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Shortest path planning and
dynamic rescue forces dispatching
for urban flood disasters

Jun Liang?, Mingyu Liu?, Zongjia Zhang®*** & Lili Yang***

The increasing impact of urban floods, driven by global climate change and the growing frequency

of extreme weather events, poses significant threats to public safety, disrupts infrastructure, and
hampers economic development. This paper presents a two-stage model for shortest path planning
and dynamic dispatching of rescue forces (firefighters and fire engines) in response to urban floods
caused by extreme rainfall. In the first stage, a path selection model for rescue vehicles is developed,
supported by an efficient customized A* algorithm to determine worst-case travel times from fire
stations to flood sites. A preference-based version of the algorithm is also introduced, incorporating
driver preferences into path selection. In the second stage, rescue forces are dynamically allocated
based on demand at flooded locations, which is estimated using population density and real-time flood
depth data. The travel times derived in the first stage serve as inputs to a bi-objective dynamic dispatch
model that utilizes real-time flood data to optimize emergency response. By integrating path planning
with rescue force dispatching, this study provides essential support for effective flood response
operations.

With the intensification of global climate change, the increasing frequency of extreme weather events and heavy
rainfall has resulted in more frequent urban floods'. These floods pose significant threats to residents and have
severe impacts on urban infrastructure, transportation systems, and economic development?. Across the globe,
both developed and developing countries are experiencing an increase in the frequency and destructiveness
of flooding disasters’. Reducing the losses caused by such disasters through effective emergency responses has
become a critical issue for city managers and policymakers?. Furthermore, many cities’ drainage systems are
vulnerable to heavy rainfall’. According to a report by the Ministry of Emergency Management of China®, over
3000 geological hazards were triggered by heavy rainfall and flooding during the first three quarters of 2023, with
flood-related economic losses accounting for a large proportion of all natural disaster-related losses. In July 2021,
a “once in a thousand years” rainfall in Henan Province led to more than 300 deaths, and in October of the same
year, severe flooding in Shanxi Province caused direct economic losses exceeding 5 billion yuan”*.

In recent years, there has been growing concern regarding emergency management research in response to
urban floods, particularly in the post-flood response phase. When intense rainfall occurs suddenly and the effects
of urban flood disasters become apparent, various actions-such as evacuation®, emergency logistics planning'®,
and others—must be taken to mitigate the adverse impacts of the flood. Among these tasks, the dispatch of rescue
forces to affected areas is one of the most critical actions that must be executed’.

Firefighters, as the primary force in emergency rescue operations, play an indispensable role in flood rescue
efforts. According to the London Fire Brigade'?, “Firefighters have the responsibility to move people to safety,
restore, and maintain order”. Additionally, the Chinese national document GA/T 1340-2016: Classification of
Fire Alarms and Emergency Rescue Operations, issued by the Ministry of Public Security of the PRC'?, designates
firefighters as responsible for conducting emergency rescue operations during natural disasters such as floods.
The primary duty of firefighters in urban flood rescue operations is to rescue individuals trapped by the flood
and ensure their safety.

For emergency authorities, the strategies and decisions regarding the allocation of firefighters to flood-
affected sites are crucial to ensuring the success and efficiency of rescue operations. Efficient firefighter dispatch
can minimize casualties and property damage while avoiding the waste of rescue resources. In addition to
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the scheduling of firefighters, another key consideration is the selection of rescue routes from fire stations to
flood sites. To carry out rescue operations, firefighters must be transported from fire stations to affected areas.
However, the optimal rescue path and corresponding travel time from each fire station to each flood site may
differ from those under normal traffic conditions. Due to the impact of intense rainfall and the disruption of
roads by floods, the navigation of rescue vehicles must account for more complex conditions, thus raising higher
demands for path planning in flood scenarios.

This paper aims to develop shortest path planning and dynamic rescue force dispatching strategies for
addressing multiple urban floods caused by short-term heavy rainfall. A two-stage approach is proposed.

The first stage involves determining the worst-case optimal travel times from fire stations to local flood sites.
Given the uncertainty of the disaster, the actual travel time is random and influenced by flood severity. In this
stage, we focus on the worst-case travel times, assuming the lowest vehicle initial speeds based on historical data
during previous heavy rainfall events. This robust approach is adopted due to the high unpredictability of traffic
congestion and weather conditions during floods. We develop a path selection model for rescue vehicles (i.e.,
fire engines) affected by rainstorms and urban floods, and propose a customized A* algorithm that offers higher
search efficiency compared to the time-varying modified Dijkstra algorithm presented in Yuan and Wang’s
study'®. Additionally, we design a preference-based customized A* algorithm to select paths that reflect users’
preferences for primary roads, providing an alternative option for users when selecting rescue routes for fire
engines.

