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Optimizing Multi-Factory Remanufacturing
Scheduling Under Order Tardiness Constraints

Using Reinforcement Learning
Wenjing Zeng, Nan Wang, and Moitrayee Chatterjee

Abstract—With the rapid development of manufacturing in-
dustries, particularly in remanufacturing, how to efficiently
manage production scheduling across multiple factories has
become an important research topic. The frequent occurrence
of order tardiness, which refers to situations where orders
are not completed within the required delivery time, poses a
significant challenge, negatively impacting production efficiency
and customer satisfaction. Therefore, optimizing multi-factory
remanufacturing systems under order tardiness constraints has
become a critical issue in both theory and practice. To address
this problem, this study develops a mathematical model with the
objective of minimizing total costs. By optimizing production
scheduling through this model, the losses caused by order
timeouts in disassembly operations can be effectively reduced.
The model is first validated using the CPLEX optimization solver
to ensure its feasibility and accuracy. Subsequently, the Deep
Double Q-Network (DDQN) algorithm is applied to solve the
problem, as it is well-suited for complex decision-making under
dynamic conditions. The performance of DDQN is further com-
pared with two widely used reinforcement learning approaches:
Advantage Actor-Critic (A2C) and Proximal Policy Optimization
(PPO). A simulation environment is constructed to align with
the characteristics of the multi-factory remanufacturing system.
Experimental results show that DDQN achieved the lowest total
cost in all six benchmark cases, reducing the cumulative cost
compared with PPO and A2C, respectively, while maintaining
good scalability as the order quantity increased. The results
demonstrate that the DDQN algorithm significantly outperforms
A2C and PPO, achieving higher system efficiency and better
stability, particularly in managing order timeout constraints. This
research offers a novel approach to the optimization of multi-
factory remanufacturing systems and provides valuable insights
for industrial applications and future studies.

Index Terms—Multi-factory remanufacturing, Order tardi-
ness, Production scheduling optimization, Deep Double Q-
Network, Reinforcement learning
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W ITH the rapid development of technology and the
widespread use of electronic products [1], the amount

of electronic waste has been continuously increasing, pos-
ing serious challenges to environmental protection and re-
source management. Governments and international organi-
zations strengthen regulations on the recycling and treatment
of electronic waste and promote the development of the
circular economy by enhancing resource recovery, precious
metal extraction, and the reuse of electronic components [2].
Meanwhile, the application of intelligent recycling systems
and the Internet of Things improves recycling efficiency [3, 4].
In the product design stage, adopting easy-to-disassemble and
recyclable design concepts helps achieve source reduction and
lifecycle management. In China, electronic waste management
policies continue to improve, and related technologies are be-
ing increasingly applied [5]. How to further enhance resource
recovery efficiency and management performance remains an
important issue that requires urgent attention.

Remanufacturing, as an effective approach to resource cir-
culation, has attracted increasing attention from both academia
and industry. By collecting, disassembling, repairing, and
reusing end-of-life products, remanufacturing significantly re-
duces resource waste, improves material utilization, and low-
ers the emission of hazardous waste [6, 7, 8]. Compared
with traditional manufacturing, remanufacturing significantly
reduces energy consumption, raw material usage, and envi-
ronmental impacts, making it a key strategy for achieving
green manufacturing and sustainable development [9, 10].
However, as product life cycles shorten and market demands
diversify, traditional single-factory remanufacturing models
face increasing challenges in flexibility, capacity utilization,
and operational efficiency. In response to these challenges,
multi-factory collaborative remanufacturing has emerged as a
promising approach to enhance production flexibility, improve
resource utilization, and support sustainable operations.

Several studies have investigated various aspects of remanu-
facturing systems to enhance efficiency and sustainability. For
example, Guo et al. [11] developed a disassembly process
optimization model for multi-factory systems that considers
worker posture to improve operational efficiency. Similarly,
Wang et al. [12] proposed a data-driven collaborative produc-
tion planning model for multi-factory systems within multi-
channel supply chains. While these studies have advanced
the understanding of multi-factory remanufacturing, they often
fail to consider the impact of order fulfillment timeliness,
particularly order tardiness, on overall system performance.
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Order tardiness, defined as the delay in completing orders
beyond the promised delivery time, is a crucial factor affecting
operational efficiency, market competitiveness, and resource
utilization. Addressing this issue is essential for improving
production scheduling decisions, enhancing service levels,
and promoting the sustainable development of multi-factory
remanufacturing systems.

In addition to addressing order tardiness, this study also
incorporates the disassembly line balancing problem (DLBP),
which is recognized as a fundamental challenge in remanufac-
turing systems [13]. DLBP focuses on the balanced allocation
of disassembly tasks across multiple workstations while ensur-
ing precedence constraints and operational feasibility are met
[14, 15, 16]. Effective disassembly line balancing not only
enhances production efficiency and reduces resource waste
but also facilitates downstream processes such as component
transportation and subsequent remanufacturing operations. In
the context of multi-factory systems, an optimized disassembly
line improves inter-factory coordination, streamlines material
flows, and strengthens overall operational performance. By
integrating the consideration of order tardiness and DLBP into
the decision-making process, this study aims to enhance both
delivery performance and resource utilization within multi-
factory remanufacturing systems.

Recent studies on remanufacturing systems have made
significant progress in integrated optimization and intelligent
decision-making[14, 15, 16]. In addition to traditional schedul-
ing objectives, increasing attention has been paid to disas-
sembly line balancing, resource coordination, and delivery
performance [11]. Meanwhile, reinforcement learning [17, 18]
has emerged as a promising tool for solving dynamic manu-
facturing problems. However, most existing studies focus on
either disassembly line balancing or scheduling optimization
separately, and relatively few consider the joint optimization of
order tardiness and disassembly line balancing in multi-factory
remanufacturing systems.

However, most existing studies to address the challenges
of insufficient delivery timeliness and inefficient disassembly
resource allocation in multi-factory remanufacturing systems,
this study proposes the Order-Tardiness-oriented Multi-factory
Remanufacturing (OTMR) model. The model jointly considers
order fulfillment timeliness and disassembly line balancing,
coordinating production scheduling and disassembly task al-
location across multiple factories [19]. By optimizing order
execution and resource allocation strategies in a dynamic
manner, OTMR enhances system responsiveness and resource
utilization.

To address the proposed OTMR problem, this study intro-
duces a reinforcement learning (RL) [17, 18, 20]-based ap-
proach. By interacting with the environment and continuously
learning through reward feedback, RL can generate adaptive
and near-optimal decision policies without the need for ex-
plicit system modeling. In recent years, RL has been widely
applied in fields such as manufacturing systems, production
scheduling, and resource optimization. For example, Wang
et al. [21] proposed a deep reinforcement learning approach
for dynamic balancing of U-shaped robotic disassembly lines,
and Wang et al. [22] introduced a multi-objective advantage

actor-critic algorithm for hybrid disassembly lines with multi-
skilled workers. A recent survey by Guo et al. [23] provides a
comprehensive overview of RL applications in disassembly
system optimization. These studies demonstrate the broad
applicability of RL in complex industrial optimization and
provide theoretical support for the method proposed in this
study.

