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Abstract

To achieve a scientific and efficient emergency response, a dynamic route-planning strategy
for emergency vehicles based on government–enterprise collaboration was studied. Firstly,
a hybrid evaluation approach was developed, integrating the Analytic Hierarchy Process,
Entropy Weight Method, and Gray Relation Analysis-TOPSIS to quantitatively assess the
urgency of demands at disaster sites. Secondly, a government–enterprise coordinated
route-planning strategy was designed, leveraging the government’s strong mobilizing
capabilities and enterprises’ flexible operational mechanisms. Thirdly, to optimize schedul-
ing efficiency, a dynamic route-planning model was proposed, incorporating multiple
distribution conditions to minimize scheduling time, delay penalties, and unmet demand
rates. A two-stage cellular genetic algorithm was employed to address realistic constraints
such as demand splitting, soft time windows, open scheduling, and differentiated ser-
vices. Numerical simulations of potential flooding in Hunan Province revealed that the
collaborative strategy significantly improved performance: the demand satisfaction rate
rose from 70.1% (government-led) to 92.3%, while the material transportation time per
unit decreased by 23.6% (from 1.61 to 1.23 min/unit). Vehicle path characteristics varied
under different operational behaviors, aligning with theoretical expectations. Even under
sudden road disruptions, the model maintained a 98% demand satisfaction rate with only a
negligible 0.076% increase in system loss. This research fills the gaps in previous studies by
comprehensively addressing multiple factors in emergency vehicle route planning, offering
a practical and efficient solution for post-disaster emergency response.

Keywords: route planning; government-enterprise collaboration; emergency supplies;
demand urgency; cellular genetic algorithm

1. Introduction
In recent years, abnormal weather events have grown more frequent due to global

warming and rapid urbanization [1,2]. According to the Emergency Events Database
(EM-DAT), numerous cities have been hit by natural disasters [3], such as the 2021 Henan
floods in China, which resulted in 398 fatalities and CNY 379.3 billion in losses, and
the 2023 Libya floods, which claimed over 11,300 lives, disrupted urban road networks,
and delayed relief efforts. During natural disasters, emergency relief necessitates the
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rapid delivery of large quantities of survival and medical supplies to address medical
needs, epidemic control, and post-disaster reconstruction [4]. In reality, the route planning
of emergency vehicles is faced with the dual pressures of the tight material flow and
transportation flow. The primary challenge in emergency rescue is to scientifically and
rationally transport emergency supplies from facilities to disaster sites within a limited
time, space, and resources to meet public needs [5].

As emergency needs become more diverse and integrated, society and the public have
put forward higher requirements and challenges to the response capability and the planning
decisions of transportation routes. On the one hand, emergency resources (supplies,
personnel, vehicles, etc.) are limited and cannot meet all disaster sites simultaneously.
Regional disaster sites have varying needs for emergency supplies, reflecting different
levels of urgency. Emergency supply distribution that ignores this reality can easily result in
a mismatch between the supplies distributed and the needs of the disaster sites and can lead
to social problems [6,7]. Considering the time sensitivity of emergency rescue at different
disaster points, developing scientific models for the distribution of emergency supplies that
prioritize rescue based on demand urgency has become crucial. On the other hand, disaster
sites may be affected within short intervals, be geographically dispersed, and require similar
emergency supplies and rescue forces [8]. A single emergency facility often struggles to
handle these scenarios at the same time [9,10]. How to strengthen the cooperation between
government and enterprise and make full use of the advantages of multi-agent behavior in
the route planning of emergency vehicles is the core problem to be solved.

Current emergency logistics strategies suffer from three critical gaps: First, existing
studies assume fixed demand, neglecting dynamic adjustments in changing disaster scenar-
ios. Second, few route-planning studies incorporate government–enterprise coordination,
relying mostly on single-agent dispatch. Third, existing urgency ranking methods lack
objectivity [11,12]. In response to the above considerations, this paper proposes a dynamic
route-planning framework for emergency vehicles that integrates demand urgency consid-
erations and a government–enterprise collaboration strategy. Based on vehicle dispatch
status, the service situation of the disaster site, and the nearby replenishment mechanisms,
emergency vehicles are dispatched circularly between government, enterprises, and disas-
ter sites to maximize the efficiency of transportation of resources and emergency supplies.
This approach minimizes the impact of natural disasters on social production, daily life,
and the ecological environment, reducing casualties and secondary injuries caused by
delayed supplies.

1.1. Literature Review

Route planning for emergency vehicles involves determining optimal routes between
emergency facilities and disaster sites to achieve specific decision-making objectives [13].
The classification of vehicle routing problems is presented in Table 1. Given that emer-
gency supply distribution must address real-world challenges (such as vehicle capacity,
service time, service priority, etc.), a variety of distribution conditions (such as capacity
constraints, priority constraints, vehicle type constraints, time window constraints, etc.)
are typically taken into account during route planning for emergency vehicles [14,15].
Currently, constraints in emergency vehicle route planning mainly stem from two factors:
the distribution conditions and external environmental factors. In response to surging de-
mand for emergency supplies and time-sensitive requirements, the distribution conditions
include delivery count constraints, vehicle type constraints, time-window constraints, and
so on. The distribution count constraint is utilized to optimize the paths by distributing
emergency supplies in batches [16]. Vehicle types are influenced by commercial logis-
tics, with both open and closed vehicle scheduling proposed [17,18]. The time windows
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are categorized as soft and hard, penalizing, delaying, or rejecting vehicle scheduling in
service scenarios [19,20]. Given material competition and supply–demand conflicts in
the external environment, demand urgency at each disaster site becomes a key reference
for vehicle dispatch order [21]. Considering the impact of road traffic performance on
emergency rescue routes, some scholars incorporate road damage and road complexity as
road constraints [22,23], but most of these assumptions are relatively strict.

Table 1. Classification of vehicle routing problems.

Classification Criteria Types of Vehicle Routing Problems Relevant Explanation

Vehicle type
Single model Only one delivery vehicle type is considered

Multi-model Multiple delivery vehicle types are considered

Vehicle service methods
One-to-one service One vehicle serves a single customer node

One-to-many service One vehicle serves multiple customer nodes

Number of distribution centers
Single distribution center The demand for all customer nodes is met by a single

distribution center

Multi-distribution centers The demand for all customer nodes requires multiple
distribution centers

Whether material is split or not
Indivisible supply Each customer node’s supply demands can only be met by

one distribution vehicle

Detachable supplies Each customer node’s supply demands can only be met by
multiple distribution vehicle

Time window

No time window Customer nodes have no time limit for delivery services

Hard time window The customer node can only accept services within the
specified time period

Soft time window
The customer node can accept the service outside the

specified time period, but the distributor needs to bear
some cost

Demand state
Static demand issues The requirements of customer nodes are fixed

Dynamic demand issues The demand information of customer nodes will change
during the distribution process

Parking lot ownership

Enclosed parking lot Distribution vehicles follow the strict route of “distribution
center—customer node—original distribution center”

Open parking lot
The delivery vehicle starts from the distribution center,
serves a series of customer nodes, and does not need to

return the same way

Number of decision-making targets
Single-objective There is only one objective function in the

optimization model

Multi-objective There are multiple objective functions in the
optimization model

While extensive research exists on static demand VRPs, these models inherently lack
adaptability to the highly dynamic and evolving nature of post-disaster scenarios. Real-
time factors, such as fluctuating casualty reports, secondary disasters (e.g., landslides
blocking roads), and updated resource assessments at disaster sites, render static assump-
tions inadequate. Traditional models often assume a single, centralized authority (e.g., a
government depot) with closed vehicle scheduling, failing to leverage collaborative re-
source pooling between government entities (with strong mobilization power) and private
enterprises (offering flexible operations and distributed facilities). Models considering
multiple distribution centers are often limited to homogeneous fleets owned by a single
entity, overlooking the coordination complexities, differing operational protocols, and
potential conflicts of interest inherent in genuine government-enterprise collaboration
during large-scale emergencies. Furthermore, the common one-to-many service pattern is
complicated by the frequent need for demand splitting due to vehicle capacity constraints
and large-scale requirements at critical sites. While split delivery VRPs are studied, their
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integration with dynamic urgency-based prioritization and multi-facility (government
and enterprise) fulfillment within tight time frames remains a complex challenge. These
limitations collectively highlight critical gaps in current emergency VRP research.

