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Abstract

With the increasing scarcity of critical resources, competition in the electric vehicle bat-
tery (EVB) recycling market has intensified, and the strategic establishment of efficient
and resilient recycling networks is increasingly vital for maintaining raw material secu-
rity. Although existing studies have explored electric vehicle battery recycling network
design (EVBRND), the impact of facility disruption risks on network decisions is rarely
analyzed. This study explores a novel resilient EVBRND problem under disruption risk
from the perspective of fourth-party logistics. To cope with disruptions, capacity backups,
multi-source allocation, multiple third-party logistics (3PL), multiple transportation routes
and facility fortification strategies are systematically integrated. A two-stage stochastic
programming model is developed to characterize the problem, which is subsequently
reformulated into a mixed-integer linear programming model using a scenario-based ap-
proach. To overcome the computational complexity resulting from the enlarged scenario
set and the additional binary variables introduced by 3PL selection, a scenario reduction
and decomposition-based heuristic (SRDBH) algorithm is developed, which integrates
Lagrangian relaxation, conditional relaxation, scenario reduction, and the adaptive sub-
gradient method. The proposed model and algorithm are validated through a real-world
case study. Computational results confirm that the SRDBH algorithm achieves superior
performance compared with CPLEX. Furthermore, sensitivity analyses highlight the criti-
cal role of flexible risk-mitigation configurations in balancing cost minimization with the
enhancement of network resilience.

Keywords: resilience; recycling network; electric vehicle battery; heuristic algorithm;
fourth-party logistics

1. Introduction

With the growing global attention to green development and sustainability, the num-
ber of new energy vehicles continues to increase, and the recycling of end-of-life electric
vehicle batteries (EVBs) has become increasingly important and urgent [1,2]. EVBs contain
rare metals such as lithium, which possess high recycling value. Efficient recovery of these
materials not only helps to alleviate resource constraints [3] but also significantly reduces
environmental pollution and promotes the development of a circular economy [4-6]. Im-
proper disposal of waste batteries may release hazardous substances that cause long-term
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damage to water and soil environments and even trigger safety incidents. Therefore, the es-
tablishment of efficient and reliable EVB recycling networks has become a key requirement
for ensuring the sustainable development of the new energy vehicle industry [7,8].

The systematic planning of EVB recycling networks is a central issue within the re-
cycling system. Proper network design (ND) optimizes facility configuration, enhances
operational efficiency, and strengthens the system’s ability to coordinate resources and re-
spond to risks [9-12]. However, most existing studies focus predominantly on the location
of recycling facilities, whereas the optimization of network topology has received com-
paratively little attention, despite its potential to generate greater economic benefits [13].
Against this background, the fourth-party logistics (4PL) framework provides a new per-
spective for electric vehicle battery recycling network design (EVBRND). Compared with
traditional third-party logistics (3PL), 4PL integrates multiple logistics resources and sup-
ports collaborative decision-making, thereby strengthening system-level optimization and
responsiveness. This enables joint optimization between facility location and logistics
service provider selection, ultimately improving overall network performance [14,15].

Although the 4PL framework improves network efficiency, conventional EVB recycling
networks are typically designed with little attention to potential disruption risks. Such
risks may arise from natural hazards (e.g., extreme weather, hurricanes, earthquakes),
human-induced events (e.g., terrorist attacks), or unexpected accidents (e.g., industrial
incidents, equipment failures), all of which can impair the functionality of network nodes
or links [16]. These disruptions are typically characterized by sudden occurrence and
wide-ranging effects, with consequences of business suspension far more severe than
ordinary operational risks [17]. Once critical recycling facilities are disrupted, a large
volume of waste batteries may accumulate, leading to higher operational costs as well as
environmental and safety risks. Incorporating resilience-oriented design into EVB recycling
network construction has thus emerged as a vital research direction.

Following the COVID-19 pandemic, resilience strategies have been increasingly ac-
knowledged as effective measures for managing disruptions. According to the summary
by Govindan et al. [18], such strategies can generally be categorized into mitigation and
contingency approaches, including temporary outsourcing, capacity backups, and facility
fortification. Fortification strategies improve facility reliability and disaster resistance,
thereby reducing the probability of disruption, while capacity backup strategies rely on
backup resources to maintain system operation after disruption occurs. Building on this
foundation, this study integrates several strategies: multi-source allocation, multiple trans-
portation routes, diversified 3PL selection, facility fortification, and capacity backup, to
systematically enhance the stability and resilience of EVB recycling networks.

This study addresses the design of resilient EVB recycling networks under disruption
risks within a 4PL framework. The proposed approach simultaneously considers the loca-
tion of remanufacturing centers, collection centers, and disposal centers, and incorporates
multi-source allocation, multiple transportation routes, multi-3PL collaboration, facility
fortification, and capacity backup to counter potential disruptions. A two-stage stochastic
programming model is formulated to describe the problem, which is subsequently refor-
mulated into a mixed-integer linear programming (MILP) model through a scenario-based
method. To address the computational challenges caused by large-scale scenario sets, a sce-
nario reduction and decomposition-based heuristic (SRDBH), combining scenario reduction
(SR), conditional relaxation, Lagrangian relaxation (LR), and an adaptive subgradient (AS)
algorithm, is developed, following the idea of Zhang et al. [19]. A real-world case study is
conducted to validate the proposed model and algorithm. Numerical results reveal that
the proposed algorithm exhibits superior efficiency compared with the commercial solver
CPLEX. Furthermore, the findings indicate that flexible configuration of risk-mitigation
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strategies plays a crucial role in achieving both cost control and network resilience. The
main contributions of this study are summarized as follows:

*  The influence of facility disruption risk on EVBRND decisions is rarely investigated.
This study addresses a novel resilient EVBRND problem under disruption risk.

*  The 4PL concept is incorporated into the EVBRND process to enhance network re-
silience. Multiple 3PL providers, multi-source allocation, multiple transportation
routes, facility fortification, and capacity backup strategies are integrated to mitigate
facility disruption risks.

*  Anovel two-stage stochastic EVBRND model under a 4PL framework with integrated
hybrid risk-mitigation strategies is proposed. To address the computational chal-
lenges caused by the significant increase in binary decision variables due to logistics
provider selection and the large number of disruption scenarios, a SRDBH algorithm
is developed by combining SR, conditional relaxation, LR, and an AS algorithm.

¢ Validation of the proposed model and algorithm is conducted using a real-world
case study.

This study offers several key research contributions. The research expands the body of
knowledge on resilient supply chain ND by integrating disruption risks and corresponding
mitigation strategies into EVB recycling models. In addition, the incorporation of a 4PL
framework into EVBRND clarifies the function of logistics coordination under uncertainty.
The proposed SRDBH algorithm further advances methodological development for large-
scale stochastic optimization in supply chain management. Collectively, these contributions
provide a solid foundation for future studies that aim to integrate resilience, sustainability,
and logistics management.

The remainder of this paper is structured as follows. Section 2 reviews the relevant
literature. Section 3 outlines the problem and formulates the model. Section 4 details the
SRDBH algorithm developed for its solution. Section 5 presents a case study to indicate the
model’s applicability, and Section 6 concludes the study.

2. Literature Review

Circular economy has been recognized as a key pathway to achieving sustainable
development, playing a significant role in promoting resource efficiency and environmental
protection [20-22]. In the field of EVB recycling, extensive research efforts have been
devoted to establishing efficient, green, and resilient recycling networks to mitigate resource
waste and environmental pollution. This study focuses on the design of EVB recycling
networks under disruption risks from a 4PL perspective. Related studies can be broadly
classified into two categories: (1) EVBRND; (2) 4PLND.

