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Sustainable development is an everlasting theme and lasting strategy in today’s era. Low-carbon economy is an inevitable
approach to the implementation of sustainable development. Cold chain logistics has become one of the main sources of carbon
emissions. However, in the research on location planning of cold chain logistics, the costs of carbon emissions have not been taken
into consideration in previous studies. The two-stage stochastic optimization (TSSO) model was established based on the
comprehensive consideration of transportation costs, time penalty costs, and carbon emission costs. In this case, it is extremely
diﬃcult to deal with uncertainty in TSSO model. Therefore, this paper constructs a two-stage robust optimization (TSRO) model
using data-driven method and robust optimization theory and veriﬁes the validity of this model through an actual case. The
application of this method to a cold chain logistics enterprise showed that the service level of logistics cannot be guaranteed by
stochastic optimization model. In the TSRO model, the costs increase by 2.18% at the price of robustness, whereas logistics service
level shows an upward trend (from 85.83% to 92.75%). In the TSRO model, enterprises are forced to choose a better distribution
path when carbon tax increases, which not only helps enterprises save costs but also achieves low-carbon environmental beneﬁts.

1. Introduction
Sustainable development is a long-standing concept of
human society. The deteriorating environment is constantly
challenging national sustainable development strategies.
Statistics show that a signiﬁcant increase in greenhouse gas
emissions is the primary cause of deterioration in the
ecological environment. In consequence, how to reduce
carbon emissions has become an extremely urgent global
issue. Governments around the world are increasingly
concentrating on reducing carbon emissions in their economic activities. Under the background of advocating
sustainable environmental development, it is imperative to
take action on energy saving and emission reduction. Cities
such as Beijing, Tokyo, and California have issued policies to
promote sustainable development strategies [1, 2]. China has
discharged the largest amount of carbon dioxide since 2009
[3, 4]. In pursuit of sustainable development, government
will set caps on carbon emissions on the basis of actual