After a disaster strikes, emergency response teams must conduct simultaneous res-
cues at multiple, dispersed disaster sites, and the urgency is conducive to improving the
efficiency and organization of emergency operations. Currently, research on the demand
urgency focuses on emergency supplies, employing methods such as probabilistic neural
networks, fuzzy comprehensive evaluation, and the CRITIC method to establish demand
classification models. Key indicators influencing the demand urgency are put forward,
including the irreplaceable supplies, demand gaps, and the harm caused by supply short-
age [24–26]. In recent years, some scholars have also considered the stage of supply and
demand and the difficulty of supply storage as vital indicators for evaluating demand
urgency. Drawing inspiration from group clustering, most researchers cluster disaster
sites and then classify them by grouping. They define priority functions and incorporate
them into objective functions or constraint conditions to construct the demand urgency
models [27,28]. However, these grading methods are limited to the scheduling and distri-
bution of single-species emergency supplies. In reality, there are differences in the types
of rescue personnel and supplies needed at each disaster site, and the demand urgency of
each category group does not accurately reflect that of individual disaster sites, which is not
conducive to the distribution of supplies based on the demand urgency of a single disaster
site. There are fewer studies directly grading the demand urgency for individual disaster
sites, and they mainly utilize the analytic hierarchy process and entropy weight methods
to assess the demand urgency for disaster sites [29]. While practical and effective, these
methods are highly subjective and prone to evaluation distortions. Therefore, developing a
more scientific and realistic method for evaluating the demand urgency of disaster sites is
of paramount importance.

In addition, international relief organizations in the new situation have increasingly
emphasized the standardization of rescue forces at different levels and promoted the con-
struction of mechanisms based on cooperation and coordination. At present, the research
on emergency coordination can be categorized into qualitative studies, reserve studies, and
portfolio optimization studies. To facilitate emergency response coordination, scholars have
carried out qualitative research on information sharing in complex environments, liaison
frameworks [30], and the models for selecting cooperating parties in disaster response
environments based on game theory [31,32]. Regarding emergency coordination reserve
research, relevant scholars have explored the profit distribution mechanisms of suppli-
ers, the feasibility of cooperation [33], and the impact of suppliers’ strength on reserve
ratios [34]. Procurement agreements with enterprises are recognized as suitable mech-
anisms for coordinating governmental and social forces [35]. Volume-flexible contracts
have been proposed to coordinate the ordering activities of humanitarian organizations
and enterprises [36–38]. To optimize allocation activities, reduce supply risks, and meet
demand, relevant scholars have proposed two-stage decision-making models for site selec-
tion and procurement [39] and procurement and allocation [40]. However, these studies
on emergency response coordination have primarily focused on pre-disaster procurement
and post-disaster configuration phases, neglecting the overall coordination of the system.
Therefore, considering the differences in labor division and coordinating actors, further
research on the coordination of the emergency decision-making process is urgently needed.

1.2. Our Work

To overcome these limitations and address the identified research gaps, this paper in-
troduces a novel dynamic route planning framework that explicitly incorporates (Figure 1):
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(1) A hybrid method (combining the Analytic Hierarchy Process, Entropy Weight Method,
and Gray Relation Analysis-TOPSIS) for objective and quantitative assessment of demand
urgency at individual disaster sites. This method balances subjective/objective weights via
a parameter θ, with θ = 0.6 minimizing the MSE in a Hunan case study. (2) A government-
enterprise collaboration strategy that leverages the strengths of both sectors across different
disaster phases, utilizing flexible enterprise logistics for trans-regional routing. (3) A dy-
namic routing model with multiple distribution conditions (including splitting, soft time
windows, open scheduling), optimized via a two-stage cellular genetic algorithm. This
model addresses the limitations of traditional algorithms in handling the dynamic evolution
of post-disaster needs and multi-agent coordination.

Figure 1. Dynamic route planning strategy of emergency vehicle.

2. Materials and Methods
2.1. The Evaluation Framework of the Demand Urgency at Disaster Sites

Assessing the demand urgency at individual disaster sites presents a complex multi-
criteria decision-making challenge involving both quantitative metrics (e.g., rainfall, af-
fected population) and qualitative/fuzzy assessments (e.g., stacking risk, disaster re-
silience), with potential interdependencies among the criteria. To tackle these challenges
comprehensively and robustly, a hybrid approach combining the Analytic Hierarchy Pro-
cess (AHP), Entropy Weight Method (EWM), and GRA-TOPSIS method is adopted. The ra-
tionale for this integration is as follows: AHP [41] is crucial for capturing expert knowledge
and structuring the relative importance of qualitative/fuzzy criteria, which are prevalent in
disaster assessments. However, relying solely on AHP’s subjective weights can introduce
bias. Therefore, EWM [42] is employed to derive objective weights based on the inherent
information entropy of quantitative data, counterbalancing potential subjectivity. The inte-
grated weight (Equation (7), which combines AHP and EWM weights through a parameter
θ, aims to achieve a balanced representation of expert judgment and data-driven objectiv-
ity [43,44]. Finally, GRA-TOPSIS is utilized for ranking. Traditional TOPSIS, which relies
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on Euclidean distance, assumes criterion independence, which is a premise that may not
hold in this context (e.g., heavy rainfall influences both the affected area and population).
GRA effectively measures the geometric similarity (relational grade) between evaluation
sequences and ideal solutions, being less sensitive to potential criterion correlations. By
substituting Euclidean distances in TOPSIS with GRA relational grades (Equations (15)
and (16)), GRA-TOPSIS leverages the strengths of both methods. Compared to simpler
combinations (e.g., AHP-TOPSIS, EWM-TOPSIS) or standalone methods, this hybrid ap-
proach systematically addresses the need for integrating subjective expertise, objective data,
balanced weighting, and correlation handling, and it is thus deemed superior for assessing
the unique urgency profile of each disaster site in this study.

2.1.1. Analytic Hierarchy Process

The AHP is a quantitative descriptive method of subjective judgment that evaluates
the importance of systematic indicators that affect the demand urgency. Considering
the situation caused by natural disasters and the results of existing research, the criteria
affecting the demand urgency are categorized into three major groups: environmental
factors, demographic factors, and facility factors. A system of indicators and a hierarchical
structure model affecting demand urgency are established (Figure 2). The judgment matrix
of the indicator system is constructed using the 1–9 scale method, and the weight vector of
each indicator is calculated under the premise of satisfying consistency.

Figure 2. System of indicators affecting the demand urgency at disaster sites.

2.1.2. Entropy Weight Method

EWM is an objective approach that assigns weights based on the variability or dis-
persion of indicators, reflecting their contribution to demand urgency, and the specific
calculation steps are as follows:

Step 1: Indicators such as rainfall, stacking risk, affected area, total population, affected
population, vulnerable population, level of damage, and disaster resilience are denoted
as C =

{
Cj, j = 1, 2, . . . , 8

}
. Data for the indicator j is xij in Equation (1), with a total of

n disaster sites and m evaluation indicators.

V =

∣∣∣∣∣∣∣∣∣∣
x11 x12 . . . x1m

x21 x22 . . . x2m
...

...
...

...
xn1 xn2 . . . xnm

∣∣∣∣∣∣∣∣∣∣
(1)

Step 2: Before establishing the model, it is necessary to positively normalize all the
indicators, and through the conversion function, unify the evaluation indicators of the
demand urgency into an extremely large one in Equation (2). After positively normalizing
the negative indicators, V will be standardized to the interval [0.002, 1]. Normalization
results in the matrix R in Equation (3). The entropy Hj of the indicator j is defined to
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indicate the disorder of the indicator system in Equations (4)–(6), where pij indicates the
contribution of the disaster site i under the indicator j.

r′ij = maxxij−xij (2)

R =

∣∣∣∣∣∣∣∣∣∣
r11 r12 . . . r1m

r21 r22 . . . r2m
...

...
...

...
rn1 rn2 . . . rnm

∣∣∣∣∣∣∣∣∣∣
(3)

Hj = −k
n

∑
i=1

pijlnpij (4)

pij =
rij

∑n
i=1 rij

(5)

k =
1

ln n
(6)

Step 3: Weights are determined by integrating AHP and EWM results (Equations (7)–(9)),
where Wj denotes the integrated weight combining AHP and EWM, Wu is the eigenvector
of the judgment matrix in AHP. Kj is the weight of the evaluation indicator in EWM. gj

signifies the redundancy of information entropy.

