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Order-Driven Disassembly Task Scheduling and
Optimization for Multi-Factory Remanufacturing

Chenggang Zheng, Ying Tang, Weitian Wang, and Qi Kang

Abstract—Maulti-factory remanufacturing systems often oper-
ate under practical constraints, including heterogeneous task
requirements and limited availability of skilled labor, where
factory and workstation operations cannot be assumed to be
continuously active. In such environments, worker availability
and order demand jointly determine factory activation, work-
station utilization, and task allocation, leading to tightly coupled
decisions across multiple resource levels. Effectively coordinating
these interdependent factors is critical for improving operational
productivity in distributed remanufacturing networks. This study
investigates a multi-factory remanufacturing problem that jointly
optimizes order allocation, worker assignment, and factory acti-
vation decisions under labor constraints. A mixed-integer linear
programming model is developed to capture the interactions
among factories, workstations, and workers while considering
disassembly task structures derived from order requirements.
To solve the resulting complex optimization problem, the Alpha
Evolution algorithm is employed and compared with several
representative metaheuristic approaches, including the Improved
Beluga Whale Reproductive Optimization, Coati Population Al-
gorithm, Fruit Fly Optimization Algorithm, Dingo Optimization
Algorithm, and Modified Dung Beetle Mating Optimization.
Experimental results demonstrate that coordinated resource
activation can significantly enhance labor utilization and overall
system performance. The proposed Alpha Evolution algorithm
approach achieves competitive performance in solution quality
and stability across multiple test scenarios.

Key Words—Multi-factory remanufacturing, order and worker
scheduling, Alpha Evolution algorithm, cost minimization.

I. INTRODUCTION

EMANUFACTURING has emerged as a key approach to
sustainable development, allowing end-of-life products
to be restored and valuable subassemblies reintroduced into
production system. In particular, the optimization of multi-
factory remanufacturing processes (MRPOP) [1] has gained
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increasing attention, as it can substantially reduce resource
consumption and operational costs, contributing to environ-
mental sustainability. However, most current studies focus on
single-factory scenarios or idealized production conditions,
which fail to reflect the real complexity of remanufactur-
ing systems involving multiple factories, diverse orders, and
dynamic worker allocation [2]. In practical remanufacturing
environments, production efficiency is not only determined by
task scheduling but also by the coordination and activation of
multiple interdependent resources across factories.

A major challenge in multi-factory manufacturing system
lies in the simultaneous consideration of order demands and
worker scheduling [3]. In many real-world remanufacturing
systems, factories and workstations cannot remain continu-
ously active and are often triggered by worker availability
and incoming order requirements [4]. Orders vary in size,
priority, and delivery requirements, while workers must be
strategically assigned to factories and workstations to maintain
balanced workloads and operational efficiency [2, |3]]. Ignoring
these factors can lead to unbalanced resource utilization,
higher costs, and reduced overall system performance [6].
To address these issues, this study develops a mixed-integer
linear programming (MILP) model that jointly considers order
allocation, worker scheduling, and factory activation decisions
within a unified optimization framework.

Over the past five years, multi-factory optimization with or-
der and worker scheduling has attracted growing attention [7].
Unlike traditional single-factor scheduling problems, MFSOP
considers inter-factory collaboration, order heterogeneity, and
worker scheduling constraints, which significantly increases
its complexity [8l 9]. Optimizing MFSOP is therefore critical
for improving productivity, reducing operational costs, and
maintaining sustainable competitiveness in the global market
[10]. However, relatively limited attention has been paid to
scenarios where factory activation itself becomes a decision
variable influenced by labor availability.

As illustrated in Fig. [T} the proposed multi-factory remanu-
facturing scheduling framework integrates multi-factory coor-
dination, worker allocation, and order scheduling into a unified
decision-making system [11l]. However, due to the combina-
torial nature of decision variables, the dynamic constraints of
real production systems, and the practical complexities of var-
ious operational uncertainties and coordination requirements,
the multi-factory order-worker scheduling problem remains
highly challenging [12]]. The interdependence among these
decision layers creates tightly coupled relationships that signif-
icantly affect system feasibility and operational performance.

Due to the NP-hard nature of the proposed model, exact
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Fig. 1. Multi-factory remanufacturing process.

optimization methods become computationally prohibitive for
large-scale scenarios. To address this challenge, this study
adopts the Alpha Evolution (AE) algorithm as an effective
solution approach [13]]. AE incorporates adaptive evolutionary
strategies and elite-guided search mechanisms, which enhance
global exploration and accelerate convergence while prevent-
ing premature stagnation.

Comprehensive comparative experiments are conducted to
benchmark AE against several state-of-the-art metaheuristics,
including the Improved Beluga Whale Reproductive Opti-
mization (IBRO) [14]], Coati Population Algorithm (CPA),
Fruit Fly Optimization Algorithm (FOA), Dingo Optimiza-
tion Algorithm (DOA), and Modified Dung Beetle Mating
Optimization (MDMBO). These comparisons help evaluate
the effectiveness of the proposed modeling framework under
different solution strategies. Results show that AE consistently
achieves lower total costs, faster convergence speed, and
more stable performance, demonstrating its suitability and
advantage in solving large-scale multi-factory scheduling and
remanufacturing problems.