The second stage involves dynamically dispatching firefighters to local flood sites. The local population
density and the real-time flood depths are used to estimate the demand for firefighters at each site across different
stages. Given that the efficiency of rescue operations heavily depends on the timely arrival of rescue forces, and
considering the limited availability of resources, we develop a bi-objective dynamic dispatching model. The first
objective is to minimize the total transportation time, while the second objective aims to minimize the number
of firefighters and fire engines dispatched. The transportation time from each fire station to each affected site is
determined by solving the shortest path selection model using the customized A* algorithm developed in the
first stage. The operational procedures for shortest path planning and dynamic rescue forces dispatching are
depicted in Fig. 1.

To the best of our knowledge, no existing literature focuses on the dynamic scheduling of firefighters in
response to urban flood disasters caused by short-term heavy rainfall. In this study, a bi-objective dynamic
dispatching model is developed to address this issue. Additionally, in most literature related to emergency
resource allocation or rescue team scheduling, the travel times from supply sides to demand sides are typically
simplified'>!®. In contrast, this study calculates transportation times using a shortest path selection model.
Moreover, we propose a more efficient search algorithm for the path selection model, surpassing the time-varied
modified Dijkstra algorithm introduced in Yuan and Wang’s work!%. We also highlight that incorporating road
preferences into path selection can potentially result in shorter arrival times in real-world scenarios.

Literature review
Although the literature on emergency management, particularly disaster management, is extensive, we will not
review all optimization and decision models in the disaster response phase. Instead, our focus will be on vehicle
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Fig. 1. Operational procedures for studying shortest path planning and dynamic rescue forces dispatching.
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path selection during disasters and the scheduling of emergency resources, with particular emphasis on the
dispatching of rescue forces after a disaster.

Path selection and route planning!” for rescue vehicles is a key area in emergency management research,
significantly impacting the efficiency of rescue operations. By following optimal paths, emergency vehicles can
reach disaster sites quickly, helping to mitigate the damage caused by catastrophes. Yuan and Wang developed
a path selection model that considers the impact of disaster extension on travel speed, solving it using a
modified Dijkstra algorithm. They also constructed a multi-objective path selection model that accounts for
path complexity and solved it using an ant colony optimization algorithm, achieving a balance between travel
time and path complexity'®. Sun introduced a strategy to find the fastest route in a dynamic environment,
incorporating the reliability level by converting real-time vehicle speed into reliability based on speed
distribution. The numerical results confirmed the feasibility of this strategy, offering more reliable route options
in dynamic traffic conditions'®. Zhao et al. developed a two-stage dynamic path planning model for emergency
vehicles, aiming to minimize transportation time and traffic congestion. They used a polyline-shaped speed
function to model speed and proposed a hybrid algorithm combining the shuffled frog leaping algorithm and
the K-paths algorithm to solve the model'®. Meng et al. used a co-evolutionary path optimization method, which
incorporated ripple diffusion processes and dynamic routing environment changes, to find optimal paths from
emergency material storage points to distribution nodes in a dynamic setting®. Sang et al. proposed a directional
search A* algorithm, which improves upon the traditional A* algorithm by introducing angle constraints for
smoother turns, enhancing directional guidance to reduce the search space, and optimizing node count for
greater efficiency?!.

In the aftermath of natural disasters, efficiently delivering emergency resources to affected areas to meet
urgent relief needs is crucial for the survival of victims?2. Recently, there has been an increasing focus on
emergency logistics research, particularly concerning the dispatch of relief goods or equipment to affected areas
under uncertainty. Sheu proposed a method combining fuzzy clustering of affected areas and dynamic relief
distribution within a three-layer emergency logistics network after large-scale natural disasters. The incorporation
of feedback mechanisms for relief demand enhanced the robustness of the logistics system to changes. Ahmadi
et al. developed a multi-depot logistics model considering network failure. The model divided the relief chain
into two parts to assist emergency authorities in decision-making. The objective was to minimize unsatisfied
demand, ensuring that sufficient relief supplies reached the disaster sites'>. Alem et al. made significant strides in
the rapid supply of emergency resources to disaster victims by developing a stochastic network flow model. This
model also incorporated insights from risk management, accounting for various risk attitudes in the decision-
making process®*. Zhang et al. proposed a three-stage multi-objective programming model to address resource
allocation during primary and secondary disasters. They employed a fuzzy membership function approach to
solve the problem?. Wei et al. developed an assignment system to help rescue vehicles deliver relief goods to
affected sites. They built a location-routing model with soft time windows and designed an innovative ant colony
optimization algorithm to approximate Pareto frontiers.

