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Abstract: With the rapid development of electric vehicles, a large number of end-of-life power batteries
are entering the recycling stage. Under carbon emission constraints and uncertain disruption risks, the
construction of an efficient, low-carbon, and resilient recycling network has become a critical issue. From
a fourth-party logistics perspective, this study investigated an electric vehicle battery (EVB) recycling
network design problem that integrates internal recycling operations with external resource collaboration,
and a combinatorial auction framework with an embedded winner determination mechanism was intro-
duced to enable dynamic allocation of external recycling capacity. On this basis, a two-stage stochastic
programming model incorporating carbon emission constraints and disruption scenarios was developed to
optimize network configuration and resource allocation decisions. To address the computational challenges
of large-scale problems, a hybrid algorithm that integrates scenario reduction and Lagrangian relaxation
based on the progressive hedging algorithm was proposed to improve solution efficiency and obtain
high-quality solutions. Numerical experiments and validation were conducted based on a real-world case.
The results indicate that the proposed SR-LR algorithm consistently achieves optimality gaps below 0.01%
and obtains solutions within 3–37 seconds across all test instances. By comparison, CPLEX requires from
12.9 minutes to 2.35 hours for solvable instances and is unable to solve several large-scale scenarios within
acceptable computational limits. These findings provide useful insights for planning and decision-making
for EVB recycling networks in a low-carbon context.
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1. Introduction

As electric vehicle adoption continues to accelerate, an increasing volume of batteries is reaching
the end-of-life phase, making their recovery and secondary utilization a critical issue. Establishing an
effective recycling network not only facilitates the circular use of valuable metal resources, but also
helps mitigate environmental impacts and supports sustainable development. Xu et al. [1] indicated
that the continuous growth in the global electric vehicle stock will drive the scale of retired batteries to
accumulate exponentially, and the recycling potential of critical metal resources will be progressively
enhanced with the increase in retired volumes. Under such a background, supply chain network design,
as a typical approach for facility location and logistics system planning, has been widely applied to
electric vehicle battery (EVB) recycling networks. Govindan et al. [2] demonstrated that network
design enables coordinated decision-making for facility layout and logistics routing from a system-wide
perspective. Compared with the vehicle routing problem, which primarily focuses on transportation
route optimization, stronger global optimization capability at the strategic level can be achieved, thereby
effectively reducing system costs and improving operational efficiency.

However, traditional network design is generally developed under deterministic environments, and
such an assumption makes it difficult to capture the uncertainty and disruption risks that are widely
present in recycling systems. Gurtu and Johny [3] indicated that supply chain systems are highly
susceptible to external environments and human-related factors during practical operations. Natural
disasters, extreme weather conditions, equipment failures, and human disruptions may lead to supply
chain interruptions and can impose significant impacts on system performance. To address such issues,
several studies have introduced external logistics service providers to enhance system flexibility and
adaptability. Among these studies, Li and Chen [4] examined the design of a reverse logistics network
in the presence of disruption risks by incorporating third-party logistics (3PL) service providers; their
findings indicate that leveraging external logistics resources can enhance system performance under
uncertainty. However, such approaches typically rely on single or limited logistics providers, and
systematic coordination of multi-source logistics resources is insufficiently addressed. To enhance
the adaptability of recycling networks in complex environments, Huang et al. [5] integrated a fourth-
party logistics (4PL) mechanism into a network design model. As an integrator and coordinator
within supply chains, 4PL enables unified management and scheduling of multiple logistics resources,
thereby improving system coordination efficiency and responsiveness. Yin et al. [6] indicated that the
introduction of 4PL into network design can effectively integrate existing logistics resources, thereby
alleviating the adverse impacts caused by facility disruptions or demand fluctuations to a certain
extent. Furthermore, Yin et al. [7] extended the 4PL mechanism to the design of EVB recycling
networks, and verified its applicability in complex and uncertain environments from the perspectives of
sustainability and resilience. Moreover, traditional fixed contractual arrangements commonly adopted in
logistics and recycling systems usually require service capacities, cooperation relationships, and resource
commitments to be determined in advance. Although such arrangements may perform adequately under
stable operating conditions, they often lack flexibility when disruption events, demand fluctuations,
or sudden capacity shortages occur. Caplice and Sheffi [8] demonstrated that bundled bidding in
transportation procurement auctions can significantly improve allocation efficiency compared with
traditional fixed contracting approaches. Furthermore, Qian et al. [9] integrated a 4PL coordination
framework with a combinatorial reverse auction and winner determination (WD) mechanism under
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disruption risks. Their study showed that allowing logistics service providers to submit package bids
enables the decision maker to exploit complementarities, synergies, and economies of scale among
different service combinations, thereby improving resource allocation flexibility and system adaptability.
Therefore, compared with fixed contractual arrangements, auction-based allocation mechanisms provide
greater flexibility and adaptability for disruption-prone logistics and recycling networks.

To address the aforementioned issues, recent studies have introduced the WD mechanism of combina-
torial auction to enable flexible allocation of external resources. Combinatorial auctions allow service
providers to submit bids on bundles of logistics tasks or routes, through which complementarities and
synergistic effects among resources can be explicitly characterized, and overall optimal allocation can
be achieved via the WD process. Buer and Haass [10] embedded the combinatorial auction mechanism
into supply chain network design, and significant improvements in resource allocation efficiency were
achieved under collaborative planning environments characterized by multiple decision-makers and private
information. Furthermore, Wang et al. [11] applied the integration of network design and combinatorial
auction approaches to EVB recycling systems. Optional external 3PL resources were introduced in
addition to internal logistics resources, and optimization-based selection was conducted through auction
mechanisms, thereby effectively addressing disruption risks and enhancing system flexibility. However,
primary attention in such studies has been paid to economic cost and system resilience, whereas environ-
mental impacts during the recycling process have received insufficient consideration. Driven by the carbon
neutrality targets and green development principles, carbon emissions have become a critical issue in sup-
ply chain optimization research. The recycling process of EVBs involves multi-echelon transportation and
multi-stage processing, and significant carbon emissions are generated during transportation, dismantling,
and remanufacturing stages. Wang et al. [12] indicated that optimization solely based on economic cost
may lead to the preferential selection of high-emission routes or energy-intensive processing methods,
thereby weakening the environmental benefits of recycling systems. Therefore, the incorporation of
carbon emissions into recycling network design models, and the realization of coordinated optimization
between economic and environmental objectives, are of substantial theoretical and practical significance.
Although carbon emission factors have been incorporated into EVB recycling network design by Liao
et al. [13] and Wang et al. [14], existing studies have not yet integrated carbon emission constraints
with combinatorial auction mechanisms under the perspective of 4PL, nor has such integration been
systematically investigated within uncertain environments.

Based on the above analysis, this study focuses on how enterprises conduct EVB recycling network
design and resource allocation decisions under the coexistence of uncertain disruption environments
and green low-carbon development objectives. Different from prior studies that primarily emphasize
economic cost or single network structure optimization, a comprehensive optimization framework is
developed under the system coordination perspective of 4PL, in which carbon emissions are treated as
one of the core decision dimensions, and self-built recycling networks, external resource collaboration,
and environmental constraints are integrated. Specifically, considering the heterogeneity of multi-source
external recycling resources in terms of service capacity and cost structures, the WD mechanism in
combinatorial auction is innovatively embedded into the recycling network design process. Through
such integration, flexible selection of external recycling schemes can be achieved via market-oriented
mechanisms when internal recycling capacity is limited or disrupted, thereby improving resource allocation
efficiency and system flexibility. On this basis, a two-stage stochastic programming (TSSP) approach
is proposed, in which facility location and reinforcement decisions, logistics routing configurations, and
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external resource selection are jointly optimized. Carbon emission accounting and constraint mechanisms
are incorporated to explicitly characterize environmental impacts during transportation and processing
stages, enabling coordinated trade-offs among economic cost, system resilience, and carbon emissions.
Meanwhile, to mitigate the computational complexity arising from multi-scenario stochastic optimization,
a hybrid scenario reduction and Lagrangian relaxation (SR-LR) algorithm is designed to improve solution
efficiency. Validation of the proposed model and approach is conducted through a real-world case study,
from which managerial insights are further derived under a green low-carbon context.

The main contributions of this study can be summarized as follows:
(1) A two-stage stochastic programming model is developed for EVB recycling network design under

the joint consideration of carbon-emission constraints and disruption risks. Unlike existing carbon-
constrained recycling network studies that generally assume stable operating conditions, the proposed
model explicitly incorporates facility disruption scenarios and reinforcement decisions, enabling the
simultaneous consideration of environmental and resilience objectives.

(2) An outsourcing structure based on combinatorial auctions is integrated into the EVB recycling network
through the WD mechanism. This enables the coordinated selection of external recyclers and allocation of
recycling tasks, thereby enhancing network flexibility under capacity shortages and disruption conditions.

(3) Considering that the introduction of uncertain disruption scenarios leads to a rapid expansion
of model scale and makes it difficult for traditional commercial solvers such as IBM ILOG CPLEX
Optimization Studio (CPLEX) to obtain feasible solutions within reasonable time, a hybrid algorithm
that integrates scenario reduction and Lagrangian relaxation, referred to as SR-LR, is designed to
effectively reduce computational complexity and significantly improve solution efficiency.

(4) Numerical experiments based on a real-world case are conducted for performance assessment
of the proposed model and algorithm, thereby offering practical decision support for EVB recycling
network planning and optimization within a green and low-carbon context.

The remainder of this paper is organized as follows: Section 2 reviews the literature on EVB recycling
networks, 4PL systems, combinatorial auctions, and low-carbon constraints, and identifies research gaps.
Section 3 introduces the problem setting, notation, and a TSSP model incorporating the WD mechanism,
facility reinforcement, and carbon constraints. Section 4 develops a hybrid SR-LR algorithm combining
scenario reduction and Lagrangian relaxation to improve computational efficiency under large-scale
scenarios. Section 5 presents numerical results based on a real-world case and sensitivity analyses.
Section 6 discusses managerial and policy implications. Section 7 concludes the paper and outlines
future research directions.

2. Literature review

To systematically review the research stream of EVB recycling network design, related studies
are classified from different research perspectives. Specifically, Section 2.1 reviews EVB recycling
network design problems, with a focus on deterministic and stochastic modeling approaches; Section 2.2
summarizes the application of 4PL in supply chain networks; Section 2.3 synthesizes research progress
on combinatorial auction mechanisms in logistics resource allocation; and Section 2.4 further analyzes
EVB recycling network optimization studies that incorporate carbon emission factors. In addition, to
more clearly distinguish the contributions of the present study from those of closely related research, a
comparative summary of the relevant literature is provided in Table 1.
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2.1. Review of EVB recycling network design

As the electric vehicle industry continues to expand, an increasing number of batteries are reaching
the end-of-life phase, leading to a steady growth in the volume of retired EVBs [15]. EVBs contain
valuable metals, including nickel, lithium, and cobalt, while potential environmental risks are also
associated with such batteries. Therefore, the construction of efficient recycling and reutilization systems
is of great importance for resource circularity and environmental protection [16, 17].

Under such a background, supply chain network design approaches have been widely applied to
EVB recycling systems. A typical recycling network generally consists of multiple echelons, including
collection points, inspection centers, dismantling centers, and remanufacturing or reuse nodes [18].
Network design problems involve facility location, capacity allocation, and logistics routing decisions,
and the core objective is defined as achieving system-wide optimality under demand satisfaction and
operational constraints [19, 20].

