
Citation: Jiang, B.; Song, Y. A Robust

Optimization Model for Emergency

Location Considering the Uncertainty

and Correlation of Transportation

Network Capacity. Systems 2024, 12,

277. https://doi.org/10.3390/

systems12080277

Academic Editor: Mahyar Amirgholy

Received: 27 June 2024

Revised: 26 July 2024

Accepted: 30 July 2024

Published: 31 July 2024

Copyright: © 2024 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

systems

Article

A Robust Optimization Model for Emergency Location
Considering the Uncertainty and Correlation of Transportation
Network Capacity
Baixu Jiang 1 and Yan Song 2,*

1 School of Economics and Management, Harbin Engineering University, Harbin 150001, China;
ziwenxinxin@hrbeu.edu.cn

2 School of Business and Management, Shanghai International Studies University, Shanghai 200092, China
* Correspondence: songyan@shisu.edu.cn

Abstract: Emergencies often lead to the impairment of infrastructure systems, including transporta-
tion systems. It is necessary to analyze the uncertainty and correlation of transportation network
capacity caused by emergencies, aiming at the problems of emergency facilities’ location and matching
in emergency contexts. This study introduces novel concepts, such as flow distribution betweenness
centrality (FD-BC) and the transport capacity effect coefficient (TC-EC). Furthermore, we introduce
the ellipsoidal uncertainty set to characterize uncertainties in transport capacity. We construct a multi-
criteria decision-making (MCDM) model and a multi-strength elitist genetic algorithm (multi-SEGA)
to ensure the lower limit of transport capacity between demand and emergency points while minimiz-
ing decision-making costs. By designing an uncertain scenario example, we analyze the effect of the
perturbation ratio and the uncertainty level on the robust location model. The following results were
drawn: (1) Indicators FD-BC and TC-EC effectively indicated the importance of each section in the
emergency transportation network. (2) The optimal value of the model’s objective function changed
more significantly as the perturbation ratio and uncertainty level increased. (3) After reaching a cer-
tain uncertainty level, the robust model with an ellipsoidal uncertainty set became more conservative
than the robust model with a box uncertainty set, which lacked practical significance. The research
results guarantee the robustness of the emergency support system in uncertain conditions.

Keywords: emergency management; multi-objective decision-making; multi-strength elitist genetic
algorithm; robust optimization; transport capacity uncertainty

1. Introduction

Emergencies, such as earthquakes, hurricanes, human-made attacks, etc., usually
result in urban infrastructure systems’ damage, as well as the severe disruption of nor-
mal social order in affected areas [1–5]. Affected areas often face chaotic allocation of
emergency materials for disaster victims, which further exacerbate the negative impacts
of emergencies [6,7]. In order to reduce the impact of emergencies, a resilient emergency
support system based on multi-objective decision-making (MODM) methods is essential,
and reasonable emergency facilities’ locations and transportation of emergency materials
are essential prerequisites for the effectiveness of the emergency support system [6,8].
Emergencies can disrupt the transportation network capacity. Due to the unpredictability
of emergencies, decision-makers may not be able to obtain a certain value or probability
distribution for the uncertain capacity of the transportation network. Instead, they can
only predict the interval range of the uncertain capacity [9]. At the same time, the existing
models fail to account for the correlation of the transportation network capacity, which not
only deviates from realistic scenarios but also makes it impossible to directly apply the
ellipsoidal uncertainty set or polyhedral uncertainty set to describe the uncertainty of the
transport capacity. Consequently, the models are limited to using the box uncertainty set or
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the finite scenarios robust decision-making [10–13], making the models too conservative
and unable to adjust the range of the transport capacity uncertainty set.

This study aims to construct a robust location model that can handle the uncertainty
of transport capacity that only contains interval range information. This study makes the
following contributions: (1) In this study, the emergency is considered to have a direct
impact on the transportation network, which results in a direct loss of transport capacity.
This direct loss may lead to an increase in transport volume on certain road sections, which
subsequently causes an indirect loss of transport capacity. (2) The ellipsoidal uncertainty
set is introduced to characterize the uncertainty of transport capacity, and the robust
location model with the ellipsoidal uncertainty set is obtained with the aid of the indicators
flow distribution betweenness centrality (FD-BC) and transport capacity effect coefficient
(TC-EC). (3) The robust location model is optimized through the epsilon constraint method
and ideal point-based target perturbation minimization method, while the multi-SEGA is
used to solve the model.

The rest of this study is organized as follows. Section 2 presents a literature review.
Section 3 constructs the robust location model considering the uncertainty of transport
capacity. Section 4 provides a combinatorial method to solve the model. Section 5 designs an
example analysis of a small-scale transportation network and analyzes the results. Section 6
presents the research conclusions. Figure 1 shows the technical and logical framework.
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2. Literature Review
2.1. Emergency Facility Location Model

Emergency facility location is a crucial component of the emergency planning and
emergency response process, and it has been developed from the classic location model
under a specific background [13–15]. Geoffrion, and Powers [16] summarized and analyzed
the research and development status of strategic location problems over twenty years, and
reported that there are six factors that can promote the rapid development of location
optimization models, such as the evolution of algorithms and the development of data
development tools. Consequently, increasing numbers of improved models and algorithms
have been employed to address location problems [17,18]. Wang et al. [19] established a
three-stage stochastic programming model, taking into account the distinct characteristics
of the three stages: before, during, and after a disaster. These stages encompass resource
preparation, transportation network design, and resource allocation. Chen et al. [20]
presented an overview of open-source tools capable of structuring and solving location
cover models, supported by case studies demonstrating the accessibility of such models
through various open-source tools. Based on this review, directions for improving access to
location cover models via open-source tools were summarized.

Some other researchers studied the role of subjective factors in decision-making re-
garding emergency facility location [21,22]. Zhang et al. [23] proposed a material shortage
adjustment coefficient model based on the entropy weight method. This model quanti-
fies the importance of materials by introducing multiple indicators, such as the material
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consumption rate and urgency of material demand in the affected areas. Wang et al. [24]
investigated the subjective perception of distance by evacuees during emergency evacu-
ation. At the same time, the security function was constructed based on prospect theory
to quantify this subjective feeling. Based on this, they subsequently proposed an evac-
uation shelter location model. To solve the model, they embedded the particle swarm
optimization algorithm into the simulated annealing algorithm and proposed a two-stage
simulated annealing–particle swarm optimization algorithm. Peng et al. [25] examined
the panic perceived by the victims and proposed a multi-objective emergency resource
location model considering panic perception and total weighted distance. They further
developed an improved discrete particle swarm optimization algorithm. The algorithm
uses a new solution memory mechanism and fuzzy correlation entropy analysis. This
model, combined with the improved algorithm, exhibits rapid convergence and robust
global search capabilities.

The existing literature has laid a solid foundation for the research on the emergency
location problem. However, much of the existing literature fails to consider the topological
state of the transportation network connecting the emergency and demand points. Instead,
it solely relies on the Euclidean distance between the emergency and demand points
to represent the actual transportation distance, which is significantly inconsistent with
reality. Furthermore, many emergency location models focus solely on the distance factor,
neglecting the limitation of the transportation network capacity and the uncertainty of
transport capacity under emergency conditions. Consequently, the model established
under this framework will not only introduce bias into the results of location selection and
route allocation but also significantly impact the cost budget.