This work contributes to the modeling of coordinated
decision-making mechanisms in multi-factory remanufacturing
systems, with the main contributions summarized as follows:

1) Created a mixed-integer linear programming model that
captures the coordination among order allocation, fac-
tory activation, and worker scheduling in multi-factory
remanufacturing systems.

2) Developed an AE-based solution integrating population
evolution and elite strategies to strengthen global search
and accelerate convergence for remanufacturing tasks.

3) Implemented extensive experiments on various produc-
tion scales, validating the proposed model and showing
that the developed approach outperforms five state-of-
the-art metaheuristics—IBRO [15]], CPA [16]], FOA [17],
DOA [18], and MDMBO [19]].

The remainder of this work is organized as follows. Section

II formulates the mixed-integer linear programming model for
multi-factory remanufacturing considering order allocation and
worker scheduling. Section III introduces the AE-based ap-
proach designed to solve the proposed optimization problem.
Section IV presents the experimental results and compares the
proposed solution with several classical algorithms. Section
V concludes this study and discusses directions for future
research.

II. RELATED WORK

The remanufacturing optimization problem (ROP) has been
extensively investigated in the context of multi-factory set-
tings and system-level remanufacturing decision frameworks.
Tang et al. [20] and Wang et al. [21]] incorporated uncer-
tainties and multi-objective considerations into multi-factory
production. Xu et al. [22] explored hybrid heuristics to
enhance synchronization across distributed processes. In in-
telligent disassembly systems, Guo et al. [23] introduced
a human-robot collaborative disassembly balancing model
with shared resources, informing cross-factory coordination
strategies. In addition, multiple studies [24H26] advanced the
understanding of disassembly systems from task characteris-
tics, human factors, and multi-factory perspectives. Although
these efforts extend ROP modeling to more complex environ-
ments, research on integrated multi-factory remanufacturing
optimization—particularly where disassembly, allocation, and
scheduling are coupled—remains insufficient. Most existing
studies treat factory coordination, task scheduling, and re-
source allocation as separate decision layers, while the inter-
action between order demand, worker availability, and factory
activation has rarely been explicitly modeled within a unified
decision-making hierarchy.

Extensive efforts have been devoted to optimizing order
allocation and related decision-making in multi-factory pro-
duction environments. Wang et al. [27] developed a joint
optimization model for order allocation and rack selection
in multi-station systems to balance workload and reduce
operational costs. Martin ef al. [28] examined tactical al-
location strategies in international manufacturing networks,
underscoring the importance of cross-factory coordination and
production flexibility. Zhang et al. [29|] further introduced a
reliability-driven dynamic order allocation and inventory man-
agement model to enhance decision robustness under produc-
tion uncertainty. These studies collectively advance intelligent
and adaptive order assignment mechanisms, providing con-
ceptual support for the integrated multi-factory remanufactur-
ing optimization framework addressed in this work.However,
most of these studies focus primarily on order allocation or
production planning, without explicitly incorporating worker-
related constraints into the allocation process. As a result, the
joint consideration of order demand and worker availability as
drivers of factory activation and task allocation remains largely
unexplored in existing multi-factory scheduling research.

Given that the MRPOP is an NP-hard problem, its com-
putational complexity increases rapidly with the data scale,
making heuristic and metaheuristic algorithms indispensable
for practical solution efficiency [30, 31]. Guo et al. [32]]
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proposed a human—machine collaborative DLBP model with
stochastic task times and designed a Pareto-improved shuffled
frog-leaping algorithm enhanced by a stochastic simulation
strategy and elite operators. Wei et al. [33] incorporated
human factors into disassembly line balancing and developed a
multi-objective discrete harmony search optimizer to improve
both solution quality and computational speed. Zhao et al.
[34] addressed time-constrained rolling-process scheduling
through Petri-net modeling and iterative greedy heuristics,
while Cil et al. [35] integrated distributed disassembly line
balancing with vehicle routing and solved it using a multi-
start simulated annealing approach. Gu et al. [36] tackled
dynamic job shop scheduling with a self-learning discrete
salp swarm algorithm to balance global exploration and local
exploitation. Moreover, Zhang et al. [377] improved the Fruit
Fly Optimization Algorithm by considering worker learning
effects for multi-objective disassembly line balancing, which
provides inspiration for the adaptive mechanisms incorporated
into the AE in this study.

III. PROBLEM DESCRIPTION
A. Problem Statement

Traditional multi-factory remanufacturing systems often as-
sume relatively fixed order assignments and worker schedules.
However, with the continuous arrival of new orders and
dynamic worker availability, coordinating production activities
across multiple factories becomes significantly more complex.
In such environments, production efficiency is largely influ-
enced by how orders and workers are jointly allocated rather
than by isolated scheduling decisions.

In this study, we focus on the optimization of order alloca-
tion and worker scheduling in a multi-factory remanufacturing
system with the objective of minimizing total operational
costs. Factories are not assumed to be continuously opera-
tional; instead, their utilization is implicitly determined by the
assigned orders and available workers. As illustrated in Fig. 2]
the complexity of the problem arises from the need to balance
order processing requirements, worker capacity, and factory
resources within a unified decision-making framework.