From the perspective of modeling approaches, existing studies are generally divided into two groups.
The first group relies on deterministic assumptions, under which mixed-integer programming models
are typically adopted for facility location and routing optimization [19, 21]. Related studies have been
further extended to multiple products, multiple stages, and closed-loop supply chain systems [22, 23].
In EVB recycling research, several studies consider different battery processing pathways and cascade
utilization strategies [24, 25], while deterministic environments are still predominantly assumed.

The second category incorporates uncertainty and disruption risks to enhance system adaptability
in complex environments. Representative approaches include TSSP and robust optimization [23, 26].
In recent years, factors such as demand fluctuations and facility disruptions have been incorporated
into recycling network design, and system resilience has been improved through scenario analysis and
redundancy allocation [4]. In the EVB recycling context, uncertainty has been progressively considered
in network design; for example, stochastic programming methods have been applied to characterize
uncertainties in battery quantity and quality, and dynamic network frameworks have been adopted to
analyze recycling and processing decisions under uncertain environments [27, 28]. However, such
studies have primarily focused on internal network structure adjustments, whereas limited attention has
been paid to the coordinated utilization and dynamic allocation of external logistics resources.

2.2. Application of 4PL in supply chain network design

4PL, as an integrator and coordinator in supply chains, was first proposed by Accenture. Different
from 3PL, which primarily provides specific services such as transportation and warehousing, 4PL fo-
cuses on integrating and centrally managing multiple logistics resources [29]. Through the coordination
of multiple logistics service providers, system-level efficiency and responsiveness can be improved [30].

In supply chain network design research, existing studies have incorporated 4PL mechanisms into
traditional logistics systems, and unified scheduling of multi-source resources has been achieved to
reduce costs and improve service levels [31]. However, primary attention in such studies has been
directed toward forward supply chains, whereas reverse logistics systems have received relatively limited
consideration.

In recent years, 4PL has been gradually applied to recycling and reverse logistics network design.
Huang et al. [5] introduced a 4PL coordination mechanism into the network design framework to achieve
unified management of multiple logistics resources; Yin et al. [6] further indicated that integration of
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existing logistics resources can be facilitated by 4PL, thereby alleviating the impacts of uncertainty on
system operations. Furthermore, Yin et al. [7] applied 4PL to EVB recycling networks, and effectiveness
was verified from the perspectives of sustainability and resilience.

Although significant advantages of 4PL in resource integration have been demonstrated, existing
studies have primarily emphasized coordination functions, whereas limited attention has been paid to
specific configuration strategies of multi-source logistics resources. In complex environments character-
ized by multiple routes and service combinations, reliance on fixed partnerships or simple allocation
mechanisms makes it difficult to capture synergistic effects among different resource combinations,
thereby restricting system flexibility under uncertain conditions.

2.3. Application of combinatorial auction mechanisms in supply chain and recycling network design

Combinatorial auction allows bidders to submit joint bids on bundles of resources, through which
complementary or substitutive relationships among resources can be expressed. The core problem is
defined as the WD problem, and such a problem has been proven to be NP-hard [32].

In supply chain and logistics systems, combinatorial auctions have been widely applied to trans-
portation task allocation and collaborative optimization problems. Existing studies have shown that, by
allowing logistics service providers to bid on multiple routes or tasks in combination, resource allocation
efficiency can be significantly improved, and system costs can be reduced [8,33,34]. Such a mechanism
enables explicit characterization of synergistic effects among resources, and superior performance can
be achieved compared with traditional item-by-item allocation approaches.

In recent years, combinatorial auctions have been gradually introduced into reverse logistics and
recycling network design. As an example, Wang et al. [11] applied this mechanism in EVB recycling
networks, and dynamic allocation of external resources was realized via the WD process, thereby
improving system adaptability under uncertain environments.

However, existing studies have primarily focused on the optimization of economic cost or system
efficiency, whereas environmental factors, such as carbon emissions, have received relatively limited
consideration. Under the context of green supply chains, incorporation of environmental impacts into
resource allocation processes remains an issue that requires further investigation.

2.4. EVB recycling network optimization considering carbon emissions

Driven by the carbon neutrality targets and green development principles, carbon emissions have
become an important research direction in supply chain network design. Existing studies have typically
incorporated carbon emissions into optimization models, and impacts on network design have been
characterized through carbon constraints or carbon costs [35, 36].

In EVB recycling research, carbon emission factors are increasingly integrated into network design
frameworks. Wang et al. [37] indicated that optimization based solely on cost minimization may result
in the preferential selection of high-emission routes; Wang et al. [12], Li et al. [38], and He et al. [39]
achieved coordinated optimization of economic and environmental objectives by introducing carbon
constraints or carbon costs.

Although carbon emission factors have been considered in end-of-life EVBs recycling networks,
existing studies have mainly focused on traditional network structures or single decision dimensions,
and limited attention has been paid to the integration with 4PL coordination mechanisms, combinatorial
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auction-based resource allocation, and uncertainty-induced disruption risks. Under the context of
multi-source logistics and complex environments, the synergistic relationship between carbon emissions
and resource allocation decisions remains insufficiently explored.

In summary, existing studies have achieved significant progress in EVB recycling network design,
uncertainty modeling, 4PL-based resource coordination, and combinatorial auction mechanisms, and
carbon emission factors have been gradually incorporated into optimization frameworks. However,
several limitations remain. Current literature has primarily focused on internal network structure opti-
mization or single decision dimensions, and systematic characterization of coordinated configuration of
multi-source logistics resources is lacking. Although resource integration can be achieved by 4PL, deep
integration with specific resource allocation mechanisms, such as combinatorial auction, remains limited,
and synergistic effects among different resource combinations cannot be fully captured. Meanwhile,
existing studies on combinatorial auctions have mainly emphasized cost or efficiency optimization,
whereas environmental factors such as carbon emissions have received insufficient attention. Under
the context of uncertainty and disruption risks, the above elements have not yet been comprehensively
considered within a unified framework. Therefore, in EVB recycling network design, effective integra-
tion of 4PL coordination mechanisms, combinatorial auction-based resource allocation, and carbon
emission decision-making under uncertain environments, so that coordinated optimization of economic
performance, environmental impact, and system resilience can be achieved, remains an important issue
that requires further investigation.

3. Problem description and model formulation

Under carbon emission constraints and uncertain disruption risks, the EVB recycling network design
problem is systematically studied from a 4PL coordination perspective in this section. Internal recycling
network operations and external resource collaboration driven by combinatorial auction are integrated
into a unified framework, and a TSSP approach is adopted to characterize joint strategic and operational
decision-making under uncertain environments. Section 3.1 describes the problem setting and logical
framework of the recycling network; Section 3.2 introduces the model sets, parameters, and decision
variables; and Section 3.3 develops a TSSP formulation incorporating the WD mechanism, multi-
level facility reinforcement strategies, and carbon emission constraints, and presents the complete
mathematical model.

3.1. Problem description

Driven by the rapid expansion of the electric vehicle industry, increasing volumes of end-of-life
power batteries are continuously entering recycling systems, making the development of an efficient,
low-carbon, and disruption-resilient recycling network an important research issue in supply chain
management. Based on this background, an EVB recycling network design problem is investigated
from the perspective of 4PL coordination, in which an integrated framework is developed by combining
a self-built recycling network with external recycling resource collaboration. Under uncertain disruption
environments, the combinatorial auction mechanism and carbon emission factors are incorporated into a
unified optimization framework, as shown in Figure 1.

The recycling network considered in this study is composed of collection regions, collection centers,
remanufacturing centers, and disposal centers. End-of-life batteries generated in each collection region
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are required to be collected in a timely manner and transported to collection centers for centralized
processing. At collection centers, batteries are first dismantled into battery cells and then classified
according to their performance conditions. A portion of batteries possesses reuse value, in which
recoverable cells and non-recoverable cells are separated. Recoverable components are transported
to remanufacturing centers for remanufacturing processes, while non-recoverable components are
treated as waste and transported to disposal centers. For batteries without reuse value, waste is directly
generated after processing at collection centers and then transported to disposal centers.

In terms of logistics operations, transportation tasks in the self-built network are undertaken by
multiple 3PL service providers, covering key transportation links including collection regions to
collection centers, collection centers to remanufacturing and disposal centers, and remanufacturing
centers to disposal centers. To enhance system flexibility and redundancy, multiple candidate logistics
schemes are considered for each transportation route to cope with demand fluctuations and potential
disruptions. However, in practical operations, collection centers, remanufacturing centers, and disposal
centers may experience disruptions due to facility failures, natural disasters, or other uncertainties,
which may lead to insufficient processing capacity or even partial system failure. To improve system
adaptability under disruption scenarios, external recyclers are introduced as complementary resources
on the basis of the self-built network. When internal network capacity is insufficient to satisfy recycling
demand, part of the recycling tasks can be outsourced to external recyclers. External recyclers participate
in the recycling system through combinatorial bids, and the optimal outsourcing scheme is determined
by the WD mechanism. The WD decision is made at the strategic planning stage and determines the set
of external recyclers that can participate in the recycling network. After disruption realizations become
known, the actual recycling quantities assigned to the selected external recyclers are adjusted according
to scenario-specific operational requirements. From the perspective of the focal enterprise, the decision
process concerns the selection of external recyclers and the allocation of recycling quantities. The
subsequent operational activities undertaken by the selected recyclers are managed through their own
recycling channels. Accordingly, the carbon accounting boundary considered in this study is limited to
transportation and processing activities within the self-built recycling network that are directly managed
by the focal enterprise.

To achieve efficient allocation of external resources, the combinatorial auction mechanism is adopted
for external recycler selection. Each external recycler is allowed to submit combinatorial service bids
for multiple recycling tasks or transportation demands, and a unified evaluation is conducted through
a WD mechanism to select the optimal combination of service schemes with minimum cost. In this
process, 4PL acts as the system coordinator to integrate and schedule both self-built networks and
external resources, thereby improving the coordination efficiency of multi-source logistics resources.
Furthermore, facility reinforcement and capacity reservation strategies are introduced at the network
design stage to enhance system resilience. Through differentiated reinforcement strategies for different
types of facilities, disruption probabilities can be reduced or disruption impacts can be mitigated.
Meanwhile, reserved processing capacity ensures that facilities can maintain basic operational capability
under disruption scenarios, thereby improving overall system stability. Under the background of
green and low-carbon development, carbon emissions are considered an important factor in recycling
network design. System carbon emissions mainly stem from transportation activities as well as energy
consumption during dismantling, remanufacturing, and disposal processes. By introducing carbon
emission accounting mechanisms and carbon cost constraints, the model is able to control environmental
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impacts while optimizing economic performance, thereby achieving a comprehensive trade-off among
cost, resilience, and carbon emissions.

Figure 1. Sustainable EVB recycling network under the 4PL framework.

Considering that facility disruptions may occur under different operating environments, uncertainty
is represented in this study through a finite set of disruption scenarios. Each scenario corresponds
to a specific disruption realization and is associated with a known occurrence probability estimated
from historical information and expert judgment. Under this scenario-based representation of uncer-
tainty, strategic decisions such as facility location, reinforcement, and capacity reservation must be
determined before the actual disruption scenario is observed, whereas operational decisions, including
scenario-dependent transportation and recycling quantity allocations, are determined after the disruption
realization becomes known. Therefore, a two-stage stochastic programming framework is adopted to
explicitly capture the sequential nature of decision-making under disruption uncertainty, where strategic
network design decisions are made before disruption realization and operational adjustment decisions
are implemented after the disruption scenario is observed. In summary, this study aims to construct an
EVB recycling network that simultaneously considers economic efficiency, environmental sustainability,
and system resilience by jointly optimizing facility location and reinforcement decisions, capacity reser-
vation strategies, 3PL configuration, and external resource selection based on combinatorial auctions
under uncertain disruption environments.
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3.2. Notation description

Table 2. Model notation.