2.2. Uncertainty Optimization Method

Many decision factors in the model during the emergent state have uncertainty, and
stochastic and fuzzy optimization methods are typically employed to deal with the un-
certainty of factors [26–28]. When the probability distribution of uncertain factors cannot
be obtained, stochastic and fuzzy optimization will no longer be suitable for use. Robust
approaches, including robust decision-making and robust optimization, should be intro-
duced [29–31]. Robust decision-making can be understood as selecting a strategy that
performs well across a range of potential outcomes, even in the worst-case scenario. How-
ever, it has some limitations, such as difficulty in identifying representative scenarios and
their associated probabilities. The robust optimization generally describes the uncertainty
of parameters through the uncertainty set. The robust optimization theory has been going
through continuous development by different scholars [10–12]. Ardestani-Jaafari and De-
lage [32] proposed an alternative method for deriving conservative approximation models
for two-stage robust optimization problems, ultimately demonstrating the application in
location transportation and multi-item newsvendor problems. Xu et al. [33] assumed that
the demand density exhibits fluctuations within a given ellipsoidal uncertainty set. To
address this concern, they simplified the problem by formulating a robust counterpart
model. Sun et al. [34] considered the uncertainty of demand and transport time under the
background of disasters, applied the corresponding robust uncertainty sets at the same
time to improve the deviation robustness of the objective function, and established a robust
optimization model for site selection of emergency facilities for joint transportation of
vehicles and helicopters. Wu et al. [35] constructed a distributionally robust optimization
model that only considers the mean and variance of the supply rate distribution to capture
the characteristics of inventory decision-making for overconfident retailers. Chen et al. [36]
optimized the matching of different types of casualties and mobile medical resources and
constructed a robust location model for mobile medical facilities aimed at maximizing
the survival rate by using a polyhedral uncertainty set to describe the uncertainty of the
number of injured victims.

The existing literature has predominantly employed stochastic optimization, fuzzy
optimization, and distributionally robust optimization, among others, to address the un-
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certainty in emergencies. These methods typically necessitate the assumption that the
uncertainty of the model either meets a particular probability distribution or is confined
within a finite set of scenarios. However, in emergencies, we cannot construct the distribu-
tion function for uncertain parameters due to the suddenness of the emergency, the urgency
of decision-making, and the scarcity of historical data. Thus, under the condition that only
the range of uncertainty is known, some studies have employed an ellipsoidal uncertainty
set or polyhedral uncertainty set to describe such uncertainty. However, these methods
generally describe the uncertainty in scenarios such as emergency supply demand and
casualty counts. They have not been used to characterize the uncertainty in transportation
network capacity. Consequently, this study innovatively adopted an ellipsoidal uncertainty
set to describe the uncertainty of the transportation network capacity and established a
robust emergency location model.

2.3. Complex Network Indicators

In the real world, systems are inevitably subjected to unpredictable perturbations.
Complex network indicators are of great significance in studying the robustness of complex
systems in the face of such perturbations, as they can effectively represent the uncertain
properties inherent in these systems. Therefore, they are widely used in many fields,
such as robustness assessment and robust optimization, among others [37,38]. Robustness
assessment represents a key application area for complex network indicators. A prevalent
direction involves utilizing existing indicators or developing novel ones to evaluate the
robustness of urban rail transit systems. This approach enables an assessment of how
the topological structure and functional characteristics of these systems impact safety
management and sustainable development planning [39–41]. Liu et al. [42] employed
complex network theory to model the urban transportation network in the main urban
area of Xi’an. They analyzed the topological and geographical structural characteristics
of road sections impacted by heavy rainfall. This analysis contributed to enhancing the
resilience of the urban transportation system and its ability to cope with emergencies. Li
et al. [43] constructed the communication topology of a UAV swarm network, analyzed the
vulnerability of the UAV swarm network under environmental interference, and evaluated
the network’s robustness by adjusting complex network indicators. This analysis provided
a reference for the design and optimization of UAV swarm networks.

Complex network indices are also frequently employed to tackle robust optimization
problems. Song et al. [44] adopted the low-priority (LDF) strategy within the framework of
complex network theory to optimize the urban green infrastructure (GI) network. They
verified the effectiveness of the optimization through robustness analysis, thereby providing
a novel perspective and methodological reference for research on the coordination between
urban GI network protection and urban economic growth. Zheng et al. [45] adopted
complex network theory as the theoretical basis and put forward evaluation indicators, such
as node degree, betweenness centrality, closeness centrality, and regional accessibility. By
combining the distribution locations of urban express points with transportation demand,
they constructed a site selection planning model for double-layer subway transfer stations,
incorporating total cost and customer satisfaction as the objective functions. This model
holds great significance for the sustainable development of urban logistics. Wu et al. [46]
combined the expressway network, railway network, and coupled network into a multi-
layer network spatial structure. Based on complex network theory, they used the relative
impedance efficiency index of the network to assess the non-vulnerability of the network
and identify key nodes, which demonstrated certain damage resistance and robustness.

Existing network indicators often place too much emphasis on the geometric topology
of complex networks, and their direct application to the field of emergency transportation
lacks consideration for the constraints of road network transportation capacity. Addition-
ally, many current complex network indicators and models are designed based on static
networks, making them less effective or unable to meet actual needs when dealing with
uncertain issues. Therefore, this study proposes flow distribution betweenness centrality
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(FD-BC) and the transport capacity effect coefficient (TC-EC), which are based on existing
network indicators but also comprehensively consider the topological structure and trans-
portation capacity of the road network. These proposed indicators can effectively adapt to
the capacity constraints of transportation networks and identify correlations based on the
transportation volume.

3. Model Building
3.1. Problem Description and Assumptioms

To mitigate the impact of emergencies and reduce casualties and economic losses, in
this paper, we constructed a multi-objective emergency facility location model. First, we
built a deterministic location model under the condition that the transportation capacity
of the road network is determined. The model must comprehensively assess the topology
of the transportation network and the distribution of emergency materials’ demand and
balance the three objective functions of efficiency, risk, and economy. Consequently, it
provides the optimal decision scheme. To make the model conform to reality, we considered
the uncertainty of transport capacity caused by emergencies, building upon the determin-
istic model. When the distribution function of transportation network transport capacity
could not be obtained, we constructed a robust emergency location model utilizing flow
distribution betweenness centrality (FD-BC) and the transport capacity effect coefficient
(TC-EC). This robust emergency location model can determine the degree of conservatism
according to the risk preference of decision-makers. The model constructed in this paper
proposes the following assumptions:

(1) Different types of emergency materials are converted into a standard space volume
metric, and the corresponding demand for each type of emergency material is specified
at each demand point.

(2) Emergencies will directly affect the emergency transportation network, resulting in
direct losses in the transport capacity. Such direct losses are uncertain values in the
prevention stage, as the probability distribution function of these uncertain values
cannot be obtained, but they have a definite value range.

(3) The direct losses to the transportation network may cause unexpected increases in the
transport volume carried by some road sections of the transportation network. It is
assumed that these unexpected increases in transport volume will cause secondary
losses of transport capacity on some road sections, called indirect loss of transport
capacity. (The principle is similar to that of a rubber band. When the external force
surpasses the level that the rubber band is typically accustomed to enduring, it may
lose its elasticity or, in extreme cases, even break).

