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Under the background of economic globalization, supply chain is becoming more and more complex, which is manifested in the
instability of external environment. On the one hand, with the improvement of global environmental protection awareness, the
government’s policy tools for environmental impact (carbon tax) on the whole supply chain have become one of the major
external problems faced by the supply chain enterprises; on the other hand, the intensification of competition between upstream
and downstream in supply chains makes supply disruption an important proposition to be solved urgently. In this paper, the two
propositions of green and supply disruption are reduced to two factors affecting the cost. -e average total cost function of the
manufacturer as a recycler is established. -e practicability of the algorithm and the effectiveness of the model are verified by
Lingo, Particle Swarm Optimization, and Genetic Algorithm, with the purpose of obtaining the optimal strategies for manu-
facturers who play the role of the recycler in the closed-loop supply chain.

1. Introduction

In recent years, managing supply chain through remanu-
facturing is an active research area, closed-loop supply chain
management [1]. For the manufacturing industry, rema-
nufacturing mitigating the deterioration of the environment
to some extent not only increases resource utilization and
promotes the increasing of social economic and the profits of
enterprises but also improves the competitiveness of en-
terprises and shapes the corporate image [2]. At present,
reverse logistics management has become the focus of many
enterprises. -rough recycling and remanufacturing activ-
ities, enterprises make themselves more competitive in
product prices [3]. In the forward supply chain, the customer
is the end of the supply chain. However, products that
initially did not meet customer requirements still had re-
sidual value. Enterprises can release additional value from
reverse logistics and remanufacturing processes to protect
the environment. -rough the combination of forward and
reverse logistics management, the linear noncircular supply
chain is transformed into closed-loop recycle.

Guo et al. [4] study the optimal strategies for the CLSC
under supply disruption, and the influence of government
subsidy mechanism on the business activities of enterprises
in case of supply disruption is considered. -eir article
regards the cost caused by supply disruption as a part of the
total cost of manufacturers, which is a great improvement on
the total cost function of manufacturers as recyclers. But,
with the increasingly prominent environmental problems
and the increasing scarcity of natural resources, environ-
mental protection has been deeply rooted among people.
Green and sustainability have become an important symbol
of enterprise competition, helping them to cope with the
growing environmental pressure [5]. Globally, green cycle
and low carbon development have become the trend. In the
manufacturing industry, manufacturers are also affected by
green policies: the existence of carbon tax policy makes
manufacturers more inclined to recycle old products for
remanufacturing because the cost of carbon tax in the
process of remanufacturing products per unit is lower
than that in the production process of new products per
unit—which means that the cost of carbon tax has become

Hindawi
Mathematical Problems in Engineering
Volume 2020, Article ID 9808370, 14 pages
https://doi.org/10.1155/2020/9808370

mailto:yangkuanhnu@163.com
https://orcid.org/0000-0003-1698-0210
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2020/9808370


an inevitable part of the total cost of manufacturers in the
context of CLSC [6–8].

-is article is a further study after the research of Guo
et al. [4]. -us, this article studies the optimal production
strategy of the closed-loop supply chain in the context of
carbon tax and supply disruption. Based on their research in
[4], the cost of carbon tax has taken into consideration the
total cost function for manufacturers; this will make the
manufacturers as recyclers in the CLSC implement optimal
production and recycling strategies according to the ad-
vanced cost structure in the current complex environment
and get the maximum benefit. In addition, the hypothesis
defined in [4] is that the recycling rate will decrease if the
required quality level increases, so the quality of returned
products is exponential distribution in their paper, q ∼ E(λ).
But, in reality, when the quality level of recycled products q is
close to 0, the product’s residual value is almost 0, so the
product is more likely to be directly discarded rather than
being recycled; when q is close to 1, the product’s residual
value is very high, and the product is more likely to be used
by its owner—the quality of returned products is more
suitable to be normal distribution. -e main contributions
and highlights of this study are as follows:

(i) Not only supply disruption but also carbon tax is
considered in the CLSC system

(ii) -e hypothesis of quality of returned products obeys
normal distribution making it more real

2. Literature Review

-is paper will next sort out the literature from three aspects:
green sustainable closed-loop supply chain, comparison and
selection of recycling channels, and closed-loop supply chain
considering supply disruption.

2.1. Green and Sustainable Closed-Loop Supply Chain. All
over the world, green cycle and low carbon development
have become the trend of all walks of life, and closed-loop
supply chain is no exception. Many contributions on the
sustainable closed-loop supply chain are worked out. Paksoy
et al. [9] developed a multiproduct closed-loop supply chain
taking environmental impact into consideration. By adding
cost factors on the basis of environment, Ma et al. [10]
proposed a robust double objective green closed-loop supply
chain design problem. Some scholars established a multi-
objective green CLSC model to minimize the expected cost
of the supply chain network and greenhouse gas emissions
[11, 12]. Bazan et al. [6] focused on two levels of CLSC, one
for manufacturers and the other for retailers, with facilities
for remanufacturing used goods. -ey considered three key
environmental factors: (1) the materials consumed in
manufacturing and remanufacturing activities, (2) the
greenhouse gas emissions produced in production and
transport activities, and (3) the items used for remanu-
facturing (recycling). Banasik et al. [13] established a mul-
tiobjective mixed integer linear programming model to
quantify economic and environmental indicators and tried
to find the balance between them. A multiobjective

optimization mathematical model—developed by the Na-
tional University of the United States (NU), was tested by
Nurjanni et al. [14], in order to find the best balance between
economy and environment. Haddadisasakht and Ryan [15]
put forward their own model based on carbon tax with
uncertain tax rate. Wang and Guo [16] study the optimal
operation strategy of multicycle hybrid manufacturing/
remanufacturing system considering carbon tax. Consid-
ering emissions of greenhouse gases and the overall oper-
ational cost, a green urban closed-loop logistics distribution
network model is proposed in [7].

