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Abstract: Reverse logistics is convincingly one of the most efficient solutions to reduce environmental
pollution and waste of resources by capturing and recovering the values of the used products.
Many studies have been developed for decision-making at tactical, practical, and operational levels
of the reverse supply chain. However, many enterprises face a challenge that is how to design the
reverse logistics networks into their existing forward logistics networks to account for both economic
and environmental sustainability. In this case, it is necessary to design a novel reverse logistics
network by reconstructing the facilities based on the existing forward logistics network. Multi-level
investments are considered for facility reconstruction because more investment and more advanced
remanufacturing technologies need to be applied to reduce the carbon emissions and improve facility
capacities. Besides, uncertain elements include the demand for new products and return quantity of
used products, making this problem challenging. To handle those uncertain elements, a bi-objective
stochastic integer nonlinear programming model is proposed to facilitate this novel reverse logistics
network design problem with economic and environmental objectives, where tactical decisions of
facility locations, investment level choices, item flows, and vehicle assignments are involved. To show
the applicability and computational efficiency of the proposed model, several numerical experiments
with sensitivity analysis are provided. Finally, the trade-off between the profit and carbon emissions
is presented and the sensitive analysis of changing several key input parameters is also discussed.

Keywords: carbon emissions; facility reconstruction; reverse logistics network; stochastic integer
programming; sustainability

1. Introduction

Facing the increasing competitiveness of business and market globalization, firms have been
focusing on the supply chain network design for a few decades. Usually, the supply chain network
design involves suppliers of raw materials, production plants, distribution centers (warehouses),
and customer zones. Supply chain management encompasses the planning and management of all
activities involved in sourcing and procurement, conversion, and all logistics management activities [1].
Because it has been suggested by experts that 80% of supply chain cost is determined by facility
locations and item flows among facilities, a better supply chain network should be strategically
designed to reduce the cost [2–6].

In the last few decades, with a greater awareness of responsibility for the environment and the need
to sustain profitability in a competitive market, the reverse logistics network design has become a key
part of supply chain management, which has resulted in great interests in remanufacturing operations
and the sustainability of logistics in supply chain management [7,8]. Reverse logistics, which is defined
as the process of planning, implementing, and controlling the efficient and cost-effective flow of raw
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materials, in-process inventory, finished goods, and related information from the point of consumption
to the point of origin for the purpose of recapturing value or proper disposal [9]. In reverse logistics,
the used products (also referred to as end-of-life or end-of-use products) from customers are repaired
and recovered back to the proper function [10–12] at remanufacturing plants. After that, the recovered
products can be redelivered to the customer zones to be sold again.

In reverse logistics, the flow of used products is processed from the customer zones to
remanufacturing plants and disposal centers via hybrid distribution centers [13]. In the supply chain
network design, designing the reverse logistics network independently usually leads to a sub-optimal
design with respect to the objectives of the whole supply chain [14,15]. Hence, the reverse logistics
network should be designed with respect to the forward logistics network [16] to better balance the
economic and environmental benefits. Besides, if the market demand holds steady, constructing
additional facilities to recover the used products is also costly and unnecessary. Considering the
higher infrastructure cost in the establishment of reverse logistics network independently [17,18],
the design of a reverse logistics network by reconstructing the existing facilities into hybrid processing
facilities is an efficient solution to save cost and reduce carbon emissions as a result of sharing the
base infrastructure [19]. Little research concerning facility reconstruction has been conducted in the
past. Besides, to further reduce carbon emissions and improve environmental performance, higher
investments are beneficial because more advanced remanufacturing technologies can be applied in
a reverse logistics system [20,21]. A higher volume of used products can also be collected due to higher
investments [22]. Hence, it is reasonable to consider multi-level investments in terms of technology
selection and design for facility reconstruction so that the different remanufacturing technologies can
be applied to balance the economic and environmental benefits. In addition, uncertainty is one of the
most significant challenges in the design of the reverse logistics network, such as demand for new
products and return quantity of used products. However, the literature integrating uncertain elements
in the reverse logistics network design problems is still rare.

Against the backdrop of uncertainties, the aim of this study is to design a reverse logistics network
by reconstructing the existing facilities into hybrid processing facilities under an uncertain environment,
where the new and used products can be transported via these hybrid processing facilities. The main
goal of this study is to formulate a bi-objective stochastic integer nonlinear programming model for
this novel reverse logistics network design with objectives of maximization of the expected total profit
and minimization of the expected total carbon emissions of the system. The trade-off between those
two objectives is justified to support production, recovery, and disposal activities in reverse logistics
network. Specifically, the main tasks of this study are to determine investment levels at facilities,
item flows (i.e., raw materials, used products, and new products), and vehicle numbers of different
types between facilities.

The remainder of this paper is organized as follows. Section 2 systematically reviews the previous
studies that are related to mathematical programming models for the reverse logistics network design
problems. Section 3 provides a description of the problem with concerns. In Section 4, a bi-objective
stochastic integer nonlinear programming model is proposed to handle the novel reverse logistics
network design problem. Then, computational results are presented and discussed in Section 5. Finally,
Section 6 concludes this study, outlining its contributions and possible directions for future work.

2. Literature Review

In the last few decades, many attempts have been conducted to design the reverse logistics network.
Here, the literature review is separated into two subsections. In the first subsection, some recent studies
of reverse logistics network design models under uncertainty are reviewed. The second subsection
summarizes some previous literature associated with carbon emissions in the design of reverse logistics
networks. The studies considering facility reconstruction in reverse logistics network design are also
reviewed in this subsection.
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2.1. Reverse Logistics Network Design

Within the last decade, reverse logistics network design has drawn the attention of researchers
and firms due to the growing environmental concerns, legislation, corporate social responsibility,
and sustainable competitiveness [23]. Prajapati, et al. [24] summarized the number of articles on
reverse logistics in the journals with its H-index. The number is 84 from 2009 to 2011, 128 from 2012
to 2014, and 147 from 2015 to 2017, where the growing number of studies reflects the significance of
this subject. Due to the popularity of generic reverse logistics network design, some recent literature
about reverse logistics network design has been reviewed by many researchers. For instance, Pokharel
and Mutha [25] investigated the development in research and practice in reverse logistics network
design through content analysis of the published literature, which started from the collection of used
products to the final output processing. Agrawal, et al. [23] presented a comprehensive review of
the literature on reverse logistics network design issues, which filled the gap between the previous
issues and outlined the future directions for research. However, they filed to outline the redesign of
the reverse logistics network.