This study proposes an approach based on Double Deep Q-
Networks (DDQN) [24, 25], aiming to minimize order tardi-
ness while optimizing production scheduling and disassembly
task allocation. DDQN mitigates the overestimation of action
values common in traditional Deep Q-Networks [26], thereby
enhancing learning stability and decision-making accuracy
in dynamic production environments [27]. To support the
effective training of the learning agent, a simulation environ-
ment [28] is designed to replicate the operational dynamics of
multi-factory remanufacturing systems. Additionally, to reduce
action space complexity and simplify decision-making in the
transportation phase, a greedy heuristic [29] is employed to al-
locate transportation tasks based on immediate cost efficiency.

The contributions of this study are as follows:
1) This study investigates a multi-factory remanufactur-

ing problem with order tardiness considerations and
disassembly line balancing. A mathematical optimiza-
tion model is developed to jointly optimize production
scheduling and disassembly task allocation while main-
taining balanced workloads across disassembly lines.

2) To solve the proposed problem, this study develops a
solution framework with DDQN and a dedicated simu-
lation environment that models the dynamic operations
of multi-factory remanufacturing systems.

3) The correctness of the mathematical model is vali-
dated using IBM CPLEX, and the proposed DDQN is
compared with other RL methods. Experimental results
demonstrate the superior performance of the proposed
approach in solving the remanufacturing scheduling
problem.

The structure of the work is organized as follows. Section
II provides a detailed description of the OTMR problem and
establishes the mathematical model. Section III introduces
DDQN and its environment setup; Section IV discusses the
experimental design and presents a comparative analysis of
the results. Finally, Section V concludes the paper and outlines
potential directions for future research.

II. PROBLEM DESCRIPTION

A. Problem Statement

In multi-factory remanufacturing systems, customer orders
are fulfilled through the coordinated operation of recycling
centers, disassembly centers, and manufacturing centers. End-
of-life (EOL)[30] products are collected and disassembled to
recover valuable components, which are subsequently used
to meet production requirements. Existing studies primarily
focus on optimizing production scheduling and disassembly
planning, typically assuming that orders can be completed as
long as sufficient resources are available, without explicitly
considering strict delivery deadlines. However, in practical
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remanufacturing environments, timely order fulfillment is cru-
cial for maintaining service quality and ensuring customer
satisfaction.

This study investigates the Multi-factory Remanufacturing
Order Problem (MROP), where manufacturing centers submit
one or more orders to recycling centers. Recycling centers then
deliver EOL products to disassembly centers, which process
these products based on specific component requirements and
transport the recovered components to manufacturing centers
for order completion. The objective is to minimize both total
operational costs and order tardiness penalties throughout the
remanufacturing process.

In practice, each customer order is usually associated with
a strict delivery deadline. Disassembly centers must complete
the required tasks within the specified time to ensure on-time
delivery; otherwise, late penalties may be incurred. To reduce
the risk of order tardiness, disassembly task scheduling must
be carefully optimized. Specifically, tasks at each workstation
should be sequenced efficiently to improve production rhythm,
reduce idle time, and ensure timely completion. Proper task
sequencing not only improves the operational efficiency of
disassembly centers but also reduces tardiness-related losses
and enhances customer satisfaction.

Furthermore, this study designs the order configuration in
a way that allows multiple orders to require the same or
different components, with each order having distinct delivery
deadlines. This setting reflects the complexity of real-world
production scenarios, where component demands and timing
constraints vary across orders. To address these challenges,
a comprehensive mathematical model is developed to op-
timize disassembly scheduling, transportation planning, and
order fulfillment under dynamic, multi-order conditions. Fig.
1 illustrates an example of the OTMR process.

Common modeling approaches include AND/OR graphs
(AOG) [31, 32], precedence graphs [33, 34], and Petri
nets [35]. Among these methods, the AND/OR graph is
employed in this study to model the disassembly process and
represent task dependencies. The AOG adopts a top-down
approach that effectively captures the hierarchical structure
of the product, the logical relationships among components,
and the execution sequence of disassembly tasks. In this
graph, each node represents a component, and each directed
edge between parent and child nodes denotes a disassembly
operation.

Fig. 2 illustrates the composition of the washing machine,
while Fig. 3 presents its corresponding disassembly AOG.
The AOG incorporates various constraints, including con-
flict relationships, task precedence, and task-to-subcomponent
mappings. As shown in Fig. 3, the disassembly process
involves 19 subcomponents, 8 parts, and 14 disassembly
tasks. Throughout the process, both conflict relationships and
precedence constraints must be satisfied to ensure feasible
disassembly sequences. For example, subcomponent <1> can
be disassembled by performing task 1, which separates sub-
components <2> and <7>. Subsequently, subcomponent <2>
can be further disassembled to obtain subcomponent <5>. In
addition, subcomponent <1> is associated with tasks 3 and
4, but these tasks cannot be executed simultaneously due to

conflict constraints.
The following assumptions are made to develop the model

based on the above descriptions :

• Disassembly operations are conducted on a linear disas-
sembly line within each disassembly center.

• Each disassembly line contains a fixed number of work-
stations.

• The quantity of components obtained from disassembly
exceeds the order demand, ensuring that each disassembly
center can meet the assignment requirements.

The following information is provided: the precedence rela-
tion matrix, conflict relation matrix, and disassembly relation
matrix derived from the AOG, which describe the relationships
between tasks and components of the product. In addition,
matrices related to order information are defined.

1) The disassembly relation matrix 𝐷 = [𝑑𝑝 𝑗𝑖] represents
the relationship between component 𝑝 and its disassembly task
𝑖. The matrix element 𝑑𝑝 𝑗𝑖 is defined as:

𝑑𝑝 𝑗𝑖 =



1, executing task 𝑖 of product 𝑝 yields
component 𝑗 .

−1, executing task 𝑖 of product 𝑝 results in the
loss of component 𝑗 .

0, otherwise.

2) The conflict relation matrix 𝑅 = [𝑖𝐶
𝑝𝑖𝑖′ ] represents

whether two tasks 𝑖 and 𝑖′ of product 𝑝 can be executed
simultaneously. The matrix element 𝑖𝐶

𝑝𝑖𝑖′ is defined as:

𝑖𝐶𝑝𝑖𝑖′ =


1, tasks 𝑖 and 𝑖′ of product 𝑝 have a conflict

relationship.
0, otherwise.

3) The precedence relation matrix 𝑆 = [𝑖𝑃
𝑝𝑖𝑖′ ] indicates

whether task 𝑖 of product 𝑝 is a predecessor of task 𝑖′. The
matrix element 𝑖𝑃

𝑝𝑖𝑖′ is defined as:

𝑖𝑃𝑝𝑖𝑖′ =


1, task 𝑖 of product 𝑝 is the immediate

predecessor of task 𝑖′.

0, otherwise.

4) The demand quantity matrix 𝑄 = [𝑞𝑚𝑜] represents the
quantity of components required by manufacturing center 𝑚

for order 𝑜. Assuming the order set is O = 𝑜1, 𝑜2, 𝑜3 and
there are two manufacturing centers 𝑚1 and 𝑚2, the demand
quantity matrix can be expressed as:

𝑄 =

[
𝑞11 𝑞12 𝑞13
𝑞21 𝑞22 𝑞23

]
5) The matching relation matrix 𝑈 = [𝜇𝑝 𝑗𝑜] indicates

whether component 𝑗 of product 𝑝 matches the component
required by order 𝑜. The matrix element 𝜇𝑝 𝑗𝑜 is defined as:

𝜇𝑝 𝑗𝑜 =

{
1, part 𝑗 of product 𝑝 is required by order 𝑜.