(1) EVBRND

In the modeling and optimization of EVBRND, research has mainly concentrated
on facility configuration, transportation route optimization, and uncertainty parameters.
Harper et al. [23] systematically reviewed and evaluated major recycling and reuse methods
for lithium-ion batteries, highlighting future research directions. Jafari et al. [24] employed
trapezoidal fuzzy numbers to handle uncertainties in facility capacity and recovery rates,
formulating a closed-loop location model to optimize both costs and environmental im-
pacts. Wang et al. [25] developed a multi-level recycling network model by refining three
battery treatment strategies, significantly reducing total system costs and carbon emissions.
Du et al. [26] conducted a life cycle assessment to compare different allocation methods in
battery recycling, providing insights for path selection. Fan et al. [27] developed an interac-
tive fuzzy programming model to simultaneously consider economic and environmental
objectives in reverse logistics networks. Li et al. [28] emphasized the role of inter-firm
cooperation in improving recycling efficiency, demonstrating that collaboration between in-
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cumbent and new firms effectively reduces configuration costs. In terms of scheduling and
allocation strategies, Tan et al. [29] established an integer programming model to optimize
urban-level recycling scheduling, ensuring customer satisfaction while reducing opera-
tional costs. Fu et al. [30] investigated multi-period EVB recycling planning with demand
prediction, demonstrating that data-driven models enhance long-term network adaptability.
Mahdiraji et al. [31] proposed a stochastic programming framework for resilient recycling
networks, emphasizing the role of fortification and redundancy strategies in mitigating
disruption risks. Haynes et al. [32] adopted geographic clustering algorithms to optimize
facility spatial layout, thereby improving recycling efficiency and reducing transportation
costs. Some studies have further highlighted the impact of uncertainty in the quantity
and capacity of retired batteries on network stability. For example, Du et al. [33] and
Yan et al. [34] applied scenario simulation and robust optimization methods, respectively,
to enhance system reliability. He et al. [11] incorporated cascade utilization and urban
development weights into a fuzzy chance-constrained model, constructing a multi-level
reverse logistics network aligned with urban sustainability. Qi et al. [35] developed a robust
optimization model for EVB recycling networks under uncertain demand, showing that the
proposed approach improves system resilience and cost efficiency. Ai et al. [36] introduced
a green supply chain design integrating carbon emission constraints, highlighting the
effectiveness of carbon reduction strategies in sustainable EVB recycling. Zhang et al. [37]
proposed a bi-objective model for disassembly—assembly line balancing that optimizes
profit and worker learning, solved using a multi-objective fruit fly optimization algorithm
with superior performance.

(2) 4PLND

Since the introduction of the 4PL concept, research has evolved from service evalu-
ation to network structure optimization. Early studies, such as Krakovics et al. [38] and
Biiytikozkan et al. [39], primarily focused on the establishment of evaluation indicator
systems for 4PL providers, laying the foundation for subsequent ND studies. Li et al. [40] in-
troduced a robust optimization-based framework for ND under disruptive events, thereby
improving system resilience. Wang et al. [41] and Huang et al. [42] explored the influence
of customer behavior on network decision-making, constructing supply chain network
models that incorporated psychological factors of customers. In recent years, disruption
risk management has emerged as a major focus in 4PL research. Yin et al. [43] employed
two-stage stochastic programming, multi-period optimization, and temporary outsourcing
mechanisms to systematically analyze the impact of disruptions and demand uncertainty
on network structures, significantly enhancing the resilience and service continuity of 4PL
networks. Zhang et al. [44] proposed a 4PL ND that integrates both defensive and recov-
ery mechanisms, strengthening survivability under supply disruptions. Jiang et al. [45]
investigated resource leasing strategies under sudden demand, proving that dynamic
deployment is more cost-effective than static configuration. Vidal et al. [46] examined
collaboration mechanisms among logistics providers in recycling networks, revealing that
4PL-led coordination significantly enhances operational performance. Bo et al. [47] focus
on the 4PL routing optimization problem in complex environments, particularly under
infection and delay risks.

In summary, existing research on EVBRND primarily emphasizes facility location, cost
control, and uncertainty parameters modeling, while discussions on system responses to
disruption risks remain insufficient. Meanwhile, although the 4PL model indicates signifi-
cant advantages in integrating logistics resources and enhancing supply chain resilience,
its application in EVBRND has not been systematically explored, particularly in terms of
multi-strategy collaborative optimization under disruption scenarios. The distinctions of
this study from the existing literature are reflected in the following aspects:
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¢  From the innovative perspective of 4PL, this paper investigates the EVBRND. Decision
results extend from discrete facility location to network topology optimization for
enhancing operational efficiency.

*  Disruption risks are incorporated into the EVBRND. Fortification, capacity backups,
multi-3PL collaboration, multi-route transportation, and multi-source allocation are
integrated to effectively address uncertainties and challenges caused by disruptions.

* A novel EVBRND model is developed by integrating fortification, capacity backups,
multi-3PL, multi-route, and multi-source strategies, providing new insights into the
application of 4PL under disruptive events.

¢ To address the computational challenges posed by the significant increase in binary
decision variables introduced by logistics provider selection and the large number of
disruption scenarios, a SRDBH algorithm is developed.

*  Validation of the proposed model and algorithm is conducted using a real-world
case study.

3. Problem Description and Mathematical Model
3.1. Problem Description

In the recycling system of EVBs, the construction of an efficient, reliable, and resilient
network is essential for achieving resource circulation and environmental protection. From
the perspective of integrated optimization under 4PL, this study proposes a resilient
EVBRND model under multiple disruption risks. The network is represented as a directed
graph G(S, E), where the node set S consists of demand regions (D), collection centers (C),
remanufacturing centers (R), and disposal centers (W), while the edge set E denotes the
logistics connections between facilities, as illustrated in Figure 1.
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Figure 1. EVB recycling network from 4PL.

Facility location decisions in the network are controlled by binary variables y;s. Each
facility is subject to capacity limitations and is associated with construction costs, capacity
backups costs, and fortification expenses. A demand region d € D generates a certain
amount of EVB ¢, which is transported to collection centers for preliminary disassembly
and classification. The processing capacity of a collection center is determined by its basic
capacity Q. and backup capacity, with a unit processing cost of k.. In this stage, EVBs
are classified into three categories (L1, L2, L3) according to their technical condition, with
proportions a1, ay, a3, serving as the basis for subsequent resource allocation. Classified
EVBs are assigned to differentiated pathways: L1 and L2 batteries are sent to remanufactur-
ing centers R for material recovery, where the maximum processing capacity is given by
the sum of basic capacity Q, and backup capacity, and the unit processing costs differ by
category, denoted as h} and h2. L3 batteries and a fraction of waste flows are directed to
disposal centers W, with unit processing cost h, hl), subject to capacity constraints similar
to other facilities. Flow balance and mass conservation constraints are enforced during
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logistics operations to ensure rational flows among nodes. In terms of transportation orga-
nization, multiple 3PL providers are introduced to undertake the transport tasks between
nodes, coordinated and integrated by the 4PL operator for system-wide cost optimization.
Transportation route selection is represented by decision variables Xk, Xk, Xcwkr Xrwk-
Each 3PL provider is subject to maximum transport capacities q4ck, Gerks Gewks Grwk and
charges corresponding unit transportation costs Tycx, Terks Tewks Truwk-

To mitigate facility and transportation disruptions, multiple resilience strategies are in-
tegrated into the EVBRND. These strategies include fortifying facilities, establishing backup
capacities to enhance recovery flexibility, and introducing redundancy through multi-3PL
collaboration and multi-route allocation. Preventive investment, which represents the en-
terprise’s expenditures on fortification and backup measures, is subject to a budget Cqx, as
suggested by Yin et al. [43]. This Cyux as a key control parameter for resilience design. The
specific allocation of fortification and backup resources across facilities is determined by the
optimization results, which reflect the trade-offs among facility vulnerability, reinforcement
costs, and system-wide recovery efficiency.

In summary, the proposed EVBRND problem, whose key notations are defined in
Table 1, systematically integrates location-allocation-routing decisions with disruption
risk management. A multi-layer optimization framework is developed to achieve synergy
among economic efficiency, environmental sustainability, and operational resilience, thereby
providing theoretical support and decision-making tools for closed-loop EVB recycling
management.

Table 1. The notations of EVBRND.

Notations Explanations
Sets
D Demand zones

C Collection center locations

R Remanufacturing facility locations
w Waste disposal facility locations

® Disruption scenarios

S Facility set: CUR U W

K Inter-facility 3PL

Parameters

Ca Recycling demand at zone 4

fs Establishment cost for facility s € S

fs Fortification cost for facilityL s

fs Backup cost for facility s

he Unit processing cost at collection center ¢

LY Unit processing cost for level-p batteries at remanufacturing center r
' (r=12)

hg, Per-cell waste processing cost at disposal center w

b, Per-kilogram waste processing cost at disposal center w

Qs Capacity limit for facility s € S

qs6 Disruption indicator for facility s under scenario 6 (1 if disrupted)

Num Number of cells per electric vehicle battery (EVB)

ap Proportion of battery cells at level p (Zf;:l ap =1)
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Table 1. Cont.