In addition to emergency supplies, rescue teams, as a form of emergency human resources, play a critically
significant role in disaster relief. The scheduling of rescue forces and teams after disasters has recently garnered
significant attention from researchers. Rolland et al. presented a decision-support system for assigning rescue
teams to disaster incidents and developed an efficient algorithm to solve the scheduling model under time
pressure. The proposed system facilitated collaboration among different rescue organizations and set a strong
example for coordinated rescue planning®’. Zhang et al. emphasized the influence of potential secondary
disasters on emergency rescue operations. They introduced a dynamic assignment model to address the disaster
chain and applied NSGA-II, C-METRIC, and fuzzy logic methods to generate three scheduling strategies for
solving the multistage model?®. Rezapour et al. developed mathematical optimization models to identify the
optimal strategy for scheduling medical and rescue units at disaster sites, aiming to minimize fatalities following
sudden-onset disasters. This study highlighted the importance of coordination among various rescue activities in
casualty management”. Rauchecker and Schryen built a binary linear model to plan rescue schedules for rescue
teams, considering collaboration among rescue units. The problem was solved using a proposed branch-and-
price algorithm, which enhanced the quality of scheduling strategies®. Tirkolaee et al. incorporated learning
effects and developed a robust bi-objective programming model for allocating rescue units during the onset
of disasters. They treated the scheduling problem as a combination of Unrelated Parallel Machine Scheduling
and the Traveling Salesman Problem!¢. Sun et al. developed a robust optimization model with two objectives
to optimize logistics under emergency conditions and the allocation of rescue vehicles and helicopters. The
Injury Severity Score was introduced to describe injuries®!. Some literature also focuses on the scheduling of
firefighters specifically, rather than broader rescue teams or units. Alutaibi et al. studied the scheduling and
allocation of firefighters using a decision support system that provides optimal strategies for dispatching
firefighters to multiple fire incidents®2. Rodriguez et al. proposed a simulation-based optimization approach to
address the vehicle assignment problem for firefighters. The key innovation of their work was the improvement
of emergency arrival accuracy by combining a Kernel Density Estimator and an NHNR arrival process*.

In the existing literature, the shortest path planning for rescue vehicles and the dynamic dispatching of
firefighters during urban flood disasters caused by short-term, intensive rainfall have been largely overlooked.
In this study, the worst-case optimal transportation times, derived from a shortest path selection model under
flood conditions, are used to determine the dispatching scheme for firefighters and fire engines. For shortest
path planning, we develop a customized A* algorithm. Building on this newly developed algorithm, we propose
a preference-based path planning algorithm that incorporates user preferences into the selected path. Moreover,
unlike existing literature where rescue force dispatching is typically team-based, our scheduling approach
removes this restriction, offering a more flexible and cost-effective allocation strategy. This approach determines
the precise number of firefighters and fire engines needed at each rescue stage.
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Shortest path selection under flood
Notations and definitions
Various criteria can be used to define the cost of a path. In this paper, the cost of a path refers to the time cost
rather than the distance. The notations used in the shortest path selection model and algorithms are described
below.

Notations in the model

G(V, E) An undirected graph/network, where V' = {1, 2, ...n} is the set of nodes and E denotes the set of
arcs. If node i and node j are directly connected, then arc (i, j) € E.

li; 'The length of the road section (i, j), i.e., the length of the arc between node i and node j.

v;; The worse-case initial speed of an emergency vehicle on the road section (i, j), which can be estimated
by the historical vehicle travel speed recordings when heavy rainfalls happened.

v1,v2 'The worse-case initial speed of an emergency vehicle on the }O)rimary and secondary roads. Here, we
only consider the path planning on the primary and secondary roads (v;; = v1 or vs).

vi;(t) Speed function on the road section (i, ).