(4) The transport volume between each pair of emergency and demand points meets the
limitation of the transport capacity. However, when the transport volumes between
multiple pairs of emergency and demand points are superimposed on certain road
sections, it may exceed the transport capacity of those sections. This increases the
risk associated with emergency materials’ transportation and reduces the transporta-
tion efficiency.

(5) It is stipulated that each demand point is responsible for receiving the distribution
of emergency materials from a single emergency point. Meanwhile, each emergency
point can deliver emergency materials to multiple demand points, and each emergency
point can only build one type of emergency material for reserve.

3.2. Deterministic Location Construction
Formulation

The deterministic emergency location model, which does not account for the uncer-
tainty of transportation network capacity, is expressed as follows:

max f1 = F (1)
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In the objective function (1), F is the lower limit of transport capacity required between
all the emergency points and the demand points. Its purpose is to ensure that the emergency
transport capacity between any emergency points and its responsible demand points can
meet the minimum requirements when an emergency occurs.

min f2 = ∑
(i,j)∈A

ω(i,j)(∑
s∈S

∑
t∈T

f(i,j)(s, t)xst+σ(i,j) − c(i,j))
/

c(i,j) (2)

The objective function (2) represents the risk cost of emergency materials’ transporta-
tion. The transport volume of emergency material supplies between multiple pairs of
emergency points and demand points may exceed its transport capacity after being super-
imposed on some road sections. The ratios of the excess transport volume to the transport
capacity for all the network sections represent the risk cost.

min f3 = ∑
s∈S

∑
k∈K

(pkysk + dshk) + ∑
(i,j)∈A

∑
s∈S

∑
t∈T

xste(i,j)l(i,j)dt f(i,j)(s, t)
/

fmax(s, t) (3)

The objective function (3) represents the economic cost, which comprises three compo-
nents: the construction cost of emergency material reserves, the inventory holding cost of
emergency material reserves, and the transport cost of emergency materials.

0 ≤ f(i,j)(s, t) + σ(i,j) ≤ c(i,j), ∀(i, j) ∈ A, s ∈ S, t ∈ T (4)

Constraint Formula (4) indicates that the transport volumes of emergency materials be-
tween each pair of emergency points and demand points should comply with the transport
capacity limits of the emergency transportation network.

∑
{j:(i,j)∈A}

f(i,j)(s, t) = ∑
{j:(j,i)∈A}

f(j,i)(s, t) +


0, i ̸= s, t
f (s, t), i = s
− f (s, t), i = t

,∀s ∈ S, t ∈ T (5)

Constraint Formula (5) indicates that the intermediate transit points in the emergency
transportation network satisfy the intermediate point equilibrium condition.

∑
s

f (s, t)xst ≥ F, ∀t ∈ T (6)

Constraint Formula (6) means that the transportation capacity between each demand
point and its corresponding emergency point should be not less than the lower limit of
transport capacity.

∑
k∈K

ysk ≤ 1, ∀s ∈ S (7)

Constraint Formula (7) means that only one type of emergency material reserve can
be established at the selected emergency points.

xst ≤ ∑
k∈K

ysk, ∀t ∈ T, s ∈ S (8)

Constraint Formula (8) indicates that only the selected emergency point can provide
emergency supplies for the demand point.

∑
t∈T

xstdt ≤ ds ≤ ∑
k∈K

yskuk, ∀s ∈ S (9)

Constraint Formula (9) indicates that the emergency materials stored in the emergency
reserve should meet the needs of the demand points they are responsible for and must also
meet the capacity limits of the corresponding type of emergency reserve.
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∑
s∈S

xst = 1, ∀t ∈ T (10)

Constraint Formula (10) indicates that only one emergency point can provide emer-
gency material distribution work for one demand point.

∑
s∈S

∑
k∈K

ysk = n (11)

Constraint Formula (11) represents the number of selected emergency points and the
establishment of emergency material reserves.

ds, dt ≥ 0, ∀s ∈ S, t ∈ T (12)

xst, ysk ∈ {0, 1}, ∀s ∈ S, t ∈ T, k ∈ K (13)

Constraint Formulas (12) and (13) describe the decision variables and their limited
numerical types and value ranges during the calculation.

3.3. Robust Emergency Location Model Construction under Uncertainty of Transportation
Network Capacity
3.3.1. Transport Capacity Uncertainty Analysis

In the preparatory or early stages of an emergency, it is imperative to complete the
decision of emergency location and route matching when the transportation network
capacity is uncertain. In this paper, we considered the uncertainty of transport capacity
as a reflection of the combined effect of direct and indirect losses of transport capacity.
Direct losses result from the direct damage caused by emergencies to the transportation
network or its operating environment. Indirect losses are caused by unexpected and sudden
increases in transport volume on certain road sections, which is a consequence of the direct
loss of transport capacity. The sudden increase in transport volume is determined by
the topology of the emergency transportation network, the selection of emergency points
and transportation routes, and the state of direct loss of transport capacity. The logical
relationship is illustrated in Figure 1.

Figure 1 demonstrates that the correlation of road sections under the background
of emergencies is related to the above factors. In the process of deriving the transport
capacity correlation and facilitating the handling of uncertainties brought about by the
transportation network topology and the selection of emergency points and transportation
routes, we referred to the form of general betweenness centrality (BC) [47] and designed an
index that takes into account both the transportation network operation performance and
the transportation network topology: flow distributed betweenness centrality (FD-BC).

3.3.2. Flow Distributed Betweenness Centrality

The evaluation indicators based on the complex network topology structure include
betweenness centrality (BC), efficiency of a network [48], degree and degree distribu-
tion [49,50], clustering coefficient [51], maximum connected subgraph [52], connectiv-
ity [53], etc. These indicators mainly evaluate the importance of network components
(nodes, sections, etc.) from the perspective of complex network geometry and topology,
with particular emphasis on the adjacency status and the spatial distance between elements.
The evaluation index based on network operation performance mainly considers the role
played by network components in the actual operation of complex networks and focuses on
the analysis of traffic distribution and operation efficiency on complex network elements,
such as flow intensity [54], flow efficiency [55,56], accessibility [57,58], etc.

The existing complex network evaluation indicators do not consider the limitation
of transportation network capacity and the distribution of transport volume on the trans-
portation network. They are only determined by the geometric topology and the demands
of demand points. In addition, the emergency location model not only needs to consider
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the uncertainty of the transport capacity but also needs to account for the uncertainty
of emergency point selection and transportation route matching. Therefore, in this pa-
per, we proposed the concept of flow distributed betweenness centrality (FD-BC), and its
calculation formula is as follows:

CFB(i, j) =
∑

s∈V
∑

t∈V
f(i,j)(s, t)

/
f (s, t)

N(N − 1)
/

a
, ∀(i, j) ∈ A, s ̸= t (14)

Parameter a is the adjustment coefficient: a = 1 when the transportation network is a
directed network, while a = 2 when the transportation network is an undirected network.
N represents the number of edges in the network. FD-BC represents the expected value of
the ratio of transport volume carried by the target road section to transportation network
capacity under all possible combinations of the origin and destination points. The higher
the value of FD-BC, the more crucial the road section is within the transportation network.
The comparison between FD-BC and the existing complex network indicators is shown in
Table 1.

Table 1. Comparison of complex network indicators.