Most previous studies in this area have focused on the problem only in deterministic
environments [26–28]. However, the main feature of reverse logistics network design is the high-level
uncertainty inherent, which is one of the most important challenges in reverse logistics activities.
Particularly, the uncertainties in the demand for new products and return quantity of used products
are inescapable based on a review by Govindan, et al. [29]. Many studies have investigated various
uncertain factors in reverse logistics through stochastic optimization models with different possible
scenarios. Listeş and Dekker [30] presented a stochastic mixed-integer programming model for product
recovery network design, which was extended to explicitly account for the demand and supply
uncertainties. Salema, et al. [31] studied and designed a generic reverse logistics network to minimize
the total cost. They considered capacity limits, multi-product management, and uncertain demand
for the new products and return quantity of used products. Niknejad and Petrovic [7] developed
a two-phase fuzzy mixed-integer optimization model for the inventory control and production planning
problem in an integrated reverse logistics network under demand and return quantities uncertainties.
Moghaddam [32] developed a fuzzy multi-objective mathematical model for designing a reverse
logistics network, which captured several uncertain elements including customer demand, supplier
capacity, and percentage of used products. Daaboul, et al. [33] proposed an integrated closed-loop
product lifecycle management approach to design a reverse logistics network, which was divided
into two processes. The first process involved environmental impacts of the potential reverse logistics
networks, whereas the most appropriate reverse logistics network was selected in the second process.
Li, et al. [34] designed a multi-period multi-echelon reverse logistics network for multiple products to
maximize the profit incurred in the recovery process, where the uncertain quantity and quality of used
products from customers were considered.

Based on the above studies, within the scope of reverse logistics network design, the uncertainty
is an inescapable feature that needs to be considered. However, the above studies neglect that the
feature of carbon emissions is also an important part of the design of the reverse logistics network.
In addition to the consideration of monetary objectives of commercial logistics, this study also considers
the carbon emissions as an objective. Given various uncertain elements, the stochastic modeling
approach has been widely utilized by many researchers to solve the reverse logistics network design
problems [23,35,36]. Besides, many researchers have developed various single-objective optimization
models by simply penalizing carbon emissions using carbon tax [37–39] and introducing it into the
objective function, which is inappropriate because the carbon tax is very difficult to be determined.
Different from previous studies, this study considers two objectives separately, namely (i) maximization
of the total profit and (ii) minimization of the total carbon emissions. However, the methodology
to design a reverse logistics network with those two objectives under uncertainty is still rare. Thus,
there is a need to develop a bi-objective stochastic optimization model to better deal with carbon
emissions under uncertainty.
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2.2. Carbon Emissions and Facility Reconstruction in Reverse Logistics Network Design

To emphasize the responsibility for environmental sustainability, the environmental impact
(carbon emissions) needs to be considered as an objective in the design of the reverse logistics network.
However, due to the difficulty in counting the carbon emissions, environmental impact is usually
accounted through a proxy measure in the reverse logistics activities. Hence, many researchers have
considered this objective in their reverse logistics network design problems. Kannan, et al. [40] proposed
a mixed-integer linear programming model to minimize the total cost for a carbon footprint-based
reverse logistics network design by monetizing and compositing carbon emissions (CO2 footprint)
with the overall system cost. Diabat, et al. [41] presented a multi-echelon multi-commodity facility
location problem to minimize the sum of fixed-facility location, transportation, and carbon emission
costs for the closed-loop supply chain design, with a trading price of carbon emissions and a cost
of procurement. Choudhary, et al. [37] presented a quantitative operational decision-making model
for an integrated forward and reverse logistics network design by considering the carbon emissions.
The model aimed to minimize both the total cost and the carbon footprint of the whole supply chain
system. Yu and Solvang [21] proposed a multi-objective mixed-integer programming model for the
design of a general reverse logistics network, which aimed to minimize the system operating cost and
minimize the carbon emissions associated with the transportation and processing of used products.
Guo, et al. [42] developed a two-stage integrated forward and reverse logistics network for food
e-commerce enterprises under the environment of low-carbon emissions. The model aimed to minimize
the overall cost of the system in the first stage and minimize the overall cost of the circulation-type
distribution vehicle routing in the second stage. Zarbakhshnia, et al. [8] proposed a multi-objective
mixed-integer linear programming model for designing and planning a green forward and reverse
logistics network, whereby three objectives were considered: namely (i) minimization of the total cost;
(ii) minimization of CO2 emissions; and (iii) minimize the number of machines in the production line.
Xiao, et al. [43] proposed a mixed integer linear programming mathematical model for a design of
four-tier reverse logistics network for end-of-life vehicles under carbon tax regulation. Obviously,
the carbon emissions associated with transportation and production have been widely considered
in the above studies. However, they neglect the fact that the carbon emissions also come from raw
materials themselves [44], which also has a great influence on the item flows in the reverse logistics
network. Besides, the above studies only consider the same item-based carbon-emission rate in the
transportation process, which is also inappropriate. In the practical transportation process, different
vehicle types are commonly rented to deliver the items between facilities [45], which results in different
vehicle-based carbon emissions. Thus, different vehicle types need to be considered in the design of
reverse logistics. In addition, the methodology suggested by Hickman, et al. [46] is used to calculate
carbon emissions of different vehicle types and applied in this study.

In practice, many enterprises have faced such a problem that is how to redesign their existing
supply chains and implement the related activities to improve environmental performance [47,48],
for example the redesign of the reverse logistics network to recover the used products, such as containers
and electronics (e.g., cylinders and cameras) [49–51]. It has been proven convincingly that the supply
chain redesign with multi-purpose production plants (also referred to as hybrid processing production
plants) is helpful for decision makers to decide where to introduce a new production process [49].
Feitó-Cespón, et al. [52] proposed a multi-objective stochastic optimization model to redesign the
sustainable supply chain to recycle certain products. However, the hybrid processing production plant
has never been considered in the reverse logistics network design. This is because it has been suggested
that approximately 70% of global greenhouse gas emissions come from infrastructure construction and
operations such as power plants, buildings, and transportation [53]. In addition, shared infrastructure
can reduce carbon emissions by between 50 and 70 percent in a system [54]. Facility reconstruction
needs to be considered so that the infrastructure can have shared use for reducing carbon emissions.
To further reduce the carbon emissions and improve profit, multi-level investments for reconstructing
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facilities are considered because more advanced remanufacturing technologies can be applied in the
reverse logistics system [20–22].

It has been suggested that designing the reverse logistics network independently may lead to
sub-optimal performance [55], so the reverse logistics network design should be conducted with respect
to the existing forward logistics network. To avoid the sub-optimality caused by the separate design of
the reverse logistics network, facility reconstruction is considered as a solution to design the reverse
logistics network based on the redesign of the existing forward logistics network [56], which is seldom
studied before. Only Dai and Wang [57] designed a reverse logistics network on the basis of the existing
forward logistics network, where the existing distribution centers were reconstructed for expansion
to handle the recycling items. Considering the higher cost and carbon emission of infrastructure in
the establishment of reverse logistics network independently [17,18], the design of a reverse logistics
network by reconstructing the existing facilities into hybrid processing facilities is an efficient solution
to save cost and reduce carbon emissions as a result of sharing the base infrastructure [19]. In this
study, specifically, both the hybrid processing production plants and hybrid processing distribution
centers are necessary to be reconstructed while designing the reverse logistics network.

2.3. Novelty and Contribution

With respect to the previous studies, many efforts have been conducted for the reverse logistics
network design under uncertainty. However, the literature considering carbon emissions in the
design of the reverse logistics network is still rare. To avoid the sub-optimal design of a reverse
logistics network, a novel reverse logistics network needs to be designed with respect to the existing
forward logistics network. Besides, facility reconstruction, which reduces the infrastructure cost
and carbon emissions [20–22], has never been considered in the design of reverse logistics network
under the context of carbon emissions and uncertain environment. In addition, no previous studies
consider multi-level investments to reconstruct facilities that make the design of the reverse logistics
network more reliable and flexible. Those concerns make this reverse logistics network design problem
more challenging.