2.2. Selection of Recycling Channels. In recent years, many
researches on closed-loop supply chain from different
recycling channels are worked out. Generally speaking, they
mainly study single-channel and multichannel recycling.

-e relevant single-channel literature [17–24]is sum-
marized in Table 1.

-e relevant multichannel literatures: Yi and Yuan [25]
coordinate and analyse the CLSC model of double-channel
recycling that manufacturers and retailers can be recyclers.
Hong et al. [26] constructed a model of manufacturer, re-
tailer, and third-party mixed recycling and studied the se-
lection of optimal mixed recycling mode. Giovanni and
Zaccour [27] studied the different recycling channels of
manufacturers and obtained the conditions for manufac-
turers to outsource the recycling business to retailers and
third parties. Giovanni et al. [28] explored the incentive
strategy model for both manufacturers and sellers to recycle
waste products.

2.3. CLSC considering Supply Disruption. Supply chain
disruption according to its causes can be divided as follows:
(1) disruption bymajor unforeseen events and (2) disruption
by operational accidents. -e researchers propose corre-
sponding recovery strategies for different disruptions.

Researchers’ research achievements on disruption risk:
Aryanezhad et al. [29] work out the design of supply chain
when the distribution center is disturbed randomly and
solve the disruption by developing a version of GA. -e
concept of P-Robust is applied in the design of reliable
network model and measures to reduce disruption risk are
implemented [30]. -e model can run as normal (no dis-
ruption) after failure. Baghalian et al. [31] studied the de-
mand-side uncertainty with probability function and the
failure probability at the supply side of each factory in order
to design the supply network of the Middle East agricultural
food industry. Hernandez et al. [32] used the multiobjective
optimizationmethod to provide the decision-maker with the
choice of the total weighted distance before and after the
disruption. Disruption risk for robust decision-making is
studied by Sawik [33]. In addition to the above, Asl-Najafi
et al. [34] also researched the inventory design under in-
terruption risk. Ghomi-Avili et al. [35] proposed a fuzzy
biobjective bilevel model with a price-dependent demand for
the network design in the presence of random disruptions at
suppliers. Jabbarzadeh et al. [36] established a flexible CLSC
network based on the consideration of lateral transfer as a
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response strategy aiming at reducing the risk of operation
and disruption. In this paper, the disruption of raw material
supply generally refers to the failure of suppliers to meet
customer needs on time [37]. -e reason may be network
disruption or infrastructure disruption.

In addition to the three parts in the abovementioned
literature review, Saha et al. [38] investigate a reward-driven
policy; three different modes of collection are employed.
Mathematical models for both noncooperative and cen-
tralised scenarios are developed to characterise the pricing
decisions and remanufacturing strategies. Nielsen et al. [39]
study the different results of the three policy subsidies. -e
research shows that the results of the subsidy policy can
bring benefits to consumers and increase the complexity of
CLSC members to some extent. Network design and col-
lective planning issues are also included in closed-loop
supply chain planning.

In summary, the existing literature mostly studies the
network design of CLSC under supply chain disruption and
the recovery strategy after disruption or aimed to find the
balance of environmental and economic objectives of green
sustainable supply chain. Different from the existing liter-
ature, this paper combines the carbon tax and supply dis-
ruption to carry out relevant research under the recycling
mode of manufacturers: manufacturers as recyclers, how to
adjust the level of recycling quality to reduce their costs in
the context of sustainable development; changes in gov-
ernment carbon tax policy, how to affect its cost at this time
and how to formulate its recovery and production strategy;
when considering the risk of supply disruption, how does the
risk affect the manufacturer and how does the manufacturer
formulate its strategy at this time. In research methods,
Lingo, Particle SwarmOptimization, and Genetic Algorithm
are used to verify the credibility and validity of the model.

-e structure of this paper is as follows. In Section 3,
the detailed problem description (assumptions, notations,
and mathematical function with nine kinds of cost) is
presented. -e PSO and GA methodology which will be
used in later analysis are introduced in Section 4. -e
numerical experiment and analyzes of the results are il-
lustrated in Section 5. Finally, Section 6 has conclusions
and deficiency.

3. Problem Description

-e whole process in CLSC in this paper is shown in
Figure 1.

3.1. Assumptions

(1) -e quality of recycled products obeys normal dis-
tribution [4, 40].

(2) -e demand is known (the demand rate remains
unchanged).

(3) Remanufactured products and new products are
homogeneous (the utility functions of consumers are
the same) [41].

(4) In a cycle, raw materials are purchased once from
material suppliers

(5) Buyback cost and remanufacturing cost are both
functions of quality level of recycled products [42]

(6) All recycled products are not discarded
(7) -e delivery time in manufacturing and remanu-

facturing processes is negligible
(8) -e lead time is too difficult to be determined to be

considered
(9) Assume that there is no shortage in the whole

process

3.2.Notations. Considering a CLSC where the manufacturer
is the recycler, the parameters are settled, as shown in
Table 2.