Sets Definition

D Collection regions

C Candidate collection centers

R Candidate remanufacturing centers

W Candidate disposal centers

Θ Disruption scenarios

K The k-th 3PL provider between two locations

H External recyclers

Ih Bid bundles of external recyclers

Z Total number of bid bundles allowed for external recyclers, where Zmin and
Zmax denote the minimum and maximum values, respectively

L Battery classification level indicating its recyclability; L ∈ {1, 2, 3}

E Reinforcement level, E ∈ {0, 1, 2}, where 0 indicates no reinforcement, and 1
and 2 represent first-level and second-level reinforcement, respectively

Parameters

ϑ Penalty cost for unrecovered batteries per unit

Xmax Upper bound of reservation and reinforcement costs

Num Number of cells in each battery pack

ω̂ Battery pack weight

ω Battery cell weight

ml Unit recycling cost for level-l batteries

αl Proportion of level-l batteries

ϕl Proportion of battery cell dismantling waste at level l

fc, fr, fw Construction cost for collection center c, remanufacturing center r, and dis-
posal center w

f̂ce, f̂re, f̂we Reinforcement cost of centers under different reinforcement levels

f̃c, f̃r, f̃w Unit reservation cost of centers

fdck, fcrk, fcwk, frwk 3PL setup cost between two locations

Continued on next page
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Parameters

λce, λre, λwe Percentage of retained processing capacity of centers under reinforcement
level e

Vc,Vr,Vw Upper bound of processing capacity at centers

Mc,Mr,Mw Upper bound of reservation capacity of centers

jc, jr, jw Unit processing cost for centers

sdc, scr, scw, srw Distance between two locations

tdck, tcrk, tcwk, trwk Unit transportation cost of 3PL

ξd Recycling demand of end-of-life batteries

g1
dck, g

2
crk, g

3
cwk, g

3
rwk Maximum transportation capacity across facility pairs for the k-th 3PL

provider. Superscripts 1, 2, and 3 denote battery packs, battery cells, and the
weight of waste converted from battery cells, respectively

pθ Probability of each disruption scenario

qcθ Disruption of collection center c under scenario θ; qcθ = 1 if disrupted, and 0
otherwise

qrθ Disruption of remanufacturing center r under scenario θ; qrθ = 1 if disrupted,
and 0 otherwise

qwθ Disruption of disposal center w under scenario θ; qwθ = 1 if disrupted, and 0
otherwise

vh External recycler management cost

bhi Bidding price per unit for the i-th bid bundle offered by external recycler h

Adhi Auxiliary coefficient matrix for the combinatorial auction

UPhi Maximum number of batteries in the i-th bid bundle of external recyclers

Pct Unit carbon tax rate

Ptransport Unit carbon emissions from transportation

Pprocess,c, Pprocess,r,

Pprocess,w

Unit carbon emissions from processing at centers

UBcarbon Upper bound of total carbon emissions

Continued on next page
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Decision variables

v1
dckθ, v

2
crklθ, v

3
cwkθ,

v3
rwkθ, v

1
hiθ, v

rest
dθ

These variables respectively represent: (1) battery packs transported by the
k-th 3PL provider; (2) level-l ∈ 1, 2 battery cells transported by the k-th
3PL provider; (3) waste weight converted from non-recyclable level-l ∈ 3
battery cells; (4) waste weight derived from non-recyclable cells originally
in level-l ∈ 1, 2 batteries; (5) batteries included in the i-th bid bundle of
external recycler h; and (6) unrecovered end-of-life EVBs in collection region
d. Superscripts 1, 2, and 3 denote battery packs, battery cells, and waste
weight converted from battery cells, respectively

xce, xre, xwe Selection of recycling, remanufacturing, and disposal centers under reinforce-
ment level e

ydck, ycrk, ycwk, yrwk Selection of the k-th 3PL provider between facility pairs

mc,mr,mw Reserved capacity for recycling, remanufacturing, and disposal centers

zhi Selection of external recyclers in the combinatorial auction

Tθ Auxiliary decision variable representing the total carbon emissions of the
entire recycling network under scenario θ

Ttransport,θ,Tprocess,θ Auxiliary decision variables representing transportation-related carbon emis-
sions and facility processing carbon emissions under scenario θ, respectively

3.3. Model formulation

Building on the problem description and notation, this section formulates a TSSP model that accounts
for carbon emission constraints and facility disruption scenarios. The combinatorial auction with WD
mechanism, together with facility location and reinforcement decisions, capacity reservation, and
logistics routing selection, are incorporated within a unified optimization framework. The objective
is to jointly minimize total recycling network cost while controlling carbon emissions and enhancing
system resilience under uncertainty. The first-stage stochastic programming (TSSP1) model and the
second-stage stochastic programming (TSSP2) model are given as follows:
(TSSP1)

min
∑
c∈C

∑
e∈E

(
fc + f̂ce

)
xce +

∑
r∈R

∑
e∈E

(
fr + f̂re

)
xre +

∑
w∈W

∑
e∈E

(
fw + f̂we

)
xwe+∑

c∈C
f̃cmc +

∑
r∈R

f̃rmr +
∑

w∈W
f̃wmw+∑

d∈D

∑
c∈C

∑
k∈Kdc

fdckydck +
∑
c∈C

∑
r∈R

∑
k∈Kcr

fcrkycrk +
∑
c∈C

∑
w∈W

∑
k∈Kcw

fcwkycwk +
∑
r∈R

∑
w∈W

∑
k∈Krw

frwkyrwk+∑
h∈H

∑
i∈Ih

vhzhi + Eθ

[
f (x,m, y, z, θ)

]
s.t. ∑

e∈E

xce ≤ 1,∀c ∈ C (3.1)
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e∈E

xre ≤ 1,∀r ∈ R (3.2)

∑
e∈E

xwe ≤ 1,∀w ∈ W (3.3)

∑
c∈C

∑
e∈E

f̂cexce +
∑
r∈R

∑
e∈E

f̂rexre +
∑

w∈W

∑
e∈E

f̂wexwe +
∑
c∈C

f̃cmc +
∑
r∈R

f̃rmr +
∑

w∈W
f̃wmw ≤ Xmax (3.4)

mc ≤ Mc

∑
e∈E

xce,∀c ∈ C (3.5)

mr ≤ Mr

∑
e∈E

xre,∀r ∈ R (3.6)

mw ≤ Mw

∑
e∈E

xwe,∀w ∈ W (3.7)

∑
i∈Ih

zhi ≤ 1,∀h ∈ H (3.8)

Zmin ≤
∑
h∈H

∑
i∈Ih

zhi (3.9)∑
h∈H

∑
i∈Ih

zhi ≤ Zmax (3.10)

mc ≥ 0,∀c ∈ C (3.11)

mr ≥ 0,∀r ∈ R (3.12)

mw ≥ 0,∀w ∈ W (3.13)

zhi ∈ {0, 1},∀h ∈ H, i ∈ Ih (3.14)

xce ∈ {0, 1},∀c ∈ C,∀e ∈ E (3.15)

xre ∈ {0, 1},∀r ∈ R,∀e ∈ E (3.16)

xwe ∈ {0, 1},∀w ∈ W,∀e ∈ E (3.17)

ydck ∈ {0, 1} ,∀d ∈ D,∀c ∈ C,∀k ∈ Kdc (3.18)

ycrk ∈ {0, 1} ,∀c ∈ C,∀r ∈ R,∀k ∈ Kcr (3.19)

ycwk ∈ {0, 1} ,∀c ∈ C,∀w ∈ W,∀k ∈ Kcw (3.20)

yrwk ∈ {0, 1} ,∀r ∈ R,∀w ∈ W,∀k ∈ Krw (3.21)

Minimization of the total system cost is considered in (TSSP1), which accounts for both the self-built
recycling network and external recyclers participating in combinatorial auctions. The total cost consists
of two components: (i) fixed expenditures, including construction of the internal network as well as
management activities for external recyclers; and (ii) expected operating costs under uncertain scenarios,
covering facility processing, waste battery recovery, transportation, auction payments, and penalties for
delayed recycling. Eθ

[
f (x,m, y, z, θ)

]
represents the expected value of second-stage operational costs

across all scenarios, where Eθ [·] denotes the expectation operator, and f (x,m, y, z, θ) represents the
second-stage operational cost under scenario θ given first-stage decision variables x,m, y, z.
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Constraints (3.1)–(3.3) define binary decision variables corresponding to the location and rein-
forcement decisions of centers. Constraint (3.4) specifies the total budget limitation for reinforcement
investment and capacity reservation. Constraints (3.5)–(3.7) restrict the reserved capacity of different
facilities to ensure that capacity does not exceed predefined upper bounds. Constraint (3.8) defines
a binary variable for the selection of external recyclers, and it also restricts that at most one bundle
solution can be selected in the combinatorial auction. Constraints (3.9) and (3.10) aggregate all selected
external recycler bundles and ensure that their values remain within predefined bounds. Constraints
(3.11)–(3.13) impose non-negativity conditions on continuous variables. Constraints (3.14)–(3.17)
define binary restrictions for external recycler selection variables and facility location variables. Con-
straints (3.18)–(3.21) ensure that decision variables related to 3PL satisfy binary requirements.
(TSSP2)

f (x,m, y, z, θ) =

min



∑
d∈D

∑
c∈C

∑
k∈Kdc

jcv1
dckθ +

∑
r∈R

∑
c∈C

∑
k∈Kcr

∑
l∈{1,2}

jrv2
crklθ

+
∑

w∈W
jw

(∑
c∈C

∑
k∈Kcw

v3
cwkθ +

∑
r∈R

∑
k∈Krw

v3
rwkθ

)
+∑

d∈D

∑
c∈C

∑
k∈Kdc

sdctdckv1
dckθ +

∑
c∈C

∑
r∈R

∑
k∈Kcr

∑
l∈{1,2}

scrtcrkv2
crklθ +

∑
c∈C

∑
w∈W

∑
k∈Kcw

scwtcwkv3
cwkθ+∑

r∈R

∑
w∈W

∑
k∈Krw

srwtrwkv3
rwkθ +

∑
d∈D

ϑvrest
dθ +

∑
c∈C

∑
d∈D

∑
l∈L

∑
k∈Kdc

αlmlv1
dckθ+∑

h∈H

∑
i∈Ih

bhiv1
hiθ + PctTθ


s.t.