To fill this research gap, the current study is conducted and the contribution can be summarized
as follows. Firstly, a novel reverse logistics network design problem is presented by reconstructing
the existing facilities into hybrid processing facilities with respect to the existing forward logistics
network. Secondly, this study considers uncertain demand for new products, return quantity of
used products, multi-level investments at facilities, and carbon emissions (caused by transportation,
raw materials, and production process). Thirdly, to better model the reality, different vehicle types
with different capacities and carbon-emission rates are used to deliver the items between facilities.
Then, a bi-objective stochastic integer nonlinear programming model is proposed to model this reverse
logistics network design problem, with the objectives of maximizing the total profit and minimizing the
total carbon emissions. In addition, the weighted-sum methodology is applied to solve the proposed
bi-objective stochastic optimization model. Finally, a numerical analysis is conducted to show the
applicability and computational efficiency of the proposed model.

3. Problem Description

This section describes the novel reverse logistics network design problem by reconstructing
the facilities based on the existing forward logistics network under the considerations of carbon
emissions and an uncertain environment. In the forward logistics network, suppliers, production
plants, distribution centers, and customer zones (retailers) are considered. Whereas the reverse
logistics network comprises customer zones, collection centers, disposal centers, and recovery plants.
In the design of the reverse logistics network, hybrid processing facilities are considered to save cost
and reduce carbon emissions because of sharing material handling equipment and infrastructures.
Hybrid distribution–collection (HDC) centers and hybrid production–recovery (HPR) plants can be
built by reconstructing the existing distribution centers and production plants, respectively. Hence,
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the collection process can be performed at HDC centers, and the recovery process can be performed at
HPR plants.

As illustrated in Figure 1, in the forward logistics network, the raw materials are shipped from
suppliers to production plants and HPR plants, where the new products are produced. After the
production process, these new products are shipped to customer zones to meet the demand of customers
via distribution and HDC centers. In the reverse logistics network, at customer zones, the used products
are inspected and sorted into two groups according to their quality levels: recovery and disposal.
The used products with lower quality levels are shipped to disposal centers directly. The remaining
used products are shipped to HPR plants for recovery via HDC centers. After the recovery activities,
the recoverable products are redelivered to customer zones to be sold via distribution and HDC
centers. The main problem in the design of the reverse logistics network is to choose the existing
distribution centers and production plants that need to be reconstructed into HDC centers and HPR
plants, respectively.
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In the design of this novel reverse logistics network, the high-level inherent uncertainty makes the
problem a big challenge. At customer zones, the uncertain demand for new products is inescapable
because of market volatility. Whereas, in the reverse logistics network, the return quantity of used
products is usually uncertain. To overcome the previously identified limitations, the uncertain
elements are represented in terms of a number of discrete realizations of stochastic quantities that
constitute distinct scenarios. For supply and demand at a customer zone, there is a set of scenarios
Ξ. For a particular scenario ξ ∈ Ξ, there is a probability of occurrence P(ξ), such that P(ξ) > 0 and∑
ξ∈Ξ P(ξ) = 1.

In addition to the uncertain elements in the design of the reverse logistics network, this study
also considers the carbon emissions not only from the raw materials but also from the production
and transportation processes. In the transportation process, carbon emissions caused by vehicles are
considered. The methodology used to calculate carbon emissions comes from Hickman, et al. [46].
They consider carbon emission performances from different vehicle types. The functions of carbon
emission rates depend on the average vehicle speed and a number of predefined parameters. For a given
vehicle type with weight, the parameter values provided by Hickman, et al. [46] are adopted and the
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corresponding carbon emission (CO2) factor can be obtained. Moreover, this study also considers the
multi-level investments at facilities so that a more reliable reverse logistics network can be designed to
further reduce total investment and carbon emissions.

On the whole, it is hoped that this study can provide great decision-making in the design of a novel
reverse logistics network from the perspective of economic, environmental, and social sustainability.
The objectives of this novel reverse logistics network design are to maximize the expected total profit
and to minimize the expected total carbon emissions for the whole system. The total revenue consists of
the income obtained from selling new products at customer zones and used products at disposal centers.
The total cost comprises the multi-level investments at facilities (i.e., distribution centers, production
plants, and disposal centers), purchase cost (i.e., raw materials and used products), production cost,
recovery cost, and transportation cost. The carbon emissions come from the raw materials, production
process, and transportation process.

Before the mathematical formulation is presented for the novel reverse logistics network design
problem, some assumptions are provided:

• The forward logistics network with facilities is given. The HPR plants and HDC centers are
selected from the existing production plants and distribution centers, respectively. The potential
disposal center locations are known.

• The return rate of used products for recovery is given. The used products with lower quality
levels are delivered to the disposal centers directly. The used products with higher quality levels
can be recovered at HPR plants.

• The materials are sufficient at suppliers so that the demand at customer zones can be met.
In addition, one unit of raw material is used to produce one new product.

• The carbon emissions of raw materials and production process are known. The carbon emissions
of vehicles used in this study are predefined and suggested by Hickman, et al. [46].

4. Stochastic Programming Model

4.1. Notations

The proposed mathematical model uses the following notations.

Sets

Z Set of customer zones, indexed by z ∈ Z.
C Set of distribution centers (potential HDC centers), indexed by c ∈ C.
B Set of potential disposal centers, indexed by b ∈ B.
P Set of production plants (potential HPR plants), indexed by p ∈ P
L Set of investment levels, indexed by l ∈ L.
S Set of suppliers, indexed by s ∈ S.
T Set of vehicle types, indexed by t ∈ T
Ξ Set of scenarios, indexed by ξ ∈ Ξ.

Parameters

IBbl Cost of investment-level l for opening disposal center b.
ICcl Cost of investment-level l for reconstructing HDC center c.
IPpl Cost of investment-level l for reconstructing HPR plant p.
Qrs Quantity of raw materials at supplier s.
Sncl Capacity of new products at distribution center c under investment-level l.
Hncl Capacity of new products at potential HDC center c under investment-level l.
Ducl Capacity of used products at potential HDC center c under investment-level l.
Crpl Capacity of raw materials at production plant p under investment-level l.
Hrpl Capacity of raw materials at potential HPR plant p under investment-level l.
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Pupl Capacity of used products at potential HPR plant p under investment-level l.
Cubl Capacity of used products at potential disposal center b under investment-level l.
Dzb Distance between customer zone z and potential disposal center b.
Dzc Distance between customer zone z and distribution center c.
Dcp Distance between distribution center c and production plant p.
Dsp Distance between supplier s and production plant p.
Wr Weight of one raw material.
Vr Volume of one raw material.
Wn Weight of one new product.
Vn Volume of one new product.
Wu Weight of one used product.
Vu Volume of one used product.
Wt Weight capacity of vehicle-type t.
Vt Volume capacity of vehicle-type t.
TSt Travel speed of vehicle-type t.
USt Unit shipping cost of vehicle-type t.
Br Cost of purchasing one raw material.
Bu Cost of collecting one used product.
RN Cost of producing one new product using one raw material.
UN Cost of producing one new product by recovering one used product.
Pn Price of selling one new product at customer zones.
Pu Price of selling one used product at disposal centers.
HD Maximum number of HDC centers can be opened.
HP Maximum number of HPR plants can be opened.
DC Maximum number of disposal centers can be opened.
Ru Return rate of used products for recovery.