3.3. Function. In the assumed closed-loop supply chain
system, the total cost function of the manufacturer includes
the following parts: (1) buyback cost, (2) remanufacturing
cost, (3) raw material cost, (4) manufacturing cost, (5) in-
ventory holding cost, (6) setup cost, (7) ordering cost, (8)
carbon tax cost, and (9) supply disruption cost. Buyback
cost, remanufacturing cost, inventory holding cost, carbon
tax cost, and supply disruption cost will be detailed in
Sections 3.3.1∼3.3.5, respectively. -e remaining costs are
described in Section 3.3.6.

Table 1: Single-channel recycling.

Modes Researcher Time Main research contents

Manufacturer

Polotski et al. 2015 Manufacturing and remanufacturing system production plan

Navin et al. 2017 Considering manufacturing and remanufacturing, the problem of production planning in CLSC is
studied

Hariga et al. 2017 Minimizing the total chain cost

Comparing

Savaskan et al. 2004 -e pricing strategies and channel efficiency of different recovery modes in closed-loop supply
chain

Wen and
Dong 2016 Concluding that CSR and government incentives will promote producers to undertake recycling of

waste products

Chen and Tian 2017 -e optimal recovery mode selection of manufacturer and retailer under price fluctuation is
obtained

Hong et al. 2012 -e optimality of retailer recycling by comparing retailer recycling with others

Wang and Da 2010 -e optimal decision-making of CLSC under retailer recycling and third-party recycling is
discussed
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3.3.1. Buyback Cost. Recycling rate: d � αD is the recycling
rate and α � be− φq is the marginal recycling rate, 0≤ b≤ 1,
referring to Vörös’s paper [40] and a series of the study Guo
et al. [4, 43]. In Vörös’s paper, the recycling rate is inversely
proportional to the quality level of recycled products [40].
Based on the assumptions above, the higher the quality level
of recycled products is, the lower the remanufacturing cost
is, but the price used to recycle products for companies
becomes higher.

In this paper, the quality of returned items is assumed to
be normal distribution. For convenience of calculation, we
assume that the quality of returned products q obeys the
standard normal distribution, q ∼ N(0, 1), and x is the
quality level of returned products (q≤x≤ 1) [16]. -e
probability density function of x is as follows:

X(x) �

1
���
2π

√ e
− x2/2

, q<x< 1,

0, others.

⎧⎪⎪⎪⎨

⎪⎪⎪⎩

(1)

Buyback cost ratio: considering the assumption that
remanufactured products and new products are homoge-
neous to customers, buyback cost ratio p is the ratio of
return cost per unit of recycled goods to production cost per
unit of new products (production cost includes raw material
cost and manufacturing cost, Cn + Craw). p is defined as p �

ae− θ(1− x), x ∈ [q, 1] [4, 16, 40, 43]. If the required quality
level is higher, p will increase, as shown in Figure 2.

-e average buyback cost is V1 � d(Cn + Craw)E(p):

E(p) � 
+∞

− ∞

1
���
2π

√
e− x2/2 ae

− θ(1− x)dx � ae
θ2− 2θ/2


1

q

·
1

���
2π

√
e− (x− θ)2/2

dx

� ae
θ2− 2θ/2


1− θ

q− θ

1
���
2π

√ e
− (x− θ)2/2d(x − θ)

� ae
θ2− 2θ/2

[ϕ(1 − θ) − ϕ(q − θ)].

(2)

Raw material
inventory

Recycling
inventory

Manufacturing

Remanufacturing

Manufacturing
inventory

Remanufacturing
inventory

Serviceable
inventory Customer

Raw material

Recycling

Figure 1: CLSC process.

Table 2: Parameter definition.

Symbol Meaning
a, θ Parameters of the buyback cost function
b, ψ Parameters of the recycling rate function
c, δ Parameters of the remanufacturing cost function
D Demand rate
(1 − β) D Manufacturing rate
(1 − c) D Remanufacturing rate
d1 (d2) Purchasing cost per unit of raw materials charged by major (secondary) suppliers
Craw Purchasing cost for raw material per unit of one manufactured product
hs (hr, hraw) Holding cost of serviceable (returned, raw materials) stock
Cn Manufacturing cost
P Buyback cost ratio
D Return rate
Ω Probability of supply disruption of major raw material suppliers
A Marginal recycling rate
Sm (Sn) Installation cost for remanufacturing (manufacturing)
em ( en) -e amount of carbon emissions from unit remanufactured (manufactured) goods
C1 Cost of carbon tax per unit emission
Tm (Tn) Time required to produce remanufactured (manufactured) products
C0 Ordering cost
T, m, n, and q are decision variables in this paper, where Tmeans one cycle time of manufacturing and remanufacturing system; m presents number of
remanufactures in a cycle, while n is number of manufactures, and q is the required minimum quality level of returned products.
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-us, V1 � d(Cn + Craw)E(p) � a D(Cn + Craw)

be− φq+θ2− 2θ/2[ϕ(1 − θ) − ϕ(q − θ)].

3.3.2. Remanufacturing Cost. -e relationship between
remanufacturing cost rate and product recovery quality is
shown in Figure 3.-erefore, the remanufacturing cost ratio
s is defined as s � ceδ(1− x), x ∈ [q, 1] [44].