ξd =
∑
c∈C

∑
k∈Kdc

v1
dckθ +

∑
h∈H

∑
i∈Ih

Adhiv1
hiθ + vrest

dθ ,∀d ∈ D,∀θ ∈ Θ (3.22)

∑
d∈D

∑
k∈Kdc

v1
dckθ ≤

∑
e∈E

xce
[
(1 − qcθ) Vc + qcθλceVc

]
+ mc,∀c ∈ C,∀θ ∈ Θ (3.23)

∑
c∈C

∑
k∈Kcr

∑
l∈{1,2}

v2
crklθ ≤

∑
e∈E

xre
[
(1 − qrθ) Vr + qrθλreVr

]
+ mr,∀r ∈ R,∀θ ∈ Θ (3.24)

∑
c∈C

∑
k∈Kcw

v3
cwkθ +

∑
r∈R

∑
k∈Krw

v3
rwkθ ≤

∑
e∈E

xwe
[
(1 − qwθ) Vw + qwθλweVw

]
+ mw,∀w ∈ W,∀θ ∈ Θ (3.25)

∑
d∈D

∑
k∈Kdc

αlv1
dckθ ∗ Num =

∑
r∈R

∑
k∈Kcr

v2
crklθ,∀c ∈ C, l ∈ {1, 2} ,∀θ ∈ Θ (3.26)

ω
∑
d∈D

∑
k∈Kdc

αlv1
dckθ ∗ Num =

∑
w∈W

∑
k∈Kcw

v3
cwkθ,∀c ∈ C,∀θ ∈ Θ, l ∈ {3} (3.27)

ω
∑
c∈C

∑
k∈Kcr

∑
l∈{1,2}

v2
crklθϕl =

∑
w∈W

∑
k∈Krw

v3
rwkθ,∀r ∈ R,∀θ ∈ Θ (3.28)

v1
dckθ ≤ ydckgdck,∀d ∈ D,∀c ∈ C,∀k ∈ Kdc,∀θ ∈ Θ (3.29)∑

l∈{1,2}

v2
crklθ ≤ ycrkgcrk,∀c ∈ C,∀r ∈ R,∀k ∈ Kcr,∀θ ∈ Θ (3.30)
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v3
cwkθ ≤ ycwkgcwk,∀c ∈ C,∀w ∈ W,∀k ∈ Kcw,∀θ ∈ Θ (3.31)

v3
rwkθ ≤ yrwkgrwk,∀r ∈ R,∀w ∈ W,∀k ∈ Krw,∀θ ∈ Θ (3.32)

v1
hiθ ≤ zhiUPhi,∀h ∈ H,∀i ∈ Ih,∀θ ∈ Θ (3.33)

Tθ = Ttransport,θ + Tprocess,θ,∀θ ∈ Θ (3.34)

Ttransport,θ = Ptransport


∑

d∈D

∑
c∈C

∑
k∈Kdc

sdcv1
dckθω̂ +

∑
c∈C

∑
r∈R

∑
k∈Kcr

∑
l∈{1,2}

scrv2
crklθ · Num · ω+∑

c∈C

∑
w∈W

∑
k∈Kcw

scwv3
cwkθ +

∑
r∈R

∑
w∈W

∑
k∈Krw

srwv3
rwkθ

 ,∀θ ∈ Θ (3.35)

Tprocess,θ =


∑

d∈D

∑
c∈C

∑
k∈Kdc

Pprocess,cv1
dckθ +

∑
c∈C

∑
r∈R

∑
k∈Kcr

∑
l∈{1,2}

Pprocess,rv2
crklθ+∑

c∈C

∑
w∈W

∑
k∈Kcw

Pprocess,wv3
cwkθ +

∑
r∈R

∑
w∈W

∑
k∈Krw

Pprocess,wv3
rwkθ

 ,∀θ ∈ Θ (3.36)

Tθ ≤ UBcarbon,∀θ ∈ Θ (3.37)

v1
dckθ ≥ 0,∀d ∈ D,∀c ∈ C,∀k ∈ Kdc,∀θ ∈ Θ (3.38)

v1
hiθ ≥ 0,∀h ∈ H,∀i ∈ Ih,∀θ ∈ Θ (3.39)

v2
crklθ ≥ 0,∀c ∈ C,∀r ∈ R,∀k ∈ Kcr,∀θ ∈ Θ, l ∈ {1, 2} (3.40)

υ3
cwkθ ≥ 0,∀c ∈ C,∀w ∈ W,∀k ∈ Kcw,∀θ ∈ Θ (3.41)

v3
rwkθ ≥ 0,∀r ∈ R,∀w ∈ W,∀k ∈ Krw,∀θ ∈ Θ (3.42)

vrest
dθ ≥ 0,∀d ∈ D,∀θ ∈ Θ (3.43)

In (TSSP2), minimization of total operating cost is considered for both the self-built recycling
network and external recyclers. Constraint (3.22) ensures that all end-of-life EVBs generated in
collection region (d) are completely allocated. The first term denotes the quantity processed through
the self-built recycling network. The second term denotes the quantity handled by external recyclers
through the WD mechanism. In this term, (v1

hiθ) represents the quantity associated with bid bundle (i)
submitted by external recycler (h), while the auxiliary parameter (Adhi) indicates whether collection
region (d) is covered by that bundle. Consequently, (Adhiv1

hiθ) links the selected bid bundle to the
corresponding collection regions and determines whether the quantity associated with that bundle
contributes to the demand fulfillment of collection region (d). The last term represents unrecovered
end-of-life EVBs. Constraints (3.23)–(3.25) represent the capacity limitations of collection centers,
remanufacturing centers, and disposal centers under disruption scenarios. The available processing
capacity of a facility depends on both its disruption state and the selected reinforcement level. When no
disruption occurs (q = 0), the facility operates at its nominal capacity (V). When a disruption occurs
(q = 1), the available capacity is reduced according to the capacity-retention coefficient (λe, e.g., λce,
λre, or λwe) associated with the selected reinforcement level. Specifically, (λe = 0) indicates that no
effective capacity is retained after disruption, while (0 < λe < 1) represents partial capacity retention
under intermediate reinforcement levels. When the highest reinforcement level is adopted, (λe = 1),
implying that the facility can maintain its full processing capacity even after a disruption. Therefore,
the available capacity under disruption scenarios is determined jointly by the disruption state and the
selected reinforcement strategy. Constraints (3.26)–(3.28) are also flow balance constraints that describe
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flow conservation relationships between nodes in the network, ensuring that inflow and outflow are
balanced. Constraints (3.29)–(3.32) represent capacity constraints for 3PL providers, ensuring that
transportation tasks do not exceed service capacities. Constraint (3.33) limits the transportation capacity
of external recyclers, ensuring that assigned battery flows do not exceed their maximum handling
capacity. Constraints (3.34)–(3.37) define the carbon-emission constraints of the recycling network.
Carbon-emission accounting focuses on transportation activities and processing operations within the
self-built recycling network. Constraint (3.34) defines total system carbon emissions, consisting of
transportation emissions and facility processing emissions. Constraint (3.35) specifies the calculation of
transportation-related emissions. Constraint (3.36) describes emissions arising from battery or waste
processing at collection, remanufacturing, and disposal facilities. An upper limit on total system carbon
emissions is enforced by Constraint (3.37). Non-negativity conditions are specified for the relevant
decision variables in Constraints (3.38)–(3.43).

In the TSSP model, the evaluation of the expectation term Eθ

[
f (x,m, y, z, θ)

]
constitutes the key

difficulty in model solution, where the characterization of scenario probabilities plays a crucial role.
Based on the approach by Snyder and Daskin [40], independence among disruption events of facility

nodes is assumed in this study. Accordingly, the probability of each disruption scenario is given as follows:

pθ =

∏
θ∈Cθ

pcθ

∏
θ∈C\Cθ

(1 − pcθ)


∏
θ∈Rθ

prθ

∏
θ∈R\Rθ

(1 − prθ)


∏
θ∈Wθ

pwθ

∏
θ∈W\Wθ

(1 − pwθ)


where pθ represents the joint likelihood of scenario θ; C, R, and W correspond to the sets of recycling,

remanufacturing, and disposal centers, respectively; Cθ, Rθ, and Wθ denote the corresponding subsets
of facilities that experience disruptions under scenario θ; and pcθ, prθ, and pwθ denote the disruption
probabilities of different types of facilities.

On this basis, the expectation term in the TSSP model can be expressed as a weighted summation
over all scenarios, i.e., Eθ

[
f (x,m, y, z, θ)

]
=

∑
θ∈Θ

pθ
[
f (x,m, y, z, θ)

]
. Accordingly, the original model

can be transformed into a deterministic equivalent formulation based on a discrete scenario set (DP).
(DP)

min
∑
c∈C

∑
e∈E

(
fc + f̂ce

)
xce +

∑
r∈R

∑
e∈E

(
fr + f̂re

)
xre +

∑
w∈W

∑
e∈E

(
fw + f̂we

)
xwe+∑

c∈C
f̃cmc +

∑
r∈R

f̃rmr +
∑

w∈W
f̃wmw+∑

d∈D

∑
c∈C

∑
k∈Kdc

fdckydck +
∑
c∈C

∑
r∈R

∑
k∈Kcr

fcrkycrk +
∑
c∈C

∑
w∈W

∑
k∈Kcw

fcwkycwk +
∑
r∈R

∑
w∈W

∑
k∈Krw

frwkyrwk+∑
h∈H

∑
i∈Ih

vhzhi+

∑
θ∈Θ

pθ



∑
d∈D

∑
c∈C

∑
k∈Kdc

jcv1
dckθ +

∑
r∈R

∑
c∈C

∑
k∈Kcr

∑
l∈{1,2}

jrv2
crklθ

+
∑

w∈W
jw

(∑
c∈C

∑
k∈Kcw

v3
cwkθ +

∑
r∈R

∑
k∈Krw

v3
rwkθ

)
+∑

d∈D

∑
c∈C

∑
k∈Kdc

sdctdckv1
dckθ +

∑
c∈C

∑
r∈R

∑
k∈Kcr

∑
l∈{1,2}

scrtcrkv2
crklθ +

∑
c∈C

∑
w∈W

∑
k∈Kcw

scwtcwkv3
cwkθ+∑

r∈R

∑
w∈W

∑
k∈Krw

srwtrwkv3
rwkθ +

∑
d∈D

ϑvrest
dθ +

∑
c∈C

∑
d∈D

∑
l∈L

∑
k∈Kdc

αlmlv1
dckθ+∑

h∈H

∑
i∈Ih

bhiv1
hiθ + PctTθ


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Since the (DP) model belongs to the class of mixed-integer linear programming problems, a direct
solution can be obtained using commercial solvers such as CPLEX. However, as the number of
disruption scenarios grows, model size expands exponentially, and the computational complexity
increases significantly, which imposes severe challenges on the solution efficiency of commercial
solvers. Therefore, in the next chapter, a hybrid SR-LR is proposed based on scenario reduction and the
Lagrangian relaxation method associated with progressive hedging algorithm (PHA) to enhance the
computational efficiency of the proposed model.

4. Hybrid scenario reduction and Lagrangian relaxation algorithm

This section develops the SR-LR algorithm framework based on scenario reduction and Lagrangian
relaxation. Specifically, the original scenario set is first compressed to generate a reduced representative
set. Based on the simplified model, an upper-bound solution to the (DP) model is derived. Furthermore,
to compensate for approximation errors introduced by scenario reduction, a lower-bound formulation
is established via the Lagrangian relaxation method, forming a collaborative bounding mechanism.
Algorithm performance is assessed through the gap between upper and lower bounds. However, since
approximation errors are unavoidable in the reduction process, relying solely on the upper-bound
solution cannot guarantee solution quality. Therefore, a complementary lower-bound formulation of
the (DP) model is further developed using Lagrangian relaxation, and the relative optimality gap is
employed to assess effectiveness and solution accuracy. The detailed procedure is outlined below.