S, D The starting node and the ending node of the path to be planned.

ts,tp The departure time and arrival time of an emergency vehicle.

ti,t; The time when an emergency vehicle reaches the origin node i and the terminal node j of arc (3, ).

ti; Travel time on arc (i, j), equivalent to ¢; — t;.

aij, Bi; The damping parameters that capture the decrease extent of v;;(t) under the influence of urban
floods.

vi; Road congestion parameter in normal traffic conditions without disaster.

xi; A binary decision variable determining whether arc (3, j) is included in the path. If arc (4, j) is part of the
selected path, then z;; = 1, otherwise it equals to 0.

Notations in the algorithms

d(u, v) Geodesic distance (Euclidean distance) between u and v, where u, v are arbitrary two points in the
network.

t(u, v) Actual time cost (minimum travel time) from u to v, where u, v are arbitrary two points in the
network.

K(u, v) Estimated time cost from u to v, where u, v are arbitrary two points in the network.

g(n) Actual time cost from starting node S to node n.

g(n) An estimate of g(n): the time cost from starting node S to node 7 calculated based on the path found
by the algorithm so far.

h(n) Actual time cost from node 7 to destination node D.

h(n) Estimated time cost from node 7 to destination node D.

Closed A list for storing nodes that have been explored.

Open A list for storing nodes to be explored.

C The current node under processing in the algorithm.

C.father Father node of the current node C.

Weight(a, b) The edge weight between two adjacent nodes a and b.

Path selection model for emergency vehicles

We select paths on an undirected road network G(V, E), where V' = {1, 2, ...n} is the set of nodes and E denotes
the set of arcs. If node i and node j are directly connected, then arc (i, j) € E. Denote the starting point by S, with
the initial time ¢ts = 0. The destination of the path is recorded as D and the time for reaching the terminal is tp.
The path selection model is shown below.

Miniitijxij (1)

i=1 j=1
s.t.
0 vy if arc (4, j) belongs to primary roads (2)
Vs = . P
i vy if arc (4, j) belongs to secondary roads
.t]
/ vi; (t)dt = i (3)
ty
tij =1t —ti (4)
ts =0 (5)
vij(t) = iy (1 = aij — vij) exp { =it} (6)
n n 1 =
> e Y ome{ 52D 0
Gt Gt 0 otherwise
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n

<1 i#D
> “”J{ =0 iZD (8)
j=1,j5
t;j = oo if arc(i,7)is a height/weight limited or ponding road section 9)

- { 1,if arc (¢, 7) is included in the path (10)

0, otherwise

The objective function (1) aims to find the shortest path from S to D considering the impact of rainstorms and
urban flooding, where ¢;; is the travel time on arc (i, j). The worst-case initial speeds of the emergency vehicles
on primary and secondary roads are denoted as v; and v, respectively, as specified in constraint (2). Note
that given the unpredictability of disasters, actual travel times vary and are influenced by flood severity. In this
analysis, we consider worst-case scenarios by using the lowest initial vehicle speeds, derived from historical
data during heavy rainfall periods. This robust approach is practical given the highly unpredictable traffic and
weather conditions during floods. Constraints (3-5) represent the iterative expression of travel time along a
path. Constraint (6) models the travel speed-dependent function for each road section in the context of floods,
where ~;; is the road congestion index of the arc (i, j) under normal traffic conditions (without disaster), and
o5 and B;; represent the spatial and temporal impacts of floods, respectively. These two damping parameters
determine the extent to which v;;(¢) decreases as the flood extends both spatially and temporally. As stated by
Yuan and Wang, a;; and f3;; can be estimated based on the distance between arc (i, j) and local flooding sites,
the fragility of the arc, and the severity of the floods'*. Constraint (7) ensures the feasibility of the path from $
to D by restricting the value of x;;. The expression Z;L:Lj# Tij — Z;L:Lj# xj; = 1,—1,0 corresponds to
the starting node, ending node, and intermediate node of the path, respectively. Constraint (8) guarantees that
no cycles are present in the path. Additionally, as shown in constraint (9), certain rescue vehicles have size or
weight restrictions, so roads with limited weight/height should be avoided to prevent blockages. Roads prone
to water accumulation (i.e., ponding roads), which have a high probability of causing traffic disruptions, should
also be avoided when selecting the shortest path to minimize prolonged stays in areas with heavy congestion.
Finally, constraint (10) restricts the decision variable x;; to be binary, indicating whether the arc (i, /) is part of
the selected path. When the arc (i, j) is included in the path, z;; = 1; otherwise, x;; = 0.

Thus, if we denote the optimal path by po — p1 — ... — Dm, where t,, = ts, tp,, = tD, then the
optimal travel time from Sto Distp —ts = >, (tpr —tpp_y) = D py tor1pn-

Algorithms for solving the path selection model
Before introducing our new algorithm: A Customized A* Algorithm, we first have a brief review of the classical
A* algorithm.