Eul
Carbon emissions of producing one new product by recovering one used product under
investment-level l at HPR plants.

Er Carbon emissions of producing one new product using one raw material.
Rr Previous carbon emissions of one raw material.
εt The carbon emission factor of vehicle-type t.

Stochastic parameters

Dzξ Potential demand for new products at customer zone z in scenario ξ.
Rzξ Potential quantity of used products at customer zone z in scenario ξ.
Pξ Occurrence probability of scenario ξ.

Decision variables

uazb
ξ Quantity of used products shipped from customer zone z to potential disposal center b in scenario ξ.

upzc
ξ Quantity of used products shipped from customer zone z to potential HDC center c in scenario ξ.

uqcp
ξ Quantity of used products shipped from potential HDC center c to potential HPR plant p in scenario ξ.

rasp
ξ Quantity of raw materials shipped from supplier s to potential HPR plant p in scenario ξ.

nppc
ξ Quantity of new products shipped from potential HPR plant p to potential HDC center c in scenario ξ.

nqcz
ξ Quantity of new products shipped from potential HDC center c to customer zone z in scenario ξ.

ϕazb
tξ

Quantity of used products stored in vehicle-type t from customer zone z to disposal center b in
scenario ξ.

ϕpzc
tξ

Quantity of used products stored in vehicle-type t from customer zone z to potential HDC center c in
scenario ξ.

ϕqcp
tξ

Quantity of used product stored in vehicle-type t from potential HDC center c to potential HPR plant
p in scenario ξ.

ϕrsp
tξ Quantity of raw material stored in vehicle-type t from supplier s to potential HPR plant p in scenario ξ.

ϕgpc
tξ

Quantity of new products stored in vehicle-type t from potential HPR plant p to potential HDC center
c in scenario ξ.
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ϕhcz
tξ

Quantity of new products stored in vehicle-type t from potential HDC center c to customer zone z in
scenario ξ.

vazb
tξ

Number of vehicle-type t carrying used products transported from customer zone z to disposal center
b in scenario ξ.

vpzc
tξ

Number of vehicle-type t carrying used products shipped from customer zone z to potential HDC
center c in scenario ξ.

vqcp
tξ

Number of vehicle-type t carrying used products shipped from potential HDC center c to potential
HPR plant p in scenario ξ.

vrsp
tξ

Number of vehicle-type t carrying raw materials shipped from supplier s to potential HPR plant p in
scenario ξ.

vgpc
tξ

Number of vehicle-type t carrying new products shipped from potential HPR plant p to potential
HDC center c in scenario ξ.

vhcz
tξ

Number of vehicle-type t carrying new products shipped from potential HDC center c to customer
zone z in scenario ξ.

xbl
{

1 If investment− level l is conducted at disposal center b
0 Otherwise;

ycl
{

1 If investment− level l is conducted at distribution center c
0 Otherwise;

zpl
{

1 If investment− level l is conducted at production plant p
0 Otherwise;

4.2. Model Formulation

In this study, the goals are to maximize the expected total profit for the whole system and to
minimize the expected total carbon emissions so that the optimal disposal center locations, multi-level
investments at facilities, and transportation strategy are determined. The model P is evaluated by the
following two objective functions:

P :

Max Ψ1 = IN + IU −OF−OR−OU −OP−OT (1)

Min Ψ2 = ER + EP + ET (2)

where Ψ1 is the expected total profit and Ψ2 is the expected total carbon emissions; IN is the income of
selling new products at customer zones; IU is the total income of selling used products at disposal
centers; OF is the investment at facilities (i.e., disposal centers, distribution centers, and production
plants); OR is the cost of purchasing raw materials from suppliers; OU is the cost of purchasing
used products at customer zones; OP is the cost in the production process; OT is the cost in the
transportation process; ER is the carbon emissions of raw materials; EP is the carbon emissions in the
production process; and ET is the carbon emissions in the transportation process. The components can
be calculated through the following formulas.

IN =
∑
c∈C

∑
z∈Z

∑
ξ∈Ξ

Pξ·Pn·nqcz
ξ (1a)

IU =
∑
z∈Z

∑
b∈B

∑
ξ∈Ξ

Pξ·Pu·uazb
ξ (1b)

OF =
∑
b∈B

∑
l∈L

IBbl
·xbl +

∑
c∈C

∑
l∈L

ICcl
·ycl +

∑
p∈P

∑
l∈L

IPpl
·zpl (1c)

OR =
∑
s∈S

∑
p∈P

∑
ξ∈Ξ

Pξ·Br·rasp
ξ

(1d)
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OU =
∑
z∈Z

∑
c∈C

∑
ξ∈Ξ

Pξ·Bu·upzc
ξ (1e)

OP =
∑
s∈S

∑
p∈P

∑
ξ∈Ξ

Pξ·RN·rasp
ξ
+

∑
c∈C

∑
p∈P

∑
ξ∈Ξ

Pξ·RU·uqcp
ξ

(1f)

OT =
∑

z∈Z

∑
b∈B

∑
t∈T

∑
ξ∈Ξ

Pξ·
(
vazb

tξ·
Dzb
TSt ·USt

)
+

∑
z∈Z

∑
c∈C

∑
t∈T

∑
ξ∈Ξ

Pξ·
[(

vpzc
tξ + vhcz

tξ

)
·
Dzc
TSt ·USt

]
+

∑
c∈C

∑
p∈P

∑
t∈T

∑
ξ∈Ξ

Pξ·
[(

vqcp
tξ + vgpc

tξ

)
·
Dcp

TSt ·USt
]
+

∑
s∈S

∑
p∈P

∑
t∈T

∑
ξ∈Ξ

Pξ·
(
vrsp

tξ·
Dsp

TSt ·USt
) (1g)

ER =
∑
s∈S

∑
p∈P

∑
ξ∈Ξ

Pξ·Rr·rasp
ξ

(2a)

EP =
∑
s∈S

∑
p∈P

∑
ξ∈Ξ

Pξ·Er·rasp
ξ
+

∑
c∈C

∑
p∈P

∑
l∈L

∑
ξ∈Ξ

Pξ·Eul·uqcp
ξ
·zpl (2b)

ET =
∑

z∈Z

∑
b∈B

∑
t∈T

∑
ξ∈Ξ

Pξ·Dzb·εt·vazb
tξ +

∑
z∈Z

∑
c∈C

∑
t∈T

∑
ξ∈Ξ

Pξ·Dzc·εt·(vpzc
tξ + vhcz

tξ)

+
∑

c∈C

∑
p∈P

∑
t∈T

∑
ξ∈Ξ

Pξ·Dcp·εt·(vqcp
tξ + vgpc

tξ)

+
∑

s∈S

∑
p∈P

∑
t∈T

∑
ξ∈Ξ

Pξ·Dsp·εt·vrsp
tξ

(2c)

subject to: ∑
b∈B

uazb
ξ ≤ Rzξ

·(1−Ru)∀ z ∈ Z, ξ ∈ Ξ, (3)

∑
z∈Z

uazb
ξ ≤

∑
l∈L

Cubl
·xbl
∀ b ∈ B, ξ ∈ Ξ, (4)

