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Epidemic blockade leads to increased uncertainty and dynamic supply network disruption. +is study considers an uncertain
optimization of dynamic supply networks with risk preference and order delivery disruption. Taking the subjective utility of
downstream enterprises as a reference point for the utility measurement of order delivery disruption and risk preference, this
study constructs a biobjective optimization model with the goal of maximizing the downstream firm’s subjective utility and
minimizing the manufacturer’s cost. +e influence of each parameter in the downstream firm’s subjective utility function on the
integrated optimization was analysed. +e research found that the uncertain optimization model with the risk preference of
downstream firms for order delivery disruption better controls the actual manufacturer’s order allocation and distribution
problems when considering the downstream firms’ behaviour preference characteristics under bounded rationality. When al-
locating orders, manufacturers should consider that changes in order delivery disruption will cause changes in the subjective
utility of downstream enterprises. In the process of multiperiod cooperation between manufacturers and downstream firms, they
can obtain downstream firm risk preferences through repeated investigations.

1. Introduction

1.1.Background. +eCOVID-19 epidemic in 2019 is amajor
public health emergency that presented rapid transmission,
a wide infection range, and difficult prevention and control,
resulting in serious health hazards and economic and
property losses. In more than 60 countries with “closed
cities” and “closed countries,” restrictions in the epidemic
caused supply chain disruptions, thus leading to significant
negative effects on global supply networks. Authoritative
international medical experts predict that it is almost im-
possible for the fourth wave of the COVID-19 epidemic in
the world to end this summer. At present, countries have
strengthened epidemic prevention and control measures,
including border control, curfew closure, and strict

personnel flow control. However, these measures have in-
creased the risk of stagnation of international trade and
rupture of the global supply chain, which have had a serious
impact on world economic and social development.
+erefore, it is necessary to build a dynamic supply chain
network to deal with emergencies and reduce epidemic
losses. In the normalization management of epidemic sit-
uations, precise prevention and control policies will lead to
isolation restrictions at any time. Due to the epidemic
blockade in Nanjing in July 2021, the production or desti-
nation place adopted the blockade policy in the epidemic
area, and people, vehicles, or products faced epidemic iso-
lation or restriction.+e disruption risk led to order delivery
disruptions or delays. Any node error in the supply chain
may lead to dysfunctions in or disruptions to the supply
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networks. Solving the product supply problem under
blockade disruption has become a research hotspot for
government departments, scholars, and managers.

1.2.Motivation. +e Delta variant of the virus destroyed the
port order in Southeast Asia in 2021, resulting in near
“suffocation.” +e western coast of the United States is af-
fected by hurricanes, which leads to the paralysis of ports
and prevents ships from entering. Cape Town, South Africa,
was attacked by the Internet and left in chaos. Severe
emergencies have caused frequent disruptions to the global
supply chain, and the failure of rapid turnover of funds and
materials has led to a large-scale disruption of enterprise
operations, resulting in huge economic losses. Scholars and
decision makers pay more attention to the uncertainty
optimization problem of discrete networks, with the goal of
mitigating the disruption and quickly reducing the loss.

In April 2020, the COVID-19 epidemic caused the
failure of order delivery, and Amazon suspended new user
orders. Deteriorating internal and external uncertainties
increase the risk of supply chain disruption. Scholars have
found that coordinated delivery strategies can significantly
improve the disruption response ability of uncertain supply
networks. +erefore, this study investigated the impact of
order delivery disruption on the integrated optimization of
enterprise location paths with the goal of maximizing the
utility of supply chain participants through a coordinated
delivery strategy.

Interruption risk has uncertain characteristics, and
subjective behaviour preference is shown in the uncertain
environment of personal behaviour. +e subjective risk
preference of downstream enterprises in uncertain envi-
ronments directly affects the optimization objective, and the
disruption risk attitude determines the supply chain anti-
interrupt system strategy. +is study measures the disrup-
tion risk preference behaviour of downstream enterprises
and provides a reference for enterprise investment selection
or order decision making.

Investors understand that investment is risky, and they
also want to obtain the maximum return through invest-
ment. How should enterprises make decisions when facing
the trade-off between risk and return?+e utility value is the
equilibrium point of the relationship between risk and in-
come and represents the equilibrium index of risk and in-
come. +erefore, this study uses a utility function to analyse
the risk behaviour preference of enterprises to help enter-
prises absorb or reduce the loss caused by disruption with
diversified income.

1.3. Literature. During the COVID-19 epidemic in April
2020, Amazon temporarily stopped accepting orders from
new users, resulting in large-scale order delivery disruptions.
Delivery disruption refers to the failure or delay of order
delivery caused by various internal and external uncer-
tainties in the process of product transportation or distri-
bution, which reduces the overall performance of the supply
networks [1–4]. For the order delivery disruption or delay
problem caused by the COVID-19 epidemic, scholars have

designed a disruption recovery strategy of supply systems
with changing product types [5]; they found that location
routing optimization strategies can significantly improve
supply network performance under disruption risk [6],
designed a reliable location model with spare facilities to
respond to delivery disruptions [7], and analysed the rela-
tionship between order delivery disruption and system
performance and then set disruption variables to design an
optimization model of combinatorial location and inventory
problems [8]. In an uncertain network with random delivery
disruption, the optimization of combinatorial location
routing and inventory problems with multiple products and
cycles has been studied, and the authors suggested that
decision makers adopt partial order delay strategies to
improve the reliability of supply networks [9]. In the case of
supplier delivery disruption, the impact of delivery dis-
ruption on supply system lead time was found to be random
[10]. Order delivery disruption caused by uncertainty is one
of the critical factors affecting the optimization of discrete
network systems.