-e average remanufacturing cost is V2 � dCnE(s):

E(s) � 
+∞

− ∞

1
���
2π

√
e− x2/2 ce

δ(1− x)dx � ce
δ2+2δ( )/2 

1

q

·
1

���
2π

√
e− (x+δ)2/2

dx

� ce
δ2+2δ( )/2 

1+δ

q+δ

1
���
2π

√
e− (x+δ)2/2

d(x + δ)

� ce δ2+2δ( )/2[ϕ(1 + δ) − ϕ(q + δ)].

(3)

-us,
V2 � dCnE(s) � c DCnbe− φq+δ2+2δ/2[ϕ(1 + δ) − ϕ(q + δ)].

3.3.3. Inventory Holding Cost. -e raw material inventory,
the recycling inventory, and the serviceable inventory—
which include manufacturing inventory and remanu-
facturing inventory—compose the CLSC cycle. -at is, one
cycle T contains m manufacturing periods and n remanu-
facturing periods assumed [43, 45].

For recycled goods with short life cycle, the value de-
creases with shelf time. -erefore, this model considers the
first stage of remanufacturing of recycled goods and the
second stage of manufacturing of new products. Figure 4
shows in detail the inventory.

Above all, we got the following.
-e average inventory holding cost consists of the fol-

lowing four parts: (1) remanufacturing products’ inventory
cost Hm, (2) manufacturing products’ inventory cost Hn, (3)
recycling products’ inventory cost Hr, and (4) raw materials’
inventory cost Hs:

Hm �
1
2
hsImTm

1
T

�
1
2
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1
m

(1 − c)αDT∗ Tm

1
T

�
1
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1
2
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1
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�
1
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1
T
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1
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2
DT ,
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1
2
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2
,
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1
T
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2
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n
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(4)

In summary, the average inventory holding cost V3 is

V3 � Hm + Hn + Hr + Hraw

�
1

2m2hs(1 − c)α2DT +
1
2n2hs(1 − β)(1 − α)

2
DT

+
1
2
hr α(1 − α) +

α2

m
(1 − c) DT

+
1
2
hraw(1 − α)

2β + n − 1
n

DT .

(5)

X

a

P

1q

Figure 2: Buyback cost ratio p.

X

ceδ

s

1

C

Figure 3: Remanufacturing cost s.
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3.3.4. Carbon Tax Cost. Remanufacturing is the imple-
mentation of high-tech repair and transformation of recy-
cled old products, so the carbon emissions in
remanufacturing process are much less than those in the
production of completely new products, which is why
remanufacturing has attracted much attention. In this ar-
ticle, we assume that carbon emissions per unit of rema-
nufactured goods are ex, manufactured ones are en, and
ex < en.

-e average carbon tax cost is V4 � (C1/T)

[αDem + (1 − α)Den].

3.3.5. Supply Disruption Cost. In a sustainable CLSC system,
two levels of raw material suppliers, major suppliers and
secondary suppliers, are considered. Because the cost of raw
materials per unit charged by major suppliers is low, supply
disruption is prone to occur.

Making use of the achievements of Guo and He [4], the
average cost of supply disruption is shown as follows:

V5 � (1 − ω)(1 − α)Dd1 + ω(1 − α)Dd2. (6)

-e probability of disruption of raw materials supply by
major suppliers isω; d1(d2) is the purchasing cost per unit of
raw materials charged by major (secondary) suppliers. -us
the cost for manufacturers to purchase raw materials from
major suppliers is (1 − ω)(1 − α)Dd1, and it costs manu-
facturers ω(1 − α)Dd2 from secondary suppliers due to the
insufficient supply of the primary supplier.

3.3.6. Average Total Cost Function. Referring to the series of
research worker of Guo et al. [4, 6, 43, 46], other costs are as
follows.

-e total demand is D and the amount of αD is
remanufactured by recycling, so the manufacturing quantity
should be (1 − α)D. Craw is the purchasing cost for raw
material per unit of a manufactured product.

-erefore,

(1) Manufacturing cost V6 is (1 − α)DCn.

(2) Rawmaterials’ cost (rawmaterials here refer to the raw
materials for manufacturing new products, which need
to be purchased from suppliers) V7 is (1 − α)DCraw.
T means one cycle time of manufacturing and
remanufacturing system. Suppose that a cycle in-
cludes producing m remanufactured products and n
manufactured products; then T can be expressed as
mTm + nTn. Sm represents the installation cost for
remanufacturing while Sn represents the
manufacturing.

(3) Setup cost V8 is (mSm + nSn)/T.
(4) Ordering cost V9 can be expressed as C0/T.

In the closed-loop system, in which the manufacturer acts
as the recycler, the total cost function of the manufacturer
consists of (1) buyback cost V1, (2) remanufacturing cost V2,
(3) raw material cost V7, (4) manufacturing cost V6, (5)
inventory holding cost V3, (6) setup cost V8, (7) ordering cost
V9, (8) carbon tax cost V4, and (9) supply disruption cost V5.

To sum up, the average total cost function is as follows:
ATC � V1 + V2 + V3 + V4 + V5 + V6 + V7 + V8 + V9

� aD Cn + Craw( be
− φq+θ2− 2θ/2

[ϕ(1 − θ) − ϕ(q − θ)]

+ cDCnbe
− φq+δ2+2δ/2

[ϕ(1 + δ) − ϕ(q + δ)] +(1 − α)DCn

+
1

2m2hs(1 − c)α2DT +
1
2n2hs(1 − β)(1 − α)

2
DT

+
1
2
hr α(1 − α) +

α2

m
(1 − c) DT

+
1
2
hraw(1 − α)

2β + n − 1
n

DT +(1 − α)DCraw + C0/T

+ mSm + nSn( /T

+
C1

T
αDem +(1 − α)Den  +(1 − ω)(1 − α)Dd1

+ ω(1 − α)Dd2.