0, otherwise.
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Fig. 1. Illustration of the OTMR process.

Fig. 2. The schematic diagram of a washing machine.

Fig. 3. The AND/OR graph of the disassembly process of a
washing machine.

B. Notations and Decision Variables

1) Notations

H Set of indices of disassembly centers,
H = {1, 2, . . . , 𝐻}.

M Set of indices of manufacturing centers,
M = {1, 2, . . . , 𝑀}.

P Set of indices of products, P = {1, 2, . . . , 𝑃}.
J𝑝 Set of indices of components of product 𝑝,

J𝑝 = {1, 2, . . . , 𝐽𝑝}, 𝑝 ∈ P.
I𝑝 Set of indices of tasks of product 𝑝,

I𝑝 = {1, 2, . . . , 𝐼𝑝}, 𝑝 ∈ P.
Wℎ Set of indices of workstations in disassembly

center ℎ, Wℎ = {1, 2, . . . ,𝑊ℎ}, ℎ ∈ H.
O Set of indices of orders, O = {1, 2, . . . , 𝑂}.
A A virtual concept used to sort tasks assigned

to the same workstation, A = {1, 2, . . . , 𝐴}.
𝑐𝑇
ℎ𝑚𝑝 𝑗

Transportation cost of component 𝑗 from
disassembly center ℎ to manufacturing center
𝑚 for product 𝑝.

𝑡𝐷
𝑘𝑝𝑖𝑤

Disassembly time of task 𝑖 for product 𝑝 at
workstation 𝑤 in disassembly center 𝑘 .

𝑐𝐷
𝑘𝑝𝑖

Disassembly cost (non-time-based) of task 𝑖

for product 𝑝 in disassembly center 𝑘 .
𝑐𝑂
ℎ

Unit operating cost per time for
disassembly center ℎ.

𝑐𝑆
ℎ𝑤

Fixed cost for opening workstation 𝑤 in
disassembly center ℎ.

𝑐𝑅𝑝 Outbound cost of product 𝑝 from recycling
center 𝑅 to a disassembly center.

𝑞𝑚𝑜 Demand of order 𝑜 at manufacturing center 𝑚.
𝑐𝑃𝑚𝑜 Penalty cost for tardiness of order 𝑜 at

manufacturing center 𝑚.
𝑡𝑀𝑚𝑜 Deadline time of order 𝑜 requested by

manufacturing center 𝑚.
𝑡𝑇
ℎ𝑚

Transportation time from disassembly center ℎ

to manufacturing center 𝑚.
𝑇𝑚𝑎𝑥 A sufficiently large positive constant used to

linearize logical constraints, and it is selected
as a reasonable upper bound for each instance.
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2) Decision Variables

𝑧𝑝ℎ =

{
1, if product 𝑝 is assigned to disassembly center ℎ;
0, otherwise.

𝑥𝑝𝑖ℎ𝑤𝑎 =


1, if task 𝑗 of product 𝑝 is assigned as the 𝑎-th

task to workstation 𝑤 in disassembly center 𝑘;
0, otherwise.

𝑦ℎ =

{
1, if disassembly center ℎ is opened;
0, otherwise.

𝑢ℎ𝑤 =


1, if workstation 𝑤 in disassembly center ℎ

is opened;
0, otherwise.

𝛼ℎ𝑚𝑝 𝑗𝑜 =


1, if component 𝑗 of product 𝑝 is transported

from disassembly center ℎ to manufacturing
center 𝑚 to fulfill order 𝑜;

0, otherwise.

𝜆𝑚𝑜 =


1, if order 𝑜 at manufacturing center 𝑚

is delayed;
0, otherwise.

𝑡𝑆
ℎ𝑝𝑖𝑤𝑎

Start time of the 𝑎-th disassembly task 𝑖 for
product 𝑝 at workstation 𝑤 in disassembly
center ℎ.

𝑇ℎ Operating time of disassembly center ℎ.

C. Mathematical Model

1) Objective of Optimization

min
∑︁
ℎ∈H

∑︁
𝑚∈M

∑︁
𝑝∈P

∑︁
𝑗∈J𝑝

∑︁
𝑜∈O𝑝

𝑐𝑇ℎ𝑚𝑝 𝑗𝛼ℎ𝑚𝑝 𝑗𝑜

+
∑︁
ℎ∈H

∑︁
𝑝∈P

∑︁
𝑖∈I𝑝

∑︁
𝑤∈Wℎ

∑︁
𝑎∈A

𝑐𝐷ℎ𝑝𝑖𝑥𝑝𝑖ℎ𝑤𝑎

+
∑︁
ℎ∈H

𝑐𝑂ℎ 𝑇ℎ +
∑︁
ℎ∈H

∑︁
𝑤∈Wℎ

𝑐ℎ𝑤𝑢ℎ𝑤

+
∑︁
ℎ∈H

∑︁
𝑝∈P

𝑧𝑝𝑘𝑐
𝑅
𝑝 +

∑︁
𝑚∈M

∑︁
𝑜∈O

𝑐𝑃𝑚𝑜𝜆𝑚𝑜

(1)

The objective function 1 aims to minimize the total cost and
order tardiness penalties after fulfilling all orders. Specifically,
the first term represents the total transportation cost, the second
term represents the total disassembly cost, the third term
denotes the total cost of establishing disassembly centers, the
fourth term denotes the total cost of setting up workstations,
the fifth term accounts for the total transportation cost from
recycling centers to disassembly centers, and the sixth term
captures the penalty cost associated with order tardiness.

2) Fundamental Constraints∑︁
ℎ∈H

𝑧𝑝ℎ ≤ 1, ∀𝑝 ∈ P (2)

𝑧𝑝ℎ ≤ 𝑦ℎ, ∀𝑝 ∈ P, ∀ℎ ∈ H (3)

𝑢ℎ𝑤 ≤ 𝑦ℎ, ∀𝑤 ∈ Wℎ, ∀ℎ ∈ H (4)

𝑦ℎ ≤ 𝑇ℎ, ∀ℎ ∈ H (5)

𝑥𝑝𝑖ℎ𝑤𝑎 ≤ 𝑧𝑝ℎ,∀𝑝 ∈ P,∀𝑖 ∈ I𝑝 ,∀ℎ ∈ H,∀𝑤 ∈ Wℎ,∀𝑎 ∈ A (6)

𝑥𝑝𝑖ℎ𝑤𝑎 ≤ 𝑢ℎ𝑤 ,∀𝑝 ∈ P,∀𝑖 ∈ I𝑝 ,∀ℎ ∈ H,∀𝑤 ∈ Wℎ,∀𝑎 ∈ A
(7)∑︁

ℎ∈H

∑︁
𝑤∈Wℎ

∑︁
𝑎∈A

𝑥𝑝𝑖ℎ𝑤𝑎 ≤ 1, ∀𝑝 ∈ P, ∀𝑖 ∈ I𝑝 (8)

∀𝑝 ∈ P
∑︁
𝑖∈I𝑝

𝑡𝑝𝑖𝑥𝑝𝑖ℎ𝑤𝑎 ≤ 1, ∀ℎ ∈ H, ∀𝑤 ∈ Wℎ,∀𝑎 ∈ A (9)

Constraint (2) ensures that each product can only be as-
signed to one disassembly center. Constraint (3) specifies that a
product can only be assigned to an opened disassembly center.
Constraint (4) indicates that only workstations in opened
disassembly centers can be utilized. Constraint (5) states that
a factory is considered operational only when it has tasks
assigned. Constraint (6) ensures that a disassembly center must
be open if a product is assigned to it. Constraint (7) states that
a task of a product can only be assigned as the 𝑘-th task to a
workstation within the disassembly center to which the product
is allocated. Constraint 8) ensures that each disassembly task
of each product is performed at most once. Constraint (9)
ensures that each workstation can perform at most one task in
each time period.