When the COVID-19 epidemic broke out in Wuhan in
2020, the epidemic area was blocked and supply chain
participants actively cooperated to overcome the delay or
disruption of product supply. Participants’ risk preference
affects the system’s antidisruption decision and the opti-
mization decision of the discrete network. +ere are three
types of risk preference: risk aversion, risk seeking, and risk
neutrality [11]. Lau and Lau studied wholesale price deci-
sions of risk-averse manufacturers and order quantity de-
cisions of risk-averse retailers and found that risk preference
has an influence on the optimal decisions [12]. Agrawal and
Seshadri compared the optimal models of risk-neutral and
risk-averse retailers and found that uncertainty and risk
preference affect pricing strategies and optimal inventory
decisions [13]. Tsay found that risk preference can influence
partner selection strategy and designed a mean-variance
measure of risk value for risk-averse decision makers [14].
Xanthopoulos et al. studied the disruption risk of dual-
source supply channels, analysed the preference character-
istics of risk neutrality and risk aversion, and designed the
uncertainty optimization of combinatorial routing and in-
ventory problems [15]. Supply network participants always
want to obtain better future utility from investment, and
scholars have found that the utility function can reflect
participants’ risk preference. Moreover, the downside risk,
mean variance, and utility function were used as risk
measurement tools to realize the multiobjective optimiza-
tion of supply networks based on the Pareto optimal concept
of decision theory [1, 11]. Risk preference is one of the
important influencing variables of the multiobjective opti-
mization of discrete supply networks [16–19]. Centralized
decision method is a set of comprehensive analysis on
multivariate information through data quantification, es-
pecially abnormal data inspection and emergency response
to interruption [20–22]. At present, few relevant research
studies have used utility to measure risk preference.

+ese research results provide a very effective theoretical
and practical basis for supply network optimization under
epidemic blockade. +ese supply network anti-interruption
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works in the literature mainly focus on the coordination
mechanisms and vulnerability mechanisms. Previous studies
have not focused on uncertain discrete network optimiza-
tion problems from the perspective of order delivery dis-
ruption and risk preference. Compared with the above
research work, this study considers risk preference, cost, and
utility and solves the combinatorial optimization problem of
location allocation, path, and risk in discrete networks based
on system dynamics theory.

1.4. Contribution. In view of the supply chain network
disruption caused by uncertainties, such as order delivery
disruption, this study proposed a biobjective linear pro-
gramming mathematical model to describe the integrated
optimization problem of uncertain networks. +e cost-
utility function in this study reflected the dual objective of
minimizing the manufacturer cost and maximizing the
utility of downstream enterprises and solved the integrated
optimization problem of decision-makers’ location paths
in discrete networks. In the existing results, subjective
utility is rarely used as a reference point to measure the
model and solution of the risk behaviour preference of
downstream enterprises, and these research results make
up for the blank.

+e location routing inventory integrated optimization
problem is an NP-hard problem, and identifying the exact
solution is difficult. In this study, ε-constraint and com-
promise algorithms are designed. After simplifying the cost
constraints, the dual-objective model is simplified as a
single-objective model, and the dual-objective compromise
algorithm is used to solve the optimal solution of the lo-
cation routing integrated optimization problem.

+is study finds that downstream enterprises’ subjective
risk attitude has an impact on ordering decisions. +e loss
aversion coefficient has different impacts on order decision
making and maximum expected utility in different periods.
In the profit interval, the downstream enterprises increase
their expected utility by making active order decisions for
risk preference, whereas in the loss interval, the downstream
enterprises decrease their expected utility by making con-
servative order decisions for risk aversion.

Based on the case study of the last mile distribution in
Shenyang, China, it is found that the manufacturer is willing
to pay the relationship cost higher than 5% of the minimum
assembly and establish a long-term cooperative contract
relationship with the downstream enterprises. Manufac-
turers are no longer simply pursuing the lowest total cost of
their own in multicycle cooperation, and they are now
willing to pay higher relational costs and gain more long-
term profits with partners.

+is study found that the expected utility of a multi-
category strategy for downstream enterprises is significantly
higher than that of a single-product strategy. Multicategory
strategies effectively disperse risks and promote utility
maximization, and they help participants respond quickly to
the supply chain disruption-resistant system and effectively
respond to increasingly frequent major public emergencies.

1.5. Structure. +is study is organized as follows: Section 2
describes the location routing inventory problem in the
context of disruption and provides the necessary definition
of the cost-utility uncertainty optimization model for order
disruption risk and downstream enterprises’ subjective risk
preference. Section 3 describes a biobjective linear integer-
programming model with the objective function of mini-
mizing the total cost of the manufacturer and maximizing
the subjective utility of the downstream enterprises. Section
4 introduces the implementation of the ε-constraint and
compromise algorithm. Section 5 presents an example
verification and comparative analysis. Based on randomly
generated examples, a series of experiments and compari-
sons are completed to verify the effectiveness and efficiency
of the ε-constraint and compromise algorithm. Section 6
gives the conclusions.

2. Problem Description and Hypothesis

+is article considers the subjective utility of the down-
stream firm’s risk preference for order delivery disruption to
solve the problem that a manufacturer allocates multiple
product orders to multiple downstream firms through
multiple warehouses.

First, multiproduct order allocation between the man-
ufacturer and downstream firm is completed through
multiple cycles, and the downstream firm’s demand is un-
certain. When the risk of order delivery disruption is un-
certain, downstream enterprises pay more attention to
increases and decreases of order delivery disruption than in
the previous cycle. +e downstream firm’s utility is based on
the order delivery disruption compared with the previous
cycle.

Second, vehicles pick up from the warehouse and deliver
the orders assigned by the manufacturer to the downstream
firms. Each warehouse can store different kinds of goods.
Each pickup and delivery vehicle can include a variety of
products. After the pickup and delivery service is completed,
each vehicle returns to the same open warehouse. Each
downstream firm is served only once and only by one ve-
hicle. +e goal is to minimize costs, including fixed ware-
house costs, fixed vehicle costs, and transportation costs.
+is study focuses on analysing the impact of order delivery
disruption on downstream firm subjective utility consid-
ering downstream firm preference. +e impact of various
parameters on downstream firms’ subjective utility should
be analysed. To facilitate the analysis of the above problems,
the disruption problem of the supply networks will be
simplified accordingly. Figure 1 presents a schematic dia-
gram of the supply network structure proposed in this study.

