ABC algorithm, we compare it with
four state-of-the-art algorithms from the literature: IG [7], GP-HH [33], NBBO [34]
and TSHA [8]. All compared algorithms are re-implemented in Python and executed
in the same experimental environment as BG-ABC. The parameters of each algorithm
follow the recommended settings from their original publications and all algorithms
use the same termination criterion to ensure a fair comparison. Each algorithm is run
10 times independently, and the average results are reported.

Table 6 shows the ARPD values of all compared algorithms, grouped by the number
of jobs (n), machines (m), factories (f), products (d), and the SDST range. The
negative ARPDs attained by GP-HH, TSHA, NBBO, and BG-ABC indicate that
these algorithms improve upon the best-known solutions published for the benchmark.
Fig. 4 further illustrates the boxplots of the per-instance ARPD values. The box of
BG-ABC lies almost entirely below those of the other algorithms, and its median is the
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Fig. 4 Boxplots of the per-instance ARPD distributions of the compared algorithms over the 540
benchmark instances.

lowest, indicating that the improvement of BG-ABC is not driven by a few favorable
instances but holds consistently across the benchmark set.

Table 6 ARPD values of the compared algorithms grouped by problem parameters.

ARPD

IG GP-HH TSHA NBBO BG-ABC

n
100 1.26 -1.35 -2.23 -2.39 -3.18
200 0.37 0.38 -0.32 -0.24 -0.73

m

5 0.93 -0.78 -1.8 -1.74 -2.38
10 0.82 -0.42 -1.32 -1.29 -1.93
20 0.69 -0.26 -0.71 -0.92 -1.56

f

4 0.72 0.08 -0.55 -0.71 -1.35
6 0.83 -0.46 -1.33 -1.33 -1.97
8 0.89 -1.08 -1.95 -1.91 -2.55

d

30 0.41 0.32 0.38 0.23 -0.34
40 0.79 -0.01 -0.78 -0.79 -1.44
50 1.24 -1.77 -3.42 -3.39 -4.09

SDST
[1,50] 0.49 -0.33 -0.68 -0.71 -1.16
[1,125] 1.14 -0.64 -1.87 -1.92 -2.74

Average 0.81 -0.49 -1.28 -1.32 -1.95

To determine whether the performance differences among the compared algorithms
are statistically significant, we employ the Friedman test as a non-parametric multiple-
comparison procedure, followed by the Bonferroni-Dunn post-hoc test to identify
specific pairwise differences [53]. Since IG performs substantially worse than all the
other algorithms and lies far outside their rank range, it is excluded from the tests to
avoid distorting the rank-based results. The proposed BG-ABC algorithm is designated
as the control algorithm.
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Table 7 presents the average ranks and RPD statistics of the compared algorithms.
We can see that BG-ABC achieves the best average rank, substantially lower than the
others, while IG, listed for completeness only, ranks last. The Friedman test on the
remaining four algorithms yields χ2 = 1180.3650 (df = 3) with a p-value approaching
zero, decisively rejecting the null hypothesis of equivalent performance.

Table 7 Average ranks and RPD statistics of the
compared algorithms.

Algorithm Avg. Rank ARPD (%) Median RPD (%)

BG-ABC 1.0361 -1.9541 -0.8072
TSHA 2.5194 -1.2761 -0.3633
NBBO 2.7444 -1.3171 -0.2615
GP-HH 3.7000 -0.4856 0.2361
IG 5.0000 0.8100 1.1659

Since the null hypothesis is rejected, the Bonferroni-Dunn post-hoc test is further
performed to identify specific pairwise differences between the control algorithm and
each competitor. The critical difference (CD) is computed as:

CD = qα

√

a(a+ 1)

6N
(17)

where α = 4, N = 540, q0.05 = 2.498 and q0.01 = 3.150, yielding CD0.05 = 0.1963
and CD0.01 = 0.2475. Table 8 presents the Bonferroni-Dunn post-hoc test results with
BG-ABC as the control algorithm.

Table 8 Bonferroni-Dunn post-hoc test results (control
algorithm: BG-ABC).

Comparison Rank difference α = 0.05 α = 0.01

BG-ABC vs. TSHA 1.4833 Significant Significant
BG-ABC vs. NBBO 1.7083 Significant Significant
BG-ABC vs. GP-HH 2.6639 Significant Significant

Fig. 5 compares the average ranks with the critical difference thresholds. Since
every pairwise rank difference exceeds CD0.05, no pair of algorithms is statistically
indistinguishable at the 95% confidence level. The same conclusion holds at the 99%
level. Therefore, BG-ABC significantly outperforms TSHA, NBBO, and GP-HH at
both confidence levels.

The reasons why BG-ABC outperforms the compared algorithms can be explained
as follows. On the one hand, IG and GP-HH are generic metaheuristics directly
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Fig. 5 Average ranks of the compared algorithms obtained by the Friedman test, together with the
critical difference thresholds (CD0.05 = 0.1963 and CD0.01 = 0.2475).

adapted to this problem, and NBBO does not fully exploit the knowledge of the prob-
lem, so that none of them makes sufficient use of the domain-specific insight into the
solution space. On the other hand, TSHA explicitly exploits these structural properties
and therefore achieves competitive performance. However, as a single-descent heuris-
tic, TSHA is inherently limited in its global exploration capability and easily gets
trapped in local optima. In contrast, BG-ABC builds upon these structural insights
and effectively integrates them into a population-based ABC framework. The block
compression reduces the search space to accelerate global search, while the embedded
SW-UCB1, CJS-focused local search, and refinement-and-reconstruction mechanisms
work together to balance exploration and exploitation within this compressed space.
This explains the consistent superiority of BG-ABC.

7 Conclusion

This paper proposes a BG-ABC algorithm for the DAPFSP-SDST. The algorithm
integrates four key components: an idle-aware block compression strategy to reduce the
search space, an SW-UCB1 mechanism for adaptive operator selection in the employed
bee phase, a CJS local search with a two-level evaluation strategy in the onlooker
bee phase, and a refinement-and-reconstruction mechanism in the scout bee phase
to escape local optima. Experimental results on a comprehensive set of benchmark
instances show that BG-ABC significantly outperforms TSHA, NBBO, IG and GP-
HH. The ablation study confirms that each component contributes positively to the
overall performance. These results verify the value of BG-ABC in handling complex
scheduling decisions within multi-stage supply chain environments.

Future work may extend the block-guided framework to other distributed schedul-
ing assembly environments, such as flexible job shops, hybrid flowshops, and DAPFSP
variants with additional practical constraints like batch delivery and transportation
costs. On the algorithmic side, it would be interesting to explore the integration of deep
reinforcement learning (DRL) algorithms to further improve the adaptive search capa-
bility. Finally, applying BG-ABC to real-world supply chain networks with dynamic
customer demands would be a valuable direction.
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