capacity, while related enterprises will then make production
plans. These policies and deteriorating environment make
people aware of the fact that it is necessary to develop lowcarbon economy [5, 6].
With the rapid growth of industrial economy, the focus
of decision-makers has gradually shifted from economic
beneﬁts to coordinated development of economic and environmental beneﬁts. Previous research has focused on
manufacturing, while it has been rarely concerned about
transportation. In fact, the carbon emissions of transportation are enormous, especially in the cold chain logistics
industry [7]. Statistics show that carbon emissions from
vehicles in logistics transportation are one of the major
sources of greenhouse gases worldwide. Greenhouse gases
generated during logistics transport, among which large
quantities of greenhouse gases come from cold chain logistics, account for 14% of those around the world [8, 9].
Low-carbon vehicle routing problem is the research basis of
traditional vehicle routing problem, which adds carbon
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emission constraints. Besides economic beneﬁts, environmental factors should also be considered to eﬀectively reduce carbon emissions during transportation [10].
Many literatures have studied the inﬂuence of carbon
emission on logistics and transportation industry. When
carbon trading mechanism exists in the market, the costs
need to be considered in the logistics distribution routing
problem. Hoen et al. carried out research on emission
control management mechanism and suggested that policymakers should adopt carbon emission limit management
mechanism [11]. The government is tightening carbon
emission control to enterprises, which will inevitably result
in certain economic costs. It is obviously more realistic to
add carbon emission constraints when ﬁguring out the
vehicle optimal path problem. If the carbon emission in
transportation can be eﬀectively controlled, it is of great
signiﬁcance to promote development of low-carbon logistics. Therefore, vehicle routing optimization with carbon
emission constraints is gradually becoming an important
research ﬁeld.
With the increase of CO2 emission and pressure of
environmental pollution, many scholars pay attention to the
research on carbon emission reduction of cold chain logistics enterprises. However, most of the research methods
are single-stage models, and few scholars use two-stage
models. Zhou et al. proposed a low carbon supply chain
framework based on supply chain process criteria [12].
Others have made quantitative research on the implementation of cold chain logistics. Tang et al. proposed a
benchmark model for carbon reduction [13]. Hariga et al.
proposed activity-based cost minimization models and
carbon footprint minimization models [14]. Elhedhli et al.
proposed an optimization model for constructing food cold
chain inventory and transportation network and studied the
cold chain logistics transportation [15]. The carbon emission
studied in this paper is an extension of traditional vehicle
routing problem, and the low carbon cold chain logistics
transportation planning problem in two stages is studied.
Two-stage optimization model is widely utilized in
supply chain management, emergency dispatching, industrial production, energy grid, and other ﬁelds [16, 17]. In the
two-stage optimization problem, previous researchers often
started with deterministic model, while few scholars studied
its uncertainty. Dillon et al. studied the optimization of
medical supply chain network using a two-stage optimization model [18]. Weskamp et al. studied two-stage optimization of supply chain network with delayed payment
strategy under uncertain demand [19]. Chen et al. studied
the two-stage stochastic distribution robust linear complementarity problem [20, 21]. Lin et al. established a two-stage
model considering late payment and analyzed the integrated
production inventory strategy [22]. Sainathuni et al. studied
the inventory-transportation problem to determine the
optimal distribution plan from the supplier to the customer
to minimize total costs [23]. Scenario-based stochastic optimization can work out supply chain management and
system optimization problems [24, 25]. Rezaee et al. put
forward the design of a green supply chain network with
stochastic demand and carbon price [26]. However, the
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solution of scenario-based stochastic optimization model
depends to a large extent on the deﬁned scenario and its
probability of occurrence, and the solution of such model
will dramatically increase the amount of calculation and
increase the diﬃculty or even no solution as the number of
scenarios increases [27]. The above optimization models
usually assume that the probability distribution of stochastic
demand is known beforehand, which is inconsistent with the
actual situation. In addition, it is diﬃcult to deal with uncertain parameters and solve unexpected situations in
production through these models.
In recent years, many scholars and experts have introduced robust optimization methods to the solution of
various problems of supply chain management to improve
the robustness of the model. Robust optimization model
methods have been extensively studied to reduce the chance
of stochastic problems. Gulpinar and Pachamanova proposed a robust optimization model for equipment location
under worst-case scenarios by assuming that stochastic
demand belongs to an uncertain set [28]. Zokaee et al.
studied the optimization of robust supply chain networks by
assuming that demand, inventory capacity, and cost parameters belong to box set [29]. This model considers that
uncertain parameters belong to a set and studies the decision-making problem with minimum total costs in the worst
case. In addition, robust optimization as optimization theory
is widely used in many practical scenarios, such as largescale group decision-making [30], consensus decisionmaking [31], multicriteria decision-making [32], and energy
forecasting [33]. The extensive application of robust optimization model in diﬀerent ﬁelds makes scholars pay more
attention to its expansibility. However, it is rarely found in
the previous literature that robust optimization is used to
study the sustainable development of cold chain. Therefore,
it is more attractive to further expand the research of robust
optimization.
As an eﬀective tool for uncertain optimization, robustness optimization does not rely on the probability
distribution of events but represents unknown parameters
with speciﬁc sets of uncertainties. As a result, considering the
uncertainty of cold chain logistics research, there are many
potential beneﬁts of extending robust optimization theory to
solve the transportation problems of fresh cold chain logistics [34, 35]. They are independent of the probability
distribution of the needs of the target audience; and they
maintain robustness even in the worst case. Robust optimization is introduced into cold chain logistics. However, in
the research of fresh product cold chain logistics, only a few
scholars use stochastic probability model, and no other
scholars use two-stage robust optimization theory to study.
Robust optimization can consider the risk preference and
conservativeness of decision-makers to some extent, and it
has important research value in the research of fresh cold
chain logistics.
In conclusion, although scholars have carried out extensive research on the impact of carbon emission factors
and policy factors on cold chain logistics, there are still some
problems in the existing research. Firstly, the qualitative type
of overview paper covers a comprehensive range of ﬁelds but
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lacks comparative analysis of data. Secondly, most of the
mathematical model papers of quantitative type study lowcarbon cold chain logistics from a single angle or aspect, and
the factors involved in the research are not comprehensive
enough. In addition, most of the studies do not consider the
impact of uncertainty parameters on logistics transportation
services, which is diﬃcult to reﬂect the real market operation. Few researchers use quantitative methods to study lowcarbon cold chain logistics under uncertain demand. What is
more, there are few papers on the research of cold chain
logistics in low-carbon economy mode using robust optimization theory in methodology. Therefore, how to apply
robust optimization theory to low-carbon cold chain is
particularly novel.
The contributions and innovations of this research are as
follows:
(i) Carbon emission factors are introduced into the
study of cold chain logistics, taking into account
ﬁxed costs, time window costs, transportation costs,
and carbon emission costs. A two-stage stochastic
optimization model is built according to the actual
situation.
(ii) Robust optimization theory is applied to fresh cold
chain logistics, and stochastic optimization model is
converted into robust optimization model considering uncertainty.
(iii) Data-driven method is used to preprocess model
parameters, which is more universal than stochastic
optimization method and can describe the real
scene more accurately.
(iv) The data from real market operation is used for
simulation calculation to provide decision support
for fresh cold chain transportation enterprises.
(v) It provides important theoretical support and design scheme for the green and eﬃcient development
of cold chain logistics industry distribution.
This paper studies how to construct TSRO models to
discuss warehousing-transportation joint optimization under uncertain demand. The ﬁrst-stage decision is node selection, and the second-stage decision is transportation
route planning. First, in order to improve customer satisfaction with commodity demand, TSRO models with carbon
emission constraints are considered. Unlike the classical
two-stage stochastic facility location problem, the model in
this chapter does not assume a preknown probability distribution of stochastic demand but obtains a feasible range
by means of data-driven methods. Through such a method,
the research of this paper will be more valuable and
meaningful.
The rest of this paper is organized as follows. Section 2
covers description of the problem and model building.
Section 3 builds TSSO model and TSRO model. Section 4
veriﬁes the validity of the model with the aid of an example.
Section 5 makes detailed analysis and comparison on the
performance of the model. Section 6 summarizes the conclusions of this study and future research directions.
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2. Problem Description
2.1. Problem Description. This paper studies the two-stage
location and path planning problem of cold chain considering carbon emission (Figure 1). In this problem, fresh
products are transported from the place of origin to the
demand stores through the intermediate warehouses. Two
types of sites are considered: candidate intermediate
warehouses and demand stores. Considering cost minimization and demand responsiveness, transfer cold storage has
binary functions. On the one hand, in order to meet the
demand, the intermediate warehouse should consider the
prestorage quantity of products; on the other hand, the goal
is to minimize the total cost after meeting the demand.
In the two-stage location path planning problem, the
cost types considered include the construction cost of
refrigerated warehouse, vehicle operation cost, time
window cost, carbon emission cost, and transportation
cost. In the distribution of products, the fairness of material distribution should be ensured as far as possible, and
the delay loss caused by insuﬃcient material supply and
the cost consumed in the process of storage and distribution should be minimized. Enterprises can optimize the
distribution of goods from warehouse to retail store
[36, 37]. This paper merely considers the selection of
warehouse and the distribution from warehouse to retail
store and does not consider the upstream procurement
and the sales process from retail store to customer. Under
the uncertain demand environment, the ﬁrst stage decision is to choose the warehouse. In the second stage, the
basic inventory of the selected warehouse and the distribution proportion of goods from the warehouse to the
demand site are determined. The goal of the problem is to
minimize the total cost under the constraint of satisfying
the demand.

2.2. Basic Assumptions. Considering the actual situation of
cold chain, the following assumptions are proposed for the
material scheduling problem:
(i) Path optimization problem provides distribution
services from multiple distribution centers to
multiple demand sites
(ii) All demand sites must obtain cold chain distribution service, and each demand site has a refrigerator
car to provide delivery service
(iii) Refrigerated vehicle is the same model, with the
same fuel consumption and load capacity
(iv) The geographical location and time window of the
demand stores are known
(v) The vehicle runs at a constant speed, directly
transports, and returns to the distribution center
immediately after completing the distribution
For the convenience of introduction, the symbols of
relevant parameters and decision variables are summarized
as shown in Table 1.
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Figure 1: Schematic diagram of fresh cold chain path planning.
Table 1: Description of relevant parameters and variables of the model.
Sign
xi
yij
Dj
cf
λ
HMax
j
Hv
hv
hk
cv
Ec
ct
ce
doi
dij
vi
tj
TMax
j
I
J

Description
xj ∈ {0, 1}, 0-1 variable, if xi ≠ 0, select i as the storage site; else, do not select;
yij ∈ [0, 1], continuous variable, if yij ≠ 0, select the path ij;
Demand
Fixed cost
Corruption rate of fresh products
Maximum inventory of transfer cold storage
Maximum load capacity of large refrigerated vehicle
Maximum load capacity of minirefrigerated vehicle
Fuel consumption cost of unit vehicle transportation
Unit consumption cost of fuel
Unit fuel consumption of vehicle
Unit delay penalty cost
Unit carbon tax
Distance between place of origin and transfer cold storage
Distance from temporary cold storage to demand site
Average vehicle speed
Base time of arrival
Maximum arrival time
The set of transfer cold storages consists of i
The set of demand sites consists of j

2.3. Cost Analysis. The objective of this study is to minimize
the comprehensive cost of cold chain to reﬂect the actual
situation of cold chain transportation process. It not only
considers the minimum carbon emissions but also weighs
the cost of distribution under the condition of low-carbon
economy. Comprehensive cost includes ﬁxed cost, transportation cost, time cost, and carbon emission cost. The cost
is explained in detail as follows.
2.3.1. Fixed Cost. Fixed costs are investment costs for infrastructure, including operating costs for cold storages,
vehicle maintenance costs, and driver wages. Fixed costs are

independent of inventory management and total mileage of
the vehicle. The ﬁxed costs of cold chain are calculated as
follows:
Cf �  fi ⌈xi ⌉,
i

∀i ∈ I.