(7)

Serviceable stock

IN

IM

TM TN

(1/γ – 1)D
(1/β – 1)D –D

Ir

Iraw

Returning stock

Raw material stock

α D

–(1/β)D

Figure 4: Inventory status.
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4. Optimization Algorithm

PSO and GA are used to calculate the optimal value in this
paper, avoiding limitation of each other. Meanwhile to
verify that the model is built in green and sustainable
CLSC, the computational results achieved by PSO, GA,
and Lingo are worked out. -is study first uses Lingo11 to
find the best solution. Lingo is an “interactive linear and
general optimization solver,” which is suitable for non-
linear programming or linear programming. Optimal
model solutions usually use this method to obtain the best
solution. Because the model in this paper is a linear
problem, in this case the global optimal solution must be
found, rather than the approximate optimal solution. -e
program is simple, has less code, and is faster. Secondly, in
order to prove the feasibility of the model, a more mature
Genetic Algorithm was selected, and binary coding was
used to find a suitable solution. However, the Genetic
Algorithm may have problems such as the cliff of Ham-
ming. So the particle swarm algorithm is used which has
an information sharing mechanism; that is to say, it is
more enlightening than the Genetic Algorithm. It can
avoid the shortcomings of Genetic Algorithm and analyze
the calculation examples. -e two algorithms have dif-
ferent convergence speeds. When two different calculation
methods are used, the model and calculation results are
better verified.

4.1. Genetic Algorithm. Genetic Algorithm (GA) is a global
parallel search algorithm based on the idea of “survival of the
fittest” biological evolution and heredity.-e key parameters
are population number, replication, crossover, and mutation
probability.

Step 1 (encoding and initial population). Each chro-
mosome in the algorithm consists of four variables (q,
T, m, and n), and a variable is represented by four
binary codes. A chromosome is composed of 16 ge-
notypes. -e longer the chromosomes are, the higher
the accuracy of calculation is. -e first generation
population was randomly generated, and the pop-
ulation size was 30.
Step . (fitness function and selection operator). In fitness,
the smaller the objective function value is, the higher the
fitness value correspondingly is. -us, the fitness
function is f(x) � 1000/objvalue, where “objvalue”
presents the objective function value. In selection, in-
dividual chromosomes are selected and duplicated. It is
more likely to select the chromosomewith higher fitness.
-en, the probability of chromosome selection is the
roulette strategy which was used to select the population.

Step 3 (crossing and variation). Multipoint crossing is
used to generate crossover bits randomly, and the
crossover probability is used to judge whether the
crossover exists or not. Variation of mutation sites is
selected randomly according to the determined vari-
ation probability.
Step 4 (the termination rule). When the algorithm
reaches the preset evolutionary algebra, this termi-
nates the algorithm; otherwise, it is transferred to
Step 2.

-e main calculation process is as shown in Figure 5.

4.2. Particle Swarm Optimization Algorithm. In Particle
Swarm Optimization (PSO), every particle in PSO rep-
resents the possible solution of a problem. -rough the
simple behavior of individual particles and the infor-
mation interaction within the group, the intelligence of
problem solving is realized. It has the characteristics of
simple operation and fast convergence [47]. Guo and
Ya [43] applied PSO to verify the cost model of the
manufacturer. Guo et al. [46] applied PSO and GA to
verify a logistics network under the environment of low
carbon.

Step 1: first, each particle is given a random position
and velocity. Xi � (m, n, T, q) and the value of i is 1∼30
defined.
Step 2: all particles will get a fitness value according to
the objective function (ATC), which is defined as
(ATC1 ∼ ATC30). -en the Pbest is defined as the best
position of each particle, and Gbest is defined as the
best fitness value and position among the Pbest in all
particles.
Step 3: update the position and velocity of 30 parti-
cles. If xi � r and ≥ 0.7 or vi � r and ≥ 0.7, the position
and velocity of particles would be spontaneously
updated.
Step 4: the objective function is run. After it all
updated particles will get the new fitness value
ATC1′ ∼ ATC30′.
Step 5: compare ATC1′ ∼ ATC30′ with ATC1′ ∼ ATC30′
and then select the best as the Pbest value of the particle.
Step 6: update the global best Gbest fitness value.
Choose the best one from all the values of Gbest and
Pbest.
Step 7: end the algorithm while the Gbest reaches the
optimal value; otherwise return to Step 3.

-e main calculation process is as shown in Figure 6.
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5. Numerical Examples

5.1. Results. -e numerical values of the parameters are as
follows:

hs � 1,

hr � 0.2,

hraw � 0.2,

Cn � 20,

Craw � 10,

C0 � 1000,

Sm � 1500,

Sn � 1500,

D � 1000,

φ � 2,

β � 0.9,

c � 0.1,

a � 0.9,

b � 0.1,

c � 0.9,

en � 0.5,

d1 � 20,

d2 � 28.

(8)

For different quality levels of recycled products (0.1∼0.9),
unit carbon emissions em are shown in Table 3. Among
them, the data refer to the relevant literature [48] and are
sorted out. With various values of θ, δ, C1, and ω, different
cases are studied. MATLAB language is used in the PSO and
GA algorithms.