3) Task Relationship Constraints∑︁
𝑝∈P

∑︁
𝑖∈𝐼𝑝

𝑥𝑝𝑖ℎ𝑤𝑎 ≥
∑︁
𝑝∈P

∑︁
𝑖∈𝐼𝑝

𝑥𝑝𝑖𝑘𝑤 (𝑎+1) ,

∀ℎ ∈ H, ∀𝑤 ∈ Wℎ, ∀𝑎 ∈ {1, . . . , 𝐴 − 1}
(10)

𝑥𝑝𝑖2ℎ𝑤2𝑎2 ≤
∑︁
𝑖1∈I𝑝

𝑎2−1∑︁
𝑎1=1

𝑖𝑃𝑝𝑖1𝑖2 · 𝑥𝑝𝑖1ℎ𝑤2𝑎1

+
∑︁
𝑖1∈I𝑝

ℎ2−1∑︁
ℎ1=1

∑︁
𝑎1∈A

𝑖𝑃𝑝𝑖1𝑖2 · 𝑥𝑝𝑖1𝑘𝑤1𝑎1 ,

∀𝑝 ∈ P, ∀𝑖2 ∈ I𝑝 , ∀ℎ ∈ H, ∀𝑤2 ∈ Wℎ, ∀𝑎2 ∈ A, 𝑑𝑝𝑖𝑖2 = 0
(11)

∑︁
𝑤∈Wℎ

∑︁
𝑎∈A
(𝑥𝑝𝑖1ℎ𝑤𝑎 − 𝑥𝑝𝑖2ℎ𝑤𝑎) +𝑊ℎ

( ∑︁
𝑤∈Wℎ

∑︁
𝑎∈A

𝑥𝑝𝑖2𝑘𝑤𝑎 − 1

)
≤ 0,∀𝑘 ∈ K, ∀𝑝 ∈ P, ∀𝑖1, 𝑖2 ∈ 𝐼𝑝 , 𝑎𝑛𝑑 𝑖𝑃𝑝𝑖1𝑖2 = 1,∀𝑎 ∈ A

(12)
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∑︁
𝑤∈Wℎ

∑︁
𝑎∈A

𝑥𝑝𝑞ℎ𝑤𝑎 ≤
∑︁
𝑖∈𝐼𝑝

∑︁
𝑤∈Wℎ

∑︁
𝑎∈A

𝑠𝑝𝑖𝑞𝑥𝑝𝑖ℎ𝑤𝑎,

∀𝑝 ∈ P, ∀𝑖, 𝑞 ∈ 𝐼𝑝 , ∀ℎ ∈ H, 𝑎𝑛𝑑 𝑑𝑑1𝑞 = 0
(13)

∑︁
𝑤∈Wℎ

∑︁
𝑎∈A
(𝑥𝑝𝑖1ℎ𝑤𝑎 + 𝑥𝑝𝑖2ℎ𝑤𝑎) ≤ 1,

∀ℎ ∈ H, ∀𝑝 ∈ P, ∀𝑖1, 𝑖2 ∈ I𝑝 , 𝑖
𝐶
𝑖1𝑖2

= 1
(14)

𝑡𝑆ℎ𝑝𝑖𝑤𝑎 + 𝑡
𝐷
ℎ𝑝𝑖𝑤 ≤ 𝑇 + 𝑇

𝑚𝑎𝑥 (1 − 𝑦ℎ),
∀ℎ ∈ H, ∀𝑤 ∈Wℎ, ∀𝑎 ∈ A,∀𝑖 ∈ I𝑝

(15)

Constraint (10) ensures that tasks assigned to each work-
station follow a compact sequence. Given that the number
of workstations is sufficient, this constraint guarantees that
tasks are executed in consecutive positions (e.g., 1st, 2nd,
3rd, etc.) without gaps. Constraint (11) defines the positional
relationship between immediate predecessor tasks. Constraints
(12)–(13) enforce the precedence requirements for task assign-
ments of each product. Constraint (14) ensures that task as-
signments respect conflict constraints. Constraint (15) enforces
the disassembly dependency relationships among tasks.

4) Order Allocation Constraints∑︁
𝑖∈𝐼𝑝

∑︁
𝑤∈Wℎ

∑︁
𝑎∈A

𝑑𝑝 𝑗𝑖𝑥𝑝𝑖ℎ𝑤𝑎 ≥
∑︁
𝑚∈M

∑︁
𝑜∈O

𝛼ℎ𝑚𝑝 𝑗𝑜,

∀ℎ ∈ H, ∀𝑝 ∈P,∀ 𝑗 ∈ J𝑝 ,

(16)

∑︁
ℎ∈H

∑︁
𝑝∈P

∑︁
𝑗∈𝐽𝑝

𝜇𝑝 𝑗𝑜 · 𝛼ℎ𝑚𝑝 𝑗𝑜 = 𝑞𝑚𝑜,∀𝑚 ∈ M, ∀𝑜 ∈ O (17)

∑︁
ℎ∈H

𝛼ℎ𝑚𝑝𝑖𝑜 ≤ 𝜇𝑝 𝑗𝑜, ∀𝑝 ∈ P, ∀ 𝑗 ∈ J𝑝 , ∀𝑚 ∈ M, ∀𝑜 ∈ O

(18)

𝑡𝑆ℎ𝑝𝑖2𝑤2𝑎2
≥ 𝑇𝑚𝑎𝑥 (𝑥𝑝𝑖2ℎ𝑤2𝑎2 + 𝑥𝑝𝑖1𝑘𝑤1𝑎1 − 2)+

𝑡𝑆ℎ𝑝𝑖1𝑤1𝑎1
+𝑡𝑃ℎ𝑝𝑖1𝑤1

,∀𝑖1, 𝑖2 ∈ I𝑝 , ∀𝑤1, 𝑤2 ∈ Wℎ,

𝑤1 ≠ 𝑤2, ∀ℎ ∈ H, 𝑖𝑃𝑝𝑖1𝑖2 = 1
(19)

𝑡𝑆ℎ𝑝2𝑖2𝑤𝑎 ≥ 𝑇
𝑚𝑎𝑥 (𝑥𝑝2𝑖2ℎ𝑤𝑎 + 𝑥𝑝1𝑖1ℎ𝑤 (𝑎−1) − 2)+
𝑡𝑆
ℎ𝑝1𝑖1𝑤 (𝑎−1) + 𝑡

𝐷
ℎ𝑝1𝑖1𝑤

,∀𝑝1, 𝑝2 ∈ P,

∀𝑖1, 𝑖2 ∈ 𝐼𝑝 , 𝑖1 ≠ 𝑖2, ∀𝑤 ∈ Wℎ, ∀ℎ ∈ H

(20)

𝑡𝑆ℎ𝑝𝑖𝑤𝑎 + 𝑡
𝐷
ℎ𝑝𝑖𝑤 + 𝑡

𝑇
ℎ𝑚 ≤ 𝑇

𝑚𝑎𝑥
(
1 − 𝑑𝑝 𝑗𝑖 · 𝛼ℎ𝑚𝑝 𝑗𝑜 + 𝜆𝑚𝑜

)
+𝑡𝑀𝑚𝑜,∀𝑝 ∈ P, ∀𝑖 ∈ 𝐼𝑝 , ∀ℎ ∈ H,

∀𝑤 ∈ Wℎ, ∀𝑚 ∈ M, ∀𝑜 ∈ O
(21)

Constraint (16) ensures that the opening time of each
disassembly center is not earlier than the latest completion
time of all assigned disassembly tasks. Constraints (17)–(18)
ensure that the decision variables satisfy the order allocation
conditions. Constraint (19) defines the relationship between
the start times of tasks belonging to the same product when
executed on different workstations. Constraint (20) specifies
the relationship among the start times of tasks from different

products assigned to the same workstation. Constraint (21) de-
fines the time relationship under conditions of order tardiness
or on-time completion.