A brief review of the classical A* algorithm

A large body of literature focuses on solving point-to-point shortest path problems on static networks. The A*
algorithm was first proposed by Hart et al.*4, marking a milestone in selecting the shortest path using heuristics.
Since then, various adaptations of the A* algorithm have emerged to address shortest path problems in different
scenarios® 7.

_ 'The basic idea of the A* algorithm is to find the shortest path based on the node evaluation function
f(n) = §(n) + h(n), where §(n) represents an estimate of the actual time cost from the starting node S to node
n (denoted as g(n)), and h(n) represents an estimate of the actual time cost from node 7 to the destination node
D (denoted as h(n)). g(n) is typically the time cost from the starting node S to node #, calculated based on the
path found by the algorithm Glll<p tg)that point. In the classical A* algorithm for finding the shortest path, h(n) is

commonly approximated as ==, where d(n, D) is the Euclidean distance from node 7 to the destination node

D, and V is the maximum travel speed. The heuristic function /(n) plays a key role in ensuring the efficiency
of the algorithm, distinguishing A* from other search algorithms.

The A* algorithm explores the node with the smallest value of f(n) in each iteration, selecting it as the current
node C and simultaneously recording the father node of C: C.father. The algorithm terminates when the cur-
rent node C reaches the destination node D, at which point the optimal path is formed by tracing back through
the father nodes and reversing the path. The details of the classical A* algorithm are outlined below.
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1: Initialization:

Input: The starting point S, the ending point D, the graph G
Output: The shortest path from S to D in the graph G.

2: Create two empty lists for nodes that have been explored and to be explored respectively, named Closed and Open.
3: Set C = S and C. father = None. Add C into Open.

4: Search:

5: while Open is not empty do

6 Remove C from Open and add it into Closed.
7: if C is the destination D then
8: Stop Search.
9: Path= {Trace the father node step by step from D to S}.
10: Path=Path.reverse().
11: end if
12: for each neighbor N of the C do
13: Compute §(N) = §(C) + Weight(N,C).
14: if N in Open then
15: Compare g(N) with its previous value.
16: if its previous value is smaller then
17: Skip this neighbor.
18: else
19: N.father =C.
20: Set §(N) = g(N).
21: end if
22: end if
23: if N not in Open then
24: Add N into Open.
25: Compute h(N) = du\‘];D)
26: Compute f(N) = g(N) +h(N).
27: N.father =C.
28: end if
29: end for

30: Denote the node with the least f(r) in Open as M and set M. father = C,C = M.

31: end while
32: return Path

Algorithm 1. Classical A* Algorithm for finding the shortest path

Hart et al pointed out that the A* algorithm could find the optimal path when the heuristic function h(n)
can be controlled by the actual time cost h(n)*. Additionally, previous research has proved that the overall
computational efforts can be largely reduced if h(n) is a better lower approximation of h(n). Namely, if a node is
searched by the A* algorithm with a larger h(n), then this node will be searched by the A* algorithm with any
smaller h(n), as presented in Lemma 1336,

Lemma 1 In the A* algorithm, if h(n) < h(n), then A* is guaranteed to find the shortest path and the search
efficiency can be improved if h(n) is a better lower estimate of h(n).

Since the classical Dijkstra algorithm is a special case of the classical A* algorithm with the heuristic function
h(n) = 0%. The time-varied modified Dijkstra algorithm proposed by Yuan and Wang can also be interpreted as
a time-varied A* algorithm with the heuristic function h(n) = 0'. Thus, both the modified Dijkstra algorithm
and the classical A* algorithm ensure the optimality of the selected path, as the heuristic functions of these
two algorithms are always lower than the actual time cost, h(n). By Lemma 1, the paths selected by these two
algorithms have the shortest travel times. However, the large gap between h(n) and h(n) causes the algorithm
to explore many redundant nodes when selecting the path, thereby increasing computational effort. That is to
say, if h(n) is a good enough approximation from below of the actual time cost h(n), the algorithm will explore
considerably fewer nodes and efficiently accelerate the pace toward the destination node.

Under the influence of disaster extension, the shortest path model structure can be utilized to develop a more
efficient algorithm based on the framework of the A* algorithm. In other words, we can customize a better path
selection algorithm based on the model structure. We call the newly developed algorithm by “customized A*
algorithm”
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A customized A* algorithm

Our proposed customized A* algorithm relies on a newly defined time cost function as a metric to build a
heuristic. The estimated time cost function between two arbitrary points on the road network is defined as
follows.