Complex Network Indicator Formula Consider Transport
Volume

Consider Origin and
Destination

Betweenness centrality CB(i) = ∑
s ̸=t∈V

σ(s,t)(i)
σ(s,t)

✗ ✓

Efficiency of network E =
1

N(N − 1) ∑
j∈V,j ̸=i

1
d(i,j)

✗ ✗

Degree centrality Dd(i) = ∑
j∈V,j ̸=i

δ(i,j)

N − 1
✗ ✗

Closeness centrality Dcc(i) = (N − 1)
/

∑
j∈V,j ̸=i

d(i,j) ✗ ✗

Maximum connected subgraph S(i) = Ni
N , i ∈ V ✗ ✗

Flow intensity I(i) = ∑
j∈V,j ̸=i

( f(i,j) + f(j,i))
/

f ✓ ✗

Unsatisfied travel demand rate U(i) = fi
f

✓ ✗

Flow distributed betweenness
centrality CFB(i, j) =

∑
s∈V

∑
t∈V

f(i,j)(s,t)/ f (s,t)

N(N−1)/a
✓ ✓

Notes. σ(s,t): Is there a path between nodes s and t? Yes, take 1, no, take 0. σ(s,t)(i): Is there a path between nodes s
and t via node i? Yes, take 1, no, take 0. δ(i,j): Nodes i and j are adjacent? Yes, take 1, no, take 0. d(i,j): Distance
between nodes i and j. f(i,j): Flow from nodes i to j. f : Total flow on the network. fi : Lost flow due to the failure of
node i. N: Number of nodes. Because TC-EC is an improvement of FD-BC in a particular application, it is not
included in Table 1.

In the location model, the origin points correspond to the emergency point set S, while
the destination points correspond to the demand point set T, and S, T ⊂ V. In other words,
the scope of the sets to which the origin and the destination points belong in the location
model is reduced. If Formula (14) is continuously applied under the background of an
emergency, it will not only make the calculation result deviate from the actual situation but
will also increase the time complexity of the calculations (O(|V|2) > O(|S||T|) ). Therefore,
Formula (14) is improved, and the improved Formula (15) and its extended Formula (16)
are as follows:

CST
FB(i, j) =

∑
s∈S

∑
t∈T

f(i,j)(s, t)
/

f (s, t)

|S||T| , ∀(i, j) ∈ A (15)

Sε
(i,j)(u, v) = max

{
CST

FB(i, j
∣∣∣(u, v), ε)− CST

FB(i, j), 0
}

(16)

In order to distinguish from CFB(i, j) (FD-BC) in Formula (14), CST
FB(i, j) in Formula (15)

is expressed as FD-BC (ST). In Formula (16), indicator Sε
(i,j)(u, v) represents the maximum
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variation (non-negative) of FD-BC (ST) of road section (i, j) when the perturbation ratio
of road section (u, v) is ε. Consequently, θ(u,v)Sε

(i,j)(u, v) represents the expected ratio of
the increase in transport volume in road section (i, j) when the uncertain value of the road
section (u, v) is θ(u,v), and the perturbation ratio is ε.

To express the increased transport volume on section (i, j), Formula (17) is introduced:

f ave
G = ∑

s
∑

t
f (s, t)

/
|S||T|, ∀s ∈ S, t ∈ T (17)

Value f ave
G represents the expected maximum transport capacity of the transportation

network G under all possible combinations of the emergency and demand points. Therefore,
θ(u,v)Sε

(i,j)(u, v) f ave
G represents the expected value of the increased transport volume carried

by road section (i, j) when the uncertain value of road section (u, v) is θ(u,v), and the
perturbation ratio is ε.

3.3.3. Transport Capacity Effect Coefficient

According to Assumption (3), these unexpected increases in transport volume will
cause secondary losses of transport capacity on certain road sections, known as indirect
loss of transport capacity. To find the relationship between the unexpected increase in
the transport volume of the road section and its corresponding indirect loss of transport
capacity, we considered that the transport capacity of the road section exhibited a negative
correlation with the unexpected increase in transport volume of the section. Therefore,
referring to the model structure of the Smoch function applied in Detroit planning and
the Overgaard impedance function [59], we constructed a function in exponential form
that reflects the correlative relationship between the indirect loss of the transport capacity
and the unexpected increase in the transport volume of the road section. The formula is
as follows:

cε
(i,j)(θ(u,v)) = c(i,j)α

−β(θ(u,v)S
ε
(i,j)(u,v) f ave

G /c(i,j)), ∀(i, j), (u, v) ∈ A (18)

where cε
(i,j)(θ(u,v)) represents the transport capacity of road section (i, j), given that the

uncertainty value of road section (u, v) is θ(u,v) and the perturbation ratio is ε. In this way, a
correlation relationship between the indirect loss of transport capacity on road section (i, j)
and the direct loss of transport capacity on road section (u, v) within the transportation
network is established under emergency circumstances. From Formula (18), we defined
the transport capacity effect coefficient (TC-EC) of road section (u, v) on road section (i, j),
which is expressed as follows:

ρε
(i,j)(θ(u,v)) = α

−β(θ(u,v)S
ε
(i,j)(u,v) f ave

G /c(i,j)), ∀(i, j), (u, v) ∈ A (19)

where ρ(i,j)(θ(u,v)) represents the retention proportion of transport capacity of section (i, j),
given that the uncertainty value of road section (u, v) is θ(u,v) and the perturbation ratio is
ε. It should be noted that, generally, the TC-EC between road sections is not symmetrical,
that is, ρ(i,j)(θ(u,v)) ̸= ρ(u,v)(θ(i,j)).

3.3.4. Robust Location Model with Ellipsoidal Uncertainty Set Construction

It is necessary to consider expanding from the correlation between a single road section
and the target road section to the correlation between all road sections of the transportation
network and the target road section. Therefore, the transport capacity of the target road
section (i, j) was firstly changed to (c(i,j) − θ(i,j)εc(i,j)) due to a direct loss resulting from
the impact of emergencies, with εc(i,j) being the maximum direct loss of the transport
capacity of road section (i, j). In addition, the transport capacity of road section (i, j) may
be subject to indirect losses caused by all the relevant road sections. After comprehensively
considering both the direct loss and indirect losses of the transport capacity of road section
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(i, j), the transport capacity of road section (i, j) under the emergency state was denoted as
c̃(i,j), and the corresponding calculation formula is as follows:

c̃(i,j) = (c(i,j) − θ(i,j)εc(i,j)) ∏
(u,v)∈A

ρε
(i,j)(θ(u,v)), ∀(i, j) ∈ A (20)

To facilitate the creation of robust counterparts of the location model, the existing For-
mula (20) was further modified and rearranged to obtain the following improved version:

c̃(i,j) = c(i,j)α
−βθ(i,j)(loga(1/(1−θ(i,j)ε))/βθ(i,j)) × α

−β ∑
(u,v)∈A

(θ(u,v)S
ε
(i,j)(u,v) f ave

G /c(i,j))
, ∀(i, j) ∈ A (21)