4.1. SR method

A scenario reduction approach was introduced by Karuppiah et al. [41], with the core idea of selecting
representative high-probability scenarios to substitute for the original high-dimensional scenario set. In
this manner, the scenario set size is reduced while preserving key distributional characteristics, and an
approximate optimal solution to the original problem is derived.
(SR)

min
2∑

a1=1

2∑
a2=1

· · ·

2∑
an=1

[(
1 − xi1

1 xi2
2 · · · x

in
n

)
x̂a1,a2,···an

]
s.t.

2∑
a2=1

2∑
a3=1

· · ·

2∑
an=1

x̂a1,a2,···an = xa1
1 , a1 = 1 · · · 2 (4.1)

2∑
a1=1

2∑
a3=1

· · ·

2∑
an=1

x̂a1,a2,···an = xa2
2 , a2 = 1 · · · 2 (4.2)

...
2∑

a1=1

2∑
a2=1

· · ·

2∑
an−1=1

x̂a1,a2,···an = xan
n , an = 1 · · · 2 (4.3)

2∑
a1=1

2∑
a2=1

· · ·

2∑
an=1

x̂a1,a2,···an = 1 (4.4)
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0 ≤ x̂a1,a2,···an ≤ 1,∀a1, a2, · · · an (4.5)

where an denotes the node set composed of the n-th type of facilities, and xan
n denotes the disruption

(or normal operation) probability of the corresponding facility under a given scenario. Accordingly, the
term xa1

1 xa2
2 · · · x

an
n represents the joint probability corresponding to a specific combination of facility

states. Furthermore, x̂a1,a2,··· ,an is defined as the redistributed joint probability obtained after scenario
reduction. In formulating the SR model objective, probability distributions from both the original and
reduced scenario sets are taken into account. The goal is to decrease scenario scale while retaining high-
probability representative scenarios from the original set, thereby limiting information loss. Constraints
(4.1)–(4.3) enforce consistency between the two sets in terms of marginal probability distributions,
meaning that the occurrence likelihoods of potential disrupted facilities are preserved. Constraint (4.4)
guarantees that the probabilities across all reduced scenarios sum to unity. Constraint (4.5) confines
scenario probabilities within the range [0, 1].

By solving the SR formulation, a reduced set of scenarios and the corresponding probability distribu-
tion can be obtained. Accordingly, the original deterministic equivalent model (DP) can be transformed
into a simplified formulation based on the reduced scenario set, thereby improving subsequent computa-
tional efficiency.
(SR-DP)

min
∑
c∈C

∑
e∈E

(
fc + f̂ce

)
xce +

∑
r∈R

∑
e∈E

(
fr + f̂re

)
xre +

∑
w∈W

∑
e∈E

(
fw + f̂we

)
xwe+∑

c∈C
f̃cmc +

∑
r∈R

f̃rmr +
∑

w∈W
f̃wmw+∑

d∈D

∑
c∈C

∑
k∈Kdc

fdckydck +
∑
c∈C

∑
r∈R

∑
k∈Kcr

fcrkycrk +
∑
c∈C

∑
w∈W

∑
k∈Kcw

fcwkycwk +
∑
r∈R

∑
w∈W

∑
k∈Krw

frwkyrwk+∑
h∈H

∑
i∈Ih

vhzhi+

∑
θ∈Θ̂

p̂θ



∑
d∈D

∑
c∈C

∑
k∈Kdc

jcv1
dckθ +

∑
r∈R

∑
c∈C

∑
k∈Kcr

∑
l∈{1,2}

jrv2
crklθ

+
∑

w∈W
jw

(∑
c∈C

∑
k∈Kcw

v3
cwkθ +

∑
r∈R

∑
k∈Krw

v3
rwkθ

)
+∑

d∈D

∑
c∈C

∑
k∈Kdc

sdctdckv1
dckθ +

∑
c∈C

∑
r∈R

∑
k∈Kcr

∑
l∈{1,2}

scrtcrkv2
crklθ +

∑
c∈C

∑
w∈W

∑
k∈Kcw

scwtcwkv3
cwkθ+∑

r∈R

∑
w∈W

∑
k∈Krw

srwtrwkv3
rwkθ +

∑
d∈D

ϑvrest
dθ +

∑
c∈C

∑
d∈D

∑
l∈L

∑
k∈Kdc

αlmlv1
dckθ+∑

h∈H

∑
i∈Ih

bhiv1
hiθ + PctTθ


s.t. (3.1)–(3.43).
where Θ̂ and p̂θ represent the set of disruption scenarios after reduction and the associated scenario

probabilities, respectively. Solving the (SR-DP) model yields a feasible solution (y′,m′, x′, z′) for the
deterministic equivalent model (DP). By substituting this solution into the original (DP), the first-stage
decisions are fixed, converting the problem into the following linear programming formulation (DP-LP):
(DP-LP)

min COS T +
∑
θ∈Θ

pθ∆θ

s.t. (3.1)-(3.43).
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In this model, the fixed cost term COS T is determined by the first-stage decision variables. Since
(y′,m′, x′, z′) are given, COS T becomes a constant term.

Furthermore, the (DP-LP) model admits a decomposition into |Θ| scenario-specific independent
subproblems. For a given scenario θ, each subproblem focuses on minimizing the corresponding
operational cost ∆θ, which is defined as follows:

∆θ =



∑
d∈D

∑
c∈C

∑
k∈Kdc

jcv1
dckθ +

∑
r∈R

∑
c∈C

∑
k∈Kcr

∑
l∈{1,2}

jrv2
crklθ

+
∑

w∈W
jw

(∑
c∈C

∑
k∈Kcw

v3
cwkθ +

∑
r∈R

∑
k∈Krw

v3
rwkθ

)
+∑

d∈D

∑
c∈C

∑
k∈Kdc

sdctdckv1
dckθ +

∑
c∈C

∑
r∈R

∑
k∈Kcr

∑
l∈{1,2}

scrtcrkv2
crklθ +

∑
c∈C

∑
w∈W

∑
k∈Kcw

scwtcwkv3
cwkθ+∑

r∈R

∑
w∈W

∑
k∈Krw

srwtrwkv3
rwkθ +

∑
d∈D

ϑvrest
dθ +

∑
c∈C

∑
d∈D

∑
l∈L

∑
k∈Kdc

αlmlv1
dckθ+∑

h∈H

∑
i∈Ih

bhiv1
hiθ + PctTθ


By solving each scenario subproblem independently, an upper bound of the deterministic equivalent

model (DP) can be obtained, which is expressed as COS T +
∑
θ∈Θ

pθ∆θ.

4.2. Lagrangian relaxation method

A lower-bound solution method for the (DP) model is further developed based on the Lagrangian
relaxation approach to assess the quality of the constructed upper bound.

It can be observed that the main difficulty in efficiently solving the (DP) model arises from the first-
stage decision variables (yθ,mθ, xθ, zθ) being independent of scenarios, which leads to strong coupling
among different scenarios. To enable problem decomposition, auxiliary variables (yθ,mθ, xθ, zθ) are
introduced for every scenario θ ∈ Θ. To maintain consistency between the decomposed formulation and
the original problem, non-anticipativity constraints (4.6) are imposed. Accordingly, the (DP) model is
reformulated as follows:

∑
θ∈Θ

pθ



∑
c∈C

∑
e∈E

(
fc + f̂ce

)
xce +

∑
r∈R

∑
e∈E

(
fr + f̂re

)
xre +

∑
w∈W

∑
e∈E

(
fw + f̂we

)
xwe+∑

c∈C
f̃cmc +

∑
r∈R

f̃rmr +
∑

w∈W
f̃wmw+∑

d∈D

∑
c∈C

∑
k∈Kdc

fdckydck +
∑
c∈C

∑
r∈R

∑
k∈Kcr

fcrkycrk +
∑
c∈C

∑
w∈W

∑
k∈Kcw

fcwkycwk +
∑
r∈R

∑
w∈W

∑
k∈Krw

frwkyrwk+∑
h∈H

∑
i∈Ih

vhzhi+∑
d∈D

∑
c∈C

∑
k∈Kdc

jcv1
dckθ +

∑
r∈R

∑
c∈C

∑
k∈Kcr

∑
l∈{1,2}

jrv2
crklθ

+
∑

w∈W
jw

(∑
c∈C

∑
k∈Kcw

v3
cwkθ +

∑
r∈R

∑
k∈Krw

v3
rwkθ

)
+∑

d∈D

∑
c∈C

∑
k∈Kdc

sdctdckv1
dckθ +

∑
c∈C

∑
r∈R

∑
k∈Kcr

∑
l∈{1,2}

scrtcrkv2
crklθ +

∑
c∈C

∑
w∈W

∑
k∈Kcw

scwtcwkv3
cwkθ+∑

r∈R

∑
w∈W

∑
k∈Krw

srwtrwkv3
rwkθ +

∑
d∈D

ϑvrest
dθ +

∑
c∈C

∑
d∈D

∑
l∈L

∑
k∈Kdc

αlmlv1
dckθ+∑

h∈H

∑
i∈Ih

bhiv1
hiθ + PctTθ


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s.t. (3.1)–(3.43).
(yθ,mθ, xθ, zθ) = (yθ′ ,mθ′ , xθ′ , zθ′) , θ ∈ Θ, θ′ ∈ Θ, θ , θ′ (4.6)

The constraint (4.6) enforces consistency across different scenarios; however, it also significantly
increases the difficulty of solving the model. Inspired by the PHA, a set of consensus variables (ȳ, m̄, x̄, z̄)
is introduced, and the non-anticipativity constraints can be reformulated as deviation constraints between
scenario-dependent variables and the consensus variables, i.e.,

(ȳ, m̄, x̄, z̄) = (yθ,mθ, xθ, zθ) , θ ∈ Θ (4.7)

On this basis, a Lagrangian multiplier vector λ is introduced to relax the consistency constraints, and
the Lagrangian relaxation model (DP-LR) is obtained.

Given λ as the Lagrangian multiplier vector, constraint (4.7) is relaxed, and the Lagrangian relaxation
formulation (DP-LR) is expressed as follows:
(DP-LR)

∑
θ∈Θ

pθ



∑
c∈C

∑
e∈E

(
fc + f̂ce

)
xce +

∑
r∈R

∑
e∈E

(
fr + f̂re

)
xre +

∑
w∈W

∑
e∈E

(
fw + f̂we

)
xwe+∑

c∈C
f̃cmc +

∑
r∈R

f̃rmr +
∑

w∈W
f̃wmw+∑

d∈D

∑
c∈C

∑
k∈Kdc

fdckydck +
∑
c∈C

∑
r∈R

∑
k∈Kcr

fcrkycrk +
∑
c∈C

∑
w∈W

∑
k∈Kcw

fcwkycwk +
∑
r∈R

∑
w∈W

∑
k∈Krw

frwkyrwk+∑
h∈H

∑
i∈Ih

vhzhi+∑
d∈D

∑
c∈C

∑
k∈Kdc

jcv1
dckθ +

∑
r∈R

∑
c∈C

∑
k∈Kcr

∑
l∈{1,2}

jrv2
crklθ

+
∑

w∈W
jw

(∑
c∈C

∑
k∈Kcw

v3
cwkθ +

∑
r∈R

∑
k∈Krw

v3
rwkθ

)
+∑

d∈D

∑
c∈C

∑
k∈Kdc

sdctdckv1
dckθ +

∑
c∈C

∑
r∈R

∑
k∈Kcr

∑
l∈{1,2}

scrtcrkv2
crklθ +

∑
c∈C

∑
w∈W

∑
k∈Kcw

scwtcwkv3
cwkθ+∑

r∈R

∑
w∈W

∑
k∈Krw

srwtrwkv3
rwkθ +

∑
d∈D

ϑvrest
dθ +

∑
c∈C

∑
d∈D

∑
l∈L

∑
k∈Kdc

αlmlv1
dckθ+∑

h∈H

∑
i∈Ih

bhiv1
hiθ + PctTθ + λT [

(yθ,mθ, xθ, zθ)− (ȳ, m̄, x̄, z̄)
]


s.t. (3.1)-(3.43).