+e mathematical model is built on the following
practical assumptions. +e manufacturer cooperates with
j(j � 1, 2, . . . , n) downstream firms for T(T≥ 2) cycles.
Downstream firms obtain products in the T(T≥ 2) cycle, but
not the first cycle, and all products in the whole cooperation
cycle. In each cycle, downstream firms j(j � 1, . . . , n) obtain
different kinds of products m(m � 1, . . . , n) from the
manufacturer. +e order delivery disruption of each product
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is controlled by the manufacturer 
n
j�1 ζ

−
jm ≤Rj ≤ 

n
j�1 ζ

+
jm,

(m � 1, ..., n).
Suppose that each downstream firm’s demand for

mproducts is independent of each other, and each down-
stream firm is not related. Downstream firm demand is
uncertain and can be described as an order delivery dis-
ruption Rm ∼ N(μm, σ2). +e product quality allocated by
the manufacturer is the same. Product quality will not affect
the downstream firm’s subjective utility.

+e utility of downstream firms for different product
combinations is determined according to the previous
multicycle cooperation experience. +e satisfaction c1

jm of
downstream firm j in the first period to obtain product m is
the same as the subjective utility v1(x1

jm) in the first period.

3. Subjective Utility of Risk
Preference considering Downstream
Firms with Order Delivery Disruption

+is section sets the symbolic definition of risk preference
considering downstream firms with order delivery disrup-
tion according to the problem description and model as-
sumptions. +e subjective utility and utility measurement of
risk preference considering downstream firms with order
delivery disruption. +e related parameters of the discrete
networks are described in Tables 1–4 .

3.1. Downstream Firm Subjective Utility in the First Cycle.
In the first cycle, the manufacturer allocates orders to
multiple downstream firms. Because there is no reference to
the order delivery disruption in the early stage, the down-
stream firm’s risk preference satisfaction of order delivery
disruption is taken as the subjective utility function of
downstream firms in the first cycle. When the downstream
firm obtains the risk x1

jm > ζ
+
jm of order delivery disruption in

the first period, the downstream firm’s satisfaction in the
first period is the ratio of the risk upper limit of product
order delivery disruption expected to be obtained to the
order delivery disruption brought. When the order delivery
disruption is the upper limit of the risk of order delivery
disruption, the downstream firm satisfaction is 1. +erefore,
when ζ−

jm <x1
jm < ζ

+
jm, downstream firm satisfaction in the

first period is related to initial satisfaction. When
0<x1

jm < ζ
−
jm, downstream firm satisfaction is the ratio of the

actual risk of order delivery disruption to the lower limit risk
of order delivery disruption. In summary, the satisfaction
c1

jm of the j downstream firm with product m is

c
1
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x
1
jm
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1
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0
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0
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1
jm

ζ−
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∗ c
0
jm, 0<x

1
jm < ζ

−
jm,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(1)

where c0
jm indicates the initial satisfaction of the downstream

firmwith the manufacturer when downstream firm j obtains
the risk of the disruption of delivery of the m product order
from the manufacturer equal to the risk ζ−

jm of the least-
order delivery disruption.

Based on the previous assumptions, j downstream firms
in phase 1 are satisfied with the risk of obtaining an order
delivery disruption for product m as the subjective utility
v1(x1

jm) in phase 1
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Figure 1: Dynamic structure of the downstream discrete network.
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v1 x
1
jm  � c

1
jm. (2)

3.2. Downstream Firm Subjective Utility of the t Cycle.
+e subjective utility function in the second cycle of
downstream enterprises is related not only to the subjective
utility in the first cycle but also to the order delivery dis-
ruption in the second cycle. If the risk of order delivery
disruption in the next cycle is higher than in the previous
cycle, the downstream firm’s subjective utility will increase.

If the risk of order delivery disruption in the next cycle is
lower than that in the previous cycle, the subjective utility of
the downstream firm will decrease. +erefore, the subjective
utility function of the downstream firm j in the t(t≥ 1) cycle
for obtaining product m is

vt x
t
jm  �

xt
jm − xt−1

jm

Rjm

 

α

, x
t
jm ≥x

t−1
jm ,

−λ
xt−1

jm − xt
jm

Rjm

 

β

, x
t
jm <x

t−1
jm .

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎩

(3)

In equation (3), the subjective utility function is the
different function of the independent variable xt

jm, which is
the reference value of the subjective utility of the previous
period. Let t � 2 and introduce parallel vertical (1) and
formula (2) in equation (3) to obtain the subjective utility

Table 1: Set description of discrete supply networks.

T � 1, 2, . . . , Tmax{ } is the period of cycle, period t ∈ T

J � 1, 2, . . . , Jmax{ } represents the number of downstream firms, downstream firm j ∈ J

M � 1, 2, . . . , Mmax{ } refers to the risk of delivery disruption of an order of a certain product type, m ∈M for product
K � 1, 2, . . . , Kmax{ } is the warehouse set, warehouse k ∈ K

VO � vo1, vo2, . . . , vmax
o  represents the warehouse node, warehouse node vo ∈ VO

VC � vc1, vc2, . . . , vmax
c  is the client node, client node vc ∈ VC

H � 1, 2, . . . , Hmax{ } represents the vehicle set, vehicle h ∈ H

E � e1, e2, ..., emax  is the set of arcs, arc e ∈ E

fij � total load of the vehicle running on the arc (i, j) ∈ E, which is the set of variables uh
ij with respect to H

Table 2: Variable parameter description of discrete supply networks.