We can observe that Formula (21) does not meet the mathematical requirements
necessary for the direct application of robust optimization. To derive a robust counterpart
of Formula (21) and ensure the stability of constraint condition (4), Formula (21) needs
to be scaled appropriately: Let f (θ(i,j)) = logα(1/(1 − θ(i,j)ε))/βθ(i,j), when θ(i,j), ε ∈ [0, 1],
deriving f (θ(i,j)) with respect to θ(i,j) results in f ′(θ(i,j)) ≥ 0, which indicates that f (θ(i,j)) is
a monotonous non-decreasing function, and the maximum value of f (θ(i,j)) can be denoted
as f (1) = β−1 logα(1/(c(i,j) − ε)). After replacing f (θ(i,j)) with f (1) in Formula (21) to
complete the scaling process, the resulting modified formula is defined as follows:

cscaling
(i,j) = c(i,j)α

−βθ(i,j)β−1 logα(1/(1−ε)) × α
−β ∑

(u,v)∈A
(θ(u,v)S

ε
(i,j)(u,v) f ave

G /c(i,j))
, ∀(i, j) ∈ A (22)

For f (1) ≥ f (θ(i,j)), the transport capacity of road section (i, j) satisfies the relationship

cscaling
(i,j) ≤ c̃(i,j) ≤ c(i,j), and constraint condition (4) becomes more conservative to ensure

the stability of the model. At the same time, Formula (22) also has a mathematical form
for transforming into the robust counterpart. Therefore, the ellipsoidal uncertainty set [60]
was applied to describe the uncertainty values of the transportation network capacity, and
the ellipsoidal uncertainty set is as follows:

θ(i,j) ∈ Uellipsoid = {θ(i,j) : ∑
(i,j)∈A

θ2
(i,j) ≤ Ω2} (23)

The parameter Ω represents the uncertainty level of the ellipsoidal uncertainty set.
The larger the uncertainty level, Ω, is, the smaller the feasible space of the uncertainty set
Uellipsoid is, the stricter the constraints are, and the more conservative the robust model
is. When the uncertain values of the transport capacity satisfy Formula (23), according
to the robust optimization theory proposed by Ben-Tal, A., and Nemirovski, A. [31], the
maximum value of part of the polynomial in the exponent on the right side of Formula (22)
can be derived as:

θ(i,j)β−1 loga(1/(1 − ε)) + ∑
(u,v)∈A

θ(u,v)S
ε
(i,j)(u, v) f ave

G /c(i,j) ≤ Ω
√
(β−1 loga(1/(1 − ε)))

2
+ ∑

(u,v)∈A
(Sε

(i,j)(u, v) f ave
G /c(i,j))

2, ∀(i, j) ∈ A (24)

Replacing it in Formula (22) yielded the robust counterpart, which is defined as
follows:

cellipsoid
(i,j) = c(i,j)α

−βΩ

√√√√√(β−1 logα(
1

1 − ε
))

2

+ ∑
(u,v)∈A

(

Sε
(i,j)(u, v) f ave

G

c(i,j)
)2

, ∀(i, j) ∈ A (25)

To complete the transformation from the deterministic location model to the robust
location model with the ellipsoidal uncertainty set, the initial transport capacity, c(i,j), in the

deterministic model was replaced with the robust optimized transport capacity, cellipsoid
(i,j) ;

meanwhile, as transport capacity decreases, transport time increases, and transport costs
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will rise. Consequently, the transport cost, e(i,j), was replaced with the robust optimized

transport cost, eellipsoid
(i,j) . The formula is as follows:

eellipsoid
(i,j) = e(i,j)c(i,j)

/
cellipsoid
(i,j) , ∀(i, j) ∈ A (26)

Then, the objective function (2), objective function (3), and constraint (4) were trans-
formed, as follows:

min f2 = ∑
(i,j)∈A

ω(i,j)(∑
s∈S

∑
t∈T

f(i,j)(s, t)xst−cellipsoid
(i,j) + σ(i,j))

/
cellipsoid
(i,j) (27)

min f3 = ∑
s∈S

∑
k∈K

(pkysk + dshk) + ∑
(i,j)∈A

∑
s∈S

∑
t∈T

xste
ellipsoid
(i,j) l(i,j)dt f(i,j)(s, t)

fmax(s, t)
(28)

0 ≤ f(i,j)(s, t) + σ(i,j) ≤ cellipsoid
(i,j) , ∀(i, j) ∈ A, s ∈ S, t ∈ T (29)

The other objective functions and constraints remained the same as those in the
deterministic model, resulting in a robust location selection model with an ellipsoidal
uncertainty set considering the correlation and uncertainty of transportation network
capacity. The conservative degree can be adjusted by varying the value of the uncertainty
level, Ω. When Ω = 0, it was obtained that cellipsoid

(i,j) = c(i,j), which means that the robust
model reduced to the nominal model.

4. Solution Procedure
4.1. Multi-Criteria Processing

In the location model of this paper, the dimensions of the three objectives are inconsis-
tent, making the simple linear weighted method inadequate for accurately reflecting the
differences in measurement units and orders of magnitude across objectives. Furthermore,
different decision-makers exhibit varying risk preferences. Therefore, we used both the
epsilon constraint method and the ideal point-based objective perturbation minimization
method to provide a range of decision-support solutions considering different preferences
and possible situations.

4.1.1. Epsilon Constraint Method

The epsilon constraint method [60,61] is a multi-objective processing method that
transforms one of the objective functions into a constraint condition to limit the value
range of the objective function. The location model presented in this paper first guarantees
the lower minimum transport capacity of the emergency transportation network for each
demand point and its corresponding emergency point then converts the objective function,
f1, into a constraint condition, f1 ≥ δ, through the epsilon constraint method. The threshold,
δ, represents the lower limit of transport capacity, which depends on the value range of the
objective function and the degree of risk preference of the decision-makers.

4.1.2. Ideal Point-Based Objective Perturbation Minimization Method

Under the premise of not considering other objectives, the optimal values’ combination
obtained by considering only a single objective function is referred to as the ideal point of
the multi-objective optimization model [62], representing an ideal state. After transforming
the objective function, f1, into constraint conditions through the epsilon constraint method,
assuming that ( f ∗2 , f ∗3 ) is an ideal point of the model, for any objective function fi, ∆i is
defined as the perturbation value of the objective function, fi:

∆i =| fi − f ∗i |/ f ∗i , i = 2.3 (30)
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Let ωi represent the degree of preference that a decision-maker holds for various
decision objectives; then, the multi-objective model is transformed into a target perturbation
minimization model based on ideal points:

min max ωi∆i, i = 2, 3 (31)

4.2. Multi-SEGA

Under the condition of uncertain transport capacity, the robust optimization model for
emergency location incorporates product terms of decision variables and uncertainty con-
straints, making the model solve a complex nonlinear optimization problem. To effectively
solve the problem of model solving, we applied the multi-strength elitist genetic algorithm
(multi-SEGA) [63,64], which uses a parallel distribution of sub-populations to complete the
evolutionary process.

4.2.1. Fitness Function

The fitness function is expressed in Formula (32):

f it = M∑
∣∣cvj

∣∣− min max ωi∆i (32)

When an individual satisfies constraint cvj in the location model, cvj = 0; otherwise,
its actual value is calculated. The parameter M is a sufficiently small negative number, and
the meaning of minmaxωi∆i is the same as that described in Formula (31).

4.2.2. Individual Encoding and Population Initialization

Decision vectors Ysk and Xst correspond to decision variables ysk and xst, respectively.
|S|, |T|, and |K| represent the number of emergency points, demand points, and emergency
material reserve types, respectively. The individual length of Ysk, determined by the
number of emergency points and the types of emergency material reserves, is |S|×(|K|+1) .
Meanwhile, the individual length of Xst, determined by the number of emergency and
demand points, is |S|×|T|. In addition, |S|×(|T|+|K|+1) represents the length of the
individual corresponding to each solution. We adopted binary coding. Moreover, the
initial population was divided into specific subpopulations based on the needs of the
model solution.