Notations Explanations
w Weight per battery cell
B Capacity of k-th 3PL provider on arc (i, j), where
ik (i.]) € {(€, D), (C,R), (C, W), (R, W)}
fijk Establishment cost for k-th 3PL provider on arc (i, j)
Tijk Unit transportation cost for k-th 3PL provider on arc (i, j)
0 Penalty cost per unit of unmet demand
mp Unit recycling cost for level-p battery cells
Pp Waste generation ratio from disassembling level-p battery cells
Cax Maximum preventive investment budget
Decision variables
Ys Facility establishment binary variable (s € S)
Xs Facility fortification binary variable (s € S)
Xijk 3PL provider selection binary variable for arc (i, j) with provider k
A Backups capacity for facility s
Zdcko Batteries from d to ¢ via provider k under scenario ¢
zf k0 Flow of level-p batteries from c to r via provider k under scenario 0
Zewkd Waste cell flow from ¢ to w via provider k under scenario 6
Vywkd Waste mass flow from r to w via provider k under scenario ¢
Ko Unmet demand at zone d under scenario 6

3.2. Mathematical Model

To address potential disruption scenarios, facilities can be fortified and reserved to
enhance facilities resilience under disruptions. The fortification decisions are controlled
by binary variables x, xr, Xxw- The costs incurred from fortification are determined
by the fortification cost parameters f, f;, fw. The backup decisions are governed by
binary variables A., A;, Aw, which represent the reserved capacities of the corresponding
facilities. The costs of backup are determined by the backup cost parameters f, fr, fu.
After fortification and backup, facilities can retain partial or full processing capacity under
disruption scenarios, thereby ensuring the stable operation of the recycling network.

When collection centers, remanufacturing centers, or disposal centers fail to fully meet
the recycling demand, penalty costs arise from the uncollected batteries. The quantity of
uncollected batteries x 9 is determined by the amount of batteries left untreated, and the
penalty cost is given by the product of the unit penalty ¢ and the number of uncollected
batteries. In addition, a recycling compensation mp is paid to users to incentivize them to
supply waste batteries for recycling. To achieve the minimization of the cost, the decision
vector is defined as

yr(Vr € R), yo(Vw € W), y.(Vc € C),
X,(W € R), xo(Yw € W), x.(¥c € C),
Ar(Vr € R), Ay(Yw € W), Ac(Ve € C),
(A, x,y,x) = X4ek(Vd € D, Ve € C,Vk € K),

Xk (Ve € C,Vr € R,Vk € Ky ),
Xewk (Ve € C,Yw € W,Vk € Kew),
X0k (VP € R,Yw € W,Vk € Kyyp)

The scenario-based method is employed to characterize facility disruptions. Specifi-
cally, under disruption scenario 6, “q.¢ = 0” implies operational availability of collection
center ¢, while “g,y = 1” reflects a failure. As an illustration, with |S| = 4, scenario
6 = 0,1,1,0 describes a case where nodes S2 and S3 are disrupted, whereas S1 and 54
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remain functional. Accordingly, a two-stage stochastic programming model can be con-
structed as follows.
(P1):

Min Z fw}/w‘|‘ Zfry1’+ ch}/c‘i- ZfCXC+ Zfr)(r+ Z ﬁu)(w+

weW reR ceC ceC reR weW

Echc+ ZfrAr+ 2 fwAw+ Z Z Z fdckxdck+ Z Z Z fcrkxcrk+

ceC reR weW deD ceC keKy, ceCreRkeK,y

Z Z Z fcwkxcwk + Z Z Z frzuerwk+

ceCweW keKey reRweW keKyy

E9 [f(%?(/ A/ X, 9)] (1)
s.t.
Xs <Ys, Vs €S, 2
As < Mgy, Vs € S 3)
Zfs)(s + Z]FSXS < Cpax, Vs €S 4)
seS seS
xs € {0,1},Vs €, (5)
ys € {0,1},Vs € S, (6)
X4 € {0,1},Vc € C,Vd € D,Vk € Ky, (7)
Xk € {0,1},Ve € C,Vr € R,Vk € Ky, (8)
Xewk € {0,1},Ve € C,Vw € W, Vk € Key, 9)
Xk € {0,1},Vr € R,Yw € W,Vk € Ky, (10)
As >0,Vs €, (11)

where f(y, x, A\, x,0) =
2
2o ) hezaget )Y ) Y Mgt LMY Y zwket
deD ceC keKy, reRceCkekKy p=1 weW ceCkeKew
2

Z hZ} Z Z Uykg + Z Z Z Tdckzdckf) + Z Z Z Z Tcrszrk9+

weEW  reRkEKy deD ceC keKy, ceCreR keKy p=1 (12)

Z Z Z Tcwkzcwkﬁ + Z Z Z Trwkvrwke + Z 19Kd9+

ceCweW keKyy reRweW keKyy deD

Z Z Z Z"‘pmpzdcke

deD ceCkeKy, peP

s.t.

Cd = Z Z Zdcke + Kdg,Vd € D,V0 € O, (13)

ceCkeKye
Yo Y zacke < [(1—4eo)yeQc + GeoxcQc] + Ac, Ve € C, V0 € ©, (14)
deD keKy,
2
Z Z Z Zfrkg < (1 = gr9)yrQr + qroxrQr] + Ap, Vr € R,V0 € O, (15)
ceCkeKy p=1
w Z Z Zewky T E Z Vroko < [(1 = Gw6)YwQuw + GuwoXwQu] + Aw,Yw € W,¥0 € ©, (16)
ceCkeKey reRkeK,y

Yo N apzake s Num=Y Y 2)  VeeCp=12V0c0, (17)
deD keKy, reR keK,,

Yo N wpzgapxNum= Y Yz Ve eCVO€O,p=3, (18)

deD keKy, weW k€K
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2

wY Y Y ep=Y Y vk VreRVIEO, (19)
ceCkekK, p=1 weW k€K,

Zdcko < Xdck9dcks Vd € D,Vc € C,Vk € ch,ve €0, (20)
2

Y 2P o < Xerkderk, Ve € C,Vr € R,Vk € Ker, V0 € O, (21)

r=1

Zewko < Xewiewk, Ve € C,Yw € W, Vk € Key, V0 € O, (22)

Uyt < XrwkGrwk, V7 € R, Yw € W,Vk € Ky, V0 € O, (23)

Zaerg > 0,¥d € D, Ve € C,Vk € Ky, V0 € O, (24)

2l g >0,Yc€C,VreRVk €Ky, V0 €O,p=1,2, (25)

Zewko > 0,V € C,Vw € W,Vk € Key, V0 € O, (26)

Uyke > 0,Vr € R,Yw € W, Vk € Ky, V0 € ©, (27)

Ko > O,d €D,0 € 0. (28)

(P1) is developed with the objective of minimizing the total cost of the EVB recycling

network. The objective function consists of the following four components:

Facility construction and fortification costs: Including the fixed construction costs of
collection centers, remanufacturing centers, and disposal centers, as well as the corre-
sponding fortification expenditures;

Capacity backup costs: Expenditures related to the additional reserved capacity at each
type of facility to hedge against disruption risks;

Third-party logistics (3PL) construction costs: Fixed costs associated with the selection
of transportation paths among demand regions, collection centers, remanufacturing
centers, and disposal centers;

Network operating costs: Covering facility processing costs, transportation costs, penalty
costs for unsatisfied recovery demand, and reimbursement costs paid to customers
for returning used batteries. This component is evaluated under multiple disruption
scenarios.

The model is limited by the following constraints:

Fortification logic: Constraint (2) stipulates that a facility may be fortified only if it is
selected for construction;

Reservation capacity: Constraint (3) restricts the backup capacity at each facility to
remain within its specified upper bound;

Budget limitation: Constraint (4) requires that the total preventive investment—
including both fortification and backup costs—does not exceed the available budget;
Binary variables: Constraints (5)-(10) specify that the facility location, fortification, and
logistics provider selection decisions are binary;

Backup capacity non-negativity: Constraint (11) defines the backup capacities of facilities
as non-negative continuous variables;

Flow balance: Constraint (13) guarantees that, under any disruption scenario, the re-
covery demand at each collection center equals the sum of recovered and unrecovered
quantities;

Processing capacity: Constraints (14)-(16) ensure that, under disruption conditions, the
processed quantity at each facility does not exceed its available capacity, given by the
sum of basic and reserved capacity;

Material conservation: Constraint (17) enforces the balance between the outflow of each
grade of batteries from collection centers and their inflow to remanufacturing centers;
Constraint (18) relates the third-grade outflow to disposal centers; and Constraint (19)
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maintains consistency between the waste generated by remanufacturing and the inflow
to disposal facilities;

¢ Transportation capacity: Constraints (20)—(23) require that the transported volume along
each path by a 3PL service provider does not exceed its carrying capacity;

¢ Transportation and shortage non-negativity: Constraints (24)-(28) impose non-negativity
on transportation flows and the number of unrecovered batteries.

The computation of Ey[f(y, x, A, x,0)] constitutes the main difficulty in solving the
above two-stage stochastic program, and the calculation of the disruption probability under
scenario 6 is a key issue. To theoretically characterize possible disruptions, the following
assumptions are made:

(a) Disruptions among facilities are assumed to be independent;
(b) The disruption probability of each facility is known;
(c) Each facility exposed to disruption risk has a binary state—disrupted or non-disrupted.