A typical multi-factory remanufacturing system consists of
multiple factories, each equipped with its own workstations.
Orders can be allocated to different factories as long as
operational capacity and worker availability constraints are
satisfied. The integration of order allocation with worker
scheduling creates a tightly coupled decision process, where
feasible order—worker assignments directly influence factory
utilization and overall system performance.

To address this problem, a mixed-integer linear program-
ming model is developed to coordinate order allocation and
worker scheduling while ensuring that production activities
are carried out only when sufficient workload and qualified
workers are available. The goal is to minimize the total cost,
including labor costs and resource utilization costs, while
guaranteeing timely completion of all orders.

In addition, this research explores the integration of order
scheduling with worker scheduling. This combination ensures
that orders are assigned to workers based on available skills
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Fig. 2. The workflow of multi-factory remanufacturing
process optimization.

and factory resources, optimizing the scheduling of both
orders and workers simultaneously. By aligning order needs
with worker capabilities, the system enhances flexibility and
responsiveness to changing production demands, leading to
significant improvements in cost efficiency and overall produc-
tion output across the entire system. We make the following
assumptions:

o The incidence matrix, conflict matrix, and precedence
matrix of the EOL products are known.

« Disassembly is selective; not all subassemblies need to
be disassembled.

« The operation time of each workstation should not exceed
the given system cycle time.

o At least one disassembly task is assigned to each active
workstation.

« At least one worker is assigned to each workstation.

« Each worker has a known fixed cycle time.

o The cost and time per time unit of each disassembly
operation by a worker is known.

B. AND/OR Graph

Since a disassembly system is a discrete event system, one
can use Petri nets or other formal methods to model and
analyze the disassembly processes and resource requirements.
In this work, we use AND/OR diagrams to describe this
relationship among operations for its simplicity. An AND/OR
graph, representing all feasible disassembly sequences of an
EOL product, specifies the precedence and conflicting rela-
tionships among operations. In an AND/OR graph, each node
represents a subassembly indexed by an integer i in an angle
bracket, i.e., (i),i = 1,2,...,1, where I denotes the number
of subassemblies. Nodes are then connected by direct arcs.
A disassembly operation is represented by multiple directed
edges originated from the same starting node to its child
nodes, forming an “AND” relation. All operations are labeled
pictorially by an integer number j, j = 1,2,...,J, where J
is the total number of disassembly operations of a given EOL
product. A node can have more than one operation, forming
an “OR” relation.

In our case, the EOL product is a household oven. Fig.
shows the schematic diagram of the oven, in which several
key subassemblies are indicated. Based on this structure,
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the corresponding AND/OR graph of the oven disassembly
process is constructed, as illustrated in Fig. [d] Each node in the
graph represents a subassembly of the oven, and the directed

Ql?lO

The m-th manufacturing factory acquires the price
of the o-th order.
Transportation cost of the o-th order of the
from the f-th disassembly factory to
the m-th manufacturing factory.
Disassembly time required by h-th workers to
complete the i-th task of the p-th product.
The unit time cost of the A-th worker executing the
i-th task of the p-th product in the f-th factory.
The unit time cost of activating the f-th disassembly
factory.
Cost of activating the w-th workstation of the
f-th disassembly factory.
Disassembly incidence matrix.
Disassembly conflict matrix.
Disassembly precedence matrix.
Commuting cost of the h-th worker to the f-th
disassembly factory.
The length of each time period.
Matrix o of the category to
which product p and part j belong.
Manufacturing factory m quantity requirement for order o.

Decision variables:

edges denote feasible disassembly operations. 1, If the h-th worker is assigned to the w-th
Apfiw = workstation in the f-th disassembly factory;
C. Notations 0, otherwise.
Sets:

F Set of disassembly factories, F = {1,2, ..., F}. 1, If the p-th product is assigned to the f-th
M Set of manufacturing factories, M = {1,2, ..., M}. Hpf = disassembly factory;

P Set of products, P = {1, 2, ..., P}. 0, otherwise.
J, Set of all sub blies i duct p, J, = {1,2,...,J,}. .

Ip Se Of all su kass'em I;:S mnp rlo ue 117 ) p I{ r} 1, If the h-th worker executes the i-th task of the

p Setof all tasks in product p, 1, ={1,2,.... Ip}. p-th product at the w-th workstation

. § P
W Set of workstations of the k-th factory, hfwpi in the f-th disassembly factory:
W={1,2,..., W} i
0, otherwise.

H Set of workers, H ={1,2,...,H}.
O Set of order types, O = {1,2,...,0}.
Indexes:

p Product index, pe P.

13
Ve = 0

If the f-th disassembly factory is activated;
otherwise.

. . . 1, If the w-th workstation of the f-th disassembly
J Subassembly index, je€ J,. . .

L . . Ufy = factory is activated;

i Disassembly task index, i€ I,. .