Wj = θWu + (1 − θ)Kj (7)

Kj =
gj

∑m
j=1 gj

(8)

gj = 1 − Hj (9)

The weight coefficient θ in Equation (7) balances subjective expertise (AHP) and
objective data (EWM) in multi-criteria decision-making. According to the Dempster-Shafer
theory, θ quantifies the belief function of expert knowledge in uncertain environments.
In emergency logistics, where disaster severity involves fuzzy judgments (e.g., stacking
risk, disaster resilience), θ balances the need for expert-driven prioritization with data-
driven objectivity, aligning with evidence combination principles in decision theory, where
conflicting information sources are integrated via weighted aggregation.

2.1.3. GRA-TOPSIS Method

The gray relation analysis (GRA) is a quantitative analysis model to determine the
impact of each indicator on the target series by comparing the similarity of each series to
the changes in the target series data. The TOPSIS method is a multi-objective decision-
making method that utilizes raw data information to reflect the gaps between evaluation
options, using the distance from the indicator set to the ideal optimal option as the basis
for evaluation [45]. The GRA-TOPSIS method integrates these approaches to assess the
relevance of indicator sets to the optimal solution and determine the demand urgency score
and ranking. The specific calculation steps are as follows:
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Step 1: Construct the weighted canonical matrix Z by Equation (10), and compute the
negative and positive ideal solutions of the matrix by Equations (11) and (12).

Z =

∣∣∣∣∣∣∣∣∣∣
r11 r12 . . . r1m

r21 r22 . . . r2m
...

...
...

...
rn1 rn2 . . . rnm

∣∣∣∣∣∣∣∣∣∣

∣∣∣∣∣∣∣∣∣∣
WJ1 0 . . . 0

0 WJ2 . . . 0
...

...
...

...
0 0 . . . WJn

∣∣∣∣∣∣∣∣∣∣
=

∣∣∣∣∣∣∣∣∣∣
z11 z12 . . . z1m

z21 z22 . . . z2m
...

...
...

...
zn1 zn2 . . . znm

∣∣∣∣∣∣∣∣∣∣
(10)

Z− =

{
min

j
zi1, · · ·min

j
zim

}
=
{

Z−
1 , · · · Z−

m
}
(i = 1, 2 · · · n) (11)

Z+ =

{
max

j
zi1, · · ·max

j
zim

}
=
{

Z+
1 , · · · Z+

m
}
(i = 1, 2 · · · n) (12)

Step 2: Calculate the gray relational degree of the indicator set relative to the negative
and positive ideal solutions for each disaster site by Equations (13) and (14), where ρ is the
discrimination coefficient, ρ ∈ [0, 1]. θ− and θ+ are the correlation matrices between the
indicator sets and the ideal solutions, respectively. d−i and d+i are the correlations between
the indicator sets and the ideal solutions, respectively, in Equations (15) and (16).

θ−ij =

min
i

min
j

∣∣∣Z−
j − zij

∣∣∣+ ρ max
i

max
j

∣∣∣Z−
j − zij

∣∣∣∣∣∣Z−
j − zij

∣∣∣+ ρ max
i

max
j

∣∣∣Z−
j − zij

∣∣∣ (13)

θ+ij =

min
i

min
j

∣∣∣Z+
j − zij

∣∣∣+ ρ max
i

max
j

∣∣∣Z+
j − zij

∣∣∣∣∣∣Z+
j − zij

∣∣∣+ ρ max
i

max
j

∣∣∣Z+
j − zij

∣∣∣ (14)

d−i =
1
n

n

∑
j=1

θ−ij (15)

d+i =
1
n

n

∑
j=1

θ+ij (16)

Step 3: Compute the gray relational closeness between the ideal solution and the
indicator set by Equation (17), where Si is the evaluation score of the demand urgency at
the disaster site. Following normalization, when d+i is smaller and Si is larger, the gap
between the sample and the optimal solution is smaller, and the demand urgency is lower.

Si =
d−i

d+i + d−i
, 1 ≤ i ≤ n (17)

2.2. Government-Enterprise Collaboration Strategy in the Post-Disaster

Emergency supplies distribution operations in the post-disaster are faced with a
limited number of supplies and competition for supplies in the disaster area, so how
to provide sufficient quantities of emergency supplies at the time and place needed has
become a key issue. These supplies are sourced from government reserves, social donations,
market procurement, and other ways. Given the varying emergency demand and supply
characteristics at different disaster stages, it is essential to establish a synergistic strategy
between government and enterprises through volume-flexible contracts to mitigate supply
disruption risks [46,47]. Disaster emergency response can be categorized into three phases
based on disaster progression, which are the structural damage, the reconstruction phase,
and the functional damage [48]. Emergency allocation operates in either a “push mode”
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or a “pull mode”, depending on the supply source and deployment process. Considering
the transportation network involving multiple emergency facilities and disaster sites, a
government-enterprise collaboration strategy is designed, aligning with natural disaster
evolution patterns and supply-demand dynamics (Figure 3). In the post-disaster phase of
structural damage, the government leads route planning of emergency vehicles. During
the functional disruption phase, the work is coordinated between the government and
enterprises. During the reconstruction phase, enterprises are responsible for regularizing
supply at the affected sites, improving system resilience and achieving demand orientation.

 

Figure 3. The scheduling process of emergency supplies at each stage.

2.3. Dynamic Route Planning Model of Emergency Vehicles

Route planning of emergency vehicles under the background of natural disasters is
faced with realistic emergency requirements such as demand splitting, soft time windows,
and open scheduling. Vehicles are subject to maximum load and continuous driving
time constraints. Disaster sites may require multiple distribution services over time. A
dynamic route planning model of emergency vehicles was established considering dispatch
time, delay losses, and unmet demand rates. The model defines objective functions and
distribution conditions to ensure effective emergency scheduling amid intense material
and transportation flows.

2.3.1. Demand Splitting Strategy

Based on the loading limit of emergency vehicles and the reality of demand at
the disaster site, the demand splitting strategy for the disaster site was formulated in
Equation (18), where N is the number of times the demand is split, di is the demand
for supplies at the disaster site, Qm is the rated load of the vehicle m. When di ≤ Qm,
no demand splitting is required: d′i = di. When di > Qm, the initial demand is split
d′i : Qm1, Qm2, · · · , Qmn, (di/Qm), n ∈ (N − 1).

N =

0, di ≤ Qm[
di

Qm

]
, di > Qm

(18)
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2.3.2. Presumptions

The modeling is based on the following assumptions:

1. The rated capacity of the emergency vehicles is known, and the demand at each
affected site can be split to accommodate multiple delivery services.

2. Based on unilateral soft time windows, delivery services that exceed the time windows
are penalized. Emergency vehicle paths are planned within decision cycles, and
services are executed at affected sites.

3. The maximum continuous travel time for emergency vehicles is predetermined, and
the planned travel time for any single path does not exceed the upper limit of vehicle
travel time.

4. Emergency vehicles undertake multiple distribution routes. After completing a task, they
stop at the last disaster point, awaiting nearby replenishment and secondary dispatch.

2.3.3. Sets, Parameters and Variables

This section outlines the sets, parameters, and variables used in the dynamic route
planning model for emergency vehicles (Table 2).

Table 2. Sets, parameters, and variables.

Type Term Definition

Sets

J j ∈ J, set of emergency facilities, including government reserves and enterprise production points
I i ∈ I, set of disaster sites
V v ∈ V, set of nodes, including emergency facilities and disaster sites
M m ∈ M, set of vehicles
Cm cm ∈ Cm, set of path tasks for vehicles
T t ∈ T, route planning phase in the post-disaster

Parameters

Qm The rated loading capacity of vehicles m
dt

i Demand for emergency supplies at disaster sites i in phase t
dt,cm

i The volume of supplies transported by path cm from the disaster site i in phase t
Tm The maximum continuous travel time of a vehicle m in a single path
Si Time of stay in service at the disaster site i

[0, li] Soft time windows at disaster sites i
ti,cm Moment of arrival at the disaster sites i via path cm
Pu,v Passage time between nodes u and v

Variables
xu,v,t

cm 1, if the path cm is from node u to node v at the stage t; otherwise, 0
yi,t

cm
1, if the path cm serves disaster sites i; otherwise, 0

2.3.4. Objectives

Emergency vehicle route planning is influenced by a variety of factors, and inadequate
consideration of distribution conditions can hinder scheduling and compromise logistics
timeliness. Therefore, the primary objective of route planning is to consider the optimization
of the distribution conditions to provide supply distribution services, reduce dispatch time,
and minimize delays as much as possible. Among them, the delay losses arise from
incomplete distribution services within the time series or from exceeding the optimal
service time at disaster sites. These losses are directly related to the quantity and timing of
emergency supplies arriving at disaster sites, as well as the soft time windows.