Assumptions (a)—(c) are commonly adopted in the existing literature. For example,
Losada et al. [48], Baghalian et al. [49], and Fattahi et al. [50] assumed that the facility states
follow a known probability distribution. Similarly, Fattahi and Govindan [51] modeled
each facility as having two possible states, non-disrupted or disrupted. Based on these
assumptions and following the method proposed by Snyder and Daskin [52], the probability
of each disruption scenario is calculated as follows:

po=11r II (0—p») (29)

beSs  beS\Sy

where py denotes the disruption probability under scenario 6, S denotes the set of all
collection centers that may experience disruptions, Sy denotes the subset of collection
centers disrupted in scenario 6, and p, denotes the disruption probability of collection center
Vb € S. Based on py, problem (P1) can be reformulated into the following deterministic
form (P2).

(P2):

Min Y foyw+ Y fryr + ) feye + chXc + Zerr+ ) foXxw+

YXX A 2K Sy reR ceC ceC reR weW
ch/\c'i- ZfrAr+ Z folw+ 2 Z 2 fackXack + Z 2 2 ferkXerkt
ceC reR wew deD ceC keKye ceCreRkekK,,
2 Z Z fcwkxcwk"" Z Z Z frwerwk+
ceCweW keKy, reRweW k€K,
2
Tl LT L hount EE T Mt THE T st
0cO deD ceC keKy, reRceCkekK,, p=1 weW ceCkeKey
2

) H, Y ¥ v+ Y Y Tuszae+ Y Y Y Y Tuzl g+

weW reR keKyy deD ceC keKye ceCreRkekK, p=1

Z Z Z TewkZewko + Z Z Z Tk Urwko + Z Org9+

ceCweW keKyy reRweW keK,y, deD

LL L o @0

deD ceCkeKy peP
st (2)—(28)
Notably, model (P2) is formulated as an MILP, which can in principle be solved using

commercial optimization packages such as CPLEX. Nevertheless, as the number of disrup-
tion scenarios grows, the computational burden on these solvers increases considerably,
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often leading to severe efficiency limitations. To address the computational burden, the
subsequent section introduces a heuristic algorithm based on SR and decomposition to
effectively solve the proposed model.

4. A Scenario Reduction and Decomposition-Based Heuristic

In this section, an SRDBH algorithm is proposed by integrating SR, conditional re-
laxation, LR, and an AS algorithm. Specifically, the SR technique is employed to shrink
the disruption scenario set, which allows the upper bound of model (P2) to be estimated
more efficiently. In parallel, conditional relaxation, LR, and the AS algorithm are employed
to derive the corresponding lower bound. The detailed procedure of the algorithm is
presented as follows.

First, the SR method is applied to derive an upper bound of the model. Its core idea is
to replace the original full scenario set with a carefully selected subset of scenarios. The goal
is to retain a representative yet smaller scenario set, reducing computational complexity
while preserving solution accuracy.

Let M = |C| denote the set of potentially disrupted facilities. Definee = ¢;;i =1,..., M
as the uncertainty vector indicating whether facility i € M experiences disruption. Each ¢;

m;
i
¢/ = 1indicates disruption. The probability associated with each ¢} is given by r
0<r<landm; =1,2,;i=1,2,...,M.

By applying the SR method described above, we can generate a new reduced scenario

mi __

takes values from a finite set ¢} with m; = 1,2, where ¢/ 0 indicates no disruption, and

m;

i, where

subset to replace the original full set, thereby achieving a more tractable approximation of
the disruption environment.

2 2 2
minf=min }_ Y - ) [(1 — i ~reD”) '?el,ez,...,eD:| 31)
m1=1 m2=1 WlM:l
s.t.
2 2 2
2 Z e 2 ?81,62,“‘,61_) = Til,el = 1/ 2/ (32)
62:1 63:1 8021
2 2 2
Z Z e Z ?61,62,...,6[) = 722162 = 1/2/ (33)
e1=1e3=1 ep=1
2 2 2
Z Z Z ?61,62,...,8[) = rEDD/eD = 1/ 2/ (34)
e1=1ep=1 Ip.1=1
2 2 2
Z Z e Z ?81,62,...,L’D = 1/ (35)
e1=1ep=1 ep=1
0 S ?81,6’2,...,€D S 1/ V@l, €2,...,€p. (36)

Here, 7, ;, .1, represents the probability of each scenario in the reduced subset. The

l,...,
objective function (31) is designed to prioritize the inclusion of scenarios with relatively
high probabilities from the original set. Constraints (32)—(34) preserve the disruption
probabilities of facilities within the reduced subset. Constraint (35) requires that the total
probability of all reduced scenarios equals 1, while Constraint (36) restricts the assigned
probabilities of individual scenarios to the interval [0,1].

Applying the SR method yields a reduced scenario set © with probabilities pg, upon

which model (P2) is reformulated as follows:
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Solve problem (P3) using CPLEX and record the corresponding optimal solution
(v*, x*, A%, x*). By substituting (v*, x*, A*, x*) into (P2), the problem (P2) degenerates into

the following linear form (P4):

(P3):
Min ZnyZU+Zfryr+chyC+ ZfCXC+ Zer7‘+ wa)(w+
YX AN ZVK Ty reR ceC ceC reR weW
chAc+ ZfrAr+ Z fwAZU"' Z Z Z fdckxdck+ Z Z Z fcrkxcrk"'
ceC reR weW deD ceC keKy, ceCreRkekK,,
Z Z Z fcwkxcwk =+ Z Z Z frwerwk+
ceCweW k€K reRweW keK,,
2
Co{EE L houat EEE Ebu+ DRE T st
LI=te) deD ceC keKye reRceCkekK, p=1 weW ceCkeKey
2

Z hzbu Z Z Uywke + Z Z Z TackZdcke + Z Z 2 Z Tcrszrngr
wew r€ER k€K, deD ceC keKye ceCreRkeK,, p=1
Z Z Z Tcwkzcwke + Z Z Z Trwkvrka""
ceCweW keKyy, reRweW keK,y,
Lot DT T Lo |
deD deD ceCkeKy, peP

st (2)=(28)

(P4):

2
MinFixC + Z pg{ Z Z Z heZgerp + Z Z Z Z hfzfrke + Z e, Z Z Zewko+

ZUK 0c® deD ceC keKy, reR ceC keK,, p=1 weW  c€CkeKew

2
) 1, Y v+ Y Y Tuazae+ Y Y Y Y Tzl 0+

weWw reRkekK,, deD ceC keKye ceCreRkeK, p=1
YT Y Tzt &8 ¥ Tt + X 0ot ¥ Y % zapmpzdcke}
ceCweW keKyy, reRweW keK,q, deD deD ceCkeKy peP

where

FixC = Z fwlw + Efr]/r + ch]/c + Z chc + Zerr + Z fw?(w“‘

weW reR ceC ceC rerR weW

ch/\c“!‘ ZfrAr"' Z fwAw"F Z Z Z fdckxdck+

ceC reR weW deD ceC keKy,

Z Z Z fcrkxcrk+ Z Z Z fcwkxcwar Z Z Z frwerwk

ceCreRkekK,, ceCweW keKyy reRweW keK,y

st (13)-(29)

(37)

(38)

(39)

is a fixed constant. It should be noted that (P4) can be decomposed into multiple indepen-

dent subproblems, where the 6-th subproblem can be expressed as (P4s):

By solving the corresponding (P4s) problem, an upper bound of P2 can be obtained as
FixC+ Y. pgOpery. The advantage of the SR method lies in its ability to significantly reduce
=C)

the number of disruption scenarios, thereby improving computational efficiency. However,

its limitation is that it cannot evaluate the quality of the obtained solution. To address this

issue, we employ two relaxation approaches—based on LR and conditional relaxation—to

provide lower bounds for model P2.
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(P4s):

2
o~ Mp{ LE F hsao ' LT £yt ERE T ot

deD ceC keKy, reRceCkeK, p=1 weW ceCkeKey

2
YR Y Y v+ Y Y Y Tuszae+ Y Y Y Y Tenzl

wew reRkeK,, deD ceC keKy, ceCreRkeK, p=1
YT Y Tzt &8 ¥ Tt t ¥ 0ot ¥ Y X z«pmpzdcke} 0)
ceCweW keKyy, reRweW keK,, deD deD ceC keKy peP

st (13)-=(28)

First, by setting 4., 9,9, g0 = 0, we can derive a conditional relaxation model (P2v) of
model P2, which is formulated as follows (P2v):
(P2v):