∑
z∈Z

∑
b∈B

uazb
ξ = Rzξ

·(1−Ru)∀ ξ ∈ Ξ, (5)

∑
c∈C

upzc
ξ ≤ Rzξ

·Ru∀ z ∈ Z, ξ ∈ Ξ, (6)

∑
z∈Z

upzc
ξ ≤

∑
l∈L

Ducl
·ycl
∀ c ∈ C, ξ ∈ Ξ, (7)

∑
p∈P

uqcp
ξ
≤

∑
z∈Z

upzc
ξ
∀c ∈ C, ξ ∈ Ξ, (8)∑

c∈C

uqcp
ξ
≤

∑
l∈L

Pupl
·zpl
∀ p ∈ P, ξ ∈ Ξ, (9)

∑
p∈P

∑
c∈C

uqcp
ξ
=

∑
z∈Z

∑
c∈C

upzc
ξ ∀ ξ ∈ Ξ, (10)

∑
p∈P

rasp
ξ
≤ Qrs

∀ s ∈ S, ξ ∈ Ξ, (11)

∑
s∈S

rasp
ξ
≤

∑
l∈L

Hrpl
·zpl
∀ p ∈ P, ξ ∈ Ξ, (12)

∑
c∈C

nppc
ξ
≤

∑
s∈S

rasp
ξ
+

∑
c∈C

uqcp
ξ
∀ p ∈ P, ξ ∈ Ξ, (13)

∑
p∈P

nppc
ξ
≤

∑
l∈L

Hncl
∀ c ∈ C, ξ ∈ Ξ, (14)
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∑
z∈Z

nqcz
ξ ≤

∑
p∈P

nppc
ξ
∀ c ∈ C, ξ ∈ Ξ, (15)

∑
c∈C

nqcz
ξ ≥ Dzξ

∀ z ∈ Z, ξ ∈ Ξ, (16)

ϕazb
tξ·Wu ≤Wt, ϕazb

tξ·Vu ≤ Vt
∀ z ∈ Z, b ∈ B, t ∈ T , ξ ∈ Ξ, (17)∑

t∈T

ϕazb
tξ·vazb

tξ ≥ uazb
ξ ∀ z ∈ Z, b ∈ B, ξ ∈ Ξ, (18)

ϕpzc
tξ·Wu ≤Wt, ϕpzc

tξ·Vu ≤ Vt
∀ z ∈ Z, c ∈ C, t ∈ T , ξ ∈ Ξ, (19)∑

t∈T

ϕpzc
tξ·vpzc

tξ ≥ upzc
ξ ∀ z ∈ Z, c ∈ C, ξ ∈ Ξ, (20)

ϕqcp
tξ·Wu ≤Wt,ϕqcp

tξ·Vu ≤ Vt
∀ c ∈ C, p ∈ P, t ∈ T , ξ ∈ Ξ, (21)∑

t∈T

ϕqcp
tξ·vqcp

tξ ≥ uqcp
ξ
∀ c ∈ C, p ∈ P, ξ ∈ Ξ, (22)

ϕrsp
tξ·Wr ≤Wt, ϕrsp

tξ·Vr ≤ Vt
∀ s ∈ S, p ∈ P, t ∈ T , ξ ∈ Ξ, (23)∑

t∈T

ϕrsp
tξ·vrsp

tξ ≥ rasp
ξ
∀ s ∈ S, p ∈ P, ξ ∈ Ξ, (24)

ϕgpc
tξ·Wn ≤Wt, ϕgpc

tξ·Vn ≤ Vt
∀ p ∈ P, c ∈ C, t ∈ T , ξ ∈ Ξ, (25)∑

t∈T

ϕgpc
tξ·vgpc

tξ ≥ nppc
ξ
∀ p ∈ P, c ∈ C, ξ ∈ Ξ, (26)

ϕhcz
tξ·Wn ≤Wt, ϕhcz

tξ·Vn ≤ Vt
∀ c ∈ C, z ∈ Z, t ∈ T , ξ ∈ Ξ, (27)∑

t∈T

ϕhcz
tξ·vhcz

tξ ≥ nqcz
ξ ∀ c ∈ C, z ∈ Z, ξ ∈ Ξ, (28)

∑
l∈L

xbl = 1∀ b ∈ B, (29)

∑
l∈L

ycl = 1∀ c ∈ C, (30)

∑
l∈L

zpl = 1∀ p ∈ P, (31)

∑
b∈B

∑
l∈L

IBbl
·xbl

IBbl
≤ DC, (32)

∑
c∈C

∑
l∈L

ICcl
·ycl

ICcl
≤ HD, (33)

∑
p∈P

∑
l∈L

IPpl
·zpl

IPpl
≤ HP, (34)

xbl, ycl, zpl
∈ {0, 1}∀ l ∈ L, b ∈ B, c ∈ C, p ∈ P, (35)

uazb
ξ

, upzc
ξ

, uqcp
ξ

, rasp
ξ

, nppc
ξ

, nqcz
ξ

,ϕazb
tξ,ϕpzc

tξ,ϕqcp
tξ,ϕrsp

tξ,ϕgpc
tξ,ϕhcz

tξ, vazb
tξ, vpzc

tξ, vqcp
tξ, vrsp

tξ,

vgpc
tξ, vhcz

tξ ≥ 0 & integer variables ∀ z ∈ Z, b ∈ B, c ∈ C, p ∈ P, s ∈ S, t ∈ T , ξ ∈ Ξ,
(36)
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where constraint (3) restricts the outgoing used products for disposal not to exceed the supplied
quantity at each customer zone. Constraint (4) guarantees that the incoming used products do not
exceed the capacity at each disposal center. Constraint (5) guarantees that the total used products for
disposal need to be delivered to disposal centers. Constraint (6) restricts the outgoing used products
for recovery not to exceed the supplied quantity at each customer zone. Constraint (7) guarantees the
incoming used products do not exceed the capacity at each HDC center. Constraint (8) restricts the
outgoing used products so they do not exceed the supplied quantity at each HDC center. Constraint (9)
guarantees the incoming used products do not exceed the capacity at each HPR plant. Constraint (10)
ensures the transportation balance of used products between HDC centers and HPR plants. Constraint
(11) restricts the total outgoing raw materials so they do not exceed the available quantity at each
supplier. Constraint (12) guarantees the incoming used products do not exceed the capacity at each
potential HPR plant. Constraint (13) restricts the outgoing new products so they do not exceed the
supplied quantity of raw materials and used products at each potential HPR plant. Constraint (14)
guarantees the incoming new products do not exceed the capacity at each potential HDC center.
Constraint (15) restricts the outgoing new products so they do not surpass the supplied quantity of
new products at each potential HDC center. Constraint (16) guarantees that the demand for new
products at customer zones should be met. Constraints (17) and (18) guarantee that assigned vehicles
are able to deliver the used products from customer zones to disposal centers. Constraints (19) and
(20) guarantee that assigned vehicles are able to deliver used products from customer zones to HDC
centers. Constraints (21) and (22) guarantee that assigned vehicles are able to deliver used products
from HDC centers to HPR plants. Constraints (23) and (24) guarantee that assigned vehicles are able
to deliver raw materials from suppliers to potential HPR plants. Constraints (25) and (26) guarantee
that assigned vehicles are able to deliver new products from potential HPR plants to potential HDC
centers. Constraints (27) and (28) guarantee that assigned vehicles are able to deliver new products
from potential HDC centers to customer zones. Constraints (29)–(31) provide a restriction that only
one investment level can be selected. Constraints (32)–(34) restrict the numbers of disposal centers,
HDC centers, and HPR plants, respectively. Constraints (35) and (36) define the decision variables.