Definition 1 (The estimated time cost function between 2 points) Denote a = Min «a;;, 8 = Min B,
v = Min~;j,and V = Max v;;(¢). Let K(u, v) satisfy: V(1 — o — ) Kww) exp {—pt} dt = d(u,v), where

0
d(u, v) is the Geodesic distance (Euclidean distance) between u and v.

The definition of time cost function K(u, v) can also be written as K (u,v) = — %ln[l - %], which is

constructed based on the Euclidean distance but involves more information such as the spatial and temporal
effect of disaster and traffic congestion.

Based on the framework of the A* algorithm, the proposed customized A* algorithm has the following two
improvements compared with the classical A* algorithm.

1. The classical A* algorithm is only suitable for route planning in a static network. However, a disaster like
heavy rainfall may affect the vehicle speed continuously, resulting in the decline of the vehicle speed with
respect to time. Just as the model defined above, the travel time on arc (i, j), ¢:5, is determined by constraints
(3) and (6). That is to say, ¢;; is still affected by the time when the vehicle reaches the beginning node i of arc
(i, j). Consequently, the travel time of the selected path needs to be obtained based on iterative calculation, in
this sense, similar to the time-varied modified Dijkstra algorithm proposed by Yuan and Wang'“.

2. In the classical A* algorithm for solving the shortest path problem, the estimated cost function h(n) is de-

fined as M”, where D is the destination and V' is the maximum travel speed on the road network . While

using h(n) = M guarantees that the path is optimal, as M is a lower bound of h(n), the large gap

d(n,D)
14

between and the actual cost h(n) reduces the efficiency of the classical A* algorithm. However, in

our

customized A* algorithm, the estimated time cost function between 2 points is defined as K(u, v) rather than

@. Later we will prove that K(u, v) is a more precise estimate of the actual time cost from u to v.

. . . . d(u,
Theorem 1 K(u, v) is a more precise lower estimate of the actual time cost from u to v than %

d(N,D)

v in the classi-

The proof of Theorem 1 is shown in Appendix. Now we can replace the heuristic function

cal A* algorithm by K(N, D). The details of the customized A* algorithm is listed below.
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Input: Starting point S, ending point D.
Output: The shortest path from S to D.

1. Initialization:
2: Create two empty lists for nodes that have been explored and to be explored respectively, named Closed and Open.
3: Set C = S and C. father = None. Add C into Open.
4. Generate a graph G without edge weight based on the road network structure.
5. Search:
6: while Open is not empty do
7: Remove C from Open and add it into Closed.
8: if C is the destination D then
9: Stop Search.
10: Path= {Trace the father node step by step from D to S}.
11: Path=Path.reverse().
12: end if
13: for each neighbor N of the C do
14: Solving fég) ven (£)dt = Iey to get g(N).
15: if N in Open then
16: Compare g(N) with its previous value.
17: if its previous value is smaller then
18: Skip this neighbor.
19: else
20: N.father =C.
21: Set §(N) = g(N).
22: end if
23: end if
24: if N not in Open then
25: Add N into Open.
26: Compute (N) = K(N, D)
27: Compute f(N) = §(N) +h(N).
28: N.father =C.
29: end if
30: end for

31: Denote the node with the least f(n) in Open as M and set M. father = C,C = M.

32: end while
33: return Path

Algorithm 2. A customized A* algorithm

Theorem 2 The path selected by the customized A* is optimal and has higher search efficiency than the modi-
fied Dijkstra algorithm!* and the classical A* algorithm.

Proof The theorem can be easily proven since, by Lemma 1, if the estimate h(n) is made closer to h(n) from be-
low, the algorithm will not only ensure optimality but also explore fewer nodes, thereby achieving higher search
efficiency. For the modified Dijkstra algorithm!4, h(n) = 0; for the classical A* algorithm h(n) = fl(nT’m. By

d(n,D)
14

Theorem 1, K(u, v) is larger than , then large than 0 trivially. Thus, the path selected by the customized A*

is optimal and has higher search efficiency than the classical A* algorithm and the modified Dijkstra algorithm.
a

Although the model proposed above provides a detailed description of vehicle routing during disasters, the
complexity of real-world scenarios far exceeds what the model can represent. Therefore, incorporating habitual
driving patterns or driver preferences allows for flexible adjustments to better adapt to actual road conditions.
For example, Cunnington highlighted that drivers tend to prefer higher-speed roads unless there is significant
traffic congestion?’. Primary roads typically have higher speed limits, and their superior road conditions and
driving environments reduce the likelihood of traffic congestion compared to secondary roads. As a result, when
searching for the shortest path in an urban road network, many drivers prefer routes with more primary and
trunk roads to enhance the driving experience and reduce travel time.