Min Y fovot+ Y fryr+ Y feve+ Yo fexe + Y fxr + Y Fuxwt

Y X2 0K weW reR ceC ceC reR weW

chAc+ ZfrAr+ Z folhw + Z Z Z fackXdck + Z Z Z ferkXerkt+

ceC reR weW deD ceC keKy, ceCreRkeK,,

Z Z Z fcwkxcwar Z Z Z frwerwk+

ceCweW keKy, reRweW keK,y,

zpe{z Y Y et YL St T Y Y et

0c® deD ceC keKye reRceCkeK,, p=1 weW ceCkeKey

2
Y ore Y Y v+ Y Y Tuazae+ Y Y Y Y Touzl

wewW r€R k€Kyyp deD ceCkeKy, ceCreRkeK,, p=1

Z Z Z TewkZewky + Z Z Z TrwkVrwko+

ceCweW k€K reRweW keK,y

Yot N Y Y zm} m

deD ceCdeD keKy peP

st (2)=(13), (17)=(28)

2 Z Zacko < YeQe + Ae, Ve e C,V0 € O, (42)
deD keKy,
2
Y8 Y <yQ +AVreRVICO, (43)
ceCkekK, p=1
Y Y zane+ Y Y Ve < YwQu+ Aw,Yw € W,V € O, (44)
ceCkeKep re€R keKyy

Theorem 1. Let A'(y', x', N, x') denote the optimal objective value of (P2v), and let (y', x', N/, x") denote
its corresponding optimal solution. Then, A'(y', x', N/, x") constitutes a valid lower bound for problem (P2).

Proof of Theorem 1. Let A”(y",x”, A”,x") represent the optimal objective value of (P2), with
(v, x", N, x"") being its associated optimal solution. Since (P2v) is formulated as an MILP indepen-
dent of specific disruption scenarios, any optimal solution (y”, x”, A”,x") of (P2) is guaranteed to be
feasible for (P2v). Consequently, we haveA” (y", x", A", x") > AN (y',x', A/, x"), which establishes
that A’ (y/, x', A, x') serves as a lower bound of (P2). O

The conditional relaxation method can quickly provide a lower bound for P2; however,
due to its global relaxation nature, the quality of the lower bound may be poor. To address
this, we propose an approach based on LR and the adaptive subgradient algorithm to
obtain a higher-quality lower bound.

The main challenge in solving model P2 lies in the fact that the decision vari-
ables (y,x, A x) are independent of disruption scenarios. To facilitate decomposi-
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tion, scenario-dependent decision variables are introduced for each scenario in ©:
(yl,xl,Al,xl), (yz, X2, Ay, XZ), tee, <y‘@|,x‘®|,1\‘@‘,x‘@|>, so that P2 can be decomposed into
N independent subproblems (with N = |®]). To preserve equivalence with the original
formulation, the following non-anticipativity constraints are imposed: (y1,x1,A1,x1) =

(Y2, X2, N2, x0) =+ -+ = (y‘@|,x‘®|,A‘®‘, x‘®|>. Accordingly, we obtain the following decompo-
sition formulation (P2n):
(P2n):
Min Z foyw + Zfr]/r + ch]/c + ch)(c + Zfrxr + Z Foxw+
Yxx 2,0, weW reR ceC ceC reR weWw
ijc/\c+ ZfrAr+ Z fwAw"l‘ Z Z Z fackXdck + Z Z Z ferkXerkt
ceC rerR weW deD ceC keKye ceCreRkeK,,
Z Z Z fcwkxcwk + Z Z Z frwerwk+
ceCweW keKy, reRweW keK,y,
2
Cr{EE L houa t DL L Lt THE T st
0cO® deD ceC keKy, reRceCkeK, p=1 weW ceCkeKey
2
Y RN Y vkt Y Y Tuszacke+ Y Y. Y Y Tewzhyet
weW rER k€K, deD ceC keKy, ceCreRkekK, p=1
Z Z Z TewkZewko + Z Z Z Trwk Urwko + Z UKgp+
ceCweW keKyy, reRweW keK,, deD

ZZZZWWQ )

deD ceCkeKy peP

st (2)-(8)
T T
(Al L 38) = (s M fin)'s 0120011, 49
T T
T T T T T ., T AT ..T
(vlor Koy Ao vley ) = (vl AT AT) (47)

Based on Yin et al. [43], formulas (46) and (47) can be transformed into

9]
Y Hy(ve, xo, Ao, xg) =0 (48)
=1
where Hy is a transformation matrix composed of identity and zero matrices.
Given A as the vector of Lagrangian multipliers, by relaxing the above constraints, the
LR is formulated as follows LR(A):

LR(A)=
Min Z PG{ Z feyeo + Z fryre + Z fwYwe + Z fexeo + Z Frxve + Z FoXaot
Yxx Nz K (I=C] ceC reR weWw ceC reR weWw

Y feheo+ Y o+ Y folwo+ Y Y Y fakxacke + Y, Y Y forXerot

ceC

reR wew deD ceCkeKy, ceCreRkekK,,

Y Y fokXeket Y XY FrokXroke + AT Ho (Yo, Xo, Ao, Xo)+

ceCweW k€K reRweW k€K

2
YL X hezaaet ) Y Y Yzl t LMo Y Y zawet
deD ceCkeKye reRceCkekK, p=1 weW ceCkeKey

2
Z hgz Z Z Vywkg + Z Z Z TdckzdckeJr Z Z Z Z Tcrszyngr

weW

reR kekK,y, deD ceCkeKye ceCreRkekK, p=1

YoM Y Towzako+ Y, Y. Y. TrokVrwko + 3 Okao+ Y, Y. Y. Y “pmpzdcke} (49)

ceCweW keKyy reRweW k€K, deD deD ceCkeKy peP

st (2)—(28)
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The LR problem can be decomposed into several independent subproblems, and its
lower bound is obtained through the solution of the corresponding Lagrangian dual model.

LD(A) = max LR(A) (50)

The Lagrangian dual problem, being a concave maximization problem with a non-
differentiable objective function, is solved by applying the subgradient method with an
adaptive step size, following the approach suggested by Yin et al. [43]. The algorithmic
steps are described below:

Step 1. Initialize the iteration counter k = 1 and the initial value A'.

el
Step 2. Given A, compute the corresponding subgradient . Hy(y;, x5, A;, x;), update
6=1

the current best objective function value, and denote it as ®*.
Step 3.

|©]
ARFL=AR s8N Hy (v, x5, Ng, x5 )i (51)
=1

Design the update formula for the step size S:

ko k
Gk _ 4k 5 B* — LR(AY) (52)
Y Holyy, x5, Mg, x5)

where af = ¢/ (k), ¥ = (1 +¢(k))®*, and both ¢ (k) and ¢(k) are linearly and monotonically
decreasing functions of k with positive values. If the current best solution ®* remains
unchanged for three consecutive iterations, the step size is adaptively adjusted according
to af*1 = ¢ak, (0 < ¢ < 1) to accelerate the convergence process. Since the Lagrangian
dual problem is a concave and unconstrained optimization problem, a global optimum
exists, and the subgradient method is adopted to solve it. The iterative process of this
method resembles that of the steepest descent algorithm but relies on subgradient directions
instead of exact gradients. By adaptively reducing the step size when stagnation occurs,
the proposed scheme improves convergence stability and computational efficiency. An
illustrative example of this process is shown in Figure 2.
Step 4. Termination condition:

LR(AKH1) — LR(AK)
LR(VF) =€ (53)

where ¢ is a sufficiently small positive number. Otherwise, set k = k+ 1 and return to
Step 2. In the P2 problem, when the network structure includes ¢ collection centers, r
remanufacturing centers, w disposal centers, and 4 demand nodes, the numbers of decision
variables and constraints are 3(c + r + w) + k[dc + cr + cw + rw] + [k(cd + 2¢r + cw + rw) + d]6
and 6(c +r + w) + k(cd + cr + cw + rw) + [2d + 4c + 2r + w + k(2cd + 3cr + 2cw + 2rw)]6, respec-
tively. It can be observed that both quantities increase by [k(cd + 2cr + cw + rw) + d]6 and
[2d + 4c + 2r + w + k(2cd + 3cr 4 2cw + 2rw)]6 as the number of scenarios 6 grows, which sig-
nificantly amplifies the computational complexity of the model. To address this issue, the
proposed decomposition algorithm divides the original problem into multiple independent
scenario subproblems, thereby reducing the numbers of decision variables and constraints
in each subproblem by a factor of 6. This decomposition strategy effectively alleviates
computational burden and enhances solution efficiency.
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Furthermore, the proposed algorithm indicates general applicability to multi-scenario
stochastic programming problems, extending beyond the specific context of recycling ND.