𝑧𝑝ℎ ∈ {0, 1}, ∀𝑝 ∈ P, ∀ℎ ∈ H (22)

𝑥𝑝𝑖ℎ𝑤𝑎 ∈ {0, 1},∀𝑝 ∈ P, ∀𝑖 ∈ I𝑝 , ∀𝑤 ∈ Wℎ,∀ℎ ∈ H,∀𝑎 ∈ A
(23)

𝑦ℎ ∈ {0, 1}, ∀ℎ ∈ H (24)

𝑢ℎ𝑤 ∈ {0, 1}, ∀ℎ ∈ H, ∀𝑤 ∈ Wℎ (25)

𝑡𝑆ℎ𝑝𝑖𝑤𝑎 ∈ R+,∀𝑝 ∈ P, ∀𝑖 ∈ I𝑝 , ∀𝑤 ∈ Wℎ,∀ℎ ∈ H,∀𝑎 ∈ A
(26)

𝑇ℎ ∈ R+, ∀ℎ ∈ H (27)

Constraints (22)-(27) define the value domains of each
decision variable.

III. PROPOSED ALGORITHM

This section applies the DDQN to solve the proposed
OTMR problem. RL environment is constructed by defining
the action space, state space, and reward function to suit the
characteristics of the problem. In particular, the impact of
order delays is explicitly incorporated into the environment
design to enhance the policy’s responsiveness to time-sensitive
constraints.

A. Markov Decision Process

In the RL framework, the scheduling problem is typically
modeled as a Markov Decision Process (MDP). An MDP
consists of a state space, an action space, transition proba-
bilities, and a reward function, which together describe the
interaction between the agent and the environment. In the
context of resource scheduling, the system state may include
features such as the current time, the remaining processing
requirements of orders, and the allocation status of factory
resources. The actions correspond to task assignment decisions
made at each time step. The environment transitions to the next
state based on the current state and selected action, and returns
a reward that reflects the quality of the scheduling decision.
Due to the large and complex state-action space and the
uncertainty in environment dynamics, traditional optimization
methods struggle to find effective strategies. Therefore, this
study employs a deep RL approach based on DDQN to
optimize the scheduling policy [36].
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B. Algorithm Description

This study adopts the DDQN to improve the learning per-
formance in the proposed scheduling environment. DDQN is
an extension of the standard Deep Q-Network (DQN) [37, 38],
designed to mitigate the problem of overestimation in Q-value
updates. It decouples action selection and evaluation by using
separate networks, which leads to more stable value estimation
during training. Specifically, DDQN computes the target Q-
value as:

𝑦DDQN = 𝑟 + 𝛾𝑄target

(
𝑠′, arg max

𝑎′
𝑄online (𝑠′, 𝑎′)

)
(28)

Here, 𝑟 denotes the immediate reward received after taking
an action, and 𝛾 ∈ [0, 1] is the discount factor that controls
the weight of future rewards. 𝑠′ represents the next state after
the action is executed. 𝑄online (𝑠′, 𝑎′) is the value predicted
by the online network for taking action 𝑎′ in state 𝑠′, and
arg max𝑎′ 𝑄online (𝑠′, 𝑎′) selects the action with the highest
estimated value according to the online network. 𝑄target (𝑠′, ·)
is the target network used to evaluate the value of the selected
action in the next state, thereby forming the target value 𝑦DDQN

for updating the Q-network. This formulation helps reduce
the positive bias introduced by the max operator in standard
DQN, resulting in more reliable policy learning in complex
scheduling environments. The structure and specific workflow
of DDQN are illustrated in Fig. 4.

Fig. 4. Architecture of DDQN. The online Q-network selects
actions, while the target Q-network evaluates the

corresponding Q-values. A replay memory stores past
transitions to improve training stability and sample efficiency.

In the context of complex scheduling with high-dimensional
state spaces and delayed rewards, DDQN offers better conver-
gence properties and improved decision robustness compared
to traditional value-based methods. These advantages make it
well-suited for solving the resource allocation and order-timing
challenges in the proposed scenario.

C. State and Action Design

The state space defines the information observed by the
agent at each time step and forms the basis for decision-
making. To enable effective scheduling decisions, this study
constructs a multi-dimensional dynamic state space based
on key features, including the number of products 𝑝, the

number of disassembly centers ℎ, the number of workstations
𝑤, and the maximum number of tasks for each product 𝑖.
These features reflect the current system configuration and task
complexity, providing essential input for action selection. The
structure of the state space is defined as:

spacestate = (𝑝𝑡 , ℎ𝑡 , 𝑤𝑡 , 𝑖𝑡 ) (29)

The action space defines the set of possible decisions the
agent can make at each time step, and it plays a critical
role in both the convergence speed and effectiveness of the
reinforcement learning algorithm.

In the proposed scheduling scenario, the action space mainly
focuses on resource allocation within disassembly factories
and order delay in the transportation process. Specifically, the
agent must determine which product to disassemble, assign
it to a disassembly center, allocate tasks to workstations, and
decide the task sequence for each product. Based on these
decisions, the initial action space is defined as:

spaceaction = 𝑃 × 𝐻 ×𝑊 × 𝐼 (30)

This formulation captures the core variables in disassem-
bly task allocation. However, if the task distribution across
different work positions and manufacturing centers is also
considered, the action space further expands to:

spaceaction e = 𝑃 × 𝐻 ×𝑊 × 𝐼 × 𝐴 × 𝑀 (31)

where 𝐴 denotes the number of work positions and 𝑀

refers to the number of manufacturing centers. Although this
extension provides a more comprehensive representation, it
significantly increases the agent’s decision space and reduces
training efficiency. To address this challenge, we simplify the
action space. At each time step, the agent sequentially assigns
tasks to corresponding workstations based on the current state
and historical actions, thus removing dimension 𝐴. For the
transportation phase, a greedy algorithm [39] is applied to
determine the routing plan. The environment records the disas-
sembly completion time of each component, and order delays
are evaluated by comparing this time with the transportation
time 𝑡𝑇

ℎ𝑚
. The overall cost and penalty are then computed

using the transportation cost 𝑐𝑇
ℎ𝑚𝑝 𝑗

and delay status, which
allows the removal of dimension 𝑀 . This strategy significantly
reduces the search space and improves the efficiency and
stability of the learning process.

To further illustrate the execution process of an action within
the proposed action space, Fig. 6 presents a flowchart depicting
how the agent interacts with the environment after selecting
an action. The process includes action decoding, state updates,
order delay evaluation, and reward computation. This diagram
reflects the integration of task-level decision-making and cost-
based evaluation, providing an intuitive understanding of how
the simplified action space interacts with the environment
dynamics.