4.3. Linearization Method

In stochastic optimization, two approaches are usually applied to tackle the uncertainty issues,
where the uncertainty can be described as the continuously distributed evens or a set of discrete scenarios.
In this study, a scenario-based approach has been applied to represent the uncertain demand for new
products and return quantity of used products. The proposed model is a stochastic integer nonlinear
programming model due to the constraints (18), (20), (22), (24), (26), (28), and (32)–(34). To linearize the
model, three auxiliary integer parameters (βut∗, βnt∗, and βrt∗) are introduced into this model, which are
the maximal integer numbers of stored used products, new products, and raw materials for each type
of vehicles. These three parameters can be obtained according to the following formulas:

βut∗ = min
Wt

Wu
,

Vt

Vu
∀ t ∈ T , (37)

βnt∗ = min
Wt

Wn
,

Vt

Vn
∀ t ∈ T , (38)

βrt∗ = min
Wt

Wr
,

Vt

Vr
∀ t ∈ T , (39)

To linearize the constraints (32)–(34), three auxiliary binary variables are introduced as follows:

Ibbl =

{
0 No investment is conducted at disposal center b,
1 Otherwise;



Sustainability 2019, 11, 2710 13 of 22

Iccl =

{
0 No investment is conducted at distribution center c,
1 Otherwise;

Ippl =

{
0 No investment is conducted at production plant p,
1 Otherwise;

Based on the previously introduced parameters and variables, the original model P can be
reformulated as the following model Q:

Q :

Max Ψ1

Min Ψ2

subject to:

Constraints (3)–(16) and (29)–(31).∑
t∈T

vazb
tξ·βut∗

≥ uazb
ξ ∀ z ∈ Z, b ∈ B, ξ ∈ Ξ. (40)

∑
t∈T

vpzc
tξ·βut∗

≥ upzc
ξ ∀ z ∈ Z, c ∈ C, ξ ∈ Ξ. (41)

∑
t∈T

vqcp
tξ·βut∗

≥ uqcp
ξ
∀ c ∈ C, p ∈ P, ξ ∈ Ξ. (42)

∑
t∈T

vrsp
tξ·βrt∗

≥ rasp
ξ
∀ s ∈ S, p ∈ P, ξ ∈ Ξ. (43)

∑
t∈T

vgpc
tξ·βnt∗

≥ nppc
ξ
∀ p ∈ P, c ∈ C, ξ ∈ Ξ. (44)

∑
t∈T

vhcz
tξ·βnt∗

≥ nqcz
ξ ∀ c ∈ C, z ∈ Z, ξ ∈ Ξ. (45)

∑
b∈B

∑
l∈L

Ibbl·xbl
≤ DC. (46)

∑
c∈C

∑
l∈L

Iccl·ycl
≤ HD. (47)

∑
p∈P

∑
l∈L

Ippl·zpl
≤ HP. (48)

uazb
ξ

, upzc
ξ

, uqcp
ξ

, rasp
ξ

, nppc
ξ

, nqcz
ξ

, vazb
tξ, vpzc

tξ, vqcp
tξ, vrsp

tξ, vgpc
tξ, vhcz

tξ ≥ 0 & integer

variables ∀z ∈ Z, b ∈ B, c ∈ C, p ∈ P, s ∈ S, t ∈ T , ξ ∈ Ξ.
(49)

where constraint (40) guarantees that assigned vehicles are able to deliver the used products from
customer zones to disposal centers. Constraint (41) guarantees that assigned vehicles are able to
deliver the used products from customer zones to HDC centers. Constraint (42) guarantees that
assigned vehicles are able to deliver the used products from HDC centers to HPR plants. Constraint
(43) guarantees that assigned vehicles are able to deliver the raw materials from suppliers to potential
HPR plants. Constraint (44) guarantees that assigned vehicles are able to deliver the new products
from potential HPR plants to potential HDC centers. Constraint (45) guarantees that assigned vehicles
are able to deliver new products from potential HDC centers to customer zones. Constraints (46)–(48)
restrict the numbers of disposal centers, HDC centers, and HPR plants, respectively. Constraint (49)
defines the decision variables.
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4.4. Weighted-Sum Method

There exists several solution methods that have been proposed for the bi-objective programming
model with two conflicting objectives. The conventional bi-objective optimization techniques that are
widely used in practice include weighted-sum, E-constraint, weighted metric, and lexicographic goal
programming approaches. The weighted-sum method [58–61] is applied in this study due to several
reasons. The weighted-sum method provides a structured approach to deal with the problem with
various objectives and criteria. Besides, the weighted-sum method provides a means of communication
for negotiating the strengths of the criteria and communicates the intermediate and final results.
In addition, the weighted-sum method is easy to incorporate weights or relative importance to create
an integrated analysis of profit and carbon emissions. Thus, the weighted-sum approach is suitable to
be applied in this study. Suppose that wi denotes the relative weight of importance of the criterion (i.e.,
profit and carbon emissions), such that

∑
i wi = 1. After considering those two criteria simultaneously,

the previous bi-objective stochastic integer programming model can be formulated as the following
single-objective stochastic integer programming model R.

R :

Max Z(w1, w2) = w1·Ψ1 −w2·Ψ2 (50)

subject to:

Constraints (3)–(16), (29)–(31), and (40)–(49).

where Z(w1, w2) is the weighted-sum objective function, and w1 and w2 are the relative weight values
of profit and carbon emissions, respectively.