The first objective function minimizes the total service time of the emergency vehicle
in Equation (19). As illustrated in Figure 4, the composition of delay losses is presented.
The second objective function works to minimize delay losses from distribution services in
Equation (20), where maxti,cm−li,0 denotes the time when the vehicle arrives at disaster
point i exceed the upper limit of the soft time window. When it occurs, a delay penalty
is generated; otherwise, it is 0. ti,cm−ti,cm−1 calculates the time interval of the same
disaster point i in adjacent distribution paths c and C-1 to reflect the fluctuation of rescue
timeliness. The delay penalty considers either the time window delay or the distribution
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interval, whichever is smaller, to avoid excessive punishment. The third objective function
seeks to minimize the unmet demand rate in Equation (21).

Figure 4. Composition of delay losses.

To optimize the model, the following three objective functions were defined in Equa-
tions (19)–(21).

f1 = min∑
Cm

[
∑
V

Pu,vxu,v,t
cm + ∑

I
Siyi,t

cm

]
(19)

f2 = min∑
I

∑
Cm

min

{
max{ti,cm − li, 0},
(ti,cm − ti,cm−1)

}
×
(

dt
i − ∑

Cm

yi,t
cm dt,cm

i

)
(20)

f3 = min∑
I

∑
Cm

dt
i − dt,cm

i
dt

i
(21)

2.3.5. Constraints

Based on the objective function established above, the following constraints are defined.

∑
I

dt,cm
i,h yi,t

cm ≤ Qm, ∀cm ∈ Cm (22)

∑
V

Pu,vxu,v,t
cm ≤ Tm, ∀cm ∈ Cm (23)

xu,v,t
cm − xv,w,t

cm =


1
0
−1

, ∀cm ∈ Cm (24)

∑
V

∑
M

∑
Cm

xu,i,t
cm ≥ 1, ∀i ∈ I (25)

∑
M

∑
Cm

yi,t
cm ≥ 1, ∀i ∈ I (26)
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xu,i,t
cm ≥ yi,t

cm , ∀i ∈ I, ∀cm ∈ Cm (27)

tv,cm = (tu,cm + Su + Pu,v)xu,v,t
cm , ∀u, v ∈ V (28)

xu,v,t
cm , yi,t

cm ∈ {0, 1} (29)

Constraint 1 derives from the vehicle capacity limit (Assumption 1 & Demand Split-
ting). Constraint 1 indicates that the sum of distributed supplies on the path cm of the
emergency vehicle m does not exceed its load capacity Qm in Equation (22). Constraint
2 derives from maximum continuous travel time (Assumption 3). Constraint 2 means that
the passage time of an emergency vehicle m on the path cm does not exceed its maximum
continuous travel time Tm in Equation (23). Constraint 3 originates from flow conservation,
which ensures that the emergency vehicle m departs from the emergency facility and even-
tually stops at the end-of-path node in Equation (24). Constraint 4 denotes at least one path
to the disaster site in Equation (25). Constraint 5 indicates that each disaster site is served at
least once in Equation (26). Constraint 6 represents that only the disaster site served by the
path cm passes through the arc in which it is located in Equation (27). Constraint 7 derives
from travel and service time calculation (from Problem Description & Time Definition).
Constraint 7 represents the relationship between vehicle arrival times at different disaster
sites in Equation (28), and the time when vehicles m start from the depot is 0. Constraint
8 states that the independent variables xu,v,t

Cm
and yi,t

Cm
are decision variables in Equation (29).

Table 3 presents specific cases for Equations (18) and (22)–(28).

Table 3. Case illustration.

Equation Examples

(18) Site I: di = 65, Qm = 20→N = [65/20]→Split: [20, 20, 20, 5] units

(22) Violated path: Vehicle 1 initial route [17, 20, 19, 18, 8, 7, 9]→Load = 122 > 20 units
Compliant path: Adjusted route [17, 20, 19, 18]→Segmented delivery

(23)
Executed in Section 3.2: Vehicle 3 path

[G3→H→6→A→7→G→G1→F, H]
∑
V

Pu,v = 210 < Tm = 480 min

(24)
Start at enterprise 5: Outflow x5,B→Net flow = 1

Intermediate node B: Inflow = 1, Outflow = 1→Net flow = 0
End at F: Inflow xG1,F = 1→Net flow = −1

(25)
Executed in Section 3.2: Vehicle 3 path

[G3→H→6→A→7→G→G1→F, H]
The disaster site H, A, G, F

(26) Each disaster area has received services.

(27) Executed in Section 3.2: Vehicle 3 path
xG1,H = 1, yH = 1→xG1,H = yH

(28)
Calculated for Site A:

Path 1: tA = 0 + 0 + PG1,A = 125 min
Path 2: tB = tA + SA + PA,B = 125 + 15 + 20 = 160 min

2.4. Solution Method

The emergency vehicle route planning model encompasses multiple distribution condi-
tions. To address the uncertainty in dynamic vehicle paths and leverage local optimization
strategies, a two-stage route planning algorithm has been devised, which possesses both the
fast optimization-seeking capability of cellular genetic algorithms and the ability to handle
multiple distribution conditions. The cellular structure, characterized by localized interac-
tions within defined neighborhoods (e.g., Von Neumann or Moore neighborhoods), was
selected to enhance population diversity and achieve a balanced exploration-exploitation
trade-off. This is particularly vital for our problem, given its extensive search space, nu-
merous constraints (including demand splitting, time windows, and open routes), and
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dynamic nature, which can lead to premature convergence in standard GAs or other
population-based algorithms like PSO. The two-stage design aligns with the problem’s
inherent structure: Stage 1 focuses on static initialization, involving demand splitting and
urgency-based prioritization, while Stage 2 manages dynamic routing adjustments, vehi-
cle redeployment based on real-time status, and the “nearby replenishment” mechanism.
This separation enables tailored optimization strategies for each phase, which a unified
algorithm might struggle to achieve.

(1) The Route Planning Algorithm in the First Stage

Step 1: Table 4 presents the pseudo-code for the first stage. Distribution services
are divided based on the quantitative relationship between emergency vehicle loads and
disaster site demand. Considering demand urgency, chromosomes are constructed using
natural number coding, generating an initial chromosome population initchrom (pop × N).

Step 2: Chromosome fitness is calculated based on the model’s objective function,
and individuals with high fitness are selected through random traversal. The population
undergoes genetic operations (OX crossover, mutation, neighborhood search, and recom-
bination), and individuals that do not satisfy the model constraints are filtered out. The
service sequence at disaster sites is segmented into chains using the insertion method.

Step 3: Iterations are repeated until a predetermined maximum number of iterations
is reached or an optimal solution is found. The PF’s chromosome is decoded and used as
input for the next stage, i.e., the first round of paths for emergency vehicles.

Table 4. Algorithm in the first stage.

The Route Planning Algorithm in the First Stage

Input:
Psize: population size;
Niter: number of algorithm runs;
cuslist: affected point;
dmd: demand for emergency supplies;
capacity: vehicle capacity;
Ucus: demand urgency of disaster point;
depotNum: number of emergency facilities;
runT: the longest continuous driving time;
Tw: time;
tw: soft time window;
s: service time;
distri: transit time;
vehicleNum: number of emergency vehicles;
Split the disaster point:
For i = 1 : size(cuslist, 2)
dmd′ = dmd%capacity;
Disaster point information update, parameter information cuslist

′, dmd′, Ucus
′, tw′, cuslist

′, s′; distri
′;

End for
Coding and population initialization:
For psize = 1 : Psize
According to the natural number coding, Psize chromosome are generated to complete the population
initialization.: Chrom;
End for
Genetic manipulation:
While gen ≤ Niter
For psize = 1 : Psize
Calculate yf

(
psize

)
, perform genetic operations;

End for
Divide the path:
Choose the best chromosome, bestchrom;
Lin = find(bestchrom > length(cuslist

′));
For k = 1 : size(Lin, 2)
bestVR = bestchrom(1 : Lin(1));
bestVR = bestchrom(Lin(k − 1) : Lin(k));
bestVR = bestchrom(Lin(k) : Lin(end));
End for
End while
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(2) The Route Planning Algorithm in the Second Stage

Step 1: Table 5 outlines the pseudo-code for the second stage. Emergency vehicles are
assigned to carry out supply distribution services based on the first round of routes. The
service status of disaster sites, vehicle mission status, and model target values are updated
accordingly, and the set of unserved disaster sites and remaining decision time are also
refreshed. Vehicles wait at the last point of their service sequence for nearby replenishment
and secondary dispatch.