Best solution
unchanged

Step size further Update the Best Solution
| Best Solution step size reduced Best Solution reduced R

5 g AN 5 AN
2 = 3 = {32

= 5 I =

= B g

| P |

= = =i

= = =

The solution process The solution process The solution process
(a) Stage 1 (b) Stage 2 (c) Stage 3

Figure 2. Convergence process of the proposed algorithm through adaptive step size reduction:
(a) Initial oscillations near optimum; (b) Reduced step size after three oscillations; (¢) Further step
size reduction for final convergence.

5. Numerical Experiments

To systematically validate the feasibility and overall performance of the proposed EVB
recycling network model in practical settings, this study conducts data-driven simulation
experiments based on a real-world case from an EVB recycling enterprise. Several groups
of comparative tests are designed to comprehensively evaluate system performance under
different strategies. The experiments are analyzed from three perspectives: algorithmic
performance, computational efficiency, and parameter sensitivity. The structure of this
chapter is organized as follows: Section 5.1 introduces the sources of experimental data;
Section 5.2 evaluates the solution performance and computational efficiency of the pro-
posed SRDBH algorithm; Section 5.3 analyzes the impact of key parameters—such as unit
penalty cost and fortification budget limits—on system behavior; Section 5.4 summarizes
managerial insights derived from the experimental results, providing theoretical support
and decision-making references for industry practice.

5.1. Experimental Data

The recycling network is based on the infrastructure jointly established by Jiangling
Electric Vehicle Limited (Nanchang, China) and Dongfeng Electric Vehicle Co., Ltd. (Wuhan,
China) drawing on reports from Jiangxi Province and Dongfeng Motor (2019-2021). The ex-
perimental parameters are primarily obtained from Wang et al. [25], and the corresponding
values are summarized in Table 2. For parameters not reported in Wang’s study, including
facility processing capacities, 3PL construction costs, 3PL transportation capacities, 3PL unit
transportation costs, maximum reservation levels, and unit reservation costs, reasonable
estimates were made with reference to Wang’s data. These estimated values are presented
in the Table Al to facilitate reproducibility.

5.2. Algorithm Performance and Solution Efficiency

For each facility subject to potential disruption, two possible states are considered:
disrupted or non-disrupted. A total of ten facilities are assumed to face potential disruption,
resulting in 1024 possible disruption scenarios. The disruption probability of each facility is
assumed to be known, as listed in Table 3, and the probability of each disruption scenario
is calculated using Equation (29). These probabilities are determined with reference to
prior studies, ensuring that the parameter settings remain within a realistic range typically
encountered in recycling networks.
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Table 2. Experimental Parameter Settings.

Parameter Value
EVBs per demand zone 50-200 battery
Battery cells per EVB 96 cells
Weight per battery cell 3.5kg
Accumulation cost (L1/L2/1L3 levels) $850/%$220/%$10
Facility establishment cost (disposal center) $450,000
Facility establishment cost (remanufacturing center) $650,000
Facility establishment cost (collection center) $250,000
Third-party logistics provider establishment cost $960
Waste processing cost at disposal centers $0.0229
Level-1 battery processing cost $20.5/cell
Level-2 battery processing cost $62.3/cell
Battery processing cost at collection centers $796.8 /battery
Facility fortification cost (disposal center) $1380
Facility fortification cost (remanufacturing center) $1520
Facility fortification cost (collection center) $1070
Transportation cost (waste) $0.012/kg-km
Transportation cost (battery cells) $0.08/ cell-km
Processing capacity (disposal center) 182,440 kg
Processing capacity (remanufacturing center) 210,580 cells
Processing capacity (collection center) 2420 batteries
Note: The experimental parameters are from Wang et al. [25].
Table 3. Disruption Probabilities of Potential Facilities.
Number Not Disrupted Disrupted
1 0.8 0.2
2 0.7 0.3
3 0.5 0.5
4 0.85 0.15
5 0.6 0.4
6 0.7 0.3
7 0.9 0.1
8 0.6 0.4
9 0.4 0.6
10 0.5 0.5

Under these 1024 disruption scenarios, the proposed SRDBH algorithm is compared
with the commercial solver CPLEX to indicate that the proposed model and algorithm
are more suitable than mainstream commercial solvers for disruption-prone and resource-
constrained environments. Experiments are conducted on a computer equipped with a
2.60 GHz quad-core processor and 8 GB of RAM, with the runtime limited to 3600 s. By
applying the SR technique, the original 1024 scenarios are reduced to four representative
ones, which are then solved by both SRDBH and CPLEX.

Since this study focuses on a strategic engineering management problem, solution
quality is of greater importance than computation time. Specifically, the quality of solutions
is evaluated by calculating the lower bound and assessing the upper-lower bound gap as a
key indicator of algorithmic performance. A small gap indicates that SRDBH consistently
yields near-optimal solutions with high reliability—an essential property for managerial
decision-making under uncertainty.

To further assess the scalability and practical value of SRDBH, we divide the test
instances into two categories: small-scale networks (47 nodes, denoted SRDBH-S) and
large-scale networks (71 nodes, denoted SRDBH-L). This classification allows us to evaluate
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the adaptability of the algorithm to different network sizes commonly encountered in
engineering practice. The choice of 47 and 71 nodes is consistent with the assumptions
proposed by Yin et al. [43], which suggest that the number of network nodes in practical
EVB recycling systems generally does not exceed 100.

The experimental results are summarized in Tables 4 and 5 (TCRN denotes the total
cost, LB represents the lower bound, and N/A indicates termination due to memory
overflow). The main findings are as follows:

1.  Computational efficiency: SRDBH successfully solves all test cases within the 3600-s
time limit, with runtimes significantly shorter than those of CPLEX.

2. Memory robustness: CPLEX frequently terminates due to insufficient memory, while
SRDBH consistently produces stable outputs, demonstrating superior applicability in
engineering contexts.

3. Solution accuracy: Even when CPLEX produces results, the gaps remain close to
100%, indicating infeasible lower bounds. By contrast, SRDBH achieves gaps below
3.5% in SRDBH-S and below 1.3% in SRDBH-L, highlighting its capability to deliver
high-quality near-optimal solutions.

4. Scalability: SRDBH maintains low gaps and stable performance in both small- and
large-scale networks, confirming its adaptability to various network sizes in engineer-
ing management practice.

In summary, the SRDBH algorithm efficiently and reliably addresses large-scale
EVBRND problems under multiple uncertainties and complex constraints. It effectively
overcomes the computational bottlenecks of traditional commercial solvers in resource-
limited environments and indicates strong engineering management value, particularly
for enterprises that must make rapid and resilient network optimization decisions under
disruption risks and budget constraints.

Table 4. Comparisonbetween CPLEX and SRDBH-S under different ¢ and Cpax.

CPLEX SRDBH-S
¢ Crmax . i

TCN Gap% Time TCN LB Gap Gap% Time
7000 10,000 N/A N/A N/A 26,930,121.4 26,421,475.8 714,522.8 2.63% 37.4s
7500 10,000 29,715,000 100% 3600 s 27,340,743.3 26,683,042.1 942,300.5 3.41% 14.75s
7000 20,000 27,734,000 100% 3600 s 26,501,706.5 26,179,372.2 322,334.3 1.22% 124.57 s
7500 20,000 N/A N/A N/A 26,795,125.8 26,339,327.7 455,798.1 1.70% 71.57 s
8000 20,000 N/A N/A N/A 27,088,216.8 26,499,431.9 588,784.9 2.17% 63.29 s
7000 40,000 27,734,000 100% 3600 s 26,060,136.3 25,902,256.6 157,879.7 0.61% 89.29 s
7500 40,000 N/A N/A N/A 26,136,354.6 25,902,256.6 234,098.4 0.90% 50.95 s
8000 40,000 31,696,000 100% 3600 s 26,212,360.2 25,902,256.5 310,104 1.18% 97.56 s

Table 5. SRDBH-L under Different ¢ and Cipax.

14 Cmax TCN LB Gap Gap% Time
7000 10,000 38,445,469.9 38,198,278.2  366,913.2 0.951% 85.32s
7500 10,000 38,843,699.8 38,527,727.2  469,358.9 1.204% 78.06 s
7000 20,000 37,912,415.8 37,769,930.2  142,489.1 0.376% 66.44 s
7500 20,000 38,150,361.6 37,963,412.8  186,954.0 0.490% 31.00 s
8000 20,000 38,389,564.7 38,156,327.9  233,240.3 0.608% 77.74 s
7000 40,000 37,361,993.4 37,252,626.6  109,366.8 0.293% 177.52 s
7500 40,000 37,404,677.4 37,256,925.8  147,751.7 0.395% 302.34s

8000 40,000 37,447,177.4 37,256,925.6  190,251.8 0.508% 387.63 s
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5.3. Sensitivity Analysis

Based on the 1024 disruption scenarios, this study applies the SR technique to extract
four representative scenarios with occurrence probabilities of 0.15, 0.70, 0.05, and 0.10,
respectively. On this reduced scenario set, we further conduct a parameter sensitivity anal-
ysis, focusing on the impacts of the ¢ and the fortification budgets Cyuax on the performance
of the recycling network. The parameter settings are as follows: ¢ increases from 7000
to 9000 in increments of 500, while C,,,, increases from 10,000 to 60,000 in increments of
10,000. System behavior is analyzed from multiple dimensions, including total network
cost (TCRN), total penalty cost (TPFN), and unrecycled battery volume (URB), based on
which managerial insights are proposed.