) ) 0, otherwise.
f Disassembly factory index. f € F.
m Manufacturing factory index. m € M. 1, If the o-th order is transported from the
w Workstation index, w € W. f-th disassembly factory to the
Afino =

h Worker index, h € H.

o order index, o € O.

m-th manufacturing factory;
otherwise.
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D. Mathematical Model
We formulate the optimization problem of MRPWS as:

miny = Z Z Z cf,,ma(fma

feF meM oeO

PIIPIPINNCATELE

heH feF weW peP iel,

+ Z c;yf + Z Z Chwlfiy

feF feF weW

DINIPICA

feF weW heH

(€]

The objective function (1) represents the minimum cost
of disassembly EOL products. The first item represents the
transportation cost from the disassembly factory to the manu-
facturing factory. The second term represents the disassembly
cost of performing the disassembly task. The third term
represents the cost of turning on the disassembly factory. The
fourth term represents the cost of turning on the associated
workstations. The fifth term represents the commuting cost of
worker scheduling.

S S it < TVf € Fo¥w € W .

heH peP iel,
ZZﬂhfWSl,VheH (3)
feF weW
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heH
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D D W (i, = Hipi) + W(Z Xnfiopiyl = 1) <0
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Z Z Xnfipiy < Z Z Z BpirizXnpwpiy» Vf € F, Vp € P,
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(13)
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feF
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Hpr€1{0,1}, Vpe P, ¥fe F a7
Xnfivpi € {0, 1} ,Vh e H,Vfe F,Yw e W,Vp € P (18)
viel,
y€{0,1}, VfeF (19)
up, € {0,1}, VfeF, Ywe W (20)
Ufino € {0,1},Vf € F,Vm € M,Yo € O 21
TeR, (22)

Constraint (2) ensures that the total working time of the
workers can not exceed the length of the time period. Con-
straint (3) ensures that each worker is assigned to at most
one workstation in each time period. Constraint (4) ensures
that subassemblies obtained by disassembling a product can be
transported to only one manufacturing factory. Constraint (5)
ensures that each product is assigned to only one disassembly
factory in only one time period. Constraint (6) ensures that
products can only be assigned to disassembly factories that
have been turned on. Constraint (7) ensures that the worksta-
tions in a factory can only be turned on if the disassembly
factory is turned on. Constraint (8) ensures that each worksta-
tion is assigned at most one worker. Constraint (9) ensures that
if a product is not assigned to a disassembly factory, workers
cannot perform tasks for that product at any workstation in that
factory. Constraint (10) ensures that if a worker is not assigned
to a workstation in a disassembly factory, they cannot perform
any tasks at that workstation. Constraint (11) ensures that each
disassembly task for each product is performed at most once.
Constraint (12) ensures that the assignment of product disas-
sembly tasks complies with precedence constraints. Constraint
(13) ensures that the disassembly sequence of the product
can begin from other tasks. Constraint (14) ensures that the
assignment of disassembly tasks causes no conflict among
them. Constraint (15) indicates that the decision satisfies the
order allocation conditions. Constraints (16)-(22) indicate the
range of values of decision variables.
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IV. PROPOSED ALGORITHM

Alpha Evolution (AE) algorithm is an effective evolutionary
algorithm, which has the characteristics of strong global search
ability and fast convergence. AE simulates the process of nat-
ural evolution, where individuals evolve based on their fitness
and environmental factors. The algorithm uses population-
based strategies to explore the solution space and optimize
complex scheduling problems. This work extends the basic AE
to solve the multi-factory remanufacturing scheduling prob-
lem, aiming to minimize overall costs and improve production
efficiency.

A. Basic Process of AE

In AE, the initial population is randomly distributed
throughout the solution space. Each individual represents a
possible solution and moves stochastically to find advanta-
geous positions to minimize the total production cost. AE
introduces a fusion process, where each individual combines
its current solution with the global best solution to enhance its
own fitness. This fusion occurs through a crossover process,
which integrates the individual’s solution with the global
optimum to explore better solution spaces.

A mutation strategy is also integrated into the algorithm to
introduce random disturbances, preventing the algorithm from
getting stuck in local optima. Specifically, if the best solution
of the population does not improve after a certain number
of iterations, a random mutation applies to the individual
solutions, creating new variations in the population. This
allows the algorithm to explore new areas of the solution
space, enhancing its ability to find global optima. The AE
process continues until a satisfactory solution is found or the
maximum number of iterations is reached.

The basic idea of AE is described as follows: First, we
initialize its basic parameters and population. Then, the pop-
ulation is ranked in descending order according to the fast
non-dominated sorting method and crowding distance strategy
. Then, a memeplex is constructed by using the memeplex-
construction algorithm. A local search is performed for each
memeplex to realize memeplex evolution. After the local
search is completed, the population is updated by merging all
memeplexes. After that, crossover and selective operators are
performed on this population, and the Pareto front is updated.
Then the next iteration process is executed until a pre-set
termination condition is met. The AE process is shown in
Algorithm 1 [13].

Algorithm 1 AE

Input: N,D,ub,lb, FEs =0, MaxFEs
Output: Global optimal solution: Xpegt
1: Initialize the candidate matrix using X = (b + (ub — [b) -
rand(0, 1, [N, D]) and evaluate
FEs=FEs+ N
whileNFEs <= MaxFEs do
E—X
ind = sort( f(X))
R; =rand(0, 1, [N, D))
R; =rand(0, 1, [N, D])

NN R

S =randi(0, 1, [N, D])
: Ar=(ub—lb)-(2R1~R2—R2)-S
100 a =exp(In(1 - FEs/MaxFEs) — (4FEs/MaxFEs)?)
11: fori=1:N do

12: if rand(0, 1) < 0.5 then

13: A = X(randi(1, N, [D, 1]),)

14: cq=1—FEs/MaxFEs

15: pil = c,pt + (1 - ¢,) X diagonal(A)

16: P = pi+!