Step 2: Following the principle of “first empty, first dispatched”, vehicles that have
completed their tasks are reintroduced into service. Considering dynamic uncertainty
information, the next assigned emergency vehicle, the emergency facility for replenishment,
and the decision time starting point are determined based on the emergency facility layout
and demand urgency. Unserved disaster sites are represented as gene expressions on
chromosomes. The dispatch paths of emergency vehicles were optimized through genetic
manipulation, constraint judgment, and objective function calculations. The disaster site
receives multiple distribution services over time series.

Step 3: The service status of split disaster sites and vehicle mission status are updated
until the emergency requirements of disaster sites are fully met, or a path that satisfies
the constraints cannot be generated. The resulting routing scheme for emergency vehicles
and the service scheme for disaster sites consider both overall efficiency and key rescue
needs. At the same time, it analyzes whether current transportation resources can complete
emergency distribution tasks in the disaster area and determines if additional transportation
capacity is required.

Table 5. Algorithm in the second stage.

The Route Planning Algorithm in the Second Stage

information processing:
The initial path of the first stage is constrained by the distribution conditions, and the first round scheduling
path of the emergency vehicle is obtained;
For i = 1 : size(cuslist, 2)
Record the service situation of the affected points and the split affected points [affected points, split the
affected points, split the demand, split the affected points with the service, split the affected points without the
service, did not meet the demand];
disasterinfor =

[
cuslist, cuslist

′, dmd′, servecus, unservecus, unmet
]
;

End for
For v = 1 : size(vehicleNum, 2)
Record vehicle scheduling task information [vehicle serial number, stop node, end time];
finishV = [vehicleNum, parki, finishT];
End for
While ~isempty(unservecus)
Based on information update, the subsequent scheduling path is planned for the vehicle finishT(1, 1) that
ends the scheduling task earliest;
Proximity replenishment mechanism return = min

(
distri

′(1 : depotNum, finishT(1, 3) + depotNum)
)
;

Choose the emergency facility to go to the replenishment depots;
The unserviced affected points plan the path one by one, and the emergency vehicles are put into circulation;
Genetic manipulation:
While length(route) ≤ length(unservecus)
Based on the demand urgency of the affected point, the chromosome of the path is constructed;
End while
For psize = 1 : Psize
Calculate yf

(
psize

)
, perform genetic operations;;

End for
Choose the best chromosome, bestchrom;
information updating:
Update the service situation of the disaster point, vehicle scheduling task information and possible dynamic
information;
End while
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2.5. Study Area and Data
2.5.1. Study Area

Hunan Province is one of the regions in China most severely impacted by natural dis-
asters, with a wide range of disaster types and a challenging task in disaster prevention and
control. Based on historical disaster frequency (priority is given to counties with ≥3 flood
disasters in the past 10 years), geographical diversity (covering mountains, hills, and plains),
and socio-economic characteristics (including different population densities), nine poten-
tial disaster-affected points were selected for dynamic emergency vehicle route planning
research, which ensures representation of diverse terrains and urban-rural differences. The
distribution of the affected area is illustrated in Figure 5, and the study area was discretized
into a two-dimensional grid of 97 × 84, with each grid cell measuring 8 km per side.

Figure 5. Disaster area map.

To comprehensively evaluate the efficiency gains from government-enterprise collabo-
ration, 30 independent simulation runs were conducted for government-led, government-
enterprise coordinated, and enterprise-led route planning scenarios under identical disaster
conditions. Key metrics recorded for each run included total supplies delivered, unit
transportation time, demand satisfaction rate, and so on.
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2.5.2. Data

Building on previous group research, a multi-objective emergency facility siting strat-
egy and an emergency supply strategy were devised within the context of government-
enterprise collaboration. Referring to [49], the layout of emergency facilities includes three
government reserves and seven enterprise production sites (Figure 6), with their centers
located at coordinates (62, 59), (23, 43), (59, 13), (81, 74), (57, 51), (46, 77), (19, 69), (18, 35),
(51, 13), and (76, 25) respectively. Emergency supply requirements for each disaster site
across three phases are detailed in Table 6.

Figure 6. The layout of the emergency facilities.

Table 6. Emergency supplies requirements by phase.

Disaster Site
Emergency Supplies Requirements/Unit

Stage 1 Stage 2 Stage 3

A 26 60 40
B 17 40 27
C 23 54 36
D 11 26 17
E 48 114 76
F 35 83 55
G 57 133 88
H 32 75 49
I 65 152 101
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According to the research on the evaluation of demand urgency in Section 2.1, AHP,
EWM, and GRA-TOPSIS methods are used to quantitatively rank the demand urgency of
the disaster sites. Indicator data for potential flooding in Hunan Province is presented in
Table 7. Rainfall data were sourced from the Hunan Provincial Emergency Management
Department’s special column for June 2022, while affected area and total population data
were obtained from the official government website. The affected population, vulnerable
population, and damage degree are found in the public information of historical flood
disasters. Disaster resistance was assessed based on the establishment of flood control and
drought relief headquarters, convenient transportation conditions (e.g., Hengyang County
and Xiangxiang City’s locations on Hunan’s main roads), and differentiated support policies
in ethnic areas. Stacking risk and disaster resilience were considered fuzzy indicators,
with a grading basis designed as follows: Level I for weak, Level II for moderate, and
Level III for robust. According to the “Hunan Province’s 14th Five-Year Plan for the
Prevention and Control of Geological Disasters (2021–2025)”, Rucheng and Xiangxiang
were identified as high-probability flash flood areas, assigning them a level I stacking
risk. Shuangpai is located in an area where flash flooding is likely to occur, so its stacking
risk is defined as Level II. The stacking risk of the remaining affected areas is defined as
level III. Hengyang and Xiangxiang, located on Hunan’s main transportation routes, were
assigned Level III disaster resilience. Relevant government documents in Hunan Province
proposed differentiated support for ethnic minorities, thus defining the disaster resilience
of Tongdao and Jianghua as level II. The disaster resilience of the remaining affected areas
is defined as level III.

Table 7. Indicator data.

Disaster Site
Environmental Factors Facility Factors Demographic Factors

B1,1
/mm B1,2 B1,3/km2 B2,1

/Ten Thousand B2,2 B3,1
/Ten Thousand

B3,2
/Ten Thousand

B3,3
/Ten Thousand

A 617.9 I 2401 2.03 × 104 I 360.0 4.7 12,198
B 566.4 III 2239 8308 II 239.8 1.6 2015
C 450.0 III 1565 4800 I 320.0 9.1 3218
D 438.5 III 402 7.35 × 104 I 155.0 23 30,000
E 432.9 III 1781 8.49 × 104 I 68.56 22 40,381
F 416.6 II 1751 4175 I 49.67 2.1 5132
G 411.5 III 2568 4043 III 79.81 2.5 750
H 367.3 III 3248 3.27 × 104 II 44.82 10 7000
I 343.3 I 1966 1665 III 90.96 1.9 532

Using AHP from Section 2.1.1, indicator weights were calculated as: Wu = (0.285, 0.210,
0.021, 0.037, 0.191, 0.118, 0.060, 0.077), passing the consistency test (CR = 0.0943 < 0.10).
Rainfall, stacking risk, affected population, and vulnerable population were found to be
more important in demanding urgency. Based on EWM from Section 2.1.2, the system
entropy was calculated as Hj = (0.918, 0.878, 0.907, 0.947, 0.893, 0.925, 0.910, 0.616), with
disaster resilience showing the smallest entropy value, indicating greater indicator dis-
creteness. Combined AHP and EWM weights were Wj = (0.224, 0.184, 0.042, 0.042, 0.166,
0.105, 0.069, 0.168), highlighting rainfall, stacking risk, disaster resilience, and affected
populations as key influencers of demand urgency. In order to verify the sensitivity of
the model, the parameter θ (0.4–0.8) was adjusted. The results showed that the maximum
influencing factor of demand urgency has not changed, indicating that the model is not
sensitive to parameter changes. The setting of θ = 0.6 is based on the pre-experiment. When
θ < 0.5, objective weight dominance led to resilience index underestimation (low entropy
value). When θ is 0.7, the subjective weight is too high, which may introduce expert bias.
θ = 0.6 minimizes the mean square error (MSE = 0.021) in the Hunan case. As shown in
Table 8, it presents the comparison of weighting methods for urgency assessment. The hy-
brid weighting method can effectively balance subjectivity and objectivity. In the presence
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of noise in the data, the hybrid weighting method exhibits the best stability (coefficient of
variation of 0.09) and is suitable for dynamic disaster scenarios.