Table 4 shows the average total cost corresponding to
different quality levels calculated by Lingo11
(θ � 4, δ � 1, C1 � 1, andω � 0.2).

From Table 5 (GAP� (PSO − GA)/GA), it can be seen
that, compared with the optimal value of Genetic Algorithm,
Particle Swarm Optimization algorithm has achieved better
results. -en, the results of Table 6 are obtained by com-
paring PSO with Lingo algorithm (GAP� (PSO − Lingo)/
Lingo).

-e sensitivity analysis results of supply disruption
probability ω under the ratio of different remanufacturing
and manufacturing times (m: n) with parameters θ � 4, δ �

1, C1 � 1, and q � 0.3 are shown in Table 7. Table 8 is the
total cost change of different carbon taxes under different
ratios (m: n) when parameters θ � 4, δ � 1, w � 0.2 and
q � 3.

5.2. Analysis. We can draw the following conclusions.
From Table 4, we can see that, with the increase of

recycling quality, the ratio of remanufacturing times to
manufacturing times (m: n) increases gradually. Further-
more, the higher the recycling quality is, the shorter the

Start

Random initialization of the 
swarm

Calculating the fitness of 
each particle

Updating particle position and velocity 
according to fitness 

Computation of the fitness 
of each particle

Updating the global optimal Gbest 
fitness value

Achieving global optimal position?

End

Yes

No

Figure 6: PSO flow chart.

Start

Generating an initial 
population

Calculating individual 
fitness 

Selection

Crossover

Mutation

Satisfying termination conditions?

End

Yes

No

Output optimal solution 

Figure 5: GA flow chart.
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manufacturing and remanufacturing cycle is. In this case, the
increase of recycling cost is greater than the decrease of
remanufacturing cost, so the ATC increases.

According to Tables 5 and 6, from the perspective of
algorithm and model, we can get the following: (1) whether it
is PSO or GA algorithm, the difference between the two
algorithms and Lingo optimal value is very small, which
shows the effectiveness of the algorithm; (2) according to the
change trend of ATC with parameters, it is found that the
change trend of GA algorithm and PSO algorithm is the same,
which proves the effectiveness of the model; (3) from the
result of gap analysis, the gap between PSO algorithm and
Lingo algorithm is smaller than that of GA algorithm, which
shows that PSO algorithm is closer to the optimal value.

According to the results from Tables 5 and 6, we can get
management conclusions as follows:

(1) With the rise of θ(when δ andm: n are still), q and
ATC will decrease and T is longer; when θ is the
same, δ increases, the ratio m: n then diminishes,
q andATC will ascend, and T is shorter. In other
words, if the remanufacturing cost remains un-
changed, the quality level of the recycled product will
be reduced and the total average cost too; in the case
of constant buyback cost, the increase of remanu-
facturing cost will increase the total average cost and
lead manufacturers to recycle higher quality recycled
products. However, because of the recycle of high-
quality recycled products, the recycle cost will greatly
increase, so manufacturers will increase the number
of new products manufactured and reduce the
number of remanufactures.

(2) T is related to the proportion of remanufacturing
and manufacturing m: n. When the proportion is
smaller, this means that the number of remanu-
facturing times in a cycle is reduced (assuming that
the number of manufacturing times is certain), so T

is shorter.

In summary, the optimal strategy for manufacturers at
this time is to use products that meet the lowest level of
remanufacturing quality for remanufacturing, so as to re-
duce ATC. After meeting the minimum quality level,
manufacturers can consider reasonable planning of rema-
nufacturing and manufacturing times to reduce costs (the
ratio of optimal remanufacturing to manufacturing times in
this example is 3 :1).

From Tables 7 and 9, we can get some management
recommendations.

(1) When the carbon tax remains unchanged and the
quality level of recycled products remains unchanged
(C1� 1 and q� 0.3), the average total cost increases
with the increase of the probability of supply dis-
ruption (as shown in Table 7). Because the occur-
rence of supply disruption will affect the normal
development of the downstream enterprises of the
whole supply chain to a certain extent, the increase of
the probability of supply disruption will bring more
serious losses to the members of the supply chain
(shown in Table 9).

(2) With the increase of ω, we can see that T also in-
creases, which can be explained as follows. -e in-
crease in the probability of supply disruption may
increase the manufacturing time Tn, so T increases.
Combined with Table 6, we can see that the cycle T

has a significant correlation with the proportionm: n

but has no significant relationship with the proba-
bility of supply disruption.-is article focuses on the
impact of supply disruption and carbon tax on ATC,
so the impact of supply disruption and carbon tax on
the cycle T is no longer considered in the sensitivity
analysis.

(3) -erefore, enterprises need to formulate and im-
plement effective supply disruption risk prevention
strategies to avoid the occurrence of supply dis-
ruption as far as possible, so as to make the pro-
duction of enterprises go smoothly.

(4) However, the risk of supply disruption is unavoid-
able. Once supply disruption occurs, manufacturers
should immediately adjust x to the lowest level to
meet the recycling requirements and adjust the
proportion of remanufacturing and manufacturing
times, so as to minimize the average total cost (in this
case, when q � 0.1, m: n � 1: 1, the average total cost
can reach the minimum value under supply
disruption).