5.3.1. Impacts of Unit Penalty Cost and Fortification Budget on Total Cost

The experimental results are presented in Table 6 and Figure 3, from which the follow-
ing conclusions can be drawn:

1.  When the Cyy is fixed, the TCRN shows a steady upward trend as ¢ increases. For
example, when Cyax = 10,000, TCRN rises from 26,930,121.4 to 28,570,415.2, reflecting
a notable increase. However, when Cy4 is raised to 60,000, TCRN remains largely
stable across different ¢ levels, with only minor fluctuations. This indicates that
under sufficient budget, the marginal effect of increasing ¢ becomes saturated, and its
influence on total cost weakens significantly.

2. When ¢ is fixed, TCRN generally decreases as Cy,x increases. Numerically, the cost
reduction is most significant when C,4x rises from 20,000 to 40,000. Moreover, the
cost-saving effect of increasing Cpqx varies across ¢ levels: the higher the penalty cost,
the greater the marginal cost reduction achieved through the same budget increase.
For instance, when ¢ = 9000, increasing Cyax from 10,000 to 60,000 reduces total cost by
approximately 2,671,144.3, whereas under ¢ = 7000, the reduction is only 1,031,049.9.
This suggests that under high penalty cost pressure, relaxing the Cy,4, is more effective
in mitigating total system costs.

+ C‘ <= 107 000 28,570,415.2
28,500,000 e
=@ Cax = 20,000
=@~ Chnax = 40,000
Cinax = 60,000 28,160,460.3
28,000,000 |
27,750,500.8
= 27,651,631
g 27,500,000
\E_‘/ 27,340,743.3 27,374,526.5
g /
n
8 27,088,216.8
= 27,000,000 - 26,930,121.4
+ -
HO 26,795,125.8
26,500,000 f- 265057065
26,364.880
26,288,852.7
26,212,360, 2 ="
26,136,354.6 mmmm—
26,060,136.3 smmmmmm—
26,000,000 | e
1 1 1 1 1

7000 7500 8000 8500 9000
Unit Penalty Cost ¢

Figure 3. Impact of penalty cost on total cost under different Cpgy.
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Table 6. Impact of TCRN under Different Cax and 9.
c ?
max 7000 7500 8000 8500 9000
10,000 26,930,121.4 27,3407,43.3 27,750,500.8 28,160,460.3 28,570,415.2
20,000 26,501,706.5 26,795,125.8 27,088,216.8 27,374,526.5 27,651,631.0
40,000 26,060,136.3 26,136,354.6 26,212,360.2 26,288,852.7 26,364,880.0
60,000 25,899,071.5 25,899,324.4 25,899,071.5 25,899,270.9 25,899,270.9

The ¢ primarily drives up short-term operational costs by incentivizing recycling,
influencing 3PL routing decisions, and intensifying processing center operations. In con-
trast, the Cyqx reduces long-term risks and recovery costs by enhancing the resilience of the
recycling network against disruptions. Therefore, enterprises should jointly consider both
parameters in practice: on the one hand, setting an appropriate penalty cost helps constrain
unrecycled behavior without excessively inflating costs; on the other hand, carefully evalu-
ating the risk mitigation and cost-saving benefits of fortification investments is essential.
Particularly in highly uncertain environments, moderately relaxing budget constraints can
significantly improve system-level economic performance.

5.3.2. Impacts of Unit Penalty Cost and Fortification Budget on Penalty Costs

To further examine the mechanisms through which the unit penalty cost ¢ and the
fortification budget Cyu.x affect the TPFN within the recycling network, Table 7 and Figure 4
reports TPEN values under different parameter combinations. From the experimental
findings, the following observations can be made:

1.  When Cj,, is fixed, TPFN increases with ¢. For instance, at C,,c = 10,000, TPFN
rises from 5,762,010.4 to 7,374,842.5, representing an increase of about 28%. A similar
pattern is observed at Cy,,x = 40,000, where the increase is around 29%. This indicates
that raising the ¢ directly drives up total penalty expenditure. However, when
Cimax = 60,000, TPEN consistently equals zero, implying that under a sufficiently large
budget the system can entirely avoid penalty costs, rendering 8 ineffective. Therefore,
if firms are highly sensitive to TPFN, adopting excessively high penalty costs should
be approached with caution, particularly considering their interaction with budget
constraints.

2. When 9 is fixed, TPFN decreases substantially as Cy.x increases, exhibiting a clear
nonlinear pattern. For example, under ¢ = 7000, raising Cyu.x from 10,000 to 20,000
reduces TPFN by about 29%; further increasing Cyu,x from 20,000 to 40,000 reduces
TPFN by approximately 74%. Once Cyuqx reaches 60,000, TPFN drops to zero. This
trend holds across all # levels, suggesting that larger budgets enhance system robust-
ness, thereby reducing the number of unrecycled batteries and substantially lowering
or even eliminating penalty costs. Notably, the marginal reduction effect of Cyax
on TPEN is strongest within the 20,000-40,000 range, identifying this interval as a
sensitive zone for cost control.

In summary, ¢ exerts a direct and nearly linear upward pressure on TPEN, while Cyax
indicate s a strong nonlinear suppressive effect with a distinct threshold property. The
former increases cost burden by raising the penalty per unit of unrecycled battery, whereas
the latter reduces penalties fundamentally by strengthening the network’s resilience against
disruptions. From a managerial perspective, if minimizing penalty expenditure is the
primary objective, firms should prioritize securing an adequate Cyqx and then complement
it with a moderate penalty cost policy. This dual approach enables the simultaneous
optimization of both economic efficiency and environmental responsibility.
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Table 7. Impact of TPFN under Different Cax and 9.
c ¥
max 7000 7500 8000 8500 9000
10,000 5,762,0104 6,145,702.1 6,555,415.5 6,965,129.0 7,374,842.5
20,000 4,105,572.0 4,399,557.3 4,692,082.2 4,830,365.6 4,889,710.1
40,000 1,066,640.4 1,142,829.0 1,219,017.6 1,295,206.2 1,371,394.8
60,000 0.0 0.0 0.0 0.0 0.0
8,000,000 N Cinax = 10,000 L
I C.o.xc = 20,000
[ Chiax = 40,000 7,374,842.5
7,000,000 - Chax = 60,000 6,965,129 B
6,555,415.5
g 6,145,702.1
=, 6,000,000 4 76, 0104 B
I
Q.
:E'—; 5,000,000 B 022 4,830,365.6 4,889,710.1 =
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Figure 4. Changes in total penalty cost under different Cy;ax.

5.3.3. Impacts of Unit Penalty Cost and Fortification Budget on Unrecycled Batteries

The URBN is a key performance indicator for assessing the system’s ability to with-

stand disruptions and fulfill recycling tasks. Table 8 reports URBN results under different
combinations of Cy.x and 9, leading to the following conclusions:

1.

Ciax is fixed, increasing ¢ has only a limited suppressive effect on URBN. For example,
at Cpax = 10,000, URBN remains constant at 819, with no improvement in system
recovery capability. When C;;,, = 20,000, URBN decreases only slightly from 587 to
543, indicating marginal optimization. This suggests that relying solely on penalty
mechanisms cannot systematically enhance recycling completion rates.

URBN decreases significantly with higher Cy,x, particularly within the range of
10,000-40,000, where the reduction is most pronounced. Once C,;,x reaches 60,000,
URBN drops to zero, indicating that the network has achieved full resilience against
disruption. This indicates that expanding the C,,» can unlock scheduling potential
and fundamentally improve task completion capability.

A clear substitution effect exists between ¢ and Cyux. When Cy,y is insufficient (e.g.,
10,000), raising ¢ has virtually no impact on URBN. Conversely, when Cy4y is suffi-
ciently large, URBN remains at very low or even zero levels regardless of whether ¢ is
set high or low (e.g., 7000). This highlights that a sufficient C,x can largely substi-
tute for the pressure imposed by high penalty costs, providing a more fundamental
physical basis for system optimization.
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In conclusion, the control of URBN is highly dependent on the resource adequacy de-
termined by Cyqx, while @ plays only an auxiliary role. From a managerial perspective, firms
are advised to prioritize fortification investment and adopt resilience-oriented network
optimization strategies, rather than relying excessively on ex-post economic penalties.