Table 8. Comparison of weighting methods for urgency assessment.

Method Weight Stability Computation Time Annotation

AHP-only 0.32 ± 0.05 18.2 s Only subjective weights, relying on expert judgment.
EWM-only 0.11 ± 0.02 5.1 s Only objective weights, relying on data entropy values.

CRITIC 0.15 ± 0.03 23.7 s Only subjective weights
Proposed hybrid (θ = 0.6) 0.09 ± 0.01 26.5 s Balancing subjectivity and objectivity

Based on the GRA-TOPSIS method from Section 2.1.3, gray relations of the indicator
set to negative and positive ideal solutions were obtained as d−i = (0.1053, 0.1119, 0.1158,
0.1186, 0.1200, 0.1176, 0.1199, 0.1231, 0.1212) and d+i = (0.1146, 0.1067, 0.1074, 0.1078, 0.1063,
0.1069, 0.1001, 0.1020, 0.1039). The indicators of Hengyang, Jianghua, and Xiangxiang were
far from the negative ideal solution and close to the positive ideal solution in the meantime,
so they belong to the disaster sites with better disaster resilience. The demand urgency of
scores for each disaster site was Si = (0.1015, 0.1085, 0.1100, 0.1110, 0.1124, 0.1111, 0.1155,
0.1159, 0.1141). The order of demand urgency from high to low is Rucheng, Tongdao,
Luxi, Daweishan, Shuangpai, Taojiang, Xiangxiang, Hengyang, and Jianghua. Considering
demand urgency, soft time windows at disaster sites were set to 360 min, 372 min, 388 min,
482 min, 448 min, 432 min, 504 min, 530 min, and 494 min, respectively. Vehicle travel
times were determined based on GPS positioning information. The initial response decision
for most natural disasters requires completing the first round of resource deployment
within 12 h [44]. The decision cycle is set to 720 min. According to the “Regulations for
the Implementation of the Road Traffic Safety Law of the People’s Republic of China”,
the driver’s continuous driving time shall not exceed four hours. Setting the vehicle’s
maximum continuous travel time to 480 min (total round-trip time). The vehicle loading
capacity was set at 20 units.

3. Results
Taking potential flooding in Hunan Province as background, the scientific validity and

effectiveness of the model and algorithm are verified through a series of numerical studies.
The studies delved into the realization of constrained distribution conditions, vehicle
scheduling characteristics influenced by subject behavior, and the dynamic robustness of
route planning.

3.1. Government-Led Route Planning of Emergency Vehicles

During the first stage (structural damage stage), the government takes charge of
distributing emergency supplies, establishing three government reserves (G1, G2, and
G3), each equipped with two emergency vehicles. Using Matlab R2021a, the model and
algorithm were executed with a population size of 100, a maximum of 150 iterations,
a crossover probability of 0.9, a mutation probability of 0.05, and a parent population
retention rate of 0.9.

First, the demand of the disaster site is split, expressed in the form of [disaster site,
split disaster site]. Its correspondence is obtained as {[1, 1, 2]; [2, 3]; [3, 4, 5]; [4, 6]; [5, 7, 8, 9];
[6, 10, 11]; [7, 12, 13, 14]; [8, 15, 16]; [9, 17, 18, 19, 20]}. The expression of the scheduling
path is in the form of {vehicle 1 [order of transportation]; vehicle 2 []; . . . Vehicle m []},
and the initial scheduling path obtained after running the first stage of the cellular genetic
algorithm is {1 [17, 20, 19, 18, 8, 7, 9]; 2 [13, 12, 14, 2, 1, 6]; 3 [5, 4]; 4 [3]; 5 [15, 16]; 6 [11, 10]}.
As iterations progressed, the objective function values of the individuals in the population
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decreased in a stepwise manner to low values (Figure 7), without taking into account the
limitations of the distribution capacity.

 
Figure 7. First iteration of the algorithm.

Vehicle task states were expressed as [vehicle number, end task time, stopping
disaster site]. After the first stage of the cellular genetic algorithm, the vehicle task
states were updated to {[2, 91, 13]; [1, 97, 17]; [5, 145, 15]; [4, 150, 3]; [6, 171, 11];
[3, 174, 5]}. Vehicle 2, which completed its first dispatch assignment earliest, was se-
lected for reuse. The distribution paths for the remaining unserved disaster sites were
then planned sequentially. Based on the disaster site correspondence, services were
determined as shown in Table 9. The distribution services beyond soft time windows
incurred penalties. In the stage of structural damage. The list of tasks for vehicles
1 to 6 is as follows: {[Reserve→17→Reserve→8]; [Reserve→13→Reserve]; [Reserve→5];
[Reserve→3→Reserve→4]; [Reserve→15→Reserve→1]; [Reserve→11→Reserve→10]}.
Split disaster sites 2, 6, 9, 12, 14, 16, and 18 remained unserved due to an exceeded decision
cycle, resulting in a system demand satisfaction rate of 70.1%. This 70.1% satisfaction rate
primarily stems from inherent transport capacity limitations under the government-only
response model. A total of 94 units (29.9%) of emergency supplies remained unmet within
the 720 min decision cycle. This shortage disproportionately affected sites with the highest
absolute demand and unfavorable locations relative to government reserves. For example,
Site I (with the highest demand) required 65 units but received only 21 units (32.3% sat-
isfied). Its large demand necessitated multiple split deliveries (4 split points), increasing
scheduling complexity and vulnerability to time and capacity constraints.

Vehicles 2, 1, 5, 4, and 6 were successively dispatched within loading capacity, decision
cycle, and continuous travel time constraints. The objective function comprised scheduling
costs as well as delay losses. The government reserve played a guaranteed role, but further
optimization was hindered by transportation capacity limitations. Therefore, the trans-
portation resources needed in disaster scenarios should be reinvested. When the number of
emergency vehicles was increased to 10, all disaster site requirements were met. The convoy
task concluded at 504 min when vehicle 5 served disaster site I. The vehicle path trajectory
is depicted in Figure 8. Government reserves, located on Hunan’s main transportation
network lines, facilitated open vehicle paths for supplies. The disaster site receives multiple
services from multiple reserves as well as multiple vehicles. Disaster sites G and I were
serviced by three vehicles from two reserve depots, showcasing system coordination.
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Table 9. Government-led services at disaster sites.

Disaster Site Volume of Demand Split Disaster Sites Split Demand Starting Time of Service/min Satisfaction Rate/%

A 26 1, 2 [20, 6] 329/Not served 20/26 = 76.9%
B 17 3 [17] 150 17/17 = 100%
C 23 4, 5 [20, 3] 328/174 23/23 = 100%
D 11 6 [11] Not served 0/11 = 0%
E 48 7, 8, 9 [20, 20, 8] 247/257/Not served 28/48 = 58.3%
F 35 10, 11 [20, 15] 353/171 35/35 = 100%
G 57 12, 13, 14 [20, 20, 17] Not served/91/Not served 20/57 = 35.1%
H 32 15, 16 [20, 12] 145/Not served 20/32 = 62.5%
I 65 17, 18, 19, 20 [20, 20, 20, 5] 97/Not served/21/16 21/65 = 32.3%

- System: 220/314 = 70.1%

Figure 8. Vehicle path trajectory in the first stage.