4.2.3. Genetic Operator

(1) Selection operations

The multi-SEGA algorithm consists of a two-stage selection process. The first stage
uses the tournament selection operator. In the second stage, the sorting operator is applied
to each subpopulation separately.

(2) Crossover operation

In the crossover operation stage, a two-point crossover operator is used to set a
different crossover rate for each subpopulation.

(3) Mutation operation

The mutation operation employs the mutation mechanism from the breeder genetic
algorithm (BGA) [64], and this BGA operator utilizes the shrinkage rate and gradient
division to control the mutation distance.

4.2.4. Population Migration

After each subpopulation has evolved independently for a certain number of gen-
erations, the information exchange between the subpopulations is completed through
the population migration operation. The corresponding migration probabilities are set
for different subpopulations. The migration structure is set as circular, meaning that it is
transferred increasingly according to the subscript of the subpopulation. Moreover, the
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method of selecting emigrating individuals is based on choosing the best ones, and random
substitution is used to replace the migrating individuals.

4.2.5. Algorithm Process

After completing the above parameter settings, the flowchart of the multi-SEGA is
shown in Figure 2.
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5. Case Analysis Example
5.1. Background Description

To verify the validity of the model, a small-scale emergency transportation network
topology graph, G, was designed to simulate the process of emergency location and
emergency materials’ distribution during the preparatory stages of an emergency. The
transportation network topology graph, G, consists of a node set, N, which includes three
subsets of emergency point set, S = {s, c, f , h}, demand point set, T = {b, t, j}, and transit
point set, M = {a, d, g, i, e}, with a total of twelve transportation network nodes. A certain
number of emergency points in the emergency point set S was selected to establish a
corresponding type of emergency material reserve, and a certain amount of emergency
rescue materials was reserved to meet the needs of the demand points under emergencies.
The nodes in the transit point set M = {a, d, g, i, e} do not account for emergency reserves
or have any demand for emergency materials and only have the function of emergency
materials’ transfer. Adjacent nodes are connected by directed road sections (for example,
road section (a, b) represents a directed road section from node a to node b). Figure 3
shows the location distribution and topological relationship of nodes and sections of the
emergency transportation network and the initial transport capacity of all road sections.
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Figure 3. Emergency transportation network G.

The road section (i, j) of the emergency transportation network G consists of three
attributes, including the initial transport capacity, c(i,j), the transport distance, l(i,j), and
the flow distribution betweenness centrality, CST

FB(i, j). The initial transport capacity, c(i,j),
is the transport capacity of the road section (i, j) without being affected by emergencies.
The transport distance, l(i,j), is the length of the road section (i, j), and the initial cost, e(i,j),
for transporting one cubic meter of cargo per 1000 m was set to 1000 Yuan. The values
of the three attributes of all the road sections of the transportation network G are shown
in Table 2. The emergency material reserve type is defined as K = {k1, k2, k3, k4}, which
includes four types of options. Furthermore, each type of emergency material reserve has a
corresponding fixed construction cost, pk, a unit emergency material storage cost, hk, and
a maximum emergency material storage capacity, uk, and their corresponding values are
shown in Table 3. It was assumed that the emergency materials required by the emergency
demand points mainly include four types: water, food, medical supplies, and emergency
tents. The required quantities of these materials were converted into volume (cubic meters)
according to a specific ratio, as shown in Table 4.

To compare the differences between BC (betweenness centrality), FD-BC (a modified
version of BC), and FD-BC (ST) (a special type of FD-BC for the location model), the
transportation network G, which is illustrated in Figure 4, was used as a simulation
example. Figure 4a presents the values of BC, FD-BC, and FD-BC (ST), while Figure 4b,c
display their correlation coefficients.

Table 2. Road section attributes of transportation network G.

Road
Section

Transport
Capacity (m3/min)

Section Length
(10 km) FD-BC Road

Section
Transport

Capacity (m3/min)
Section Length

(10 km) FD-BC

(s − a) 6 6.02 0.069 ( f − g) 4 3.01 0.097
(s − c) 8 2.06 0.180 (e − b) 4 2.69 0.456
(a − b) 3 3.04 0.043 (e − j) 1 3.81 0.155
(a − d) 3 2.50 0.026 (g − e) 7 3.35 0.424
(c − d) 10 2.50 0.226 (g − i) 2 1.58 0.000
(c − f ) 4 2.06 0.205 (j − t) 1 4.27 0.167
(b − t) 4 2.83 0.166 (h − g) 3 4.74 0.262
(d − e) 3 4.03 0.187 (h − i) 3 4.53 0.345
(d − g) 6 2.24 0.065 (i − j) 5 4.03 0.345
( f − h) 7 2.24 0.357
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Table 3. Emergency reserve attributes.

Types of Emergency
Reserve

Construction Cost
(Thousand Yuan)

Storage Cost (Thousand
Yuan/m3) Storage Capacity (m3)

Type-k1 2000 20 1000
Type-k2 4000 10 1500
Type-k3 7500 5 2000
Type-k4 10,000 5 3000

Table 4. Demand points of emergency material demands (m3).

Demand Points Water (m3) Food (m3) Medical Supplies (m3) Emergency Tent (m3)

Demand point b 80 70 10 40
Demand point t 400 350 50 200
Demand point j 200 175 25 100
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Figure 4. Comparison of different BC indicators. (a) Distribution of the values of BC, FD-BC, and
FD-BC (ST) for road sections in transportation network G. (b) The correlation coefficient between
FD-BC and FD-BC (ST). (c) The correlation coefficients between FD-BC and BC, and between FD-BC
(ST) and BC, respectively.
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5.2. Calculation Results and Analysis
5.2.1. Parameter Setting

Python3.8 was used to write the operation program of the robust location model,
and the multi-strength elitist genetic algorithm (multi-SEGA) was applied to solve the
model. In addition, an Intel (R) Core (TM) i5-7200U computer with 2.60 GHz and 8.00 GB
RAM was used to run the calculations. The adopted encoding form and iteration logic
are shown in Figure 2, and the parameters of the multi-SEGA were set as follows: the
number of subpopulations was Ngroup = 4, the size of the subpopulations was Npi = 1000,
the minimum and maximum values of the crossover operation rates in the subpopula-
tions were pcmin = 0.7 and pcmax = 1.0, respectively, the shrinkage operator ratio was
MutShrink = 0.5, the gradient division grad was Gradient = 10, the independent evolution
algebra number was gMig = 10, and the rate of exchanging individuals between subpopu-
lations was pMig = 0.2. By referencing relevant literature on the impedance function [61]
and conducting a comparative analysis of model operations, the possible value ranges of
the undetermined parameters, α and β, were analyzed. In this paper, the values of the
parameters were set as α = 2 and β = 4.

5.2.2. Perturbation Ratio and Uncertainty Level Analysis

Assuming all road sections of the transportation network exhibited the same perturba-
tion ratio, ε, the higher the perturbation ratio ε, the greater the range of the uncertainty set in
transport capacity within the transportation network. The robust model with an ellipsoidal
uncertainty set can adjust the conservative degree of the model through uncertainty level
Ω. When Ω = 0, the transport capacity of the transportation network was a definite initial
value, and the robust model was equivalent to the deterministic model. When Ω ≥ 0, the
robust model tended to be more stable as the value of the uncertainty level Ω increased.