Table 8. Impact of URBN under Different Parameter Combinations.

0

Crmax 7000 7500 8000 8500 9000
10,000 823 819 819 819 819
20,000 587 587 587 568 543
40,000 152 152 152 152 152
60,000 0 0 0 0 0

5.4. Managerial Implications

Through a series of numerical experiments, the effectiveness of the proposed model
and solution algorithm is validated. Based on these results, the following managerial
recommendations are offered for practitioners:

First, from the perspective of computational efficiency and solution feasibility, the
proposed SRDBH algorithm exhibits strong stability in addressing complex scenarios.
Practical optimization strategies for ND under frequent disruption risks or stringent Cyuax
constraints are thereby enabled. For decision makers who are required to adjust network
configurations within limited time horizons, such a heuristic approach can be regarded as
an effective means of mitigating unexpected risks and resource fluctuations.

Second, the sensitivity analysis indicates that ¢ and C,.x exert considerable influence
on network performance, but their effects differ in nature. From the enterprise perspective,
Cimax serves as a controllable investment decision. An increase in Cyqx consistently reduces
both TCRN and URBN; for example, increasing Cyqx in the sensitive range yields substantial
reductions in TPEN: raising Cyu.x from 10,000 to 20,000 reduces TPFN by about 29%, and
further increasing from 20,000 to 40,000 reduces TPEN by approximately 74%. Moreover, in
the example where Cyqx = 10,000, increasing ¢ leads to only a modest increase in TCRN
of about 6.09%, whereas the corresponding increase in penalty expenditures TPEN is
approximately 28.0%. These results indicate that expanding Cy,.x—when affordable—can
more effectively and fundamentally lower URBN and penalty expenditures than simply
raising 9.

However, for firms with limited resources, directly increasing Cy.q.x may not be feasible.
In such cases, enhancing redundancy through multi-3PL collaboration and diversified
routing offers an alternative. For instance, when C,,,x is moderate, increasing redundancy
and operational flexibility can reduce URBN by an additional 7.5% compared with changes
driven primarily by penalty adjustments, providing a cost-effective way to improve recov-
ery without large upfront fortification budgets.

From the policy perspective, ¢ represents a regulatory lever controlled by governments.
Higher ¢ levels encourage recycling behavior, but their marginal effects diminish when
Ciax is sufficiently large. For example, under low Cyu.. settings, raising ¢ substantially
increases penalty spending (TPFN rises by 28% in one tested scenario) while yielding
limited improvements in completion rates; conversely, under sufficiently large Cyu,x, penalty
costs can be driven to zero and URBN approaches zero regardless of 8. This implies that,
from a public-policy viewpoint, calibrated combinations of regulatory pressure and support
for preventive investment (e.g., subsidies, cost-sharing, or co-investment schemes that
effectively increase firms’ available C,.4y) are likely to be more effective and efficient than
relying only on high punitive charges.
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In conclusion, the SRDBH algorithm is indicated to be a reliable decision-support in-
strument for enterprises operating under uncertainty and resource constraints. Managerial
strategies should therefore avoid excessive dependence on ex-post penalty mechanisms and
instead prioritize preventive investments when feasible. At the same time, governments
should design ¢ with caution, ensuring that they motivate compliance without impos-
ing unnecessary costs. A balanced coordination between enterprise-driven preventive
investment and government-designed policy incentives can achieve the dual goals of cost
efficiency and sustainable recovery.

6. Discussion

In contrast to existing studies on EVBRND that primarily focus on deterministic facility
configuration and cost minimization [24,25,27], this study explicitly incorporates disruption
risks and develops an integrated resilience-oriented framework combining facility fortifi-
cation, capacity backups, multi-source allocation, and multi-route transportation. While
Mahdiraji et al. [31] and Qi et al. [35] also emphasized the importance of resilience under
uncertainty, their analyses were limited to single mitigation mechanisms or simplified net-
work structures. The results of this study indicate that preventive strategies—specifically,
facility fortification and capacity backup decisions—significantly reduce both the number
of URBN and TPFN. In contrast, reactive adjustments like increasing the parameter ¢ show
only marginal effects once preventive measures are in place. These findings extend prior
research by showing that a combination of preventive fortification and operational flexi-
bility is more cost-effective in enhancing network robustness than approaches dominated
by reactive measures. While consistent with Mahdiraji et al. [31] in affirming the value of
redundancy and fortification, our study further quantifies their interactive effects under
realistic budget constraints.

From a methodological perspective, in contrast to traditional EVBRND models that rely
on fixed 3PL structures [11,33], this study adopts a 4PL-based coordination framework to
enhance network adaptability. Consistent with Vidal et al. [46], who demonstrated that 4PL-
led collaboration improves operational efficiency, our findings further confirm that multi-
3PL coordination effectively strengthens recovery performance, especially under limited
fortification capacity. The proposed two-stage stochastic programming model, solved via
the SRDBH algorithm, also demonstrates computational efficiency in large-scale uncertain
environments, supporting practical network reconfiguration under disruption. Overall,
this study complements existing research by integrating 4PL coordination with resilience
strategies, empirically showing that preventive investment, rather than penalty escalation,
leads to more sustainable and economically viable outcomes for EVB recycling systems.

7. Conclusions

This study examines the EVBRND under disruption risks within the framework of the
4PL management model. To strengthen system resilience, strategies such as multi-source
allocation, multi-route transportation, multi-3PL collaboration, facility fortification, and
capacity backup are incorporated into the EVBRND. A two-stage resilient optimization
model is established, in which facility construction costs, fortification expenditures, unit
processing costs, battery classifications and proportions, 3PL capacity, transportation costs,
and ¢ are considered as key parameters. To address the computational challenges of
large-scale stochastic optimization, a SRDBH algorithm is developed, which integrates SR,
conditional relaxation, LR, and an adaptive subgradient method.
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The results of case experiments indicate that the proposed model and algorithm
effectively control total costs while significantly reducing both unrecycled batteries and
penalty expenditures, thereby enhancing recycling efficiency and improving network
robustness. Sensitivity analyses further reveal the following insights:

1. Although ¢ exerts an incentive effect on recycling behavior, its marginal benefits
diminish as the penalty level increases.

2. Moderate increases in C,,,, contribute to cost reduction; however, careful calibration
of investment levels is necessary to prevent diminishing returns.

Despite the comprehensive exploration of model formulation and algorithmic design,
several avenues remain open for future research. First, the current framework assumes that
disruption probabilities are independent and known in advance, which enables the problem
to be reformulated as an MILP. This assumption improves computational tractability
but may not fully capture the complexities of real-world disruption patterns. Future
studies may relax this assumption and extend the framework to account for correlated or
uncertain disruption probabilities. Second, the model does not incorporate carbon emission
constraints. The integration of mechanisms such as carbon trading or carbon taxation
could enhance the policy relevance of the model by introducing carbon quota constraints
and incorporating carbon emission costs into the objective function. Third, the impact of
stochastic recycling demand has not yet been considered. Extending the framework to
capture EVBRND problems under dual sources of uncertainty could further advance the
practical applicability of resilient recycling systems. Fourth, collaborative optimization of
EVB echelon utilization and recycling could be investigated. Specifically, the inclusion of
echelon utilization centers in the ND may affect facility location decisions and support the
full-lifecycle management of EVBs, which aligns with current industry trends and expands
the potential application scenarios of this research.
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Appendix A

Table Al. Parameter Settings for the Proposed Model.

Parameter Minimum Maximum Unit

Processing Capacity

Disposal center 100,000 160,000 kg
Remanufacturing center 100,000 150,000 cell
Collection center 200 800 battery
3PL Construction Cost 500 2500 $
3PL Unit Transportation Cost
Demand zone <+ Remanufacturing center 30 500 $/battery
Collection center <+ Remanufacturing center 2 25 $/cell
Collection center <+ Disposal center 0.3 3.5 $/kg
Remanufacturing center <+ Disposal center 0.3 3.5 $/kg
3PL Transportation Capacity
Demand zone <+ Remanufacturing center 10 60 battery
Collection center <+ Remanufacturing center 20,000 60,000 cell
Collection center «++ Disposal center 10,000 35,000 kg
Remanufacturing center <+ Disposal center 20,000 105,000 kg
Maximum Reserved Capacity
Disposal center 50,000 70,000 kg
Remanufacturing center 100,000 150,000 cell
Collection center 200 900 battery
Unit Reservation Cost
Disposal center 0.0 0.9 $
Remanufacturing center 0.2 0.9 $
Collection center 1 5 $
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