Since the coupling constraints are relaxed, the problem can be decomposed into |Θ| mutually
independent subproblems, thereby significantly improving computational efficiency. Furthermore, an
effective lower bound for the (DP) model is obtained by solving the corresponding Lagrangian dual
model (DP-LD).
(DP-LD)

LD (λ) = max
λ

LR (λ)

Given that the Lagrangian dual problem is non-smooth and concave, a subgradient method is applied to
solve the problem. The detailed procedure is outlined below.
Step 1. Initialization.

Set iteration counter k = 1, initialize Lagrangian multipliers λ1, and set the consensus variables as
(ȳ, m̄, x̄, z̄)0 = 0.
Step 2. Subproblem solution and lower bound update.
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Given λk, each scenario θ ∈ Θ is solved independently for the corresponding Lagrangian subproblem,
yielding the optimal solution (

y∗θ,m
∗
θ, x
∗
θ, z
∗
θ

)
,

and the current value of the Lagrangian function LR(λk) is computed. The best historical lower bound is
updated as

Φ∗ = max
{
Φ∗, LR

(
λk

)}
.

Step 3. Subgradient computation and multiplier update.
For each scenario θ, the subgradient of the consistency constraints is defined as

gk
θ =

(
y∗θ − ȳk−1,m∗θ − m̄k−1, x∗θ − x̄k−1, z∗θ − z̄k−1

)
.

The Lagrangian multipliers are updated as

λk+1
θ = λk

θ + skgk
θ.

Following Yin et al. [42], the step size is defined as

sk = αk
βk − LR

(
λk

)
∥∥∥∥∥∑
θ∈Θ

gk
θ

∥∥∥∥∥2 ,

where
αk = ε′ (k) , βk = [1 + ε (k)] Φ∗.

Step 4. Consensus variable update.

(ȳ, m̄, x̄, z̄)k =
1
|Θ|

∑
θ∈Θ

(
y∗θ,m

∗
θ, x
∗
θ, z
∗
θ

)k.

Step 5. Convergence check.
If the following condition is satisfied:

1
|Θ|

∑
θ∈Θ

∥∥∥gk
θ

∥∥∥ ≤ ε,
then stop; otherwise, set k = k + 1 and return to Step 2.

The proposed Lagrangian relaxation algorithm provides a valid lower bound for the (DP) model. So-
lution quality is assessed by the difference between upper and lower bounds. A smaller gap implies that
the upper-bound solution derived from scenario reduction is closer to optimality, thereby demonstrating
the effectiveness and stability of the proposed algorithm.

5. Real-world case and experiments

Numerical experiments are carried out using a real-world case from Jiangxi Province, China, to
validate the proposed EVB recycling network model and the SR-LR hybrid algorithm. The model’s
practical applicability is examined under realistic operating conditions. Furthermore, multiple experi-
mental settings are designed to assess algorithm performance, robustness, and computational efficiency,
while also exploring how key parameters and policy variables affect network decisions. Subsection
5.1 introduces the case background, network structure, and data sources; Subsection 5.2 evaluates and
compares algorithm performance; and Subsection 5.3 conducts sensitivity analysis.
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5.1. Real-world case and data sources

Figure 2. Spatial layout for the EVB recycling network.

Figure 3. Disruption probability distribution of facilities.
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Table 3. Fixed parameters for the EVB recycling network model.

Parameters Value Unit

Weight per battery pack 365 kg

Total battery cells per battery pack 96 cell

Weight per battery cell 3.5 kg

Proportion of batteries at different levels (L1/L2/L3) 0.15/0.65/0.2

Unit recycling cost of batteries within the internal network
(L1/L2/L3)

850/220/100 USD

Proportion of end-of-life battery cells contained in each battery
level (L1/L2)

0.15/0.2

Unit penalty cost for unrecovered batteries 5660 USD

Upper bound for facility reinforcement and capacity reservation 500,000 USD

Number of 3PL providers between each pair of locations 2

Number of external recyclers (Zmin/Zmax) 0/6

Number of bundles handled by each external recycler 5

Retained processing capacity (λce, λre, λwe) under different
reinforcement levels (E0/E1/E2)

0/(0,1)/1

*Note: Data sources: The parameter values are adopted from Wang et al. [11], Wang et al. [12], and Li et al. [38]. L1–L3 denote battery
recovery levels, where L1 and L2 are reusable, while L3 is non-reusable. E0–E2 denote facility reinforcement levels, corresponding to no,
basic, and advanced reinforcement, respectively.

This study considers Jiangling Motors Corporation, Ltd. and Dongfeng Motor Corporation Ltd. in
Jiangxi Province, China, as the real-world case. Based on publicly available industry reports and related
literature (Wang et al., [12]), the network structure constructed in this study is illustrated in Figure 2.
Specifically, the system includes 28 collection regions, 14 candidate collection centers, 2 candidate
remanufacturing centers, and 3 candidate disposal centers. These facilities together form a multi-stage
closed-loop recycling network, where end-of-life power batteries are transferred and processed through
different pathways, including recycling, remanufacturing, and disposal, depending on their condition
and residual value.

In addition, to capture operational uncertainty and potential disruption risks in real-world environments,
different disruption probabilities are assigned to different types of facilities, and the corresponding
distribution is presented in Figure 3. Table 3 provides the fixed parameters of the recycling network
model, including battery physical characteristics, cost parameters, system structure settings, and technical
classification assumptions. Table 4 summarizes the parameter ranges used in the numerical experiments,
covering key factors such as demand uncertainty, facility construction costs, operational costs, 3PL
transportation costs, capacity constraints, and external recycler-related parameters. Furthermore, Table 5
presents the carbon emission-related parameters incorporated into the model to characterize environmental
impacts, including carbon tax levels, transportation emission factors, emission coefficients of processing
activities at different facilities, and the upper bound of total system carbon emissions.
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Table 4. Parameter ranges for numerical experiments.

Parameters
Value

Unit
Min Max

Recycling demand in each collection region 50 200 pack

Unit construction cost of facilities

Candidate collection centers 200,000 300,000 USD/center

Candidate remanufacturing centers 600,000 800,000 USD/center

Candidate disposal centers 300,000 600,000 USD/center

Unit reinforcement cost of facilities

Candidate collection centers (E0/E1/E2) 0/500/1000 0/1000/1500 USD/center

Candidate remanufacturing centers (E0/E1/E2) 0/300/1000 0/600/1300 USD/center

Candidate disposal centers (E0/E1/E2) 0/300/1000 0/700/1300 USD/center

Unit reservation cost of facilities

Candidate collection centers 10 130 USD/(pack·center)

Candidate remanufacturing centers 20 50 USD/(cell·center)

Candidate disposal centers 20 90 USD/(cell·center)

Unit processing cost of facilities

Candidate collection centers 500 800 USD/(pack·center)

Candidate remanufacturing centers 10 30 USD/(cell·center)

Candidate disposal centers 0.01 0.03 USD/(cell·center)

Upper bound of processing cost

Candidate collection centers 700 1900 USD/center

Candidate remanufacturing centers 180,000 250,000 USD/center

Candidate disposal centers 150,000 210,000 USD/center

Upper bound of reservation cost

Candidate collection centers 400 2000 USD/center

Candidate remanufacturing centers 1000 1700 USD/center

Candidate disposal centers 200 700 USD/center

3PL setup cost

Collection regions→ Candidate collection centers 500 1500 USD/3PL

Candidate collection centers→ Candidate remanufacturing
centers

500 1500 USD/3PL

Continued on next page
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Parameters
Value

Unit
Min Max

Candidate collection centers→ Candidate disposal centers 500 1500 USD/3PL

Candidate remanufacturing centers→ Candidate disposal
centers

500 1500 USD/3PL

3PL unit transportation cost

Collection regions→ Candidate collection centers 7 8.5 USD/(pack·km)

Candidate collection centers→ Candidate remanufacturing
centers

0.06 0.095 USD/(cell·km)

Candidate collection centers→ Candidate disposal centers 0.01 0.015 USD/(kg·km)

Candidate remanufacturing centers→ Candidate disposal
centers

0.01 0.015 USD/(kg·km)

Upper bound of 3PL transportation capacity

Collection regions→ Candidate collection centers 1200 3500 pack/3PL

Candidate collection centers→ Candidate remanufacturing
centers

20,000 60,000 cell/3PL

Candidate collection centers→ Candidate disposal centers 10,000 40,000 kg/3PL

Candidate remanufacturing centers→ Candidate disposal
centers

20,000 110,000 kg/3PL

External recycler parameters

External recycler management cost 8000 10000 USD

Upper bound on bundle size for external recyclers 50 300 pack

Unit bidding price per battery offered by external recyclers 500 1500 USD/pack

*Note: Data Sources: The parameter values are set with reference to Yin et al. [7], Wang et al. [11], Yin et al. [43], and Wang et
al. [44]. E0, E1, and E2 denote facility reinforcement levels, corresponding to no reinforcement, basic reinforcement, and advanced
reinforcement, respectively. The auxiliary matrix coefficients Adhi, which indicate the assignment of bundles from external recyclers to
collection regions D, are provided in Appendix A.
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Table 5. Carbon emission-related parameter values.

Parameters Value Unit

Unit carbon tax rate 0.044 USD/kg

Unit carbon emissions from transportation 2.49 ×10−6 kg CO2/(kg·km)

Unit carbon emissions from processing at collection
centers

233.28 kg CO2/pack

Unit carbon emissions from processing at
remanufacturing centers

31.03 kg CO2/cell

Unit carbon emissions from processing at disposal
centers

0.1 kg CO2/kg

Upper bound of total carbon emissions 5,000,000 kg

*Note: Data sources: The parameter values are set with reference to Wang et al. [12].

Table 6. Model size under different numbers of disruption scenarios.

Number of scenarios First-stage status BV CV TV Constraints

Full model (1024 scenarios) Optimized 1023 1,109,011 1,110,034 2,162,752

Reduced model (4 scenarios) Optimized 966 4351 5374 9532

Evaluation model (1024 scenarios) Fixed 0 1,108,992 1,108,992 2,161,664

*Note: BV, CV, and TV denote binary variables, continuous variables, and total variables, respectively. In the evaluation model, the
first-stage decisions obtained from the reduced model are fixed and evaluated under the original 1024-scenario set.

Table 7. Representative scenarios retained after scenario reduction.

Scenario Disrupted facilities Probability

S1 None 0.70

S2 C4, C7, C9, C10, C14, W1 0.15

S3 C5, C7, C14, R1, W2, W3 0.10

S4 C4, C7, C10, W1, W2 0.05
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Table 8. Convergence of Lagrangian relaxation lower bounds and exponential fitting results.