Table 8 examines the impact of different carbon taxes
on total average costs when supply disruption risks re-
main unchanged and the quality level of recycled products
is consistent (ω � 0.2 and q � 0.3). Table 10 shows the
minimum average total cost and the best ratio (m: n)
under different recycling quality levels and different
carbon taxes.

-e managerial implications that can be derived from
Tables 8 and 10 are as follows:

Table 3: Unit carbon emissions of manufactured and remanu-
factured products.

Quality level x 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
ex 0.3 0.3 0.25 0.25 0.2 0.2 0.15 0.1 0.1
em 0.5

Table 4: Different quality levels of recycled products (Lingo).

q em m n T ATC

0.1 0.3 1 3 8.7697 49984.95
0.2 0.3 1 3 8.7557 50476.73
0.3 0.25 1 3 8.7347 50910.62
0.4 0.25 1 2 7.6090 51144.72
0.5 0.2 1 2 7.5882 51471.58
0.6 0.2 1 2 7.5705 51751.41
0.7 0.15 1 1 5.7485 51965.07
0.8 0.1 1 1 5.7344 52166.07
0.9 0.1 1 1 5.7232 52334.57
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(1) With the increase of carbon tax, the average total cost
rises gradually. -erefore, the total carbon emissions
should be considered as much as possible in the

Table 8: Result of sensitivity test on different carbon tax
C1(ω � 0.2 and q � 0.3).

C1 m n ATC

1

3 1 51173.16
2 1 50965.65
1 1 50734.78
1 2 50765.69
1 3 50910.62

2

3 1 51236.35
2 1 51036.11
1 1 50816.00
1 2 50828.18
1 3 50965.42

3

3 1 51297.64
2 1 51003.96
1 1 50893.34
1 2 50888.37
1 3 51018.56

4

3 1 51357.19
2 1 51169.48
1 1 50967.31
1 2 50946.48
1 3 51070.21

5

3 1 51415.15
2 1 51232.90
1 1 51038.31
1 2 51002.73
1 3 51120.46

Table 5: Comparison with PSO and GA (C1 � 1 andω � 0.2).

θ δ m n
q T ATC q T ATC GAP(%)By PSO By GA

4
0.5 3 1 0.1462 7.7849 50341.48 0.1491 7.4757 50342.24 − 0.0015
1.0 2 1 0.2380 6.8362 50814.65 0.2281 3.7857 50964.41 − 0.2939
1.5 1 1 0.3527 6.0158 50998.63 0.3538 6.7043 51018.26 − 0.0385

5
0.5 3 1 0.1428 7.8051 50268.44 0.1407 7.1054 50269.32 − 0.0018
1.0 2 1 0.2283 6.8513 50649.07 0.2033 4.2545 50712.07 − 0.1242
1.5 1 1 0.3398 6.0643 50918.61 0.3342 6.6400 50930.37 − 0.0231

6
0.5 3 1 0.1401 7.8142 50177.39 0.1305 7.2107 50185.33 − 0.0158
1.0 2 1 0.2019 6.8725 50538.28 0.1976 4.9052 50569.56 − 0.0619
1.5 1 1 0.3156 6.1547 50818.52 0.3112 5.8369 50821.60 − 0.0061

Table 6: Comparison with PSO and Lingo (C1 � 1 andω � 0.2).

θ δ m n
q T ATC q T ATC GAP(%)By PSO By Lingo

4
0.5 3 1 0.1462 7.7849 50341.48 0.1490 7.6681 50340.98 0.0010
1.0 2 1 0.2380 6.8362 50814.65 0.2279 6.8026 50652.63 0.3199
1.5 1 1 0.3527 6.0158 50998.63 0.3521 5.8209 50996.85 0.0035

5
0.5 3 1 0.1428 7.8051 50268.44 0.1430 7.6724 50267.02 0.0028
1.0 2 1 0.2283 6.8513 50649.07 0.2176 6.8079 50581.30 0.1340
1.5 1 1 0.3398 6.0643 50918.61 0.3311 5.8263 50906.37 0.0240

6
0.5 3 1 0.1401 7.8142 50177.39 0.1395 7.6749 50156.28 0.0421
1.0 2 1 0.2019 6.8725 50538.28 0.2033 6.8153 50513.62 0.0488
1.5 1 1 0.3156 6.1547 50818.52 0.3188 5.8295 50812.12 0.0126

Table 7: Result of sensitivity test on different supply disruption
probability ω(θ � 4, δ � 1, C1 � 1, and q � 0.3).

ω m n T ATC

0

3 1 6.8874 49660.97
2 1 6.4235 49453.46
1 1 6.0123 49222.59
1 2 6.7939 49253.50
1 3 7.6967 49398.43

0.2

3 1 6.9025 51173.16
2 1 6.4356 50965.65
1 1 6.0258 50734.78
1 2 6.8342 50765.69
1 3 7.7014 50910.62

0.4

3 1 7.0134 52685.35
2 1 6.4922 52477.84
1 1 6.0305 52246.97
1 2 6.8901 52277.88
1 3 7.7233 52422.81

0.6

3 1 7.0279 54197.54
2 1 6.5138 53990.03
1 1 6.0366 53759.16
1 2 6.9280 53790.07
1 3 7.7614 53935.00

0.8

3 1 7.0401 55709.73
2 1 6.5313 55502.22
1 1 6.0419 55271.35
1 2 6.9847 55302.26
1 3 7.8432 55447.19

1.0

3 1 7.0496 57221.92
2 1 6.6003 57014.41
1 1 6.0485 56783.54
1 2 7.2360 56814.45
1 3 7.9659 56959.38
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production operation of enterprises, and the total
cost should be reduced by adjusting the ratio of
remanufacturing times to manufacturing times in
the production process. (In this case, when carbon
tax is 1 or 2, the best ratio of remanufacturing times
to manufacturing times is 1 :1 making the average
total cost reach the optimum state; when carbon tax
is greater than 2 and less than or equal to 5, the best
ratio of remanufacturing times to manufacturing
times is 1 : 2, shown in Table 10 and Figure 7.)