(1)

2.3.2. First-Stage Transportation Cost. The ﬁrst stage is when
the product is transported from its origin to a cold storage
warehouse with a large capacity and a single ﬁxed vehicle
type. Therefore, the transportation costs of fresh products
during this stage are as follows:
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ct1
D d ,
(1 − λ)Hv i j j oi

∀i ∈ I, ∀j ∈ J,

(2)

where ct1 represents the unit fuel consumption cost. Hv
represents the carrying capacity of a large transport vehicle.
λ represents the corruption rate of fresh products and 1 − λ
represents the product survival rate [38, 39].
2.3.3. First-Stage Carbon Emission Cost. The ﬁrst phase is
when products are shipped from their origin to cold storage
warehouse, where the carbon cost of cold chain is as follows:
ce1
Ce1 �
  eE1 Dj doi , ∀i ∈ I, ∀j ∈ J. (3)
(1 − λ)Hv i j
In the previous equation, cce is the carbon tax amount. E1
is the unit energy consumption. e is the carbon dioxide
factor.
2.3.4. Second-Stage Transportation Cost. The second stage is
the transportation of fresh products from transfer cold
storages to demand stores. Fresh products are precisely
distributed with the following transportation costs:
c
Ct2 � t2   Dj yij dij , ∀i ∈ I, ∀j ∈ J.
(4)
hv i j
In the previous equation, ct represents the unit fuel
consumption cost of mini vehicles.
2.3.5. Cost of Time Window. Time costs are penalties for
time delays in the following form:
dij
Cp � cp   xi  − t,
vi
i j

∀i ∈ I, ∀j ∈ J,

i

j

(7)

∀i ∈ I.

(8)

Depending on the actual scenario, the ﬁrst stage of a
TSSO model aims to minimize the total cost. The ﬁrst item of
objective function (7) is ﬁxed cost, which includes infrastructure investment costs, including equipment loss costs
and basic hydropower costs. Fixed cost is independent of
vehicle routing planning. The second cost is aﬀected by the
uncertain parameters of the second stage. Constraint (8)
represents 0-1 variable that participates in the corresponding
logistics operation if and only if xi � 1. The random variable
ε is deﬁned in the probability space P, Ξ and assumes that the
ﬁrst and second moment are precisely known beforehand;
that is, EP [ε] � μ0 , EP [(ε − μ0 )(ε − μ0 )T ] � Σ0 ≻0. The second
stage of the TSSO model is shown as follows:
 j  + Ct2 D
 j  + Ce1 D
 j  + Ce2 D
 j 
Cp + maxCt1 D
P

 j |x, y,
≤ C2 D
(9)
s.t.   yij ≤ 1,
i

∀i ∈ I, ∀j ∈ J,

(10)

j

yij ≤ xj ,

∀i ∈ I, ∀j ∈ J,

 j ≤ HMax
  yij D
j ,

(11)

∀i ∈ I, ∀j ∈ J,

(12)

∀j ∈ J,

(13)

j

(5)

2.3.6. Second-Stage Carbon Emission Cost. Due to the environmental requirements of the government, a certain
amount of carbon tax will be levied on the vehicle at the
following cost:
dij
,
vj

 j |x, y,
minCf + C2 D
s.t. xi ∈ {0, 1},

i

where cp represents the time-related unit penalty cost [40].

Ce2 � ce2  edij E21 Dj yij  + eE22 yij Dj

minimize the total cost on the basis of maximizing customer
demand. The speciﬁc model is as follows:

⌈yij ⌉

dij
Max
 ≤ Tij ,
vj

 j  + Ce2 D
 j  ≤ CMax
maxCe1 D
E ,
P

 j � D0j + εD0j ,
Pε|ε ∉ Ξj  ≤ 1 − αj , D
0 ≤ yij , xi ∈ {0, 1},

(6)

.∀i ∈ I, ∀j ∈ J.
In the previous equation, ce is the unit carbon tax
amount, E21 is the unit oil consumption, expressed as
E21 � Dj yij (ηmax − η0 )/hv + η0 , ηmax is the full load oil
consumption, η0 is the no-load oil consumption, and E22
represents the unit oil consumption of the refrigeration
equipment [41].

3. Model Establishment
3.1. TSSO Model. In this section, we build a two-stage
stochastic optimization (TSSO) model, which aims to

∀i ∈ I, ∀j ∈ J.

∀j ∈ J,
∀j ∈ J,

(14)
(15)
(16)

In the process of solving optimization problem (7)–(16),
the following diﬃculties will be faced. On the one hand, in
practical applications, the probability distribution of random parameters is unknown. Even if it is assumed to follow a
known probability distribution, the calculation of the objective function of the problem is extremely diﬃcult for
continuous random variables. There is no ideal model in real
life. It is often diﬃcult to obtain the development law of key
parameters, especially the probability distribution of demand parameters. On the other hand, the model contains
multiple opportunity constraints because the probability
distribution of random demand is unknown. Therefore, this
constraint problem is nonconvex, which is also very diﬃcult
to deal with in calculation. Based on the above two