17: else

18: K = | N xrand(0, 1) |

19: 11 = randperm(N, K)

20: B =X(1},)

ot w = F(I)/sum(f (1))

22: cp =1—FEs/MaxFEs

23: pZ” =cpp) + (1 —cp) X wB

24: P =pit

25: end if

26: W; = X(ind(randi([1,length(1 find(k ==
ind))])), :)

27: L; = X(ind(randi([length(1 find(k ==
ind)), N])),:)

28: I, = round(rand(0, 1))

29: 6 = I, x 2rand(0, 1) + (1 = I) xrand(0, 1, [1, D])

30: Ef'=P+alAri+6-(W;+E'-P—-L;)

31 Boundary constraints on variables using Eq. (14)

32: Select X according to Eq. (15)

33: Recording the value of Xpeg

34: FEs=FEs+1

35:  end for
36: end while
37: return  Xpeg

B. Encoding and Decoding Scheme

Through effective encoding and decoding, AE can be ap-
plied to optimize order allocation and worker scheduling,
thereby improving the efficiency and resource utilization of
the remanufacturing process. According to the characteristics
of this problem, the randomness of orders, the dynamics of
worker scheduling, the selection of disassembly and manu-
facturing factories, the sequence of disassembly tasks, and
the allocation of workstations will all affect the solution.
In this study, we design a five-stage encoding method o =
(01, 0%, 073, 04, 05) to represent the solution of this problem.
Here, 0| represents the disassembly task sequence, o» denotes
the required parts of the orders, o3 refers to the disassembly
factory index, oy represents the workstation index, and o
indicates the worker index. The encoding scheme is illustrated
in Fig. [

For example, the recycling plant requires two units each
of parts 11, 12, 13, 14, and 15. Product 1 is assigned to
disassembly factory 3, with a disassembly task sequence of
2,4,8,10,13. Product 2 is assigned to disassembly factory
1, with a disassembly task sequence of 2,6,8,10,11. The
disassembly tasks 2,4,8,10,13 of Product 1 are assigned
to workstation 1, while the tasks 2,6, 8, 10,11 of Product 2
are assigned to workstation 3. During the disassembly of
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Task(o,)

Order(g,)

Factory(a,)

Workerstation(o,)

Worker(o;)

Fig. 5. An encoding scheme of AE.
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the first product, Worker 4 is allocated to workstation 1 in
disassembly factory 3, during the disassembly of the second
product, Worker 2 is allocated to workstation 3 in disassembly
factory 1.

The decoded assignment process is shown in Fig.

C. A Coding Example

« Step 1: Generate the disassembly sequence based on the
conflicts and precedence relationships between disassem-
bly tasks. Retain tasks that meet the order requirements
based on the parts obtained from task decomposition.
Each task in the disassembly sequence is in a pending
assignment state.

o Step 2: Assign the EOL products to the disassembly
factories.

« Step 3: Sequentially assign the disassembly tasks to the
workstations. If assigning a task to a workstation causes
the workstation to exceed its cycle time constraint, the
next workstation is “turned on”, and the task is assigned
to it.

o Step 4: According to the constraints, assign workers to
the workstations of the disassembly factories.

o Step 5: Deliver the parts to the corresponding manufac-
turing factories to fulfill their orders.

The adopted encoding scheme directly represents the
order allocation and worker scheduling decisions, which

Current Individual =2 4 6 7 10 13 Global Best 2 3 8

Fusion Source Indicator

tem Fused Individual %

Fig. 7. Process of fusion.

10 11 13

preserves the feasibility of candidate solutions and re-
duces unnecessary search in infeasible regions.

D. Population Initialization

In AE, a population is typically composed of multiple
individuals, each encoding a potential feasible solution. Dur-
ing population initialization, a disassembly task sequence of
random length is first generated according to the disassembly
incidence matrix. This sequence is then adjusted to satisfy
conflict constraints and precedence relationships among disas-
sembly tasks, guaranteeing that no conflicts or order violations
occur in actual execution. Finally, several feasible scheduling
schemes are derived from the validated task sequence. The
initialization procedure is illustrated in Algorithm 2.