If we take people’s preference into account, the customized A* algorithm proposed above can be further
extended to a preference-based customized A* algorithm.

Scientific Reports|  (2025) 15:23643 | https://doi.org/10.1038/s41598-025-06374-2 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

A preference-based customized A* algorithm

In the customized A* algorithm presented earlier, the algorithm selects the next node to explore based on the
smallest value of f(n) in the open set Open. However, if there is a preference to prioritize primary roads when
planning the route, the algorithm can be modified accordingly.

1. Inline 24 of algorithm 2, if N is not in Open, we also need to record the road rank of the arc between node N and
the current node C.

2. The selection criterion presented in line 31 of algorithm 2 is replaced by: Sort the nodes in Open according to the
road rank as the first criterion and assign a new order in each rank group in terms of the value of f (n), from the
smallest to the largest. Then denote the first node on Open as M and set M. father = C,C = M.

For example, suppose that Open = {n1,n2,n3,n4}, the corresponding road ranks and f(n) are {1,2,1, 2}
and {10, 12,9, 8} respectively, then Open is reordered as {ns, n1,n4,n2}. We choose n3 as the next node to
be explored.

The reason why the preference-based customized A* algorithm can ensure that as many primary roads as
possible in the path are included is that the modified node selection criterion gives priority to searching those
nodes which are connected to the primary road sections, increasing the probability of forming a path that
contains more primary roads. Sometimes, the algorithm may deviate from the optimal path just for including as
many primary roads as possible.

Despite that the preference-based customized A* algorithm can not guarantee the optimality of the selected
path, it provides an alternative for the emergency authority for making a quick decision, especially when the
path found by the preference-based customized A* algorithm is suboptimal but contains a larger proportion of
primary roads in the path, which may lead to a shorter travel time in reality.

The optimal vehicle paths and the corresponding optimal travel times from fire stations to local flooding sites
can be obtained by employing the model and algorithms described above, which then can be used as input in the
following dynamic scheduling model.

Dynamic scheduling of emergency rescue forces

Once the optimal rescue path and corresponding minimal travel time from each fire station to each local flooding
site are determined, the Emergency Management Bureau can efficiently plan the deployment of rescue forces to
minimize the duration of rescue operations and reduce casualties and property damage caused by the disaster.
The dynamic scheduling of rescue forces discussed in this paper addresses the challenge of managing multiple
fire stations, local flooding sites, and multistage allocation during urban flood disasters triggered by short-term
heavy rainfall. The emergency authority should allocate firefighters and fire engines to the affected flooding
sites within a limited time frame at each stage to meet the rescue demands of the affected areas as effectively as
possible, as shown in Fig. 2.

Model formulation
In addition to the notations introduced earlier, several new variables and notations are defined here for the
dynamic dispatching model as follows.

Sets:

I Set of supply sites (fire stations), s € I,I = {1,2,...,[I[}.

J Set of affected sites (local flooding sites), j € J,J = {1,2,...,|J|}.

V' Set of emergency vehicles (fire engines).

R Set of stages of rescue, 7 € R, R = {0,1,2, ..., |R|}, where |R| is the maximum number of stages.

i

BN B
\ /l;\\ /\ ;;\/
S S

Stage 0 Staget ... Stage n

Dynamic change =y
M Fire station A\ Local flooding site |:> of supply and —= Re;?::aiici;ies

demand

~ ¥

Fig. 2. The diagram of dynamic rescue forces dispatching.
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Parameters:

y; Risk value of the community where the affected site j locates computed based on the population density.

hj flood depth (meters) at affected site j at the beginning of stage r.

A A weight parameter that determines the relative importance of population density risk and the severity
of local flooding.

d; Demand for firefighters at j € J at stage r € R.

m; Available supply of firefighters at fire station i at stage r € R.

mq; Number of firefighters at fire station i.

mgq; Number of firefighters on duty at fire station i.

v; Available supply of fire engines at fire station i at stage r € R.

vq; Number of fire engines at fire station i.

vq; Number of fire engines on duty at fire station i.