6

Complexity

diﬃculties, the concept of robust optimization is introduced,
and robust model can eﬀectively provide an eﬀective
measure of uncertainty. Robust optimization research has
higher applicability and stability than others. In this section,
the above deterministic TSSO model is transformed into
TSRO models by applying the relevant theory of robust
optimization, so that the uncertain parameters change
within the uncertain set, so that the probability distribution
independent of the model can also be used to study the
inventory routing problem. Based on stochastic model,
initial site demand is deﬁned as stochastic demand pa j � D0 + D
 j , D0j is nominal demand, D
 j � εD0j is
rameter D
j
ﬂuctuation demand, and ε is disturbance proportion. Then,
the TSRO models are established, respectively [42–44].
3.2. Box Set Two-Stage Robust Optimization (BTSRO) Model.
 j.
In the BTSRO model, the uncertain demand is D
According to the robust optimization theory, the TSSO
model is further transformed into a BTSRO model, and the
deﬁnition domain of uncertain parameters is
∪ B � ε: ‖ε‖∞ ≤ Ψj }⇔|εj | ≤ Ψj , and Ψj represents uncertain level parameters (i.e., safety parameters), indicating that
at most Ψj parameters deviate from nominal values [45].
Theorem 1. With the box set uncertain parameters, when the
uncertain parameter is not 0, the BTSRO model infx, y
t: UB (C, A, B)supCT1 (ε)x ≤ t&supCT2 (ε)y ≤ t&AT x ≤ B}}
is equivalent to them in the TSSO model
≥ 1−
min x, yt: P(C, A, B)CT1 x ≤ t&CT2 y ≤ t&AT x ≤ B
αj }. When the uncertain parameter is 0, the BTSRO model
degenerates into a two-stage linear optimization model.
The ﬁrst stage of the BTSRO model is (17)–(19), the goal
of which is how to pursue the minimization of the total cost
under uncertain conditions.
infZB ,

(17)

 j |x, y ≤ ZB ,
s.t. supCf + C2 D
∪B

xi ∈ {0, 1},

∀i ∈ I.

(18)
(19)

The second stage of the BTSRO model is (20)–(27) with
the goal of pursuing a minimized distribution cost on the
basis of maximizing the met customer demand.
 j |x, y,
inf C2 D

(20)

∪B

i

j

i ∈ I, ∀j ∈ J,

j

i

∀i ∈ I, j ∈ J,

j

(23)
⌈yij ⌉ · 

dij
Max
 ≤ Tij ,
vj

∀j ∈ J,

 j  + Ce2 D
 j  ≤ CMax
supCe1 D
E ,

(24)
∀j ∈ J,

∪B

Pε|ε ∉ ∪ B  ≤ 1 − αj ,
0 ≤ yij ≤ xi , xi ∈ {0, 1},

∀j ∈ J,
∀i ∈ I, ∀j ∈ J.

(25)
(26)
(27)

Proof. In stochastic optimization (SO), the uncertain numerical data are assumed to be random. In the simplest case,
these random data obey the probability distribution that is
known in advance, while, in more advanced settings, this
distribution is only partially known. Here again an uncertain
problem is associated with a deterministic counterpart, most
notably with the chance constrained problem
min x, yt: P(C, A, B)CT1 x ≤ t&CT2 y ≤ t&AT x ≤ B ≥
1 − αj }, where αj ≪ 1 is a given tolerance and P is the
distribution of the data (C, A, B). When this distribution is
only partially known, all we know is that P belongs to a given
family P of probability distributions on the space of the data.
The above setting is replaced with the constrained setting.
The stochastic optimization approach seems to be more
conservative than the worst-case-oriented robust optimization approach. In the stochastic optimization model, the
probability distribution of parameters in the model is required to be high, and a large amount of historical data is
frequently needed for reasoning and analysis. Therefore, the
feasibility of stochastic optimization is not high. We
transform it into a robust optimization model. Set P∞ �
[JL×L ; O1×L ], P∞ � [OL×1 ; Ψ] . . .∞ � [θL×1 ; t]: ‖θ‖∞ � t,
where L is the number of uncertain parameters. The parameters of the model change from uncertain distribution
probability P to uncertain set UB . The original probability
distribution
constraint
form,
P(C, A, B)CT1 x ≤
T
T
t&C2 y ≤ t&A x ≤ B} ≥ 1 − αj (i.e., P(.) ≥ 1 − ε) for all
P ∈ P), is transformed into robust optimization form
UB (C, A, B)supCT1 (ε)x ≤ t&supCT2 (ε)y ≤ t&AT x ≤ B (i.e.,
supCTn (ε)x ≤ t) for all n ∈ {1, 2, ..., n − 1, n}), where t is the
corresponding right-hand constraint. So, Theorem 1 is
proved.
□

(21)

(22)

is an adjustable security parameter. This is a nonlinear
 R, (D
 j − Dj )T
constraint
problem,
 ∪ E ⇔D∈

 j  + Ce1,e2 D
 j  ≤ C2 ,
·Ct1,t2 D
  yij ≤ 1,

i

3.3. Ellipsoid Set Two-Stage Robust Optimization (ETSRO)
j
Model. In the ETSRO model, the uncertain demand is D
and the uncertain parameters
belong
to
the
set
of
ellipsoids
����
 j−
 j ∈ R, J [(D
[46].  ∪ E |‖ε‖2 ≤ Ωj ⇔ε J ε2j ≤ Ωj }⇒D
 j ]2 ≤ Ω2j }} is deﬁned according to l2 norm, of which Ωj
D0j )/D

s.t. Cp + Ct1,t2 D0j  + Ce1,e2 D0j  + sup Ψj
∪B

 j ≤ HMax
  yij D0j + Ψj′   yij D
j ,
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 j − Dj ) ≤ Ω2j }, where C is an n-order diagonal matrix
C− 1 (D
�����������������
 2j )[I,J (yij )ct ]2 ≤
with elements; then C(D0j ) + Ωj J (D
ZE .
Theorem 2. With the ellipsoid set uncertain parameters,
when the uncertain parameter is not 0, the ETSRO model
infx, yt: UE (C, A, B)supCT1 (ε)x ≤ t&supCT2
(ε)y ≤ t&AT x ≤ B}} is equivalent to them in the TSSO model
min x, yt: P(C, A, B)CT1 x ≤ t&CT2 y ≤ t&AT x ≤ B ≥
1 − αj }. When the uncertain parameter is 0, the ETSRO model
degenerates into a two-stage linear optimization model.
The ﬁrst stage of ETSRO model is (28)–(30), and the goal
is how to pursue the minimization of the total cost under the
condition that the uncertain parameters obey the ellipsoid
set.
inf ZE ,

(28)

∪E

 j |x, y ≤ ZE ,
s.t. Cf + supC2 D

(29)

∀i ∈ I.