Algorithm 2 Initialize population

Input: population size n

Output: population P

1: while (i<n) do

2:  Generate random task sequence o

3:  Select the task sequence that meets the order require-
ments based on o»

4:  Adjust o to resolve conflict and precedence constraint

Apply the assignment strategy to generate 03, 04, O
Add o(oq, 0%, 03,04,05) to P
i=i+1

end while

return P

R A

« Step 1: Obtain the disassembly sequence of the current
individual and the global best individual.

o Step 2: Generate a new individual to store the fused
solution.

o Step 3: Randomly generate a binary mask of the same
length as the disassembly sequence, ensuring that a fixed
proportion p of the values are 1. Then, from left to right,
determine the value of each mask element. A value of
0 means the task is selected from the current individual
and inserted into the new individual, while a value of 1
means the task is selected from the global best individual
and inserted into the new individual. If the selected task
already exists in the new individual, skip this task and
continue until the new individual is filled.

o Step 4: The resulting disassembly sequence may not be
directly feasible, so the new sequence must be repaired
to satisfy conflict and precedence constraints before being
added to the population.
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E. Information Fusion and Random Disturbance

In the optimization process, the core mechanism of the
AE lies in information fusion between individuals. During
the fusion process, the system determines whether to perform
information fusion based on a preset fusion probability 7 fysion-
Specifically, the system generates a random number, and if
this number is greater than 7 f,40n, the individual undergoes
information fusion with the global best solution. Conversely, if
the generated random number is less than or equal to 7 fygion,
the individual retains its current state and proceeds to the
next generation without modification. During the fusion, the
decision variables of the current individual and the global best
are combined according to a predefined crossover strategy to
produce a new solution candidate. This procedure balances
exploration and exploitation by incorporating high-quality
information from the global best while preserving diversity
in the population. The specific fusion process is illustrated in
Fig.[7} and the detailed steps are as follows:

o Step 1: Acquire the feature sets of the current individual
and the global optimal individual.

o Step 2: Construct a new individual as a carrier after
information fusion.

« Step 3: Randomly generate a proportion threshold. If a
random number is greater than this threshold, select a
feature from the current individual. otherwise, select one
from the global optimal individual. If the selected feature
already exists in the new individual, skip it and select the
next feature from the corresponding source until a unique
feature is obtained and added to the new individual.

o Step 4: The newly generated individual may not meet
the requirements, so its feature combination needs to be
adjusted to satisfy the criteria of rationality and practica-
bility.

During information fusion, based on preset fusion probabil-
ity and a random number, an individual either fuses with the
global best or retains its state. The Fusion process is illustrated
in Algorithm 3.

Algorithm 3 Fusion process

217,0.P O.P P)

Input: Parent solutions o” = (o'f’ , 1704
Output: Offspring solutions ¢ = (a'1 , 05,0 0'4, )
1: Select two parent individuals Py, P

Randomly generate a crossover point k

Inherit the first k dimensions from P; into child C
Copy the remaining dimensions from P; into child C
Repair conflicts to ensure feasibility of solution

return o°

AN A I

Load-balancing perturbation: To address resource idleness
caused by excessively low task loads on some workstations,
the algorithm first traverses all workstations to accurately
locate the ”light-load workstation” with the fewest tasks.
Through the random disturbance mechanism, one workstation
with a reasonable load range is randomly selected from the
remaining workstations as the task receiver, and all tasks
from the light-load workstation are migrated to this receiver.
Subsequently,as shown in Fig. [8] the task allocation record of
the original light-load workstation is deleted, and the numbers

F‘Jol‘kstalion 1 Workstation 2 ’:-'Dl‘ksta‘lion 3
@ ot 8
Worker 4 Worker 1 Worker 2

Variation l

’T’Joﬁcstationﬂ

Workstation 1

. g
& @
Worker 4 Worker 2

Fig. 8. Process of load balancing.

Pre-task Random task Post-association task

Tosk sequence °° aeee

Temporary sequence .
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Fig. 9. Process of sequence constraint.

of the remaining workstations are calibrated for continuity to
eliminate mapping confusion caused by number gaps. Finally,
the disturbance is completed with the goal of load balancing,
improving the overall resource utilization efficiency.
Sequence-constraint perturbation: As shown in Fig.[9] when
random disturbance triggers sequence optimization, the al-
gorithm randomly selects one target task from tasks with a
“valid range length greater than 2”, temporarily removes it
from the current execution sequence, then randomly generates
a new insertion position within the valid range, and reinserts
the target task into the sequence. The entire process strictly
adheres to task constraint relationships, breaking the limitation
of local optimal solutions through sequence disturbance and
exploring a better task execution sequence scheme.
Core-refactoring perturbation: To address redundancy or
conflict issues in local task sequences, the random distur-
bance mechanism of the AE first locks one core task as the
disturbance starting point through the incidence matrix, and
simultaneously identifies and deletes all associated tasks that
have direct conflicts with this core task to clear obstacles
for sequence optimization.As shown in Fig. [I0} based on
the associated nodes corresponding to the core task in the
incidence matrix, a stack-based search strategy is adopted to
screen candidate tasks that meet the constraint conditions, and
a new associated task subsequence is randomly generated.
Finally, the resource allocation module is called to reallocate
disassembly factories, manufacturing resources, and worksta-
tions for the newly generated subsequence. Through the full-
process disturbance of “conflict deletion - sequence regenera-
tion - resource reallocation”, the collaborative optimization of
task sequences and resource allocation is achieved, enhancing
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Fig. 10. Process of core refactoring.

the algorithm’s ability for in-depth exploration of the solution
space.

Furthermore, the information fusion mechanism integrates
guidance from elite individuals with population-level infor-
mation to balance exploitation and exploration, while the
perturbation strategy adaptively adjusts solution structures to
help the algorithm escape local optima and maintain solution
feasibility under problem constraints.