α is the decreasing rate of downstream firm sensitivity in the revenue range
β is the decreasing rate of downstream firm sensitivity in the loss range
λ is the downstream firm’s evasion coefficient in case of loss
τjm is the preference degree of j downstream firm for product m

wj1 is the subjective utility of a single product
wj2 is the subjective utility of downstream firms’ multiproducts
cij is the nonnegative distance of each arc
Dk is the storage capacity of the warehouse
gk is the fixed open cost of warehouse
Qh is the vehicle capacity
fh is the fixed vehicle scheduling cost
uh

ij is the load of access node i and node j

Rjm is the risk of order delivery disruption when themanufacturer can provide the m ∈M product to the j downstream firm in the t period
ζ−

jm is the lower limit of the risk interval value of the delivery disruption of the m product order that the j downstream firm wants to obtain
ζ+

jm is the upper limit of the risk interval value of the delivery disruption of the m product order that the j downstream firm wants to obtain
qj means that the j downstream firm has a clear demand
c0jm is the initial satisfaction of downstream firm j to the risk of delivery disruption of the second product order
c1jm represents the satisfaction of j downstream firm to the risk of delivery disruption of m product order in the first cycle
vt(xt

jm) refers to the subjective utility of the j downstream firm that obtains product m

Table 3: Decision variables description of discrete supply networks.

xt
jm represents the risk of disruption of delivery of the m product order assigned by themanufacturer of the t cycle to the j downstream firm

xh
ij means that vehicle h is driving from node i to node j, which is equal to 1, with other cases equal to 0

yk indicates whether the warehouse is open, with yk � 1 indicating that the warehouse is open and 0 indicating that it is not open
zjk indicates whether the downstream firm j is assigned to the warehouse k. If the downstream firm j is assigned to the warehouse k,
zjk � 1, otherwise, it is 0

Table 4: Objective functions description of discrete supply
networks.

Z1 is the objective function 1
Z2 is the objective function 2
Z∗2 is the optimal value of objective function 2
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function of the downstream firmj for product m in the
second cycle

v2 x
2
jm  � c

1
jm +

x
2
jm − x

1
jm

Rjm

. (4)

+e subjective utility function also needs to consider that
in the t(t≥ 2) cycle, the subjective utility of downstream
firms in this cycle is related not only to the change of the
order delivery disruption in the (t − 1) cycle but also to the
maximum and minimum risk of the order delivery dis-
ruption in the t(t≥ 2) cycle.

When xt
jm ≥ ζ

+
jm, the risk of the downstream firm’s order

delivery disruption has exceeded the risk of the downstream
firm’s desire to obtain the greatest product order delivery
disruption. At this time, a lower risk of order delivery
disruption corresponds to a greater obtained utility. +at is,
the subjective utility of the downstream firm should take ζ+

jm

as the reference point at this time, not only the t − 1 cycle,
and risk xt−1

jm is the reference point.

vt x
t
jm  � 1 − λ

xt
jm − ζ+

jm

Rjm

 

β

. (5)

In the case of 0≤ xt
jm ≤ ζ

−
jm, the risk of order delivery

disruption faced by downstream firms is less than the
minimum expected risk. In this case, the downstream firm
wishes to obtain as many risks of order delivery disruption as
possible, so the downstream firm’s subjective utility at this
time should take ζ−

jm as the reference point:

vt x
t
jm  � λ

ζ−
jm

Rjm

 

β

− λ
ζ−

jm − xt
jm

Rjm

 

β

. (6)

When 0≤ xt
jm ≤ ζ

−
jm, take ζ−

jm as the reference point to
construct the subjective utility function. When the down-
stream firm’s risk of obtaining product order delivery dis-
ruption is within the risk range of the downstream firm’s
desire to obtain product order delivery disruption, that is,
ζ−

jm ≤ xt
jm ≤ ζ

+
jm, then the risk is divided into xt

jm <xt−1
jm and

xt
jm ≥xt−1

jm . When xt
jm < xt−1

jm , the subjective utility of the
downstream firm should be chosen to be larger between
λ(ζ−

jm/Rjm) and −λ(xt−1
jm − xt

jm/Rjm)β. When the subjective
utility of xt

jm ≥xt−1
jm downstream firms should choose a

smaller utility between 1 and (xt
jm − xt−1

jm /Rjm)α, then

vt x
t
jm  � max λ

ζ−
jm

Rjm

 

β

, −λ
xt−1

jm − xt
jm

Rjm

 

β
⎡⎢⎢⎢⎣ ⎤⎥⎥⎥⎦, (7)

vt x
t
jm  � min 1,

xt
jm − xt−1

jm

Rjm

 

α

⎡⎣ ⎤⎦. (8)

When xt
jm � ζ−

jm, the downstream firm’s subjective
utility is determined by the downstream firm’s desire to
obtain the lowest order delivery disruption risk, the j

product order delivery disruption risk, the sensitivity re-
duction speed, and the loss avoidance coefficient when the
downstream firm obtains the product order delivery dis-
ruption risk reduction, namely, λ(ζ−

jm/Rjm)β. When
xt

jm � ζ+
jm, the downstream firm’s subjective utility reaches

the highest value of 1. In summary, the subjective utility
function of downstream firm j in the t(t≥ 1) cycle for
obtaining product m is as follows:

vt x
t
jm  �

1 − λ
xt

jm − ζ+
jm

Rjm

 

β

, x
t
jm ≥ ζ

+
jm,

min 1,
xt

jm − xt−1
jm

Rjm

 

α

⎡⎣ ⎤⎦, x
t
jm ≥x

t−1
jm ,

max λ
ζ−

jm

Rjm

 

β

, −λ
xt−1

jm − xt
jm

Rjm

 

β
⎡⎢⎢⎢⎣ ⎤⎥⎥⎥⎦, x

t
jm <x

t−1
jm ,

λ
ζ−

jm

Rjm

  − λ
ζ−

jm − xt
jm

Rjm

 

β

, 0≤x
t
jm ≤ ζ

−
jm.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(9)

3.3. Downstream Firm Subjective Utility Function.
Downstream firms have different preferences for the sub-
jective utility of the order delivery disruption risk for dif-
ferent products and product types; therefore, the subjective
utility of downstream firms should be divided into the
subjective utility of risk of disruption of single product order

delivery and the subjective utility of risk of disruption of
multiproduct order delivery.