(30)

∪E

xi ∈ {0, 1},

The second stage of the ETSRO model is (31)–(41),
which aims to pursue a minimized path transportation cost
on the basis of maximizing the met demand.
 j |x, y,
inf ZE C2 D

(41)

Proof. It is similar to the BTSRO model proof method. In
the ETSRO model, the uncertain set is transformed from
probability distribution constraint P(.) ≥ 1 − ε to uncertain
robust constraint supCTn (ε)x ≤ t. In addition, the constraints
of 
the
model are scaled down appropriately,
��������
2

and rj′ ≥ i,j (CTn x ≤ B), AT x ≤ B, C, A,
Υj ≥ j∈J Dj r′2
i ,
B ∈ UE . For general constraints of the model, deﬁne
∪ E � ai ∈ Rn : ai � ai + Δξ, ξ ≤ Ω, where Δ � 1/2 , and the
constraints max aTi X ≤ B of it can be translated as
maxaTi X: (ai − ai )T Σ−1 (ai − ai ) ∈ Ω2 . As for Σ is positive,
so it is a convex problem. Set P2 � [JL×L ;
O1×L ], P2 � [OL×1 ; Ωj ], . . . 2 � [θL×1 ; t]: ‖θ‖2 � t, where L
is the number of uncertain parameters. The parameters of
the model change from uncertain distribution probability P
to uncertain set UE . The original probability distribution
constraint form, P(C, A, B)CT1 x ≤ t&CT2 y ≤ t&AT x ≤ B} ≥
1 − αj , is transformed into robust counterpart form
UE (C, A, B)supCT1 (ε)x ≤ t&, . . . , supCTn (ε)y ≤ t&AT x ≤ B,
where t is the corresponding right-hand constraint. The
latter is called the robust counterpart of the original uncertain problem.
So, Theorem 2 is proved.
□

4. Simulation Experiment

s.t. C2 D0j 

 i  ≤ C 2 ,
+ Ωj Υj + supC3 D

(32)

Cp + Ct1,t2 D0j  + Ce1,e2 D0j  ≤ C2 D0j ,

(33)

∪E

�������
 2j r′2
Υj ≥  D
i ,

∀i ∈ I, ∀j ∈ J,

(34)

j∈J

⎝x c 2 y +
rj′ ≥  ⎛
j h ij
i

j

c2v yij dij
⎠,
⎞
hj

  yij D0j + Ωj Υj ≤ HMax
j ,

∀i ∈ I, ∀j ∈ J, (35)

∀i ∈ I,

(36)

j

  yij ≤ 1,
i

∀i ∈ I, ∀j ∈ J.

(31)

∪E

i

0 ≤ yij ≤ xi , xi ∈ {0, 1},

∀j ∈ J,

(37)

j

⌈yij ⌉ · 

dij
Max
 ≤ Tij ,
vj

∀j ∈ J,

 j  + Ce2 D
 j  ≤ CMax
supCe1 D
E ,
∪E

Pε|ε ∉ ∪ E  ≤ αj ,

∀j ∈ J,

(38)
∀j ∈ J,

(39)
(40)

This section veriﬁes the eﬀectiveness of the proposed model
in solving cold chain management problems through simulation. This paper selects a cold chain company in Zhejiang
Province (coastal eastern China). The company is engaged in
cold chain transportation and distribution services. Products
are transported from Zhoushan aquatic products trading
center to inland demand sites through transit warehouse, as
shown in Figure 2. In the process of production and operation, the transportation department is faced with vehicle
location and path planning problem. Due to the perishability
of products, strict cold chain technology must be adopted for
storage and transportation. On the basis of comprehensive
consideration of related costs, the following numerical case
simulation is carried out.
The ﬁrst stage is the location problem of transfer of cold
storage sites. Due to the perishability of fresh products, it
strongly depends on cold fresh technology for storage and
transportation. In the process of transportation, fresh
products require the whole cold chain, once exposed to
normal-temperature or high-temperature environment, it is
easy to rot. In site selection, the feasibility of transportation
cost and the convenience of transportation distance should
be considered. Therefore, the location problem is very important. In this section, through screening, we selected Jifeng
cold storage, Michaelis cold storage, Liheng cold storage,
Fenghua Xiwu cold storage, and friendship cold storage
factory as alternative sites. They are represented by
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Figure 2: Logistics transportation scenario.

C1, C2, C3, C4, and C5. The goal of the ﬁrst stage is to determine the location site and calculate the total cost.
The second stage is path planning. There are 5 alternative
transfer cold storages and 8 demand sites. The demand sites
are Walmart (plant doctor store), Walmart Shopping Plaza
(Ningbo Siming Middle Road store), Metro RT Mart,
Carrefour (Beilun store), RT Mart (Nanshan Road store), RT
Mart (Xiangshan store), RT Mart (Cixi store), and Carrefour
(Jiangdong
store),
which
are
expressed
by
D1, D2, D3, D4, D5, D6, D7, and D8. The goal of the second
stage is to minimize the initial distribution cost, including
material handling cost, transportation cost, and time cost. In
the process of calculation, the setting of transportation cost
is based on the comprehensive calculation of real-time oil
price and actual distance and even involves factors such as
traﬃc congestion and time limit. On the basis of comprehensive consideration of related costs, the following numerical case simulation is carried out in this section.

4.1. Relevant Data Acquisition. The basic data information
includes the ﬁxed operating cost, demand, average vehicle
speed of shelter hospital, demand of designated hospital, and
vehicle speed (Table 2).
This section directly obtains the actual distance between
sites through Google Maps, as shown in Table 3. The vehiclerelated parameters are listed (Table 4).
Other parameters of the model are as follows. In addition, the energy consumption of refrigeration equipment
is 0.25 L/h ∗ t, and the emission coeﬃcient of CO2 is 2.61 kg/
L [41, 47, 48].

Table 2: Basic parameters.
C2
C3
C4
C5
Transfer cold storages
C1
Distance
110.6 127.8
88.5
134.1 153.9
Maximum inventory
160
170
140
135
140
Average speed
56
47
48
62
50
Fixed cost
17,500 16,500 15,500 14,500 13,200
Demand site
D1
D2
D3
D4
D5
Nominal demand
55
45
40
35
60
D7
D8
—
—
Demand site
D6
Nominal demand
50
75
68
—
—

Distance
C1
C2
C3
C4
C5

D1
24.6
26.9
15.3
27.3
45.3

Table 3: Distance between sites.
D2
D3
D4
D5
D6
26.3 26.4 53.2 41.3 92.8
19.2 30.4 54.2 20.9 80.9
16.4 22.4 30.2 39.8 76.5
21.4 44.3 53.1 11.1 67.5
37.8 58.7 67.5 25.4 64.3

D7
48.7
77.2
63.6
89.4
107.5

D8
32.9
34.9
8.7
28.9
45.7

4.2. Results of Two-Stage Stochastic Optimization Model.
In this section, we use MATLAB as the programming
platform and use the solvers Gurobi (G) and CPLEX (C),
respectively, to solve the above models. The results of the
two-stage stochastic optimization model are shown in
Table 5.
In the TSSO model, the operation results of the model
are aﬀected by the probability distribution of random parameters. In this section, the common probability distribution is selected for simulation experiment. With the
increase of the mean value of random parameters