V. EXPERIMENTAL RESULTS AND ANALYSIS

This section explores the significance of order allocation and
worker scheduling in multi-factory optimization and evaluates
the performance of the proposed AE in solving the formulated
model. We utilize IBM CPLEX to obtain the optimal solutions
of the mathematical programming model and compare the
performance of the AE against these solutions. All codes are
implemented in IntelliJ] IDEA2020.x64 and compiled using
Java JDK21. The experiments are conducted on a personal
computer equipped with an AMD Ryzen 5 4500U with Radeon
Graphics (2.38 GHz) processor, 16.0 GB RAM (154 GB
usable), and running Windows 11 operating system.

TABLE I Case information.

Product Num Part
Case ID . of quantity
Washing Oven Treadmill Radio tasks  demand
machine
1 0 1 0 0 15 9
2 1 1 0 1 58 25
3 1 1 1 1 75 32
4 2 2 0 1 86 40
5 2 2 1 1 103 47
6 3 2 1 1 116 53
7 3 2 1 2 146 63
8 3 2 2 2 163 70
9 3 3 2 3 208 89
10 4 4 4 3 270 118

TABLE II Disassembly factory parameters.

L H
Factory ID ¢ r Chw c

hf
1 80 16~19 18 ~22
2 9 16~18 14~23
3 85 16 ~18 16 ~21
4 88 16 ~19 17 ~24

A. Test Instances

To ensure the comprehensiveness of the experimental study,
four types of products are selected: washing machine [38],

TABLE III Product parameters.

Product Num of Num of T
roduc task subassembly Vmo Ckmo
Washing machine 13 15 N(Q30,4) N(14,2)
Oven 15 22 N(200, 6) N(13,5)
Treadmill 17 18 N(270,5) N(20, 4)
Radio 30 29 N(130,4) N(10, 2)
° °
b °
o
1
o
¢ o
° )
°
] 2 ° 2 5‘
&
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Fig. 11. Factory-workstation distribution diagram for order
allocation and worker scheduling.

oven [39], treadmill [40] and radio [41]. These four products
are combined into multiple product cases for evaluation. Table
[ shows the scale information of the combined cases. Table
[ displays the parameter settings of the disassembly facto-
ries, while Table provides detailed information about the
products and their parameter settings. For example, the oven
consists of 22 subassemblies and incorporates 15 disassembly
tasks. The profits and transportation costs of its subassemblies
follow a normal distribution.

B. Performance Metrics

We use CPLEX to test the experimental cases, with pa-
rameters configured for 4 disassembly factories, 8 workers,
and 32 orders. The factory numbers are F' = Fj,..., Fy,
worker numbers are w = wy,...,wsg, and order numbers are
0 = 01,...,03. The "Objective” column represents the ob-
jective value corresponding to this disassembly and scheduling
plan, and the "Best bound” indicates the upper bound of the
current known solution. When the number of tasks is small,
CPLEX can obtain good-quality solutions within the time
limit. However, as the number of tasks increases, the effi-
ciency of CPLEX decreases significantly, and it often fails to
obtain the optimal solution within the runtime, providing only
feasible solutions. The “Gap” column indicates the relative
difference between the current best integer solution and the
best linear relaxation solution, which is used to measure the
quality of the solution and its potential for improvement. The
”Computation time” column represents the time required to
solve the problem. Within the 10800-second calculation time
limit, CPLEX can still obtain near-optimal solutions for most
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TABLE IV Comparison of Results Between CPLEX and AE.
Case ID CPLEX AE
Objective (Best bound) Gap Calculation time Iterations / Population Objective Calculation time
1 361 0.00% 1.65s 600 / 500 361 7.9s
2 864 0.50% 20.49s 600 / 500 869 21.1s
3 1043 0.62% 43.21s 600 / 500 1047 32.1s
4 1384 0.29% 586.88s 600 / 500 1385 37.7s
5 1559 0.17% 6326.73s 600 / 500 1598 56.1s
6 1891 (1837) 2.94% 10800s 600 / 500 1856 70.7s
7 2324 (2221) 4.64% 10800s 600 / 500 2244 94.5s
8 2549 (2371) 7.51% 10800s 600 / 500 2408 114.1s
9 2915 (2653) 9.90% 10800s 600 / 500 2907 188.1s
10 4206 (3935) 6.91% 10800s 600 / 500 3967 297.3s
= , = .
oy R - = =il =3
1520 1 wsod L1 MDMBO o] 1 — {)gq
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Fig. 12. Comparison of iteration costs between AE and benchmark algorithms under different problem scales.
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Fig. 13. Comparison of the impact of random perturbations
on cost under different Cases.

small- and medium-sized cases, but larger gaps in some large-
scale instances (e.g., Case 3) indicate that there is still room
for improvement when dealing with more complex problems.

C. Case Study

Fig. [TT] presents the decision logic of order-worker-factory
allocation under the constraints of labor skill matching, work-
station cycle time and cost minimization. Taking Order 10
as an example, its core attributes involve a high delivery
priority, a multi-part demand for both oven and treadmill, and
a strict time limit for disassembly. Against the backdrop of

TABLE V Comparison of results of AE with peers.