5. Numerical Analysis

5.1. Numerical Instance

To demonstrate the validity of the proposed stochastic optimization model and obtain an insight
into the behavior of reverse logistics network design, an existing forward logistics network is carried
out with different experiments. In the forward logistics direction, there are three suppliers that provide
raw materials for three production plants. The new products are produced at production plants
and transported to five customer zones to meet the demand via four distribution centers. In the
reverse logistics direction, the used products are inspected into two categories according to their
quality levels at customer zones. Those used products with lower quality levels are delivered to four
potential disposal centers. The used products with higher quality levels are recovered at HPR plants.
The maximum numbers of disposal centers, HPR plants, and HDC centers are three, two, and three,
respectively. The quantities of available raw materials at three suppliers are 3000, 4000, and 3500,
respectively. Two vehicle types with gross weights between 16t and 32t, and between 32t and 40t are
considered. They have different volume capacities (i.e., 25 and 50), weight capacities (i.e., 16 and 40),
travel speeds (i.e., 80 and 70 on the highway), and unit shipping costs (i.e., 12 and 16), respectively.
After applying those two vehicles with weight capacities and speeds, the corresponding carbon
emission (CO2) factors suggested by Hickman, et al. [46] can be obtained, which are 0.796 (kg/km)
and 1.066 (kg/km) for small and large vehicles, respectively. Raw material, new product, and used
product have different weights (i.e., 0.8, 1.6, and 1.4) and volumes (i.e., 1.0, 1.2, and 1.0). The cost
of producing one new product using one raw material is 20 and the price of purchasing one raw
material is 15. The quantity of previous carbon emissions of one raw material is 20 and the quantity of
carbon emissions of producing one new product using one raw material is 15. The price of selling
one new product at customer zone is 110. The cost of purchasing one used product at customer zones
and the price of selling one used product at disposal centers are the same. In addition, the cost of
producing one new product using one used product is 15. The distance from customer zones to disposal
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centers and distribution centers is randomly generated on the interval [80, 200]. The distance from
production plants to suppliers and distribution centers is randomly generated on the interval [250, 750].
Four investment levels are considered and the first investment level is 0, which means no investment.
Specifically, the remaining three investment levels at disposal centers are integers randomly generated
on the intervals [200, 300], [260, 360], and [300, 450] with the corresponding capacities generated on the
intervals [280, 350], [300, 420], and [420, 480], respectively. At distribution centers, the first investment
level is 0 and the capacities of new products are randomly generated on the interval [3500, 5500].
The remaining three investment levels at disposal centers are integers randomly generated on the
intervals [300, 500], [500, 600], and [600, 850] with the corresponding new-product capacities generated
on the intervals [2500, 3000], [3000, 3500], and [3500, 4000], as well as the used-product capacities
generated on the intervals [400, 800], [800, 1200], and [1200, 1600], respectively. At production plants,
the first investment level is 0 and the capacities of raw materials are integers randomly generated
on the interval [5500, 7000]. The remaining three investment levels at disposal centers are integers
randomly generated on the intervals [1200, 1600], [1600, 2000], and [2000, 2500] with the corresponding
raw-material capacities randomly generated on the intervals [2800, 3500], [3500, 4000], and [4000, 4500],
as well as the used-product capacities randomly generated on the intervals [100, 1400], [1400, 1800],
and [1800, 2500], respectively. In addition, the quantities of carbon emissions of producing one new
product using one used product under the last three investment levels are 10, 8, and 5, respectively.
Two scenarios are considered in this study with probabilities of 0.6 and 0.4. The quantities of used
products at customer zones in both scenarios are integers randomly generated on the intervals [300, 600]
and [200, 400], respectively. The return rate of used products for recovery is 0.6. The demand for
new products at customer zones in both scenarios are integers randomly generated on the intervals
[1200, 2000] and [600, 1200], respectively. Based on the previously given parameters, the model R is
implemented in the IBM ILOG CPLEX Optimization Studio (Version: 12.6). All the experiments are
run on a computer with an Intel(R) Core(TM) i7-7700 CPU@3.6 GHz and 8 GB memory under the
Windows 10 Pro system.

5.2. Experimental Results

To better understand the behavior of the design of the reverse logistics network, the impact of
a set of relative weight values is examined. Different relative weight values are considered and tested
as they influence the selections of disposal centers, HDC centers with investment levels, and HPR
plants with investment levels. The investment levels of disposal centers, HDC centers, and HPR plants
are presented in Table 1 under 11 sets of relative weight values. As shown in Table 1, as w2 increases
from 0 to 1.0, more HDC centers and HPR plants with higher investment levels are reconstructed,
because the importance of carbon emissions is emphasized and HPR plants with higher investment
levels enable to reduce the carbon emissions of the system.

Table 1. Investment levels at disposal centers, HDC centers, and HPR plants.

No. Relative Weight Values (w1,w2)
P C B

1 2 3 1 2 3 4 1 2 3 4

1 (0, 1.0) l4 l1 l4 l4 l4 l4 l1 l4 l4 l4 l1
2 (0.1, 0.9) l4 l1 l4 l1 l2 l4 l1 l2 l4 l2 l1
3 (0.2, 0.8) l4 l1 l1 l1 l2 l4 l1 l2 l4 l2 l1
4 (0.3, 0.7) l4 l1 l1 l1 l2 l4 l2 l4 l2 l1 l1
5 (0.4, 0.6) l4 l1 l1 l1 l2 l4 l1 l2 l4 l2 l1
6 (0.5, 0.5) l4 l1 l1 l1 l2 l4 l1 l2 l3 l2 l1
7 (0.6, 0.4) l4 l1 l1 l2 l4 l1 l2 l3 l2 l1
8 (0.7, 0.3) l4 l1 l1 l1 l1 l4 l1 l2 l2 l2 l1
9 (0.8, 0.2) l1 l1 l1 l1 l1 l1 l1 l2 l2 l2 l1
10 (0.9, 0.1) l1 l1 l1 l1 l1 l1 l1 l2 l2 l2 l1
11 (1.0, 0) l1 l1 l1 l1 l1 l1 l1 l2 l2 l2 l1
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With the increase of w2, the total number of assigned vehicles also changes. Figure 2 represents the
total number of small and large vehicles in two scenarios with respect to the change of w2. Obviously,
more large vehicles are used in both scenarios because the large vehicle can provide a low-carbon
emission delivery. Besides, as shown in Figure 2b, there is a gradual increase in the number of large
vehicles in both scenarios, because w2 changes the item flows in the reverse logistics network.
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Besides, the item flows are also affected by the relative weight value w2. Given different relative
weight values, the total flow of raw-materials from suppliers to production and HPR plants is presented
in Figure 3 and the total flow of used products from HDC centers to HPR plants is presented in Figure 4.
As shown in Figure 3, the increase of w2 from 0 to 1 decreases the total flow of raw materials from
suppliers to production and HPR plants. Conversely, the total flow of used products is growing with
w2. Both Figures 3 and 4 demonstrate that recovering the used products is an efficient way to help
HPR plants reduce the carbon emissions.
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5.3. Sensitivity Analysis

To illustrate the reliability of the multi-level investments at the facilities for the design of the reverse
logistics network, different investment policies are examined on the performances of reverse logistics
network design. In this study, there are four investment policies that are (i) multi-level investments
(i.e., hybrid investments); (ii) investment level 2; (iii) investment level 3; and (iv) investment level 4.
The quantity of investment level 3 is higher than investment level 2 and less than investment level 4.
Those four investment policies are tested independently and their results are compared as w2 goes
from 0 to 0.5. The weighted-sum value of the expected total profit and carbon emissions is presented
in Figure 5, where the increase of w2 decreases the weighted-sum value of the expected total profit and
carbon emissions.
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To better show the performances of those four investment policies, the following formula (51)
is applied and the results are presented in Figure 6, where ∆Z(w1, w2) is the relative weighted-sum
value of the expected total profit and carbon emissions given w1 and w2 values. In Figure 6,
the relative weighted-sum value of the expected total profit and carbon emissions is presented under
each investment policy. Figure 6 also illustrates the great advantage of the first investment policy
(multi-level investments) as the maximum weighted-sum value is always obtained as w2 goes from
0 to 0.5. In addition, when w2 is greater than 0.2, a higher investment level can better balance the
economic and environmental benefits. Specifically, the fourth investment policy (investment level 4)
shows a better performance than investment policies 2 and 3.

∆Z(w1, w2) = Z(w1, w2)

−min
{
Z(1, 0), Z(0.9, 0.1), Z(0.8, 0.2), Z(0.7, 0.3), Z(0.6, 0.4), Z(0.5, 0.5)

} (51)
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Figure 6. Relative weighted-sum value under different investment policies.