D. Reward Design

In RL, the agent selects actions based on the current state
and the received reward. The reward function serves as a
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Fig. 5. The decision process of a DDQN agent in a disassembly scheduling environment.

Fig. 6. The execution process of agent-selected actions
within the proposed action space.

numerical signal that evaluates the quality of an action and
guides the agent to improve its policy. In the multi-stage
resource optimization problem, the total cost—including both
operational expenses and order delay penalties—is calculated
at each step. The negative of this total cost is used as the
reward, which encourages the agent to learn strategies that
minimize overall costs. As a result, lower costs lead to higher
rewards, promoting more efficient decision-making in complex
scheduling environments.

E. Environment Structure

The environment first loads the instance parameters and
sets the initial state as 𝑠0 = (−1, 0, 0, 0). Feasible tasks are
identified using the disassembly matrix 𝐷, the demand matrix
𝑄, and the matching matrix 𝑈, which help filter out invalid
options and simplify the action space. For example, in the
washing machine case shown in Fig. 3, matrix 𝐷 indicates that
each component is associated with up to three tasks, leading
to a reduced action space of 𝑃 × 𝐻 ×𝑊 × 3.

At each time step 𝑛, the agent selects an action 𝑎𝑛, which
is first mapped to a set of valid actions according to the
current task constraints. A modulo operation ensures that
𝑎𝑛 corresponds to a feasible choice. The environment then
decodes the action into its components (𝑝, ℎ, 𝑤, 𝑖), updates
the state 𝑠𝑛, and adjusts the component completion time and
workstation usage accordingly.

Based on these updates, the system calculates disassembly
costs, transportation costs, and time-based resource costs using
predefined parameters. The decision-making process of the
DDQN agent in the disassembly scheduling environment is
illustrated in Fig. 5. Since only feasible tasks are allowed, no
penalty terms are introduced in the reward function, effectively
reducing the agent’s exploration space. The episode terminates
when the number of completed orders satisfies the demand
specified in matrix 𝑄; otherwise, the process continues to
the next time step. The complete procedure is summarized
in Algorithm III-E.
Require: Action 𝑎𝑛, state 𝑠𝑛, environment parameters
(𝑃, 𝐻,𝑊, 𝐼, 𝐷, 𝑄,𝑈)

Ensure: Next state 𝑠𝑛+1, reward 𝑟𝑛+1, termination signal 𝑑𝑜𝑛𝑒
1: Filter feasible tasks using matrices 𝐷, 𝑄, and 𝑈

2: Map 𝑎𝑛 to the valid action set
3: 𝑎𝑛 ← 𝑎𝑛mod size of feasible action set
4: Decode 𝑎𝑛 into (𝑝, ℎ, 𝑤, 𝑖)
5: Update state 𝑠𝑛 based on (𝑝, ℎ, 𝑤, 𝑖)
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6: Record task 𝑖 for product 𝑝, update component list and
completion time

7: Update workstation time for workstation 𝑤 at disassembly
center ℎ

8: /* Transportation cost and penalty */
9: for each component 𝑗 of product 𝑝 to be transported do

10: for each candidate manufacturing center 𝑚 do
11: Compute transport time 𝑡𝑡𝑟𝑎𝑛𝑠 = 𝑡𝑇

ℎ𝑚

12: Compute finish time 𝑡 𝑓 𝑖𝑛𝑖𝑠ℎ = 𝑡𝑐𝑜𝑚𝑝 + 𝑡𝑡𝑟𝑎𝑛𝑠
13: if 𝑡 𝑓 𝑖𝑛𝑖𝑠ℎ > order due time 𝑡𝑑𝑚𝑜 then
14: Apply delay penalty 𝑝𝑒𝑛𝑎𝑙𝑡𝑦 = 𝑐𝑑𝑚𝑜

15: else
16: 𝑝𝑒𝑛𝑎𝑙𝑡𝑦 = 0
17: end if
18: Compute total transport cost 𝑐𝑡𝑟𝑎𝑛𝑠 = 𝑐𝑇

ℎ𝑚𝑝 𝑗
+

𝑝𝑒𝑛𝑎𝑙𝑡𝑦

19: end for
20: Decide manufacturing center 𝑚 with minimum 𝑐𝑡𝑟𝑎𝑛𝑠
21: end for
22: Compute disassembly cost 𝐶𝑑 , transport cost 𝐶𝑡 , and

factory time cost 𝐶 𝑓

23: Compute total cost 𝐶 = 𝐶𝑑 + 𝐶𝑡 + 𝐶 𝑓

24: Set reward 𝑟𝑛+1 = −𝐶
25: if completed orders match the demand matrix 𝑄 then
26: 𝑑𝑜𝑛𝑒 ← True
27: else
28: 𝑑𝑜𝑛𝑒 ← False
29: end if
30: return 𝑠𝑛+1, 𝑟𝑛+1, 𝑑𝑜𝑛𝑒

IV. EXPERIMENTAL STUDIES

This section applies RL algorithms to solve the OTMR prob-
lem. The proposed model is first validated using CPLEX, and
the same instances are solved for comparative analysis. Specif-
ically, DQN, A2C, and PPO from the Stable-Baselines3[40]
library are adopted. All experiments are performed on a
Windows 11 system with a 12th Gen Intel(R) Core(TM) i7-
12700H 2.30 GHz processor.

A. Instance Generation

To evaluate the performance of the proposed method,
several case instances are constructed based on disassem-
bly scheduling scenarios involving products such as washing
machines[41], radios[42], and treadmills[43]. Each instance
specifies the number of products, the number of tasks per
product, and the configuration of disassembly centers and
workstations.

a) Instance configuration: To test the effectiveness of
the proposed approach under varying levels of complexity,
six instances are constructed using different combinations
of product types. Each product corresponds to a predefined
disassembly task structure, represented by an AND/OR graph
as described in the modeling section. These structures are
converted into dependency matrices and used to build the RL
environment. Table I summarizes the test instances, including
the number of products of each type, the total disassembly
tasks, and the corresponding order count for each case.

For small-scale instances, the solution quality of DDQN is
evaluated against the CPLEX optimum using the optimality
gap, defined as

Gap(%) =
𝑍DDQN − 𝑍CPLEX

𝑍CPLEX
× 100%,

where 𝑍CPLEX and 𝑍DDQN denote the objective values obtained
by CPLEX and DDQN, respectively.

b) Factory and workstation configuration: Each dis-
assembly center is equipped with a predefined number of
workstations, enabling task allocation across different stations
within the same center. In this study, two disassembly centers
are configured, each with three workstations. The setup cost
per center ranges from [3, 5], while the workstation operation
costs vary between [5, 10]. All centers are capable of process-
ing all types of products.

c) Order setting: Orders are defined based on required
components, due dates, and associated delay penalties. Each
manufacturing center processes specific orders, which require
components disassembled from different products. The order
structure is defined using three main matrices: the demand
matrix 𝑞𝑚𝑜, the matching matrix 𝜇𝑝 𝑗𝑜, and the deadline matrix
𝑡𝑚𝑜. If the actual delivery time exceeds the deadline, a penalty
𝑐𝑚𝑜 is incurred. The delivery time is calculated based on the
component completion time at the disassembly center and the
transport time 𝑡ℎ𝑚 to the manufacturing center. The reward
function incorporates these penalties to encourage on-time
delivery. Table II illustrates the detailed order configurations
across six experimental cases, including component require-
ments, source products, deadlines, and penalties. To simulate
different urgency levels and customer priorities, orders with
identical component types may be assigned different penalty
values across cases.

d) Hyperparameter setting: The hyperparameters of
DDQN were determined based on preliminary experiments to
balance convergence speed and training stability. Specifically,
the learning rate was set to 0.0003, the discount factor for
future rewards was set to 0.9999, and the soft update coeffi-
cient was set to 0.005. The replay buffer size and batch size
were set to 50,000 and 500, respectively. The exploration rate
𝜖 was initialized at 1.0 and gradually decreased with a decay
rate of 5× 10−6 until reaching 0. Two fully connected hidden
layers with 500 neurons each were adopted in the Q-network.
These settings were found to provide stable performance for
the OTMR problem.