Under different combinations of the perturbation ratio, ε, and the uncertainty level, Ω,
the optimal values of the objective functions in the robust model showed distinct trends,
ultimately influencing the decision-making results. In order to analyze the variation in the
optimal values of the objective functions in the robust model to the uncertainty level, Ω,
and perturbation ratio, ε, the optimal values of the three objective functions under different
uncertainty levels, Ω, were calculated, respectively, for four states of the perturbation ratios
(ε = 0.05, ε = 0.10, ε = 0.15, and ε = 0.20). Similarly, the optimal values of the three
objective functions under different perturbation ratios, ε, were calculated, respectively, for
four states of the uncertainty levels (Ω = 1.5, Ω = 2.0, Ω = 2.5, and Ω = 3.0) [35,37]. The
results are shown in Figure 5.

As observed from Figure 5a,b, the curves depicting the lower limit of transport capacity
exhibited a gradual variation with changes in the perturbation ratio, ε, and uncertainty
level, Ω, indicating that the lower limit of transport capacity was not highly sensitive to
the perturbation ratio, ε, or uncertainty level, Ω. This demonstrated that the robust model
in this paper could guarantee the emergency transport capacity between the emergency
points and the demand points while simultaneously ensuring robustness.

In contrast, as observed from Figure 5c–f, the curves depicting risk cost and economic
cost became more curved with the increase in the perturbation ratio, ε, and uncertainty level,
Ω, indicating that both the risk cost and economic cost were sensitive to perturbation ratio,
ε, and uncertainty level, Ω. The robust model in this paper needs to sacrifice higher risk
cost and economic cost to maintain robustness as the perturbation ratio, ε, and uncertainty
level, Ω, increase. It can also be inferred that as the perturbation ratio, ε, and uncertainty
level, Ω, increased, the risk cost and economic cost per unit of the lower limit of transport
capacity increased accordingly.

Therefore, it is crucial to achieve a reasonable combination of the perturbation ratio,ε,
and the uncertainty level, Ω, which can effectively balance both model stability and econ-
omy. The perturbation ratio, ε, and the uncertainty level, Ω, are generally selected based on
available information or the preferences of decision-makers. For the uncertainty level, Ω,
aside from the aforementioned methods, on the premise that the perturbation ratio, ε, is
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determined, we can compare optimal values of the objective functions in the robust model
with an ellipsoidal uncertainty set to those of both the deterministic model and the robust
model with a boxed uncertainty set (considering the indirect loss of transport capacity as
well). This comparison ensures that the degree of conservatism of the robust model with
ellipsoidal uncertainty falls between the degrees of conservatism of the deterministic model
and the robust model with a boxed uncertainty set.
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Figure 5. The variation in optimal values of the objective functions. (a) The variation in the lower
limit of transport capacity with uncertainty level, Ω. (b) The variation in the lower limit of transport
capacity with perturbation ratio, ε. (c) The variation in risk cost with uncertainty level, Ω. (d) The
variation in risk cost with perturbation ratio, ε. (e) The variation in economic cost with uncertainty
level, Ω. (f) The variation in economic cost with perturbation ratio, ε.

In this article, we assumed that the perturbation ratio ε = 0.1, and the comparison
process of the optimal values of the three models is shown in Figure 6.
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As shown in Figure 6, at a disturbance ratio of ε = 0.1, when the uncertainty level
Ω = 0, the robust model with the ellipsoidal uncertainty set coincided with the nominal
model and tended to become more conservative as the uncertainty level increased. When
the uncertainty level, Ω, was within the interval [2, 2.5], the degree of conservatism
approached that of the robust model with a box uncertainty set. When the uncertainty
level, Ω, was greater than the pink dotted line, the model was no longer meaningful. After
the above analysis, we assumed that the uncertainty level Ω = 1.5.

5.2.3. Model Solving

After determining the perturbation ratio, ε, and the uncertainty level, Ω, the robust
model with an ellipsoidal uncertainty set should be solved, and the corresponding decision
should be given. The solution steps are as follows:

(1) Calculate the matrix of the maximum variation (non-negative) of the FD-BC (ST)
indicator of the emergency transportation network G (perturbation ratio ε = 10%), as
shown in Figure 7. Then, derive the transport capacity of the transportation network
G considering the correlation of transport capacity under the influence of emergency.

(2) Update the transport cost of emergency materials in the emergency state. Furthermore,
determine the optimal values of each objective function of the robust model without
considering the constraints from other objective functions.

(3) Use the epsilon constraint method to transform the original objective function (1)
into a new constraint, thereby ensuring the maintenance of a minimum transport
capacity between the demand points and their corresponding emergency points in the
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emergency transportation network G. At the same time, it will also affect the optimal
value of function (2) and function (3), as shown in Figure 8.

(4) By adjusting the combination of weights ω2 and ω3 of the objective functions (2) and (3),
generating multiple scenarios to reflect different decision-makers’ preferences, the
ideal point-based target perturbation minimization method is applied for multi-
objective processing in each scenario.

(5) Apply two algorithms, multi-SEGA and SGA, to solve the robust model. Repeat this
process 20 times to record the results and select the results with the best effect for
comparison. The iterative process and calculation results are shown in Figure 9 and
Table 5, respectively.
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In Figure 7, each value in the matrix represents the maximum variation (non-negative)
of the FD-BC (ST) indicator of each corresponding road section along the x-axis when the
perturbation ratio, ε, of the corresponding road section along the y-axis was 10%; the larger
the value, the greater the transport capacity effect coefficient (TC-EC) of the road section
along the y-axis.

From Figure 8a, we observed that the risk cost ( f2) of all three types of models increased
as the lower limit of transport capacity increased. This is because some sections with
smaller transport capacities were discarded, which intensified the tendency for the transport
volume between different emergency points and demand points to overlap in some sections.
From Figure 8b, we observed that the economic cost ( f3) increased with the rise in the lower
limit of transport capacity. The reason for this is that some transport routes with shorter
transport distances were discarded, as they did not meet the requirements of transport
capacity, which also affected the selection of the emergency material reserve types, thus
increasing the economic cost.
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Figure 9 shows the iterative process of applying the multi-SEGA and the standard
genetic algorithm (SGA) to the robust model with the ellipsoidal uncertainty set under a
specific model parameter value ( f1 ≥ 4, ε2 = 0.5, and ε3 = 0.5). The yellow line tracks
the best objective value over iterations, while the blue line tracks the average. The multi-
SEGA achieved a steady state after an average of 38 generations, while the SGA required
approximately 130 generations. Moreover, the multi-SEGA has certain advantages in
efficiency and stability compared with the SGA. Due to the establishment of four parallel
subpopulations in the multi-SEGA, and each subpopulation had different crossover and
mutation ratios. Therefore, the parallel solution process can balance the search speed and
accuracy. However, the augmented initial population size of the multi-SEGA requires more
computational space.