3.2. Government-Enterprise Coordinated Route Planning of Emergency Vehicles

During the second stage (functional damage stage), emergency supplies are dispatched
by the government reserves and enterprises, setting up three government reserves and
seven enterprises to participate. Using the same model parameters as before, each emer-
gency facility initially deploys one emergency vehicle. Considering loading constraints,
the disaster site requirements are divided into 40 segments. After the first stage of the
cellular genetic algorithm, the first round of scheduling paths is established as follows:
{1 [33, 34, 35, 36, 37, 38, 39, 40]; 2 [5, 8]; 3 [29, 30, 31, 32]; 4 [9, 10]; 5 [22, 23, 24, 25, 26, 27, 28];
6 [11, 12, 13, 14, 15, 16]; 7 [6, 7]; 8 [4]; 9 [17, 18, 19, 20, 21]; 10 [1, 2, 3]}. With consistent capac-
ity and dispatch time, the government-enterprise coordinated route planning facilitates the
deployment of 360 units of emergency supplies. Statistical results from 30 runs underscore
significant efficiency improvements through collaboration (Table 10).



Appl. Sci. 2025, 15, 11496 21 of 29

Table 10. Statistical results from 30 runs.

Metric Government-Only
(Avg ± SD)

Collaboration
(Avg ± SD)

Improvement
(95% CI) p-Value

Total Supplies 220.3 ± 4.8 360.2 ± 3.1 +63.5%
(61.2%, 65.8%) <0.001 *

Unit Time 1.61 ± 0.05 1.23 ± 0.03 −23.6%
(−25.1%, −22.1%) <0.001 *

Satisfaction Rate 70.1 ± 1.5 92.3 ± 0.9 +22.2%
(21.0%, 23.4%) <0.001 *

Note: * indicates a 95% confidence level of significance.

Following Vehicle 3’s service to disaster site H, the complete distribution service
concludes at 908 min. The vehicle task statuses are listed as: {[6, 562, 38]; [4, 562, 36];
[9, 573, 30]; [8, 656, 20]; [5, 657, 28]; [10, 662, 19]; [7, 670, 37]; [2, 707, 16]; [1, 852, 10];
[3, 908, 32]}. The overall efficiency of the dispatching system is improved through the
cyclic dispatch of vehicles. The total volume of emergency supplies in the functional
damage stage is 2.35 times that of the structural damage stage, with transportation time
being 1.26 times longer. Vehicle path trajectories are illustrated in Figure 9 (only service
trajectories are shown here, not replenishment circuits). Disaster sites I, G, and E, which
are the top three in demand, benefit from better resource allocation. Disaster site I receives
delivery services from vehicles 1, 4, 5, 6, and 7. Disaster site G is serviced by 1, 3, 5, 6, and 10,
while disaster site E receives delivery services from vehicles 1, 2, 5, 6, and 8. Combining the
planned emergency vehicle paths with the road network in Hunan Province, it is evident
that cross-regional paths have significantly increased compared to the structural damage
stage. Such as, Vehicle 8 traverses three regions to serve disaster sites B, E, and F. The
nearby replenishment mechanism enhances vehicle scheduling flexibility and coordination
within the region.

 

Figure 9. Vehicle path trajectory in the second stage.

Vehicle dispatch sequences and service at disaster sites are detailed in Tables 11 and 12,
respectively. All disaster sites receive a response within three hours. Distribution services
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are implemented in a time-series manner, in line with the stepped penalty cost based on
the soft time windows defined in the model. Planned emergency vehicle routes generally
align with the overall ranking of demand urgency, which is also affected by the number
of splits, split requirements, and transport capacity. Route optimization is conducted
under the premise of splitting demand without exceeding vehicle capacity. For example,
vehicle 9 completes its final distribution task at disaster site H, which has the lowest
demand urgency. Route planning for emergency vehicles under multiple distribution
conditions proves highly advantageous in this phase. Open vehicle scheduling maximizes
the utilization of limited transportation resources. Unilateral soft time windows ensure the
timeliness required for natural disaster emergency response. Demand splitting and one-
to-many services represent realistic constraints for supply distribution services. Multiple
distribution centers and nearby replenishment mechanisms guarantee the circulation and
coordination of vehicle routes.

Table 11. Vehicle dispatch sequence.

Vehicle Number Task List

1 [G1→I→G1→E→G1→I→G1→G→G1→I, D]
2 [G2→B→5→C→4→E]
3 [G3→H→6→A→7→G→G1→F, H]
4 [1→D→1→I→G1→I]
5 [2→G→G1→E→G1→I→G1→G→G1→G]
6 [3→E→G1→E→G1→G→G1→I]
7 [4→C→4→C→4→I]
8 [5→B→5→E→G1→F]
9 [6→F→6→F→6→H→6→H]
10 [7→A→7→A→7→G→G1→F]

Table 12. Service situation at disaster sites under the government-enterprise collaboration strategy.

Disaster Site Volume of Demand Split Disaster Sites Split Demand Starting Time of Service/min

A 60 1, 2, 3 [20, 20, 20] 125/251/354
B 40 4, 5 [20, 20] 89/150
C 54 6, 7, 8 [20, 20, 14] 158/325/430
D 26 9, 10 [20, 6] 161/852

E 114 11, 12, 13, 14, 15, 16 [20, 20, 20, 20, 20, 14] 154/274/280/
315/440/707

F 83 17, 18, 19, 20, 21 [20, 20, 20, 20, 3] 139/296/653/
661/762

G 133 22, 23, 24, 25, 26, 27, 28 [20, 20, 20, 20, 20, 20, 13] 102/429/436/532/
535/538/655

H 75 29, 30, 31, 32 [20, 20, 20, 15] 145/430/573/908

I 152 33, 34, 35, 36, 37, 38, 39, 40 [20, 20, 20, 20, 20, 20, 20, 12] 97/395/399/401/
422/561/563/670

3.3. Enterprise-Led Route Planning of Emergency Vehicles

In the third stage (reconstruction stage), the enterprise leads the route planning of
emergency vehicles. Seven enterprise production points are established to participate in the
emergency response. After demand splitting at disaster sites and dynamic route planning,
vehicle 2 concludes the supply distribution service at this stage by serving disaster sites H
and B at 743 min. The list of vehicle task statuses is: {[3, 365, 16]; [7, 385, 27]; [5, 392, 24];
[8, 444, 14]; [1, 466, 18]; [10, 506, 11]; [2, 550, 11]; [6, 667, 28]; [9, 735, 22]; [4, 743, 4]}. Vehicle
dispatch sequences and service at disaster sites are detailed in Tables 13 and 14, respectively.
The government-led routing plan took 504 min to deliver 314 units of emergency supplies
in the first stage (structural damage stage). The government-enterprise coordinated routing
plan required 908 min to deliver 737 units of emergency supplies in the second stage
(functional damage stage). The enterprise-led routing plan took 743 min to deliver 498 units
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of emergency supplies in the third stage (reconstruction stage). Ranked by efficiency,
the stages are: functional damage, reconstruction, and structural damage. Vehicle path
trajectories in the third stage are shown in Figure 10. The characteristics of vehicle path
trajectories in three stages are analyzed, and it is found that the vehicle paths in the
first stage highlight radioactivity, the vehicle paths in the second stage highlight trans-
regionality, and the vehicle paths in the third stage highlight reciprocity.

Table 13. Vehicle dispatch sequence.

Vehicle Number Task List

1 [1→D→1→G]
2 [2→I→2→I→2→H, B]
3 [2→G→2→I→2→G]
4 [3→E→3→E→3→B]
5 [3→E→3→I]
6 [4→C→4→C→4→I]
7 [5→B→5→I]
8 [6→F→6→F→6→F]
9 [6→H→6→A→7→G, H]

10 [7→A→7→G→2→E]

Table 14. Enterprise-led services at disaster sites.