ϑ UBcarbon Exponential fitting curve Lagrangian relaxation iteration plot

5660 2500000 y = 10356261.29 − 29220.98e−0.005x

5660 5000000 y = 9973377.27 − 26379.63e−0.005x

7000 2500000 y = 11455987.57 − 23464.93e−0.005x

7000 5000000 y = 10282927.78 − 21311.87e−0.005x
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Table 9. Step-size evolution for Lagrangian relaxation under different parameter settings.

Scenario group Step-size coefficients (αk, βk) Step size per iteration
ϑ = 5660, UBcarbon =

2500000
αk = 4.5− (0.0882 · k) , βk =

2.1− (0.021 · k)
701.29, 1122.60, 1001.26, 1289.92, 1043.09, 2157.02, 2140.15,
1616.28, 1558.92, 1443.57, 1416.33, 1308.43, 1280.58, 1179.92,
1151.65, 1316.39, 1289.84, 952.06, 914.32, 1037.92, 1009.17,
933.33, 851.28, 1048.52, 1004.58, 976.51, 1014.26, 1133.88,
1040.48, 1818.18, 0.05, 0.46, 0.04, 0.09, 0.08, 0.29, 0.03, 0.05,
0.19, 0.02, 0.03, 0.03, 0.09, 0.01, 0.01, 0.01, 0.01, 0.02, 0.00, 0.00

ϑ = 5660, UBcarbon =

5000000
αk = 4− (0.0784 · k) , βk =

2.1− (0.021 · k)
489.79, 1487.18, 1223.50, 2716.86, 1618.79, 2003.02, 1764.66,
1750.66, 1612.30, 1594.11, 1464.85, 1444.88, 1324.46, 1081.30,
1191.34, 1168.35, 1065.06, 1041.10, 945.84, 921.19, 833.69,
1082.61, 963.99, 703.37, 833.52, 810.74, 713.90, 689.45, 602.95,
577.97, 0.05, 0.40, 0.04, 0.07, 0.28, 0.03, 0.05, 0.04, 0.16, 0.01, 0.03,
0.02, 0.02, 0.06, 0.00, 0.01, 0.01, 0.02, 0.00, 0.00

ϑ = 7000, UBcarbon =

2500000
αk = 4− (0.0784 · k) , βk =

2.1− (0.021 · k)
690.05, 1107.90, 982.31, 1235.68, 1179.46, 1093.28, 1040.47,
1143.47, 1085.01, 1461.77, 1353.83, 1660.22, 1522.85, 1497.14,
1369.57, 1797.41, 1619.22, 1598.63, 1102.47, 1176.19, 991.89,
1184.23, 1105.90, 808.52, 724.71, 695.96, 620.19, 754.04, 542.99,
478.59, 451.49, 394.40, 469.40, 330.02, 374.92, 0.03, 0.25, 0.02,
0.04, 0.04, 0.13, 0.01, 0.02, 0.07, 0.01, 0.01, 0.01, 0.00, 0.01, 0.00

ϑ = 7000, UBcarbon =

5000000
αk = 4− (0.08 · k) , βk =

2.1− (0.022 · k)
416.84, 972.41, 874.25, 1456.52, 1137.78, 1378.44, 1245.72,
1248.00, 993.60, 1563.31, 1030.04, 1478.39, 1148.43, 1849.77,
1252.68, 1614.11, 1164.22, 1304.48, 1277.00, 954.70, 742.57,
1478.11, 1383.68, 886.62, 671.26, 754.31, 548.57, 660.64, 428.55,
534.27, 467.64, 613.28, 561.53, 476.86, 303.50, 419.68, 589.87, 0.02,
0.16, 0.01, 0.02, 0.02, 0.06, 0.00, 0.01, 0.00, 0.00, 0.00, 0.00, 0.00

5.2. Algorithm analysis

The effectiveness and computational performance of the proposed SR-LR algorithm are evaluated
through analyses from two perspectives, namely upper-bound generation and lower-bound estimation.
The SR method is employed to construct a simplified problem and rapidly obtain a feasible solution,
thereby providing an upper bound of the original problem. To further illustrate the computational
complexity of the proposed two-stage stochastic programming model and the effectiveness of the
scenario reduction procedure, the model sizes before and after scenario reduction are summarized
in Table 6. The original problem contains 1024 disruption scenarios, resulting in a large number of
scenario-dependent decision variables and constraints. After applying the SR method, the scenario set is
reduced to four representative scenarios, which significantly decreases the model size and computational
burden. The retained representative scenarios and their corresponding probabilities are reported in Table
7. The first-stage decisions obtained from the reduced problem are subsequently fixed and evaluated
under the original 1024-scenario environment to generate a feasible solution for the full-scale stochastic
program. As shown in Table 7, the reduced scenario set preserves the representative disruption patterns
while substantially reducing the computational burden of the original stochastic program.

Meanwhile, the LR method is used to estimate the lower bound of the problem, and the solution
range is progressively tightened through an iterative process. The maximum number of LR iterations is
set to 50, and the convergence behavior of the lower bound throughout the iterative process is illustrated
in Table 8 through embedded iteration plots. Under different parameter settings, four representative
scenarios are selected for analysis (unit penalty cost of unrecovered batteries set to 5660 and 7000
USD, and maximum carbon emission caps set to 2,500,000 and 5,000,000, respectively). The iteration
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process of the Lagrangian relaxation algorithm is analyzed under these scenarios. The variation of
the lower bound with respect to iteration number and the corresponding fitted curves are presented in
Table 8. The maximum number of LR iterations is set to 50. Different step-size coefficient functions
are adopted under different parameter settings to maintain the stability of multiplier updates, and the
step size is adjusted dynamically throughout the iterative process. Table 9 summarizes the adopted
step-size coefficient functions together with the corresponding step-size values generated during the
50 iterations. The convergence results shown in Table 8 are obtained under these step-size updating
rules. It can be observed that the lower bound obtained by the Lagrangian relaxation algorithm does not
exhibit monotonic improvement in the early stage of iteration, but instead shows a fluctuation pattern
characterized by an initial decrease followed by a recovery. This behavior is mainly attributed to the
fact that Lagrangian multipliers have not yet reached suitable values in the early iterations, leading to a
temporary exploration phase in the solution space. As iterations proceed, the lower bound gradually
increases with oscillations and exhibits an approximately exponential growth trend, as indicated by
the fitted curves. Although certain step-like variations are observed in the middle and later stages of
iteration, the lower bound overall surpasses the initial level and gradually stabilizes. This indicates that
continuous updating of multipliers enables the algorithm to effectively escape local fluctuations and
finally provides a reliable estimation of the original problem’s lower bound.

To assess the computational efficiency and stability of the proposed SR-LR algorithm under large-
scale scenarios, a comparative study is carried out between the SR-LR algorithm and the CPLEX solver.
As the scenario size increases, the problem scale grows exponentially, thereby significantly increasing
the difficulty of model solving. In each scenario, only facilities affected by disruptions are perturbed,
while all other facilities remain in normal operation. All experiments are performed on a Windows
10 system equipped with a 2.60 GHz CPU and 16 GB of RAM. The full model is solved by CPLEX
12.10.0, with the MIP optimality gap set to 0.01%. On this basis, the final obtained lower bounds (i.e.,
the maximum lower bound values achieved during the Lagrangian relaxation iterations) under each
scenario and their comparison with CPLEX results are reported in Table 10. It can be observed that,
under small-scale or relatively relaxed constraint settings, the SR-LR algorithm can quickly obtain
solutions identical or very close to those of CPLEX, while significantly reducing computational time.
As problem scale and complexity increase, the computational burden of CPLEX increases substantially,
and feasible solutions cannot even be obtained within an acceptable time horizon in certain scenarios.
In contrast, the SR-LR algorithm can still provide stable and effective lower-bound estimates within a
relatively short time. Overall, the proposed SR-LR algorithm can significantly reduce computational
complexity and solution time while maintaining solution quality, demonstrating strong computational
efficiency and robustness. The algorithm is particularly suitable for large-scale scenarios and complex
constraint settings in EVB recycling network design problems.
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Table 10. Performance comparison between CPLEX and SR-LR.

ϑ UBcarbon
CPLEX SR-LR

Value Time Upper bound Lower bound Gap (%) Time

4000

1000000 7555902 12min53s 7555902 7555902 0 3 s

2500000 7555902 13min48s 7555902 7555902 0 3 s

5000000 7555902 15min45s 7555902 7555902 0 3s

5660

1000000 10500742 2h21min5s 10500742 10500742 0 3 s

2500000 NS NS 10335971.2 10335157.05 0.0079 8 s

5000000 NS NS 9954911.36 9954637.8 0.0027 15 s

7000

1000000 NS NS 12877901 12877901 0 4 s

2500000 NS NS 11441225.9 11440459.27 0.0067 27 s

5000000 NS NS 10269444 10268599.76 0.0082 37 s
*Note: NS indicates that CPLEX failed to obtain a valid solution for the corresponding instance because of excessive computational

requirements, including memory and model-size limitations.

5.3. Sensitivity analysis

To further analyze the impact of key parameter variations on EVB recycling network design and
system performance, sensitivity analysis is conducted based on the benchmark scenario. The analysis
focuses on the effects of core parameters, including the unit penalty cost of unrecovered batteries and
the maximum carbon emission cap, on network configuration, recycling scale, and total system cost.

5.3.1. Impact of carbon emission constraint

To investigate the impact of carbon emission constraints on EVB recycling network design, sensitivity
analysis is performed on the maximum carbon emission cap UBcarbon, under the condition that the unit
penalty cost of unrecovered batteries is fixed at 7000 USD. The value of UBcarbon varies from 1,000,000 to
5,000,000.

Figure 4 illustrates the composition of system costs, recycling performance, and carbon emission
variations under different carbon emission constraint levels, while Figure 5 further presents the evolution
of the recycling network structure and transportation routes under the corresponding scenarios.

First, Figure 4(a–c) shows that with the gradual relaxation of the carbon emission cap, the internal
network operational cost increases significantly, while the network construction cost exhibits only a
slight increase. This indicates that under strict carbon constraints, system operations are compressed to
control carbon emissions, whereas relaxed constraints lead to higher utilization of internal facilities and
increased operational costs.

Figure 4(b) shows that the penalty cost of unrecovered batteries decreases significantly with the increase
in the carbon emission cap (from 12.418 million USD to 1.543 million USD), while the internal recycling
cost continues to increase. This phenomenon indicates that under looser carbon constraints, the system
increases recycling activities to reduce high penalty costs, thereby achieving overall cost optimization.

Figure 4(d–e) shows that total system cost decreases monotonically as the carbon emission cap
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increases, while the number of recycled batteries increases significantly, and the number of unrecovered
batteries decreases markedly. This result suggests a potential conflict between carbon-emission control
and recycling targets. Under excessively strict carbon caps, the system tends to reduce recycling and
processing activities in order to satisfy environmental requirements, which may lead to a larger number
of unrecovered batteries and higher penalty costs. Therefore, carbon-emission policies should be
designed carefully to balance environmental objectives and recycling-performance targets.

In terms of environmental impact, Figure 4(f) shows that both transportation-related and processing-
related carbon emissions increase as the carbon emission cap is relaxed, with processing-related
emissions dominating total emissions. This indicates that facility processing activities are the primary
source of carbon emissions in the recycling network compared with transportation activities.

(a) (b) (c)

(d) (e) (f)

Figure 4. Impact of carbon emission constraints on network performance.