Table 5 presents the optimal location results of the robust location model with the ellip-
soidal uncertainty set based on the specific combination of corresponding conditions. The
left-hand side of Table 5 indicates the specified range for the lower limit of transport capac-
ity ( f1). The top of Table 5 displays various weight combinations for the objective functions,
balancing risk cost ( f2) and economic cost ( f3). As a demonstration, the result correspond-
ing to f1 ≥ 3, ε2 = 0.5, and ε3 = 0.5 in Table 5 was ( h → t , h → j , c → b , c → k1 , h → k3 ),
which means that the decision-maker limited the lower limit of transport capacity, f1 ≥ 3,
and had an equal preference for f2 and f3. The optimal result obtained was as follows:
emergency point c supplying to demand point b, point h supplying to demand point j and
point t, and building a k1-type emergency material reserve at point c and a k3-type reserve
at point h.
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Table 5. Optimal location results of the robust model with the ellipsoidal uncertainty set (Ω = 1.5,
ε = 0.1).

Lower Limit of
Transport

Capacity, f1

Assignment of Weights to Objective Functions f2 and f3

ω2 = 0.9 ω3 = 0.1 ω2 = 0.7 ω3 = 0.3 ω2 = 0.5 ω3 = 0.5 ω2 = 0.3 ω3 = 0.7 ω2 = 0.1 ω3 = 0.9

f1 ≥ 0 h → t, h → b
h → j, h → k3

f → t, f → b
f → j, f → k3

f → t, f → b
f → j, f → k3

f → t, f → b
f → j, f → k3

f → t, f → b
f → j, f → k3

f1 ≥ 1
h → t, h → j
f → b, f → k1
h → k3

f → t, f → b
f → j, f → k3

f → t, f → b
f → j, f → k3

f → t, f → b
f → j, f → k3

f → t, f → b
f → j, f → k3

f1 ≥ 2
h → t, h → j
f → b, f → k1
h → k3

h → t, h → j
f → b, f → k1
h → k3

h → t, h → j
f → b, f → k1
h → k3

c → b, c → t
c → j, c → k3

c → b, c → t
c → j, c → k3

f1 ≥ 3
h → t, h → j
f → b, f → k1
h → k3

h → t, h → j
f → b, f → k1
h → k3

h → t, h → j
f → b, f → k1
h → k3

c → b, c → t
c → j, c → k3

c → b, c → t
c → j, c → k3

f1 ≥ 4 c → b, c → t
c → j, c → k3

c → b, c → t
c → j, c → k3

c → b, c → t
c → j, c → k3

c → b, c → t
c → j, c → k3

c → b, c → t
c → j, c → k3

f1 ≥ 5
s → b, c → t
c → j, c → k3
s → k1

s → b, c → t
c → j, c → k3
s → k1

s → t, c → j
s → b, s → k3

s → t, c → j
s → b, s → k3

s → t, c → j
s → b, s → k3

Due to space limitations, we only presented the calculation results of the five weight
combinations of the objective functions under the conditions of perturbation ratio ε = 0.1
and uncertainty level Ω = 1.5. Relevant departments can simulate numerous potential
scenarios ahead of time and record the simulation calculation results so that decision-
makers can quickly make decisions according to the actual situation and personal risk
preference and refer to the results in the record table.

6. Conclusions

Emergencies have significant impacts on human life and civil infrastructure. Dur-
ing emergencies, a comprehensive and robust emergency support system is the crucial
safeguard to control the deterioration of the situation and minimize casualties and eco-
nomic losses. The construction of such an emergency support system should not only
cater to the demand for emergency materials but also address the challenges posed by
the uncertainty of transportation networks. Therefore, accounting for the uncertainty in
transport capacity, we proposed a robust location model. In this model, the concepts of flow
distribution betweenness centrality (FD-BC) and the transport capacity effect coefficient
(TC-EC) were introduced, and the importance of each road section in the transportation
network was measured through FD-BC, while the correlation between transport capacities
of road sections was measured through TC-EC. Furthermore, an ellipsoidal uncertainty set
was introduced to describe the uncertainty in transportation network capacity. In addition,
a robust emergency location model based on the ellipsoidal uncertainty set was constructed.
This robust model considers multi-criteria of the lower limit of transport capacity, risk cost,
and economic cost. Finally, by designing an uncertain scenario example, the influence
of the perturbation ratio, ε, and the uncertainty level, Ω, on the objective function was
analyzed, and the parameters of the robust model with an ellipsoidal uncertainty set were
determined by comparing it with the excessively optimistic deterministic model and the
conservative robust model with a box uncertainty set.

Furthermore, there were some implications, as follow:

(1) Compared with FD-BC, the indicator FD-BC (ST) could more accurately reflect the
importance of a specific section in the emergency transportation network during the
transportation process of emergency materials, significantly reducing the complexity
of calculations and saving decision-making time.
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(2) The robust model with an ellipsoidal uncertainty set demonstrated that the assump-
tion that the transport capacity of the road network is susceptible to damage from a
sudden increase in traffic volume was closer to reality. Furthermore, the uncertainty
of all road sections can be expressed by an uncertainty level, Ω, through the robust
equivalence form.

However, due to the lack of information about the uncertain distribution of trans-
portation capacity and the mathematical characteristics of the ellipsoidal robust model,
the model constructed here tended to be overly conservative, and its practical application
effect needs to be enhanced. In the future, machine learning can be considered to address
this mathematical limitation. At the same time, this paper simulated a small transportation
network. When the model expanded to an expanded transportation network, the running
speed did not scale appropriately with the desired actual effect. Next, we will find a way
to simplify the processing of large transportation networks, optimize the speed of the
simulation, and enhance the practical applicability of the model.
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Abbreviations

V Set of transportation network nodes, indexed by nodes i, j ∈ V, and i ̸= j

A
Set of transportation network sections. If nodes i and j are adjacent, then section
(i, j) ∈ A

C Set of transport capacities of road sections
L Set of road section lengths in the transportation network
G Weighted emergency transportation network, G = (V, A, C, L)
S Set of emergency points, emergency point s ∈ S
T Set of demand points, demand point t ∈ T
K Type of emergency material reserves, available reserve type k ∈ K
l(i,j) Transport length of road section (i, j), l(i,j) ∈ L
c(i,j) Transport capacity of road section (i, j), c(i,j) ∈ C
pk Fixed construction cost of establishing type k emergency material reserve
hk Storage cost per unit volume of emergency material reserve of type k
uk Upper inventory limit of type k emergency material reserve
ds Expected emergency material reserved at the emergency point s
dt Expected emergency material demand at the demand point t
e(i,j) Initial transport cost of emergency materials of road section (i, j)
θ(i,j) Uncertain value of the transport capacity of road section (i, j), and θ(i,j) ∈ [0, 1]
σ(i,j) Traffic volume of non-emergency materials in section (i, j)

ε
Perturbation ratio, which determines the range of the uncertain set of transport
capacity, ε ∈ [0, 1]

n
Number of nodes selected from emergency point set S to establish emergency
material reserves, n ≤|S|

ω(i,j)

Penalty factor, which indicates that the volume of materials carried by road section
(i, j) exceeds its transport capacity, is a constant greater than zero; otherwise, it
is zero
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f (s, t)
Volume of emergency materials that can be transported from emergency point s to
demand point t on the transportation network

f(i,j)(s, t) Volume of emergency materials transported from emergency point s to demand
point t, carried by road section (i, j)

xst
Binary location decision variable xst ∈ {0, 1}; when xst is equal to 1, it means that
the emergency point s provides emergency supplies to demand point t

ysk
Binary location decision variable ysk ∈ {0, 1}; when ysk is equal to 1, it means that
the type k emergency material reserve is established at the emergency point s

F
Lower limit of transport capacity required between all the emergency points and
the demand points
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