Disaster Site Volume of Demand Split Disaster Sites Split Demand Starting Time of Service/min

A 40 1, 2 [20, 20] 125/313
B 27 3, 4 [20, 7] 89/743
C 36 5, 6 [20, 16] 158/324
D 17 7 [17] 161
E 76 8, 9, 10, 11 [20, 20, 20, 16] 154/154/320/507
F 55 12, 13, 14 [20, 20, 15] 139/291/444
G 88 15, 16, 17, 18, 19 [20, 20, 20, 20, 8] 102/308/366/466/558
H 49 20, 21, 22 [20, 20, 9] 113/551/735
I 101 23, 24, 25, 26, 27, 28 [20, 20, 20, 20, 20, 1] 110/232/248/385/392/667

As depicted in Figure 11, a comparison of simulation results under the three emer-
gency vehicle route planning modes of government-led, enterprise-led, and government-
enterprise coordination is presented. In terms of total service time, the government-
enterprise collaboration model significantly outperforms the other two models, completing
emergency tasks more efficiently. Regarding the total amount of material distribution, the
government-enterprise coordination model is also in a leading position, achieving larger-
scale material delivery. In terms of demand satisfaction rate, the government-enterprise
coordination model is also significantly higher than the government-led and enterprise-
led models. Combining various indicators, it is evident that the government-enterprise
coordination model for emergency vehicle route planning exhibits greater flexibility and
efficiency than the single government-led or enterprise-led models in emergency logistics
operations, better allocating resources and meeting disaster needs in emergency response.

3.4. Route Planning of Emergency Vehicles Under Sudden Road Conditions

To assess the dynamic adjustment performance of route planning under unexpected
road conditions, a road damage scenario is set in the third stage. When Vehicle 4 plans a
secondary path, the road from production point 3 to disaster site F is destroyed. During the
decision-making period, the supply requirements of the disaster site are fully distributed,
achieving a 100% demand satisfaction rate. The path adjustments after algorithm iteration
are shown in Table 15. In this scenario, the supply distribution service at this stage was
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terminated after disaster point B was served in 743 min. It is observed that a total of five
paths are adjusted, with four occurring between disaster sites H and F, and one between
disaster sites A and B. This is because the travel times from production sites 2, 6, and
7 to disaster sites F and H closely approximate the travel time from production site 2 to
disaster sites A and B. The list of vehicle task statuses is: {[3, 363, 16]; [7, 385, 25]; [5, 392, 26];
[1, 466, 17]; [2, 498, 13]; [10, 507, 11]; [9, 620, 14]; [8, 638, 19]; [6, 667, 28]; [4, 743, 4]}. The
cumulative fleet time on mission increases by 0.076%. By setting the disaster scenario to
consider uncertainty conditions, the designed route planning model and algorithm can
select alternate plans with lower adjustment costs, such as service failure costs and rescue
delay losses. This approach reduces the interference caused by uncertain conditions under
sudden road conditions.

Figure 10. Vehicle path trajectory in the third stage.

Table 15. Vehicle dispatch sequence under sudden road conditions.

Vehicle Number Task List

1 [1→D→1→G]
2 [2→I→2→I→2→F]
3 [2→G→2→I→2→G]
4 [3→E→3→E→3→B]
5 [3→E→3→I]
6 [4→C→4→C→4→I]
7 [5→B→5→I]
8 [6→F→6→H→6→H, G]
9 [6→H→6→B→7→F]
10 [7→A→7→G→2→E]
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Figure 11. Comparison chart of simulation results.

4. Discussion
Vehicle path characteristics vary with different subject behaviors, which is consistent

with theoretical analyses. Radioactivity (Figure 11) manifests as strict hub-and-spoke pat-
terns, where routes originate from fixed government reserves (G1/G2/G3→Sites→Return).
Reciprocity emerges in decentralized supply scenarios (e.g., post-disaster reconstruction),
advocating for local resource pools and modular routing. Trans-regionality (Figure 10)
involves long-haul, cross-boundary paths enabled by multi-facility collaboration (e.g., Ve-
hicle 8 crossing 3 regions). While trans-regionality facilitates rapid hotspot response, it
necessitates pre-negotiated corridors. Policy-makers should align routing strategies with
disaster phases: Government hubs (Radioactivity) for immediate response → Cross-sector
networks (Trans-regionality) for scaling → Enterprise clusters (Reciprocity) for sustained
recovery. Reciprocity (Figure 10) is characterized by bidirectional resource flows between
enterprise facilities (e.g., Vehicle 9: 6→H→6→B→7→F; Vehicle 10: 7→A→7→G→2→E),
where vehicles frequently transfer supplies between production points (6↔7, 7→2) while
serving nearby disaster sites. Radioactivity suits centralized, surge-phase responses but
incurs empty-mileage penalties.

The dynamic route planning strategy of emergency vehicle solves the problem of rigid
resource allocation in the traditional government-led model by integrating demand urgency
assessment and open scheduling mechanism. Experiments show that the collaborative
strategy is significantly better than the single-agent model in the demand satisfaction rate
(increased by 12.3%) and response time (shortened by 18%), which provides theoretical
support for multi-agent emergency collaboration.

The proposed two-stage cellular genetic algorithm exhibits excellent performance in
dynamic disaster scenarios. Algorithm performance comparisons are detailed in Table 16.
The two-stage cellular genetic algorithm achieves a 5.2% higher demand satisfaction rate
than NSGA-II by leveraging stage-wise demand splitting and reduces unit time by 14.7% vs.
PSO through cellular neighborhood-driven local optimization. The nearby replenishment
mechanism in Stage 2 (Table 4) is crucial for handling dynamic road failures, a capability
lacking in Tabu Search and PSO.
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Table 16. Algorithm performance comparison.

Algorithm Demand Satisfaction (%) Unit Time (min/unit) Convergence (Iterations)

NSGA-II 87.1 ± 1.2 1.41 ± 0.05 146 ± 11
PSO 79.6 ± 3.3 1.67 ± 0.10 89 ± 6

Tabu Search 83.5 ± 2.1 1.58 ± 0.07 -
Two-stage CGA 92.3 ± 0.9 1.23 ± 0.03 112 ± 8

While this study provides a novel framework for dynamic emergency vehicle routing,
several limitations warrant acknowledgment. (1) The model assumes real-time access to
complete data (e.g., exact demand at disaster sites, undamaged road network status, vehicle
positions). In reality, disasters often disrupt communication, leading to delayed/partial
data (e.g., estimated demand from satellite imagery, road blockage reports). (2) Vehicle
travel times are modeled as deterministic. However, post-disaster conditions (congestion,
secondary hazards) introduce high uncertainty in transit times and increase the risk of
vehicle breakdowns. (3) Simulations covered 9 disaster sites and 10 facilities. Scaling to
provincial-level events (e.g., 100+ sites) may increase computation time nonlinearly.

5. Conclusions
Leveraging the emergency response strengths of both government and enterprises, sci-

entific and rational route planning for emergency vehicles is crucial for enabling emergency
command organizations to swiftly initiate rescue operations following disasters. This paper
integrates the use of AHP, EWM, and the GRA-TOPSIS method to quantitatively rank the
demand urgency of the disaster site. Based on the evolution patterns of natural disasters
and material supply modes, a post-disaster government-enterprise collaboration strategy
is devised. Aiming to minimize scheduling time, delay penalties, and unmet demand rates,
a dynamic route planning model is constructed, and a two-stage cellular genetic algorithm
is developed. Finally, an integrated and comprehensive planning strategy is proposed to
support routing decisions for emergency vehicles in post-disaster scenarios, dynamically
planning travel routes to meet the time-series demands of disaster sites. The rationality
and effectiveness of the proposed model and algorithm are validated through a potential
flooding scenario in Hunan Province, China. The main conclusions are as follows:

In the dynamic route planning strategy for emergency vehicles, emergency vehicles are
dispatched cyclically across all levels of nodes in the rescue network, adhering to realistic
constraints such as demand splitting, soft time windows, and open scheduling. Under
varying behavioral patterns, emergency vehicle routes exhibit differentiation, fully achiev-
ing the operational objectives and system functions of emergency logistics. Vehicle paths
during the structural damage stage are divergent, those in the functional damage stage
emphasize trans-regionality, and those in the reconstruction stage demonstrate reciprocity.

Across the three distinct stages, the efficiency of route planning, ranked from highest
to lowest, is as follows: government-enterprise collaboration (1.23 min/unit), enterprise-led
(1.49 min/unit), and government-led (1.61 min/unit), which underscores the flexibility and
efficiency of the route planning strategy.

The proposed model and algorithm optimize vehicle paths under sudden road con-
ditions with minimal system disruption. It took 743 min to adjust routes in real-time
to complete all distribution services. The cumulative fleet time on mission increases by
just 0.076%. This reactive scheduling and local optimization strategy has proven to be
an effective approach for managing and responding to dynamic information during the
scheduling process.
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