The weighted-sum value Z of the expected total profit and carbon emissions is also affected by
the return quantity of used products. To better understand the influence of the return rate Ru of used
products and relative weight value w2, different return rates of used products for recovery and different
relative weight values are tested and the corresponding weighted-sum values are presented in Figure 7.
It is obvious that the weighted-sum value is also sensitive to the return rate Ru. Given a specific
relative weight value w2, the weighted-sum value of the expected total profit and carbon emissions is
increasing as the return rate Ru goes from 0.4 to 0.8.

Sustainability 2019, 11, x FOR PEER REVIEW 18 of 22 

 
Figure 6. Relative weighted-sum value under different investment policies. 

The weighted-sum value 𝑍 of the expected total profit and carbon emissions is also affected by 
the return quantity of used products. To better understand the influence of the return rate 𝑅𝑢 of used 
products and relative weight value 𝑤 , different return rates of used products for recovery and 
different relative weight values are tested and the corresponding weighted-sum values are presented 
in Figure 7. It is obvious that the weighted-sum value is also sensitive to the return rate 𝑅𝑢. Given a 
specific relative weight value 𝑤 , the weighted-sum value of the expected total profit and carbon 
emissions is increasing as the return rate 𝑅𝑢 goes from 0.4 to 0.8. 

 
Figure 7. Influence of 𝑅𝑢 and 𝑤  on the performance of the weighted-sum value 

This is because the return rate of used products is directly influencing the item flows, the 
selection of investment levels at facilities, and the number of used vehicles. Given different return 
rates of used products for recovery and relative weight values of carbon emissions, the corresponding 
results are shown in Table 2. We can see that the increasing 𝑤  encourages more used products 
which are recovered at HPR plants when 𝑤 ≥ 0.3 and 𝑅𝑢 ≥ 0.5. From the previous discussion and 
analysis, the selection of return rate 𝑅𝑢 and the relative weight value 𝑤  can extremely improve the 
environmental performance of the reverse logistics system. 

Figure 7. Influence of Ru and w2 on the performance of the weighted-sum value.

This is because the return rate of used products is directly influencing the item flows, the selection
of investment levels at facilities, and the number of used vehicles. Given different return rates of used
products for recovery and relative weight values of carbon emissions, the corresponding results are
shown in Table 2. We can see that the increasing w2 encourages more used products which are recovered
at HPR plants when w2 ≥ 0.3 and Ru ≥ 0.5. From the previous discussion and analysis, the selection of
return rate Ru and the relative weight value w2 can extremely improve the environmental performance
of the reverse logistics system.
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Table 2. Investment levels at facilities and assignment vehicles under different w2 and Ru values.

w2 Ru zpl ycl xbl Small Vehicle Large Vehicle

ξ1 ξ2 ξ1 ξ2

0

0.4 (l1, l1, l1) (l4, l4, l4, l4) (l4, l4, l4, l4) 6 9 712 447
0.5 (l1, l1, l1) (l1, l1, l1, l1) (l4, l4, l1, l4) 7 5 705 446
0.7 (l1, l1, l1) (l1, l1, l1, l1) (l4, l4, l1, l1) 8 5 691 440
0.8 (l1, l1, l1) (l1, l1, l1, l1) (l4, l4, l1, l1) 6 8 685 435

0.1

0.4 (l1, l1, l1) (l1, l1, l1, l1) (l4, l4, l4, l4) 6 9 712 447
0.5 (l1, l1, l1) (l1, l1, l1, l1) (l4, l4, l1, l4) 7 5 705 446
0.7 (l1, l1, l1) (l1, l1, l1, l1) (l4, l4, l1, l1) 8 5 691 440
0.8 (l1, l1, l1) (l1, l1, l1, l1) (l4, l4, l1, l1) 6 8 685 435

0.2

0.4 (l1, l1, l1) (l1, l1, l1, l1) (l4, l4, l4, l4) 6 9 712 447
0.5 (l1, l1, l1) (l1, l1, l1, l1) (l4, l4, l1, l4) 7 5 705 446
0.7 (l1, l1, l1) (l1, l1, l1, l1) (l4, l4, l1, l1) 8 5 691 440
0.8 (l1, l1, l1) (l1, l1, l1, l1) (l4, l4, l1, l1) 6 8 685 435

0.3

0.4 (l1, l1, l1) (l1, l1, l1, l1) (l4, l4, l4, l4) 6 9 712 447
0.5 (l1, l1, l1) (l1, l1, l1, l1) (l4, l4, l1, l4) 7 5 705 446
0.7 (l4, l1, l1) (l1, l1, l4, l1) (l4, l4, l1, l1) 8 4 728 449
0.8 (l4, l1, l1) (l1, l1, l4, l1) (l4, l4, l1, l1) 8 7 721 444

0.4

0.4 (l4, l1, l1) (l1, l1, l4, l1) (l4, l4, l4, l4) 9 12 740 460
0.5 (l4, l1, l1) (l1, l1, l4, l1) (l4, l4, l4, l1) 9 5 742 465
0.7 (l4, l1, l1) (l1, l4, l4, l1) (l4, l4, l1, l1) 9 4 742 467
0.8 (l4, l1, l1) (l1, l4, l4, l1) (l4, l4, l1, l1) 9 10 741 463

0.5

0.4 (l4, l1, l1) (l1, l1, l4, l1) (l4, l4, l4, l4) 8 13 741 461
0.5 (l4, l1, l1) (l1, l4, l4, l1) (l4, l4, l4, l1) 11 5 741 465
0.7 (l4, l1, l1) (l1, l4, l4, l1) (l4, l4, l1, l1) 9 4 742 467
0.8 (l4, l1, l1) (l1, l4, l4, l1) (l4, l4, l1, l1) 9 8 741 467

6. Conclusions

In this paper, we proposed a bi-objective stochastic integer programming model for a novel reverse
logistics network design problem based on the existing forward logistics network with the objectives
of both economic and environmental benefits. The model aims to support production, recovery,
and disposal activities by coping with the uncertain elements of demand for new products and return
quantity of used products at customer zones. This novel reverse logistics network design problem
is resolved by introducing several auxiliary parameters and variables to linearize the constraints in
the proposed stochastic optimization model. To illustrate the validity of the proposed stochastic
optimization model, a numerical analysis is conducted and the corresponding results including
the facility locations, investment level choices, item flows, and vehicle assignments are presented.
Some deep managerial implications are drawn from the previous sensitivity analysis of several key
parameters. These managerial implications are obtained in a stochastic environment, which improves
the reliability and robustness of the decision-making under market fluctuation.

In the end, we can explore the problem of interests from the following aspects in future studies.
(1) This study provides a stochastic programming model for a novel reverse logistics network design
problem. It is interesting to extend this model to a robust optimization model. (2) This study is
developed based on steady demand from the market. However, when the market demand grows
sharply, facility reconstruction may not able to provide enough capacity to produce more new products
to meet the demand from the market. So, it is interesting to consider the fluctuation demand on the
reverse logistics network design. (3) Another interesting research direction is to consider various
risks (i.e., facility disruption and insufficient supply) for a reliable reverse logistics network design.
(4) Applying a heuristic solution method is critical due to the increase of complexity time by increasing
the size of the problem and the number of scenarios.
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