Downstream firms have different preferences for the
subjective utility of different products and different types of
order delivery disruption risk. +erefore, the subjective
utility of downstream firms is divided into the subjective

6 Discrete Dynamics in Nature and Society



utility of single-product order delivery disruption risk and
multiple-product order delivery disruption risk. Suppose
that the subjective utility weight of a single product for
downstream firm j is wj1, the subjective utility weight of
multiple products is wj2, and wj1 + wj2 � 1. +e specific
values of wj1 and wj2 can be obtained by long-term follow-
up investigation of downstream firms.

Downstream firms’ subjective utility consists of two
parts: single-product subjective utility wj1 and multiproduct
subjective utility (wj2/n). First, for a single product, different
downstream firms have different subjective utility prefer-
ences for different products. Let the j downstream firm’s
subjective preference for product m be τjm, and let


n
m�1 τjm � 1; then, let the downstream firm j be in the t

cycle. +e subjective utility of a single product is
wj1 

n
m�1 τjmvt(xt

jm). Second, for multiple products, the
subjective utility function of multiple products refers to the
degree of downstream firm preference for the risk of order
delivery disruption of product categories. In real life,
downstream firms are often more willing to provide a wide
range of products for sale, thus making the product portfolio
richer by the inclusion of more alternatives for one product
and more choices for downstream firms and downstream
firms. In general, a larger average value of the risk of dis-
ruption of the product distribution order delivery obtained
by the downstream firm corresponds to a greater number of
product types and product portfolios that will be available to
the downstream firm and a higher subjective utility function
of the multiple products. +e subjective utility function of
the downstream firm j for multiple products in cycle t is
(wj2/n) 

n
m�1 vt(xt

jm).
+erefore, the overall subjective utility function of the

risk preference of the downstream firm order delivery
disruption in cycle t is given as

vt(j) � wj1 

n

m�1
τjmvt x

t
jm  +

wj2

n


n

m�1
vt x

t
jm . (10)

4. Compromise Algorithm Design

For the uncertain optimization model considering the risk
preference of a downstream firm’s order delivery disruption,
we constructed a biobjective mixed integer-programming
model to maximize the downstream firm’s subjective utility
and minimize the manufacturer’s cost, which transformed
the model to some extent.

4.1. Biobjective Optimization Modelling. +e specific un-
certain optimization biobjective model is described con-
sidering the risk preference of the downstream firm’s order
delivery disruption.+e downstream firm’s subjective utility
Z1 is maximized, and the manufacturer’s distribution cost
Z2 is minimized. +e manufacturer’s distribution cost in-
cludes the fixed cost of the warehouse, the fixed cost of the
vehicle, and the variable cost of transportation.

Z1 � max
1
T



n

j�1


n

m�1


T

t�1
vt(j), (11)

Z2 � min 
k∈VO

gkyk + 
h∈H


k∈VO


j∈VC

fhx
h
ij

⎛⎝

+ 
h∈H


(i,j)∈E

cijx
h
ij

⎞⎠,

(12)

s.t. 
h∈H


i∈VO

x
h
ij � 1, j ∈ VC, (13)


h∈H


i∈VO

x
h
ij � 

h∈H


i∈VO

x
h
ji, j ∈ VC, (14)


h∈H


i∈VO

u
h
ij − 

h∈H


i∈VO

u
h
ji � qj, j ∈ VC, (15)

u
h
ij ≤Qhx

h
ij, i ∈ VO, j ∈ VC, i≠ j, h ∈ H, (16)


h∈H


i∈VO

u
h
ki � 

j∈VC

Zjkqj, k ∈ K, (17)


h∈H


i∈VO

u
h
ik � 0, k ∈ K, (18)

u
h
ij ≤ Qh − qj x

h
ij, i ∈ VO, j ∈ VC, h ∈ H, (19)

u
h
ij ≥ qix

h
ij, i ∈ VO, j ∈ VC, h ∈ H, (20)


j∈VC

Zjkqj ≤D
k
yk, k ∈ K, (21)


k∈K

Zjk � 1, j ∈ VC, (22)



h′∈H,h′≠h



i′∈VO,i′≠i

x
h′
ii′ + x

h
ij ≤ 1, i ∈ VO, j ∈ VC, i≠ j, h ∈ H,

(23)


h∈H

x
h
jk ≤Zjk, k ∈ K, h ∈ H, (24)


h∈H

x
h
kj ≤Zjk, k ∈ K, j ∈ VC, (25)


h∈H

x
h
ij + Zjk + 

k′∈K,k′≠k

Zik′ ≤ 2, k ∈ K, (i, j) ∈ E, (26)

u
h
ij ≥ 0, (i, j) ∈ E, h ∈ H, (27)

x
h
ij ∈ 0, 1{ }, (i, j) ∈ E, h ∈ H, (28)
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Zjk ∈ 0, 1{ }, k ∈ K, j ∈ VC, (29)

yk ∈ 0, 1{ }, k ∈ K, (30)



n

m�1
x

t
jm � μm + ϕ−1

(α)σm, (31)

x
t
jm ≥ 0, (32)

α ∈ (0, 1), β ∈ (0, 1), λ> 1. (33)

Constraints (13) and (14) are degree restrictions. In
particular, constraint (13) ensures that each client point is
visited only once. Constraint (14) ensures that the arcs lead
to equivalent points in and out. Constraint (15) means that
each downstream firm of order is fully delivered. Constraint
(16) means that the total load of any arc cannot exceed the
vehicle’s capacity. Constraint (17) ensures that the total load
of each warehouse is equal to the total demand of its
downstream firms. Note that constraint (17) strengthens the
constraint condition, but it is unnecessary and will be
simplified in the subsequent solution process. Constraint
(18) specifies that the vehicle load returned to each ware-
house must be equal to 0. Constraints (19) and (20) are
boundary constraints of load variables. Constraint (21)
ensures that the total demand and supply of the warehouse
cannot exceed its capacity. Constraints (22) and (23) ensure
that each downstream firm is assigned to only one ware-
house and one vehicle type, respectively. Constraints
(24)–(26) prohibit unreasonable routes. Routes should start
and end in different warehouses. Constraints (27)–(30)
define the range of decision variables. +e effectiveness of
constraints (24)–(26) prevents unreasonable routes from
one warehouse to another.