Complexity

Types
Large
Small

Type
Uniform
Weibull
Normal
Bernoulli
Exponential
Gamma
Poisson
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Length
5.6 m
3.6 m

Mean
0.10
0.10
0.10
0.10
0.10
0.10
0.10

Table 4: Vehicle related parameters.
Max-loading
Transportation cost
5–8 t
20 CNY/km
3–5 t
12 CNY/km

Cost (G)
9.13E + 04
9.11E + 04
9.17E + 04
9.15E + 04
9.58E + 04
9.16E + 04
9.17E + 04

Fuel
25.5 L
14.4 L

Table 5: Calculation results of TSSO model.
Cost (C)
Sites
Time (G)
9.13E + 04
1, 2, 3, 4, 5
366.9 ms
9.12E + 04
1, 2, 3, 4, 5
396.8 ms
9.17E + 04
1, 2, 3, 4, 5
320.5 ms
9.14E + 04
1, 2, 3, 4, 5
366.8 ms
9.58E + 04
1, 2, 3, 4, 5
370.0 ms
9.17E + 04
1, 2, 3, 4, 5
381.5 ms
9.17E + 04
1, 2, 3, 4, 5
336.3 ms

(0.02 ⟶ 0.20), the total cost shows an upward trend
(9.13E + 04 ⟶ 9.58E + 04). There are ﬁve level-1 rescue
sites opened. Acting on the diﬀerent distribution, the total
cost of emergency management is also quite diﬀerent. This
implies that, in the stochastic model, the change of parameters directly aﬀects the total cost. However, under the
circumstances of actual emergency, the development of the
situation has great uncertainty frequently. It is diﬃcult to
obtain suﬃcient historical data to calculate the speciﬁc
distribution function of parameters or even to accurately
estimate the mean and variance of parameters, so the feasibility of stochastic optimization model in emergency
management is low. It can be seen from the comparison of
computational eﬃciency and performance of the model that
two kinds of solvers are used to solve the model. The speed of
Gurobi is at least 1.5 times faster than that of CPLEX.
Obviously, Gurobi is better than CPLEX. It is found that
there is a relationship Gap < 0.01 in the error comparison,
which shows that the two algorithms are eﬀective.
4.3. Results of Data-Driven Two-Stage Robust Optimization
Model. The existence of big data service platform provides a
strong guarantee for the speciﬁc demand value of samples
collected before the route planning, so that the two-stage
stochastic programming problem in this paper can be
transformed into a more practical decision-making problem.
As shown in Figure 3, with the big data service
platform as the core, a complete process from data input,
data collection to data analysis, and processing is constructed. Among them, the data processing end plays a
dual role in the collection of demand data: on the one
hand, the data processing end connects with the big data
service platform, within the feasible authority, directly
obtains the user’s personal data from the platform, plays
the role of text mining, and obtains the original data. On
the other hand, the collected data are cleaned to obtain the
key parameters.
The speciﬁc data processing steps are shown in Table 6.
Through the above steps, this paper obtains the basic
sample data set of the region. The ﬁtting interval shown in
Table 7 can be obtained by normalizing the sample data. The
validity of the interval is represented by the coverage of

Corruption rate
0.03
0.04

Time (C)
642.1 ms
635.3 ms
631.3 ms
639.6 ms
633.2 ms
636.1 ms
646.9 ms

Gap %
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01

sample requirements. The range of ﬂuctuation parameters of
the sampled data is used as the classiﬁcation basis, and the
coverage rate is used to measure the advantages and disadvantages. Through MATLAB programming, the following
results are obtained.
It can be seen that, with the increase of safety parameters,
the two total costs show a gradual upward trend. When the
safety parameter is 0, the two-stage robust optimization
model is equivalent to the two-stage stochastic chance
constrained model. In the two-stage box set robust optimization model, when the safety parameter increases from 1
to 8, the total cost increases from 9.23E + 04 to
9.48E + 04 CNY, with an increase of 2.71%. In the ellipsoid
set two-stage robust optimization model, when the safety
parameter increases from 1 to 8, the total cost increases from
9.23E + 04 to 9.47E + 04 CNY, with an increase of 2.54%.
These rising costs are the cost of robustness. It is found that
the ETSRO model is more robust. In terms of demand
coverage, the larger the upper and lower bounds of demand
ﬂuctuation are, the wider the coverage is. When the upper
and lower bounds of demand ﬂuctuation change from ±0.05
to ±0.10, the coverage increases from 95.90% to 99.00%.
4.4. Path Planning Scheme Based on Model. From Table 8, it
can be seen that, under the TSSO model, the ﬁrst stage is
about the location of the cold storages, and C1, C2, C4, C5
are chosen. The second stage is the path planning. The
proportion of transportation is mainly C1, C2, 37.34% and
26.07% of total demand, respectively. It is responsible for the
supply of main materials to meet the needs of demand site.
From Table 9, it can be seen that, under the BTSRO
model, the ﬁrst stage is to choose the location of the cold
storage, and C1, C2, C3, C4, C5 are chosen. Compared with
the TSSO model, the number of the sites increases by C3. The
second stage is path planning, with C1, C5 as the main
transshipment proportion, accounting for 36.31% and
23.30% of the total demand, respectively, to meet the needs
of all required sites.
From Table 10, it can be seen that, under the TSRO
model of the oval collection, the ﬁrst stage is about the
location of the cold storage, and C1, C2, C3, C4, C5 are
chosen. Compared with the TSSO model, the new station C3
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Figure 3: Data acquisition and processing based on platform.

Step
Step
Step
Step
Step
Step
Step
Step
Step
Step

SP
1
2
3
4
5
6
7
8
1
2
3
4
5
6
7
8

1
2
3
4
5
6
7
8
9

Table 6: Detailed explanation of data processing steps.
Speciﬁc description
Original data collection: with the help of big data service platform, mining the sample set of demand through text;
Data cleaning: eliminate incomplete data; set ﬁltering range to eliminate data group with abnormal value;
Data processing: ﬁtting regression analysis of sample set data;
Demand estimation: with the help of the parameter index of the sample data set, the overall demand parameters are estimated;
Input the initial value, input the constraint variables, and set the parameters to obey the probability distribution;
Input parameter variable constraints, storage capacity constraints and time window constraints, etc.;
The solution environment is set and solved by the solver |Gurobi;
If step 2 is satisﬁed, terminate; if not, reexecute step 1;
If the model converges or iterates to a certain number of times, the optimal solution is output.