From a network structure perspective, Figure 5 clearly reflects the evolutionary characteristics
of the network topology under different carbon constraints. With a relatively low carbon emission
cap (e.g., UBcarbon = 1, 000, 000), internal recycling and processing facilities remain inactive, and the
system exhibits a configuration without internal network deployment. This indicates that under strict
carbon constraints and high facility investment costs, the construction of an internal network is not
economically viable. As the carbon constraint is gradually relaxed, the network evolves from a non-
facility configuration to a more dense and decentralized structure. The results also reveal a potential
conflict between carbon-emission control and recycling targets. Although stricter carbon caps can
effectively reduce emissions, they may simultaneously suppress recycling activities and increase the
number of unrecovered batteries. Therefore, carbon-emission policies should be designed together with
recycling-oriented incentives rather than implemented in isolation.
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Figure 5. Spatial configuration of the EVB recycling network.

5.3.2. Impact of recovery penalty and external resource availability

To further analyze the effects of unrecovered battery penalty cost and external recycling resource
availability on recycling network operations, sensitivity analysis is conducted by taking the unit penalty
cost of unrecovered batteries as the key parameter under different maximum numbers of external
recyclers, Zmax = 4, 5, 6. The corresponding results are shown in Figure 6.

Figure 6(a) shows that when the penalty cost is relatively low (e.g., 1000 and 4000 USD), the internal
network design cost is nearly zero, indicating that internal recycling facilities are not activated. This is
because, under low penalty conditions, abandoning partial battery recovery and paying penalty costs
is economically more favorable. However, when the penalty cost increases to 5660 USD and above,
internal network cost increases significantly, indicating that collection centers and processing facilities
are widely deployed. This result demonstrates that the penalty mechanism plays a key role in driving
the system from a “recovery-avoiding” state to an “active recovery” state. Meanwhile, as Zmax increases,
internal network cost exhibits an overall decreasing trend, suggesting that the introduction of external
resources partially substitutes internal facility investment and reduces the scale of the self-built network.
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Figure 6(b) shows that external recycling cost increases significantly with larger Zmax, since a greater
number of external recyclers leads to more outsourcing of recycling tasks. It is also noteworthy that when
the penalty cost is relatively high, external recycling cost tends to stabilize, indicating that the utilization
of external resources gradually reaches saturation, and a relatively stable division of responsibilities
between internal processing and external recycling is formed.

Figure 6(c) shows that unrecovered battery penalty cost reaches its peak at a penalty level of 4000
USD and then decreases sharply as the penalty cost further increases, eventually approaching zero.
This indicates that a moderate penalty level is insufficient to fully incentivize recycling behavior,
whereas a high penalty cost can significantly suppress unrecovered battery occurrences. In addition,
a larger Zmax helps reduce the number of unrecovered batteries, especially in the medium-to-high
penalty range, suggesting that external resources play an important role in alleviating insufficient
internal recycling capacity.

Figure 6(d-e) show that internal recycling cost and carbon-related cost increase significantly once the
penalty cost exceeds a certain threshold. This is mainly because the increase in recovered volume drives
higher transportation and processing activities, thereby increasing carbon emissions and related costs.
However, both types of costs decrease when Zmax increases because part of the recycling workload is
transferred away from the self-built network. As a result, transportation and processing activities within
the modeled network are reduced, leading to lower operational and carbon-emission costs within the
adopted accounting boundary.

Figure 6(f) shows that total system cost increases significantly with the growth of penalty cost, which
is mainly driven by simultaneous increases in internal network construction and operation expenditures,
recycling costs, and carbon emission costs. However, increasing Zmax can effectively reduce total
cost, and this reduction effect becomes more pronounced under high penalty scenarios, indicating that
external resources have higher value under high-pressure conditions.

Finally, Figure 6(g-h) show that both transportation-related and processing-related carbon emissions
increase significantly under high penalty cost scenarios, with processing emissions playing a dominant
role. Meanwhile, a larger Zmax can reduce carbon emissions to some extent, suggesting that the
carbon emissions generated within the self-built recycling network decrease as more recycling tasks are
outsourced to external recyclers. Since the subsequent operations of external recyclers are not explicitly
modeled, these results should be interpreted only within the adopted carbon-accounting boundary.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 6. Impact of unit penalty cost for unrecovered batteries and maximum number of
external recyclers on system performance.

In summary, the unrecovered battery penalty cost is the key driver of recycling behavior, while the scale
of external recycling resources significantly affects system cost structure and operational flexibility. The
interaction between these two factors leads to a trade-off relationship between internal and external resources
and induces a balance between economic cost and carbon emissions. These results further suggest that
recovery penalties and external resource availability should not be viewed as independent decision parameters,
since their combined effects substantially influence network configuration and recycling performance. Similar
observations regarding policy interaction effects and system-level adaptation have also been reported in recent
studies on EVB recycling systems [45]. More broadly, Wang et al. [46] also emphasized that sustainability
outcomes are jointly influenced by multiple interacting economic and policy factors.

Journal of Industrial and Management Optimization Volume 22, Issue 8, 3562–3604.



3597

5.3.3. Impact of combinatorial auction mechanism under carbon constraints

To analyze the impact of the combinatorial auction with WD mechanism (i.e., introduction of
external recyclers) under carbon emission constraints on system performance, a comparative analysis is
conducted between the cases “with external recyclers” and “without external recyclers”. The results are
shown in Figure 7.

Figure 7(a) shows that, after introducing external recyclers, both internal network construction cost
and operational cost decrease, while the total penalty cost of unrecovered batteries is significantly
reduced. This indicates that the introduction of external recycling resources effectively enhances
the overall recycling capacity of the system, thereby reducing reliance on high penalty mechanisms.
Therefore, the combinatorial auction mechanism not only partially substitutes internal facility investment,
but more importantly, significantly alleviates the issue of unrecovered batteries.

Figure 7(b) shows that, after introducing external recyclers, additional management costs and auction
costs are incurred. However, both internal recycling cost and carbon-related cost decrease. This result
indicates that part of the recycling burden is transferred from the self-built network to external recyclers,
thereby reducing transportation and processing activities within the self-built network. Consequently,
lower operational costs and lower carbon-emission costs are observed within the modeled network.

Figure 7(c) shows that, after introducing external recyclers, the amount of recycled batteries
increases significantly, while unrecovered batteries decrease markedly, further validating the effec-
tiveness of the combinatorial auction mechanism in improving the recovery rate. In particular, under
conditions of limited internal resources, the compensatory and balancing role of external resources
becomes more pronounced.

Figure 7(d) shows that transportation-related and processing-related carbon emissions within the self-
built recycling network decrease after introducing external recyclers, with a more significant reduction
observed in the processing stage. This result indicates that outsourcing part of the recycling tasks can
reduce the transportation and processing burden borne by the internal network. Therefore, lower carbon
emissions are observed within the adopted carbon-accounting boundary.

Figure 7(e) shows that total system cost decreases significantly after introducing external recyclers.
This indicates that, under carbon emission constraints, the combinatorial auction mechanism can effec-
tively improve the overall economic performance of the system and achieve coordinated optimization
between cost control and recycling efficiency. In addition, significant differences in recycling routes and
logistics network structures are observed under different scenarios, as illustrated in Figure 8.

In summary, under the joint effects of carbon emission constraints and disruption risks, the introduc-
tion of an external recycling mechanism based on combinatorial auctions effectively compensates for the
limited capacity of the internal network and improves overall recycling efficiency. In addition, reductions
in transportation and processing activities within the self-built recycling network lead to lower carbon
emissions within the adopted accounting boundary. These results demonstrate the effectiveness of the
proposed mechanism in improving the economic and operational performance of the recycling network
under complex and uncertain environments.
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(a) (b) (c)

(d) (e)

Figure 7. Impact of combinatorial auction mechanism on network performance.

Figure 8. Spatial configuration of the EVB recycling network.

6. Managerial implications

The results indicate that carbon-emission constraints play a fundamental role in shaping recycling-
network configuration and operational decisions. While stricter carbon caps can effectively reduce
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carbon emissions within the self-built recycling network, they may also suppress recycling activities and
increase the number of unrecovered batteries. Therefore, carbon-emission policies should be designed
carefully to balance environmental objectives and recycling targets, particularly in regions where battery
recovery is a strategic priority.

The penalty cost of unrecovered batteries serves as an important economic driver of recycling
behavior. Higher penalty levels encourage facility deployment and recycling participation, thereby
reducing the quantity of unrecovered batteries. However, stronger recovery incentives may also increase
transportation and processing activities. Consequently, recovery targets and environmental objectives
should be coordinated rather than implemented independently.

External recyclers provide an important flexibility mechanism for coping with disruption risks and
temporary capacity shortages. The results show that external resource participation can reduce system
costs and improve recycling performance by alleviating the operational burden on the self-built network.
In addition, the combinatorial auction mechanism enables efficient allocation of external recycling
resources and enhances system adaptability under uncertain operating environments.

Overall, findings suggest that effective EVB recycling management should rely on the coordinated
design of carbon-emission constraints, recovery incentives, and external resource participation. Rather
than treating these factors as isolated decision instruments, decision-makers should consider their
combined influence on recycling performance, economic efficiency, and system resilience. Such a
coordinated approach can provide greater flexibility and robustness for EVB recycling systems operating
under disruption risks and environmental regulations.

7. Conclusions

This study investigates a EVB recycling network design under green low-carbon requirements and
disruption uncertainty from a 4PL coordination perspective. To address the limited adaptability of
traditional recycling networks under uncertainty and the inefficiencies associated with multi-source
resource allocation, the WD mechanism of combinatorial auctions is incorporated into the network
design process. A two-stage stochastic programming TSSP model incorporating carbon-emission
constraints is developed to jointly optimize facility location and reinforcement decisions, capacity
reservation, logistics routing configuration, and external resource selection. To address the large-
scale nature and computational complexity of the problem, a hybrid SR-LR algorithm that combines
scenario reduction and Lagrangian relaxation is developed to improve computational efficiency. The
effectiveness of the proposed model and solution approach is validated through a real-world case
study and numerical experiments. The results show that carbon-emission constraints play a significant
role in shaping network design decisions, substantially affecting recycling scale, cost structure, and
network topology. The penalty cost of unrecovered batteries is identified as a key driver of recycling
behavior, while the introduction of external recycling resources can effectively alleviate internal
capacity shortages, reduce total system cost, and improve recycling efficiency. In addition, the
combinatorial auction-based resource allocation mechanism captures synergies among multiple tasks,
improves the efficiency of external resource selection, and enhances system flexibility and resilience
under disruption scenarios. Overall, the proposed framework provides an effective balance among
economic cost, recycling efficiency, and carbon-emission control, offering decision support for the
design of green and resilient EVB recycling networks.
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Several limitations of this study provide opportunities for future research. First, the proposed model
represents disruption uncertainty through a finite set of scenarios with known occurrence probabilities.
Future studies may investigate robust optimization or distributionally robust optimization when proba-
bility information is unavailable or difficult to estimate. Second, this study focuses on a single-period
strategic planning problem. Extending the framework to a multi-period dynamic setting that captures the
evolution of battery returns, facility capacities, and recycling demand over time would further enhance
practical applicability. Third, the bidding behavior of external recyclers is assumed to be predefined and
deterministic. Future research may incorporate strategic bidding and game-theoretic interactions within
the combinatorial auction framework. Finally, although the proposed SR-LR algorithm demonstrates
strong computational performance, integrating advanced intelligent optimization techniques, such as
reinforcement learning and deep learning-assisted search, may further improve scalability and solution
efficiency for large-scale stochastic recycling network design problems.
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