4.2. BiobjectiveCompromiseAlgorithm. Considering the risk
preference of downstream firms of order delivery disruption,
the abovementioned uncertain optimization model is a
biobjective mixed-integer optimization model. Two objec-
tives of the model are the downstream firm’s subjective
utility and the manufacturer’s delivery cost. Two objectives
of the model have certain dependencies but are not com-
mensurable in units. +erefore, the idea of solving the
biobjective linear hybrid optimization model is to transform
the biobjective into a single-objective optimization model.

Step 1: Simplify the manufacturer’s distribution model:
the distribution models (12)–(30) are adequate for the
manufacturer’s distribution problem.

Step 1.1: Let (12) be E1, and then, use some variables
or decompose some constraints to simplify the model.
+e scale of the formula is reduced by variables, and
the loose boundary is tightened by decomposing some
constraints.
Step 1.2: +en, fij is a collection of variables uh

ij, and
the following is performed:


i∈VO

fij − 
i∈VO

fji � qj, j ∈ VC, (34)

fij ≤Qhx
h
ij, i ∈ VO, j ∈ VC, i≠ j, (35)


i∈VO

fki � 
i∈VO

Zikqi, k ∈ K, (36)


i∈VO

fik � 0, k ∈ K, (37)

fij ≤ 
h∈H

Qh − qj x
h
ij, i ∈ VO, j ∈ VC, (38)

fij ≥ qi 
h∈H

x
h
ij, i ∈ VO, j ∈ VC. (39)

Let (f, x) be the solution satisfying (34)–(39) and
(u, x) be the solution satisfying constraints (13) and
(15)–(20), where f, u, and x are fi,j and xh

ij, re-
spectively. +en, for every feasible solution (u, x),
there is a feasible solution (f, x) and vice versa. Based
on (13), xh∗

ij � 1, h ∈ H, and based on (19), uh∗
ij ≥ 0,

which means that xh
ij � uh

ij � 0, h ∈ H.
Step 1.3: Using these parameters, the way to contact
fij and the original variables is as follows:

fij � 
h∈H

u
h
ij, i ∈ VO, j ∈ VC. (40)

Step 1.4: Using formula (40), constraints (34)–(39)
can replace constraints (15)–(20).


i∈VO

x
h
ij � 

i∈VO

x
h
ji, j ∈ VC, h ∈ H. (41)

Step 1.5: Constraint (41) is equivalent to constraints
(14) and (23). Given that i, j, and k have the same
route and assuming that h1, h2 ∈ H, xh1

ij � 1, and
xh2

ik � 1, the constraint is valid for (14). However,
constraints (13) and (14) only allow the same vehicle
to be used on the route, that is, xh1

ij � 1 and xh2
ik � 1.

We can now obtain constraint (41) from (14). +e use
of (41) makes (23) redundant. Constraint (41) guar-
antees xh1

ij � 1 and xh2
ik � 1 without using (23). In this

case, the manufacturer’s cost function in the distri-
bution process includes the objective function E1, and
the constraints are (13), (14), (21)–(30), and (34)–(39).
Next, the two-objective optimization model consid-
ering the risk preference of downstream firms of order
delivery disruption is simplified.

Step 2: Implement the ε-constraint method.

Step 2.1: Suppose that the biobjective programming of
the discrete network problem is as follows:

max f1(x), f2(x), .. . . . , fp(x) ,

s.t. X ∈ S.
(42)
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Xis the vector of decision variables,
f1(x), f2(x), . . . , fp(x) is the objective function, and
S is the feasible region.
Step 2.2: In step 2 of the ε constraint method, an
objective function is optimized, and the rest of the
objective functions are taken as constraints.

max f1(x),

s.t. f2(x)≥ e2,
(43)

f3(x)≥ e3, (44)

fp(x)≥ ep, (45)

X ∈ S. (46)

+e feasible solution of the optimization problem is
obtained by constraining the parameter (ei) of the
objective function. Compared with the weighted
method, the ε constraint method has the following
advantages. For linear problems, the weighted method
is applied to the original feasible region and obtains a
point solution (the solution of the extreme point);
therefore, it will generate a unique extreme point
solution. In contrast, the ε constraint method can
change the original feasible region and generate
nonextreme solutions. +e result is that the weighted
method may spend a considerable amount of re-
dundant time running multiple weight combinations
but obtain the same extreme point solution. More-
over, the ε constraint method can generate different
feasible solutions to obtain a more abundant set of
feasible solutions. +e weighted method cannot solve
the biobjective mixed-integer programming problem.
However, the ε constraint method can solve the
biobjective mixed-integer programming problem ef-
fectively. +erefore, it is not necessary to obtain the

uniform objective function before the weighted
common degree method. An additional advantage of
the ε constraint method is that it can control the risk
of order delivery disruption to produce a feasible
solution by adjusting the risk of order delivery dis-
ruption in each objective function.

Step 3: +e biobjective is transformed into a single
objective.