Case ID AE IBRO[L5] CPA[l6] FOA[Ll7] DOA[L8] MDMBOI19]
1 361 365 365 365 376 365
2 869 908 908 887 991 961
3 1047 1084 1071 1079 1096 1067
4 1385 1490 1461 1432 1481 1539
5 1598 1677 1690 1688 1816 1728
6 1856 1887 1881 1881 2021 1880
7 2244 2300 2285 2286 2394 2297
8 2408 2470 2425 2475 2582 2462
9 2907 2930 2937 2968 2964 2992
10 3967 4038 4041 4098 4087 4104

these attributes, factory 1 and factory 4 are first screened out
as alternative disassembly factories for the reason that their
activated workstations satisfy the skill matching requirements
of multi-product disassembly and comply with the cycle time
constraint (T<500s), whereas factory 2 is ruled out due to the
overload of its only active workstation. A subsequent cost-
benefit trade-off is then conducted, with workstations 2, 3 and
4 of factory 1 and workstations 2 and 3 of factory 4 allocated
to Order 10, and Workers 5, 7, 8 and Workers 1, 2 assigned to
the corresponding workstations respectively. This allocation
is determined by considering the low commuting cost of
the selected workers and the need to maintain a balanced
workstation load with a load rate ranging from 75% to 85%.
In terms of optimization effect, this allocation scheme not
only ensures the on-time delivery of Order 10 but also avoids
the idleness of activated factories and workstations. Compared
with the single-factory allocation scheme, the total cost of this
integrated allocation scheme is reduced by 12%. For idle work-
ers such as Worker 3 and Worker 4, the fundamental cause
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lies in the mismatch between their professional disassembly
skills, which are only applicable to radio disassembly, and
the current order demand for oven and treadmill. This skill-
demand mismatch further provides a reliable decision basis
for the dynamic adjustment of the subsequent workforce in
the multi-factory remanufacturing system.

D. Algorithm Performance Analysis

Table reports the comparative results of CPLEX and
AE under different problem scales. While CPLEX is able to
obtain zero optimality gap for small instances, its performance
deteriorates noticeably as the problem size increases. For
example, in Case 10, the optimality gap rises to 0.0691 and the
computation time reaches the preset limit of 10,800 seconds.
In contrast, AE is able to generate high-quality solutions for
all instances within 300 seconds, indicating its suitability for
larger-scale multi-factory scheduling scenarios.

Table [V]and Fig.[T2]present the comparison between AE and
five peer metaheuristic algorithms. These algorithms represent
a variety of recently widely used meta-heuristic optimization
methods with different search mechanisms. Some of them are
newly proposed algorithms that excel in complex optimization
problems, while others are widely adopted general-purpose
population optimization algorithms. Using these representative
algorithms as benchmarks, we can comprehensively evaluate
the exploration-exploitation capabilities and robustness of the
proposed AE algorithm. As a representative case, AE achieves
an objective value of 2244 in Case 7, whereas the competing
algorithms converge to higher-cost solutions. The convergence
curves further show that AE reaches high-quality solutions
earlier and maintains smoother convergence behavior, sug-
gesting a more stable search process when order allocation
and worker scheduling decisions are closely coupled. All
comparative algorithms are run for 30 independent repetitions
per test case to eliminate heuristic randomness, with their
core parameters set according to the original literatures [15-
19] and optimized for disassembly-scheduling scenarios. A
five-level grid search is adopted for parameter tuning of all
algorithms within the literature-recommended range, with the
minimum average total cost of 10 preliminary experiments
as the optimal evaluation index. Moreover, consistent basic
settings (population size=500, max iterations=600) and the
same termination criterion are applied to all algorithms to
ensure comparative fairness.

Fig. [[3] compares the results obtained with and without ran-
dom perturbation under different order scales. In all considered
cases, the solutions with random perturbation exhibit slightly
lower total costs, and this difference becomes more apparent
as the problem size increases. This observation suggests that
random perturbation contributes to maintaining solution qual-
ity under varying order distributions.

In summary, the results indicate that jointly considering
order allocation and worker scheduling leads to more consis-
tent and efficient solutions across different production scales.
The integrated decision-making framework enables effective
coordination of labor and production resources, particularly
in larger and more complex multi-factory settings.The per-
turbation strategies (load balancing, sequence constraint, core

reconstruction) are aligned with the inherent characteristics of
disassembly scheduling (e.g., task precedence, resource load
balancing), enhancing the algorithm’s adaptability to complex
problem structures.

VI. CONCLUSIONS AND FUTURE WORK

The results indicate that effective coordination of order
allocation and worker scheduling is critical for improving cost
efficiency and resource utilization in labor-constrained multi-
factory remanufacturing systems. When factory operations are
driven by actual order demand and available labor, integrated
decision-making leads to more balanced production and more
reliable order fulfillment. The AE enables efficient exploration
of the resulting solution space. Comparative experiments with
five other intelligent optimization algorithms validate the ef-
fectiveness and superiority of AE in solving this problem.

In future research, we plan to consider more real-world
factors, such as dynamic order urgency and variable processing
times, further improve the AE to handle more complex multi-
factory remanufacturing scenarios, and explore intelligent op-
timization or reinforcement learning approaches for large-scale
scheduling problems.
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