ε
±0.05
±0.05
±0.05
±0.05
±0.05
±0.05
±0.05
±0.05
±0.10
±0.10
±0.10
±0.10
±0.10
±0.10
±0.10
±0.10

Cost
9.23E + 04
9.25E + 04
9.27E + 04
9.30E + 04
9.31E + 04
9.33E + 04
9.35E + 05
9.39E + 04
9.24E + 04
9.27E + 04
9.31E + 05
9.35E + 04
9.39E + 04
9.41E + 04
9.45E + 05
9.48E + 04

Table 7: Results of a two-stage robust optimization model.
BTSRO model
Time
Coverage (%)
Cost
411.60 ms
95.50
9.23E + 04
405.52 ms
95.50
9.23E + 04
401.02 ms
95.50
9.25E + 04
409.74 ms
95.50
9.28E + 04
411.21 ms
95.50
9.29E + 04
416.11 ms
95.50
9.32E + 04
417.68 ms
95.50
9.35E + 05
408.27 ms
95.50
9.38E + 04
423.85 ms
98.50
9.23E + 04
412.09 ms
98.50
9.26E + 04
415.13 ms
98.50
9.31E + 05
413.66 ms
98.50
9.34E + 04
414.93 ms
98.50
9.38E + 04
418.07 ms
98.50
9.40E + 04
420.32 ms
98.50
9.45E + 05
421.40 ms
98.50
9.47E + 04

ETSRO model
Time
399.25 ms
393.36 ms
388.99 ms
397.45 ms
398.87 ms
403.62 ms
405.15 ms
396.02 ms
411.13 ms
399.73 ms
402.67 ms
401.25 ms
402.48 ms
405.53 ms
407.71 ms
408.76 ms

Coverage (%)
95.90
95.90
95.90
95.90
95.90
95.90
95.90
95.90
99.00
99.00
99.00
99.00
99.00
99.00
99.00
99.00

Complexity

C1
C2
C3
C4
C5

Table 8: Path planning of TSSO model.
D1
D2
D3
D4
D5
D6
D7
1
0.987
1
0.085
1
1

0.013

30%

D8

0.915

Table 9: Path planning of
D2
D3
D4
D1
0.905
1
0.753
0.549
0.095
0.451
0.247

BTSRO model.
D5
D6 D7
1
0.213

20%

1

1

D8

25.9%

25%

Storage ratio fluctuation

C1
C2
C3
C4
C5

11

15%

12%

10%

8.5%

5%
0%
–5%
–10%

0%
C1
–0.8%
–1.0%

0%

0%
C2

0%
C3

C5

–7.1%
–11.5%

–15%

C4

0% 1.1%

–12%
–14.7%

–20%

0.136

Cold storage

0.787
1

0.864

TSSO
BTRO
ETRO

C1
C2
C3
C4
C5

Table 10: Path planning of ETSRO model.
D2
D3
D4
D5
D6
D7
D1
0.925
1
1
0.453
0.713
0.075
1
0.547
0.287
1

Figure 4: Change range of inventory proportion of cold storages.
D8

1

is chosen. The second stage is the path planning problem.
The center of gravity of transportation is diﬀerent from the
two stages of the oval collection. The TSRO model consisted
of C1, C3, 36.56% and 25.94%, respectively. Compared with
the ﬁrst two models, the load on some of the sites of the
TSSO model is too heavy. The luck proportion of the TSRO
models is more reasonable and balanced.
After careful analysis, it can be found that the distribution route cost is a large part of the total cost under the
TSSO model. Although this planning method can guarantee
the stable supply of materials and meet the rescue needs,
there would still be some problems in the speciﬁc service
path planning. For example, the cost of long-distance
transportation will be increased; the roundabout transportation will be caused by the crossed distribution paths,
which will increase the cost; the main disaster relief spots are
not used properly, which will cause the subsequent transportation costs to increase; once there is uncertainty in the
actual rescue process, it will be more uncertain than the
ﬂuctuation of demand, and the stability and perseverance of
the model will be randomly improved in two stages. In this
way, the logistics of the rescue materials will face some
challenges and diﬃculties. Therefore, in the process of
production operation, we must make a reasonable plan and
ﬁnd out a better improvement strategy.
As can be seen in Figure 4, the two largest increasing
transfer cold storages increase by 25.9% and 12.0%, respectively, and the two largest decreasing sites are C2, C4,
respectively, −11.5% and −14.7%. The change of site inventory directly aﬀects the change of total cost. In the sites
with increasing transshipment proportion, the BTSRO
model takes on more distribution tasks than the TSSO

model. In the path planning of the second stage, C3 takes on
more distribution tasks and the transshipment proportion
increases by 8.5%. The ETSRO model is compared with the
TSSO model. In the second stage of path planning, the
proportion of transit increases by 25.9%.
In the sites with reduced transshipment proportion, in
the stage of path planning, the BTSRO model is compared
with the TSSO model, and the transshipment proportion of
the cold storage C2 is reduced by 7.1%. Compared with the
TSSO model, the transit proportion of the ETSRO model
decreases by 11.5%. In the second stage of path planning, the
BTSRO model is compared with the TSSO model, and the
cold storage transfer proportion decreased by 12.0%.
Compared with the TSSO model, the transit ratio of the
TSRO model in ellipsoid set decreases by 14.7%. In the
second stage of path planning, the BTSRO model is compared with the TSSO optimization model, and the transfer
proportion of C4 decreases by 12.0%. Compared with the
TSSO model, the transit ratio of the TSRO model in ellipsoid
set decreases by 14.7%.
In the second stage of path planning, the proportion of
transit is relatively balanced in each major transfer center,
and the transit capacity and load pressure of each designated hospital are relatively balanced. As can be clearly seen
in Figure 5, site C3 goes deeper into the hinterland and is
closer to the demand site, which makes path planning more
reasonable. Compared with BTSRO, the ETSRO model
further reduces the proportion of long-distance line
transportation and increases the proportion of short-distance transportation, especially after fully utilizing C3.
Comparatively speaking, the service proportion in each
path tends to be short-haul route, which bears less cost and
therefore increases the proportion of material supply. As a
result, on-board mileage is more eﬃcient, and delivery
routes are more accurate and fast, showing better optimization performance. For warehousing-transportation
optimization with uncertain demand, a TSRO model is
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Figure 5: Optimal path planning scheme.