All instance parameters, including processing times, disas-
sembly costs, transportation costs, and delivery time windows,
are randomly generated based on practical estimates. These
instances are designed to reflect the complexity of real-world

TABLE I Cases for Experiments

Case ID Number of Products Task Count Order Count
Washing Machine Treadmill Radio

1 0 1 0 17 1
2 2 0 0 26 2
3 0 0 1 30 2
4 0 4 0 68 4
5 2 3 0 77 3
6 0 0 5 150 8
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TABLE II Order Configuration in Case Studies

Case ID Manufactory
Center ID Order Qty Required Components Source Products Component Qty

per Order Deadline Penalty Cost

Case 1 1 1 Belt Treadmill 1 90 155

Case 2 1 2 Motor Washing Machine 1 (130, 134) (505, 529)

Case 3 1 1 Antenna Radio 1 98 510
1 Receiver Radio 1 93 516

Case 4 1 4 Belt Treadmill 1 (107, 196) (520, 523)

Case 5 1 2 Belt Treadmill 1 50 200
1 Motor Washing Machine 3 60 210

Case 6
1 2 Antenna Radio 1 100 168

2 Receiver Radio 1 (101, 117) (116, 155)

2 2 Antenna Radio 1 127 192
2 Receiver Radio 1 (124, 145) (129, 134)

Note: For orders with a single instance, specific deadlines and penalties are listed; for repeated orders, only the range of deadlines and penalties
is shown to avoid redundancy.

Fig. 7. Scheduling result of Case 3 under the OTMR model.

disassembly scheduling scenarios while maintaining controlled
conditions for algorithm evaluation.

B. Case Study

Fig. 7 presents the experimental results of Case 3 under the
proposed OTMR model. Different symbols represent the man-
ufacturing, recycling, and disassembly centers, while triangles
correspond to the extracted components. The red elements
indicate the delivery deadlines, reflecting the time constraints
imposed on order completion.

As shown in the figure, the proposed scheduling strategy
effectively coordinates the flow of products and components
among facilities, ensuring that most operations are completed
before the deadlines. This demonstrates the model’s capability
to manage time-sensitive remanufacturing tasks while main-
taining efficient resource utilization.

C. Sensitivity Analysis

To evaluate the robustness and adaptability of the proposed
scheduling model, we conduct a sensitivity analysis by varying

key input parameters while keeping the base configuration
fixed. Case 5 is selected as it represents a moderate-scale
scenario with diverse product types and sufficient scheduling
complexity. The analysis examines the effects of three critical
parameters: (i) the order deadline time coefficient 𝑡𝑚𝑜, and (ii)
the number of available disassembly lines. Their impact on
total cost, delay penalties, and resource utilization is assessed.

a) Impact of Order Deadline Time (𝑡𝑚𝑜): To examine
how order due times influence scheduling performance, we
vary the delivery deadlines 𝑇𝑚𝑜 while keeping other parame-
ters fixed. In particular, the total number of orders is 3, and
the number of order types (𝑂) is 2. As shown in Table III and
Fig. 8, tighter delivery windows (e.g., 𝑡𝑚𝑜 ∈ [20, 30]) result in
overdue orders and high penalty costs. In contrast, when 𝑡𝑚𝑜

is moderately relaxed (e.g., [40, 50] or beyond), the algorithm
completes all orders on time, eliminating delay penalties.

The total cost decreases as 𝑡𝑚𝑜 increases, due to the re-
duction in penalty cost and improved scheduling flexibility.
However, after a certain threshold (e.g., 𝑡𝑚𝑜 ≥ [50, 60]),
further increases in due time yield limited benefits. This
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TABLE III Order Deadline Time (𝑡𝑚𝑜)

𝑡𝑚𝑜 Late Orders Total Cost Penalty Cost Completion
Times

[20, 30] 1 1063 410 [38, 20]
[30, 40] 1 853 200 [29, 31]
[35, 45] 1 861 200 [32, 42]
[40, 50] 0 641 0 [31, 33]
[50, 60] 0 649 0 [49, 53]
[70, 70] 0 664 0 [59, 46]
[80, 90] 0 637 0 [39, 41]
[90, 100] 0 628 0 [36, 35]

Fig. 8. Sensitivity analysis of total cost and lateness with
respect to 𝑡𝑚𝑜.

indicates that the model already achieves timely delivery once
a feasible window is provided.

Overall, the proposed method shows robustness across
different time constraints. It dynamically adjusts scheduling
decisions to balance penalty avoidance and resource utiliza-
tion, demonstrating strong adaptability to varying delivery
requirements.

b) Impact of Available Disassembly Centers.: This ex-
periment investigates how varying the number of available
disassembly plants influences the overall performance of the
scheduling model. The plant quantity is increased from 1
to 5, while keeping the number of orders, product types,
and all other parameters unchanged. Table IV presents the
results, including total cost, workstation utilization, and plant
utilization.

The results show that the total cost first decreases and
reaches its minimum when two disassembly centers are avail-
able. However, as the number of plants increases beyond two,
the cost begins to rise again. This non-linear trend suggests
that although additional plants may provide more scheduling
flexibility, they also introduce higher coordination complexity
and potential underutilization of resources.

Both workstation and factory utilization drop significantly
as more plants are introduced. For instance, with only one
plant, the workstation utilization is 100%, and the factory is
fully utilized. In contrast, when five plants are available, only
6 out of 15 workstations and 2 out of 5 factories are used. This
indicates a growing imbalance between available capacity and

TABLE IV Sensitivity to the Number of Manufacturing
factories

No. of factories Total Cost Workstation
Utilization

factory
Utilization

1 649 1/1 1/1
2 604 3/6 1/2
3 682 5/9 2/3
4 715 5/12 2/4
5 659 6/15 2/5

Fig. 9. Comparison of OTMR and MR models in cost and
order completion time across different cases

actual task assignments.
In addition, opening more disassembly factories leads to

increased fixed and operational costs, even if some factories
are only partially utilized. Since the total disassembly work-
load remains constant, allocating tasks across more facilities
fragments the resource usage, reducing overall efficiency. As
a result, excessive plant expansion causes unnecessary cost
increases without proportional performance gains.

Overall, these results demonstrate that excessive expansion
of disassembly capacity may not lead to better performance.
Instead, it can result in resource waste and inefficient schedul-
ing. Therefore, optimizing the number of operational factories
is critical for cost-effective and balanced system performance.