Step 3.1: +e objective function Z1 is not considered;
rather, only the objective function Z2 is considered.
+e manufacturer is allowed to bear a higher δ re-
lationship cost than the minimum value Z∗2 of the
objective function Z2, and δ is the cost coefficient of
the objective function. In this case, Z2 can be
transformed as follows:

Z2 ≤ (1 + δ)Z
∗
2 , (47)

where Z∗2 is the minimum value of the objective
function Z2, and δ is a small positive number.
Transforming Z2 into Z2 ≤ (1 + δ)Z∗2 means that
manufacturers do not have to support the lowest cost
but can support values slightly higher than the lowest
cost to maintain a good relationship with downstream
firms in the multicycle cooperation between manu-
facturers and downstream firms. More profits can be
obtained through multicycle cooperation. For ex-
ample, δ � 0.05, which means that manufacturers are
willing to support the relationship cost 5% higher than
the lowest cost to maintain a good relationship with
downstream firms.
Step 3.2: +e uncertain optimization biobjective
mixed-integer model considering the risk preference
of the downstream firm’s order delivery disruption
can be transformed as follows:

Z1 � max
1
T



n

j�1


n

m�1


T

t�1
wj1 

n

m�1
τjmvt x

t
jm  +

wj2

n


n

m�1
vt x

t
jm ⎡⎣ ⎤⎦ , (48)

s.t. Z2 ≤ (1 + δ)Z
∗
2 , (49)



n

m�1
x

t
jm � μm + ϕ−1

(α)σm, (50)

x
t
jm ≥ 0, (51)

α ∈ (0, 1), β ∈ (0, 1), λ> 1. (52)
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Step 4: After the biobjective compromise, the search
operator searches in the solution space and obtains xt

jm,
xh

ij, yk, andzjk after the compromise steps.

5. Numerical Experiment

5.1. Experimental Data and Parameter Setting. In the long-
term multicycle cooperation between the manufacturer and
the downstream firm, the manufacturer pays more attention
to the subjective utility of the downstream firm. +e allo-
cated cost is allowed to exceed a certain price coefficient.
Annual demand is shown in Figure 2 for several large cities.

For this demand, the manufacturer is assumed to pro-
vide products to downstream firms for five kinds of products
A1, A2, A3, A4, and A5. +e parameters, including the cost
coefficients, are cj1, cj2, and cj3. Ideal intervals are [ζ−

j1, ζ
+
j1],

[ζ−
j2, ζ

+
j2], and [ζ−

j3, ζ
+
j3]. Product utilities are τj1, τj2, and τj3.

+e utility weights are wj1 and wj2, and the initial satis-
factions are c0

j1, c0
j2, and c0

j3. +e parameters of downstream
firms are shown in Table 5.

5.2. Sensitivity Analysis. It has been assumed that distance,
travel time, and travel cost can be used interchangeably in
the distribution process. For a simple network, the BPR
(bureau of public roads) function
ta(xa) � t0a[1 + 0.15(xa/ca)4] is used, where xa is the flow of
side a, t0a is the normal travel time of side a, and ca is the
maximum trafficable flow of side a. Assuming that the
distribution of travel time is independent and σ2a � φata,
φa(φa > 0) is the variance of travel time, the specific pa-
rameter values are shown in Table 6.

When α � 0.79 and β � 0.62 are verified, the influence of
λ changes in the first three cycles on downstream firms’
subjective utility is shown in Table 7.

5.3. Comparative Analysis. +e nondominated sorting ge-
netic algorithm with an elite strategy is a multiobjective
evolutionary algorithm proposed by Deb et al. [23], and it
has a fast and accurate search performance. +e genetic
mechanism-based NSGA-II algorithm of Ghannadpour and
Zarrabi [24] is easy to adapt to the specific requirements of
various objective functions. It can quickly find good solu-
tions to high-dimensional problems; therefore, NSGA-II is
often used to solve complex multiobject vehicle routing
problems, and it has universal applicability. +erefore, the
NSGA-II algorithm is selected and compared with the
ε-constraint method.

In this section, the mechanism of the NSGA-II algorithm
in the Ghannadpour and Zarrabi studies will be used for
comparison. Due to uncertain discrete supply networks in
the postepidemic period, the encoding and decoding op-
erations of the NSGA-II algorithm need to be adjusted to
include vehicle information. When coding, the complete
transportation plan is coded into 1 chromosome with a real
number, the real number corresponds to the order number,
and the value of 0 is not used for division in the middle.

When the chromosome is decoded, one chromosome is
divided into multiple routes according to the feasibility
conditions, and different vehicles complete the trans-
portation task. +e feasibility condition is the capacity limit
of the vehicle; that is, when the load exceeds the maximum
capacity, the chromosomes are cut to form a new trans-
portation route, and new vehicles are sent to complete the
transportation. Each time a vehicle is dispatched, the model
with a larger capacity is preferred. In this way, each route is
matched by a vehicle of the corresponding model. If the
scheme after matching the current car model with the route
is not feasible, a new car model arrangement is randomly
generated and matched with the route. +e result of running
under the same experimental environment is the optimal
value of 30 runs. Table 8 compares the optimal solution of
the risk threshold cost of the two algorithms. +e trans-
portation cost and transportation risk of the optimal solu-
tion of the risk threshold cost of the ε-constraint method are
lower than those of the NSGA-II algorithm. +erefore, the
quality of the Pareto solution set obtained by the ε-constraint
method is significantly better than the result of the NSGA-II
algorithm.

To further compare the performance of the two algo-
rithms, the solution set coverage and the maximum dis-
persion are selected to evaluate the experimental results of
the eight groups of examples. +e solution set coverage rate
proposed by Zitzler and +iele [25] is the most commonly
used evaluation method to express the ratio of the solution
set v dominated by at least one solution in the solution set u.
If the index is 1, all solutions in v are dominated by solutions
in u. Maximum dispersion is a method proposed by Zitzler
et al. [26] to evaluate the spread of the solution set. +is
index calculates the distance between extreme individuals in
the nondominated solution set. In addition, Table 9 com-
pares the running time of the algorithm, and the running
time is the average of 30 experiments. +e results in Tables 8
and 9 show the following:

First, the results obtained by the ε-constraint method
perform better in the optimal solution of the risk threshold
cost and the solution set coverage index, which shows that
under the same risk level, the ε-constraint method can
provide enterprises with more considerable cost savings.
+erefore, enterprises are more willing to choose low-risk
transportation solutions, thereby effectively reducing the
transportation risks.

Second, for the maximum dispersion index, in addition
to example 1, the boundary solution of the Pareto front
surface obtained by the ε-constraint method has a larger
span and a wider distribution. To a certain extent, the search
range of the solution space of the ε-constraint method is
wider than that of the NSGA-II algorithm, which reflects the
superiority of the ε-constraint method.