(2) If the government wants to promote remanu-
facturing, it can consider decreasing carbon tax
reasonably, to encourage manufacturers to increase
the ratio of remanufacturing times to manufacturing
times.

(3) For the carbon tax value set by the government,
enterprises can choose the optimal production
strategy to minimize the average total cost according
to the recycling quality level (in this case, when
C1 � 3, enterprises can choose the best ratio m: n �

1: 1 under the quality level q � 0.1 or choose the best
ratio m: n � 1: 2 under the quality level q≥ 0.2,
shown in Table 10).

(4) -e optimal strategy of enterprises is to control the
proportion of remanufacturing times and
manufacturing times reasonably according to the

quality level of recycled products in the model and
the relevant policies of the government, so as to
minimize the average total cost.-e setting of carbon
tax value needs to take into account the interests of
enterprises. Only by pursuing the balance point of
economic interests and environmental protection

Table 10: Optimal operational strategies (different carbon taxes
ω � 0.2).

q C1 m n ATC

0.1
1 1 1 49800.18
3 1 1 49956.33
5 1 2 50073.48

0.2
1 1 1 50297.21
3 1 2 50453.80
5 1 2 50567.90

0.3
1 1 1 50734.78
3 1 2 50888.37
5 1 2 51002.73

0.4
1 1 1 51116.41
3 1 2 51268.34
5 1 2 51383.55

0.5
1 1 1 51445.18
3 1 2 51595.58
5 1 2 51711.15

0.6
1 1 1 51726.57
3 1 2 51876.20
5 1 2 51992.46

0.7
1 1 1 51965.07
3 1 2 52113.90
5 1 2 52230.51

0.8
1 1 1 52166.24
3 1 2 52314.72
5 1 2 52431.88

0.9
1 1 1 52334.57
3 1 2 52482.63
5 1 2 52600.08

Table 9: Optimal operational strategies (different supply disrup-
tion probability when C1 � 3).

q ω m n ATC

0.1
0 1 1 48487.33
0.5 1 1 52159.83
1 1 1 55832.34

0.2
0 1 2 48961.05
0.5 1 2 52692.92
1 1 2 56424.79

0.3
0 1 2 49376.18
0.5 1 2 53156.65
1 1 2 56937.13

0.4
0 1 2 49740.23
0.5 1 2 53560.56
1 1 2 57380.77

0.5
0 1 2 50054.45
0.5 1 2 53907.29
1 1 2 57760.14

0.6
0 1 2 50324.39
0.5 1 2 54203.91
1 1 2 58083.43

0.7
0 1 2 50553.36
0.5 1 2 54454.72
1 1 2 58356.08

0.8
0 1 2 50746.65
0.5 1 2 54665.89
1 1 2 58585.13

0.9
0 1 2 50909.08
0.5 1 2 54842.96
1 1 2 58776.84
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Figure 7: Average total cost fluctuation chart with different carbon
taxes.
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interests can the government and enterprises achieve
a win-win situation.

(5) What is interesting is that we get a result that seems
to be contrary to our expectation: with the increase
of carbon tax, the ratio m: n should also increase
(the increase of carbon tax means that remanu-
factured products is more advantageous than new
products in the cost of carbon tax, so theoretically
enterprises will increase the number of remanu-
facturing times only considering the carbon tax),
but in fact we get that the value of m: n corre-
sponding to the minimum total average cost de-
creases with the increase of carbon tax. -e reason
may be that, in our numerical example, the carbon
tax cost per unit of remanufactured goods and its
average inventory holding cost increase more than
the carbon tax cost of manufactured goods and the
average inventory holding cost of manufactured
goods increase, so the carbon tax increases and
the remanufacturing and manufacturing ratio
decreases.

6. Conclusions and Recommendations

-e optimal recovery and production strategy of manu-
facturers as recyclers in a sustainable CLSC considering
carbon tax and supply disruption are studied. We assume
that the recovery quality level obeys the standard normal
distribution. -e average total cost function of the manu-
facturer is established and the cost model considering en-
vironment and supply disruption and its corresponding
algorithm are proved by Lingo, PSO, and GA. -rough
numerical examples, we analyze the effects of supply dis-
ruption risk and carbon tax policy on the optimal pro-
duction and recycling strategies for manufacturers; then, the
optimal strategies are given.

With the rise of supply interruption probability, ATC
of the system will increase. Once supply interruption
occurs, it will bring serious losses to the operation of the
enterprise. In the process of recovery and production,
enterprises can adjust the quality level of recycled
products according to carbon tax, rationally arrange
remanufacturing and manufacturing batches to reduce
their ATC, and actively deal with the problem of supply
disruption.

Further research direction is to reduce the constraints of
hypothetical conditions (random market demand, consid-
ering the discarding and shortage of recycled goods, etc.).
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