5. Parameter Sensitivity Analysis
This section provides a comparative analysis of the performance of each model, including the impact of carbon tax
costs and safety parameters on total costs and service levels.
The model performance is analyzed by Level of Service (SL).
Due to the high requirement for timeliness of material
dispatch in logistics management, this section compares SL
of diﬀerent models through time diﬀerences and analyzes
the advantages and disadvantages. The SL is calculated as
follows:
⎣1 −
SL � ⎡

j
 j dij /v − tj J D
J yij D
⎤⎦ × 100%,
j
tj J D

(42)

where I, J is the indicator parameter in the model. The
simulation results under diﬀerent parameters are as follows.
From Figure 6, it can be seen that, as a whole, the TSRO
model has better robustness than the TSSO model. When
the cost of carbon tax per unit increases from 0.0 to 4.0, the
cost of TSSO model increases the most, much higher than
that of TSRO model. From the details, the ETSRO model is
better optimized than the BTSRO model. The cost of the

9.40E + 04
9.35E + 04
Cost (CNY)

constructed by data-driven method. The uncertain set
contains probability distribution functions with equal ﬁrst
and second moment. Compared with traditional stochastic
optimization model, the established model is more robust
in numerical simulation.

9.30E + 04
9.25E + 04
9.20E + 04
9.15E + 04
9.10E + 04
0

0.5

1

1.5

2

2.5

3

3.5

4

Carbon tax (CNY)
TSSO
BTSRO
ETSRO

Figure 6: The impact of carbon emission cost on total cost.

ETSRO model grew slowly and increased slightly
(+2.18%). The rising cost of carbon emissions will lead to
the rise of total costs. Therefore, policymakers can implement certain restriction strategies to achieve environmental beneﬁts in the implementation of sustainable
development strategies.
Figure 7 analyzes the impact of carbon tax on SL. On the
whole, with the increase of carbon tax cost, the SL of the
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11.46%

10.33%

7.75%
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7.25%

4

5.27%

3
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3.61%

5.96%
1

2.01%

2.84%
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0.88

1.30%
1.34%

6
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8

SP (1~8)

0.8
0

0.04 0.08 0.12 0.16 0.2 0.24 0.28 0.32 0.36 0.4
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ETSRO

Carbon tax (CNY)

Figure 8: Impact of total cost with safety parameter.

TSSO
BTSRO
ETSRO

BTSRO

5.1. Inﬂuence of Safety Parameters and Their Responsiveness.
Figure 8 analyzes the eﬀect of safety parameters on total cost
(ﬁxed volatility is 0.15). It can be seen that, with the increase
of safety parameters, the total cost of logistics distribution is
on the rise as a whole. Diﬀerent two-stage robust optimization models have diﬀerent rate of cost increase, while the
two-stage stochastic optimization model is not aﬀected by
safety parameters and can be used as a reference standard.
The box set two-stage robust optimization model increases
the cost at the highest rate and pays the greatest robustness
cost for improving the safety level. The ETSRO model is the
most stable and pays the lowest price due to the increase of
safety parameters.
Figure 9 illustrates the impact of safety parameters on the
service level of the model with a ﬁxed level of stochastic
volatility (ε � 0.10). Overall, with the increase of security
level, logistics service level shows an increasing trend. This
variable compensates for the increased total cost due to
uncertainty and mitigates the loss of reduced service levels
due to random volatility. Careful comparison shows that the
ETSRO model has strong robustness. When the safety parameters increase from 1 to 8, the logistics service level
increases from 85.83% to 92.97% during the path planning
phase. The performance improvement of the BTSRO model
is relatively low, and the logistics service level increases from
85.67% to 90.16%. In the process of logistics transportation,
managers must pay attention to fast responsiveness. Considering uncertainties, although the TSRO model can give
path planning plans, the performance and application range
of each scheme are also diﬀerent. Therefore, decision-makers

91.14%

90.47%

89.61%

89.30%

88.23%

87.13%

85.83%

90.16%

89.53%

89.29%

88.46%

88.16%

87.24%

86.80%

85.67%

TSSO model shows a downward trend, while the SL of the
TSRO model shows an upward trend. Details show that
there are diﬀerences in the rising cost trends of the TSRO
model. Comparatively, the BTSRO shows more obvious
trend of increasing SL and better optimization performance
than the ETSRO model.

SL (100%)

Figure 7: The impact of carbon tax on logistics service level.

92.75%

SL (∗100%)

0.92

1.27%
0.83%

Cost increase (100%)

0.96

ETSRO

1

4

7

2

5

8

3

6

Figure 9: Impact of safety parameters on logistics service level.

must review the situation and make the most reasonable
path planning plan according to local conditions. Decisionmakers need to weigh the various objectives against the
actual situation and trends of the epidemic and choose the
ideal alternative for decision-making. Ideally, limited resources should be fully utilized while minimizing all costs to
achieve cost savings and environmental protection.

6. Conclusion
With the continuous improvement of people’s living standards, the demand for cold chain logistics is also increasing.
Low carbon economy has also become the key word of
logistics development.
In this paper, from the perspective of low-carbon
economy, considering ﬁxed costs comprehensively, the cold
chain logistics distribution routing optimization is analyzed.
A low carbon two-stage stochastic optimization model is
established to solve the problem. The two-stage robust
optimization model is further constructed to resist uncertain
disturbances. The practicability, reliability, and stability of
the two-stage model are veriﬁed by taking a fresh and cold
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chain logistics transportation enterprise in the eastern
coastal area of China as an example.
The simulation results show that the model proposed in
this paper can solve the inventory routing optimization
problem of cold chain low carbon logistics distribution in a
short time.
This hybrid approach enables rational route planning,
reduces overall costs and carbon emissions, and ensures the
quality of logistics services. When carbon tax increases,
forcing enterprises to choose a better distribution route will
not only save costs but also obtain certain environmental
beneﬁts. This ﬁnding can provide some enlightenment for
low-carbon transformation and development of cold chain
logistics enterprises. For complex network distribution
models with numerous demand stations, this paper constructs a target model and algorithm, which takes equity and
eﬃciency into account.
This model can obtain route planning plans under
diﬀerent conditions in eﬀective time, more closely match the
actual situation of capital distribution, and provide more
decision-making options for decision-makers. This study
has the following limitations: The premise of this study is the
supply chain, without considering the situation of insuﬃcient supply. In addition, there are a lot of direct sales and
direct transportation in real life, which may be the focus of
future research. Low-carbon economy is widely promoted in
China. The model provides theoretical support for the
transformation and sustainable development of cold chain
logistics enterprises. Cold chain logistics is a complex system
that is aﬀected by various attributes. In addition, this parameter conﬁguration has not been fully veriﬁed in previous
studies.
Future research may improve the proposed model and
parameter conﬁguration. The development of cold chain
logistics informatization is the latest trend of logistics industry development.
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