+ird, the ε-constraint method runs faster. However,
under the scale of the current calculation example, the
running time of the two algorithms is relatively short.
+erefore, this difference will not have amajor impact on the
performance of the NSGA-II algorithm.
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Figure 2: Illustration of annual demand in several big cities.

Table 5: Parameter values.

A1 A2 A3 A4 A5

cj1 20 21 20 25 22
cj2 35 33 35 36 33
cj3 20 22 22 25 21
τj1 0.33 0.32 0.33 0.35 0.34
τj2 0.25 0.25 0.24 0.25 0.35
τj3 0.25 0.36 0.36 0.25 0.25
wj1 0.43 0.52 0.45 0.51 0.35
wj2 0.61 0.53 0.55 0.50 0.65
c0j1 0.24 0.35 0.35 0.38 0.47
c0j2 0.35 0.35 0.44 0.45 0.56
c0j3 0.23 0.25 0.35 0.35 0.45
[ζ−

j1, ζ
+
j1] [60, 80] [25, 40] [25, 40] [15, 45] [20, 60]

[ζ−
j2, ζ

+
j2] [10, 20] [20, 35] [50, 80] [20, 40] [15, 35]

[ζ−
j3, ζ

+
j3] [20, 40] [15, 35] [20, 45] [15, 40] [20, 40]

Table 6: Parameter values.

t0a(min) ca(veh/h) φa

1 20 4000 0.56
2 22 3000 0.65
3 22 5000 0.62
4 18 5000 0.82
5 20 3000 0.64
6 20 3000 0.54
7 10 4000 0.64
8 12 4000 0.62
9 14 4000 0.25
10 10 3000 0.33
11 10 5000 0.72
12 10 5000 0.83
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6. Conclusion

In this work, we studied the uncertain optimization of
discrete networks with order delivery disruption and risk
preference in the postepidemic era. We suggest that the
downstream firm’s subjective utility on the risk of order
delivery disruption is a reference point and measure the
utility of the downstream firm’s risk preference on order
delivery disruption. Moreover, we constructed the down-
stream firm’s subjective utility function and the biobjective
optimization model to maximize the downstream firm’s
subjective utility and minimize the manufacturer’s cost. +e
influence of each parameter in the downstream firm’s
subjective utility function on the uncertain optimization is
analysed.

+e results show that when the subjective utility of
downstream firms in the first cycle and the second cycle is
the same at λ, the subjective utility of downstream firms in

the second cycle is less than that in the first cycle. Never-
theless, the changing trend is not the same. At the same time,
the change of subjective utility of downstream firms in the
third cycle and the second cycle is not the same as that in the
second cycle and the first cycle, and a rule is not available to
follow. +e first cycle is the initial cycle. In the model
mentioned in this section, the downstream firm’s initial
satisfaction is determined according to the minimum value
of the order interval, which is obtained based on the ex-
pected utility theory of the rational person. In the second
cycle, the downstream firm’s order quantity preference is
introduced, and the downstream firm is no longer com-
pletely rational. +e downstream firm has a risk preference
for the income interval and a risk aversion for the loss
interval. However, in the profit interval, the increase in
subjective utility due to an increase in order quantity is less
than the decrease in subjective utility due to a decline in
order quantity in the loss interval; therefore, the subjective

Table 7: +e impact of λ change on downstream firms’ subjective utility.

λ t � 1 t � 2 t � 3 λ t � 1 t � 2 t � 3
2.10 0.62 0.63 0.61 2.10 0.85 0.83 0.81
2.20 0.64 0.62 0.72 2.20 0.69 0.62 0.78
2.30 0.61 0.60 0.69 2.30 0.69 0.68 0.74
2.40 0.69 0.64 0.57 2.40 0.78 0.78 0.71
2.50 0.61 0.61 0.67 2.50 0.77 0.72 0.77
2.60 0.61 0.65 0.67 2.60 0.64 0.63 0.85
2.70 0.68 0.69 0.51 2.70 0.76 0.78 0.70
2.80 0.60 0.68 0.70 2.80 0.73 0.77 0.79
2.90 0.66 0.61 0.69 2.90 0.75 0.76 0.74
3.00 0.67 0.66 0.86 3.00 0.70 0.69 0.60

Table 8: Comparison of optimal Z1 and Z2 for 8 groups of examples.

ε-constraint method NSGA-II
NO. Z1 Z2 Z1 Z2

1 5639.6 100.5 3921.3 120.6
2 4279.4 98.2 3851.5 117.8
3 4193.4 92.5 3774.1 111.0
4 3903.5 90.7 3513.2 108.8
5 3872.1 89.1 3484.9 106.9
6 3798.2 85.3 3418.4 102.4
7 3590.4 83.6 3231.4 100.3
8 3381.2 81.5 3043.1 120.6

Table 9: Results of the comparison between the ε-constraint method and NSGA-II indexes.

NO. Solution set
coverage

Maximum single-layer
distribution threshold value of

ε-constraint method

Maximum single-layer
distribution threshold value of

NSGA-II

Running time of
ε-constraint method per

second

Running time of
NSGA-II per

second
1 0.86 3549.2 5732.4 12.04 13.2
2 1.00 25356.7 7329.7 16.58 18.2
3 1.00 11291.3 6842.3 13.07 14.4
4 0.85 10675.8 7789.3 15.81 17.4
5 1.00 27577.2 8438.0 16.93 18.6
6 0.90 15765.1 12213.5 18.45 20.3
7 0.95 20321.3 13217.9 18.39 20.2
8 1.00 21345.1 12236.8 18.66 20.5

12 Discrete Dynamics in Nature and Society



utility of downstream firms in the second cycle will be lower
at the same λ. A change of the third cycle preliminarily
indicates that λ has little effect on the change of downstream
firms’ subjective utility.

Future research should focus on extending the length of
discrete networks and the segmentation of enterprise risk
preference. In addition, designing a discrete network co-
ordination mechanism based on the moral or social re-
sponsibility of suppliers is also a topic for future scholars.
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