D. Order Delay Penalty Consideration

This section evaluates the effectiveness of the proposed
OTMR model in handling delivery deadlines. Fig. 9 presents a
comparative analysis between the OTMR model and the con-
ventional Multi-Factory Remanufacturing (MR) model. The
OTMR model integrates order tardiness into the scheduling
objective, while the MR model focuses solely on minimizing
cost without considering delivery timing.

As shown in the figure, the OTMR model consistently
achieves lower total costs and shorter completion times across
all cases. By integrating delivery constraints, the OTMR model
dynamically balances disassembly and transportation schedul-
ing to ensure timely order fulfillment. In contrast, the MR
model often delays order completion, particularly in complex
production scenarios, leading to higher overall costs and longer
makespan.
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TABLE V Experimental comparison between CPLEX and
DDQN

Case ID CPLEX DDQN GapProfit Time(s) Profit Time(s)
1 333 35.07 333 83.92 0
2 466 3618.57 473 359.92 2.4%
3 964 18000.00 981 911.64 4.5%
4 - - 641 956.85 -
5 - - 649 946.60 -
6 - - 2672 1871.61 -

These results demonstrate the importance of accounting for
delivery deadlines in remanufacturing scheduling. By jointly
optimizing cost and timeliness, the OTMR model produces
more efficient, stable, and realistic scheduling outcomes com-
pared with the conventional MR model.

E. Model Validation and Analysis

The results in Table V demonstrate the effectiveness of
the proposed model and the advantages of the DDQN-based
solution method. CPLEX can obtain optimal results for small-
scale problems, confirming the model’s correctness. However,
as the problem scale increases, the CPLEX solver becomes in-
efficient and fails to produce feasible solutions within the time
limit, revealing its computational bottleneck. In contrast, the
DDQN algorithm efficiently generates high-quality solutions
for all cases, showing strong scalability and practical appli-
cability in large-scale multi-line remanufacturing scheduling
problems. CPLEX is used in this study mainly to validate the
correctness and feasibility of the proposed mathematical model
on small-scale instances. As the problem scale increases, the
exact solution approach becomes less suitable due to the
rapidly growing computational burden, which motivates the
use of RL-based methods for larger instances.

F. Algorithm Comparison and Performance Evaluation

To evaluate the effectiveness of the proposed reinforcement
learning methods, we compare three algorithms (DDQN, PPO,
and A2C) with the exact solver CPLEX. The comparison
considers two criteria: solution quality, measured by total cost,
and computation time. All methods operate on six benchmark
cases under consistent experimental settings.

a) Experimental Setup: All reinforcement learning algo-
rithms are trained using consistent hyperparameter settings to
ensure fair comparison. Each model runs for 10,000 episodes
with a learning rate 𝛼 = 0.0003, a discount factor 𝛾 = 0.9999,
a replay buffer size of 50,000, and a batch size of 500. An 𝜖-
greedy strategy is applied, where the exploration rate gradually
decays to zero over time. This setup enables sufficient explo-
ration in the early stage and encourages policy exploitation in
later training, allowing the algorithms to learn effectively in
complex scheduling environments.

b) Algorithm Comparison: Fig. 10 shows the training
cost curves for Case 1 and Case 4. In the small-scale Case 1,
all three algorithms reduce the cost over time. DDQN achieves
the lowest and most stable performance. PPO converges mod-
erately but exhibits noticeable fluctuations. A2C maintains a
relatively flat curve with a higher overall cost.

(a) Case 1

(b) Case 4

Fig. 10. Training cost comparison across different problem
scales.

TABLE VI Comparison of total costs and computation time

Case PPO A2C DDQN

Cost Time Cost Time Cost Time

1 338 500.62 399 134.17 333 83.92
2 620 2378.14 596 393.85 473 359.92
3 1007 2410.49 1489 192.40 981 911.64
4 1864 1064.82 830 248.45 611 956.85
5 2246 1953.78 4130 343.11 649 946.60
6 2790 3334.63 2694 737.89 2672 1871.61

In the more complex Case 4, DDQN continues to converge
effectively, while PPO becomes unstable and fails to reduce
costs. A2C remains stable but produces suboptimal results.
These findings suggest that DDQN offers better robustness
and scalability across different problem sizes.

Overall, DDQN achieves the best balance between cost and
runtime. It converges quickly and handles large-scale instances
that exact solvers cannot. PPO performs well in small-scale
cases but lacks robustness as complexity increases. A2C is
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TABLE VII Scalability test under increasing order quantities

Orders Products Cost Penalty Late Orders Run Time

3 5 649 0 0 946.60
6 10 1747 200 1 3595.93
9 15 2686 410 2 6631.46
12 20 3311 410 2 10267.41

time-efficient but yields lower solution quality. These results
confirm the effectiveness of deep RL methods for large-scale
disassembly-manufacturing scheduling with order delays.

G. Scalability and Stability Analysis

To evaluate the scalability and stability of the proposed
DDQN-based scheduling approach, four experimental sce-
narios are constructed with the number of customer orders
increasing from 3 to 12, in increments of 3, while proportion-
ally expanding the set of disassemblable products to ensure
sufficient component availability.

Table VII presents the numerical results for each scenario,
including the total cost, delay penalties, number of late orders,
and computational time. The data show that the total cost rises
from 649 to 3311 as the order quantity increases, accompanied
by a significant growth in computational time due to the
expanded decision space. Delay penalties are negligible in the
first two scenarios but become more prominent when the order
quantities exceed six, indicating greater scheduling difficulty
under higher workloads.

Fig. 11 shows the changes in total cost, penalty cost,
and runtime with increasing orders. The results reveal sta-
ble growth in total cost and a controlled rise in penalties,
confirming that the DDQN-based method maintains robust
performance and scalability for large-scale OTMR instances.

Fig. 11. Total cost and delay penalty under increasing order
quantities

V. CONCLUSION

This study investigated the Order-Tardiness-oriented Multi-
factory Remanufacturing (OTMR) problem by jointly consid-
ering order tardiness control and disassembly resource allo-
cation in a multi-factory remanufacturing system. To address

this problem, a total-cost-oriented mathematical model was
developed to coordinate disassembly operations, production
scheduling, and transportation decisions across multiple facto-
ries. The model was first validated by CPLEX on small-scale
instances, confirming its correctness and feasibility. To handle
larger-scale problems, a customized reinforcement learning
environment was further constructed, and the DDQN algorithm
was introduced to solve the OTMR problem under dynamic
decision-making conditions.

The results demonstrate the effectiveness of the proposed
approach from three aspects. First, the proposed RL environ-
ment can effectively capture the operational characteristics of
the OTMR problem, including disassembly capacity limita-
tions and order deadline constraints. Second, the problem-
specific action design improves the efficiency of decision-
making and enhances the applicability of RL to multi-factory
remanufacturing scheduling. Third, compared with benchmark
RL algorithms, DDQN achieved better solution quality and
stronger stability, and it remained effective when exact opti-
mization methods became difficult to apply to larger instances.
These findings indicate that the proposed method provides an
effective solution framework for multi-factory remanufacturing
optimization under order tardiness constraints.

Future research will focus on the following directions:
1) Extending the current model to support multi-objective
optimization[44, 45], such as balancing cost, delay, and energy
consumption; 2) Incorporating dynamic and uncertain factors
in production, including variable demand and machine break-
downs; 3) Further refining the RL environment to simulate
real-world constraints more accurately and support broader
scheduling scenarios[46, 47, 48].
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