TC Time limit for rescue dispatch.

t;; Optimal transportation time from ¢ € I to j € J at stage r € R, which is obtained based on the result
of the proposed customized A* algorithm.

1 Minimum satisfaction rate of firefighters demand.

Cap Capacity limit for firefighters in one fire engine.

Decision Variables:
s;; A binary variable indicating whether the fire station i € I allocates firefighters to the flooding site j € .J
at stage 7 € R or not. s;; = 1 if there are firefighters allocated from i € I to j € J at stage r € R, otherwise it
equals to 0.

m;; Number of firefighters that are allocated from ¢ € I to j € J at stager € R.

v;; Number of fire engines that are allocated from ¢ € I to j € J at stager € R.

ij
Demand updating function
The criticality and severity of local flooding are highly influenced by population density and flood depth.
Higher population densities often correlate with increased emergency service needs due to the greater number
of individuals potentially affected. Real-time flood depth data provides insights into the severity and extent of
flooding, which directly impacts the urgency and scale of required rescue operations*!. By integrating these
factors, emergency management agencies can more accurately allocate resources to areas with the greatest need,
enhancing response efficiency and effectiveness. Therefore, population density data and real-time flood depth
data are utilized to help predict the demand for firefighters at each rescue stage.

First, based on the document Standards for Local Flooding Prevention and Control System Planning published
by the Department of Housing and Urban Construction??, and the risk evaluation method proposed by Cox et
al.*?, a risk mapping function is formulated as follows:

0, hj<0.15
1, 0.15<h} <03
1(hj) =1 2, 03<h <05  VjeJWreR
3, 05<hy <12
4, 12<h)

where 0-4 are flooding risk values, representing “no risk’, “low risk’,“medium risk’,“high risk” and “very high
risk” respectively. Recall that i} represents the flood depth at the affected site j at the start of stage . A higher
flood depth in a region indicates a more severe situation for citizens impacted by urban floods. Therefore, the
risk mapping function connects the water depths with risk values, highlighting the urgency of rescue operations
needed in a specific area at a given period.

Furthermore, according to the document GA/T 1340-2016 Classification of Fire Alarms and Emergency Rescue
Operations published by the Ministry of Public Security of the PRC!?, emergency rescue operations are classified
into four grades: Blue (Grade 1), Yellow (Grade 2), Orange (Grade 3), and Red (Grade 4). In a given region,
the total number of firefighters required for rescue at each grade can be estimated based on local emergency
authority regulations.

Denote the firefighter demand estimate function by z(x), which maps the risk value to the total number of
firefighters needed for rescue operations in a given area:

ap, =0
ai, x=1
wx) =< a2, =2
az, x=3
as, x=4

where ao, a1, az, as, and a4 represent the total number of firefighters needed under different risk levels. Up to
now, a demand forecasting function at stage r can be devised as:

,if [(Ags + (1= N f))u(L(R)))] er” mk <0
if [(Ags + (1= M) f])u(L(r)))] Zm E k=1

0
dj=1 0,
[(Ag; + (1 =N T)M( h3) N — Z Z _ ”, otherwise
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where g; = ‘yfﬂ and f] = ‘}LJiﬂm are the relative weight of the affected site j calculated based on the
Y Rt

population dengifylr and real-time flood diepth respectively. (Ag; + (1 — A) f) measures the relative urgency

of the rescue demand at stage r and p(1(h})) represents how many firefighters need to be dispatched in

total under the risk level corresponding to the current flood depth. Z;: lelll m”v is the total number of
[RARNY

firefighters dispatched to affected site j in the past stages. If [ (Ag; + (1 — ) f7 ) u(1(R}))T = >0 —) 21:1 ms;

is negative, it means that the firefighters allocated in the previous stages are sufficient to handle the rescue
operation at the current stage. Thus, there i 1s no need to dispatch more rescue forces to this site. And the reason
why [(Ag; + (1 = X) f)u(L(h]))] — lel ¥ = 1leads to 0 allocation of firefighters is that it is too

costly to send a single firefighter to the aﬁected site by ﬁre engine, which is also a waste of the vehicle resources.

Dynamic dispatching model
At the initial stage of the emergency rescue:

W =g —va Vi€l (11)
m? = Mqi —Mg; Vi€ET (12)
d) = [(Ag; + (L= N f)u(L(h))] Vi€ (13)

Equations (11) and (12) specify the number of vehicles and firefighters available for dispatch at each fire station
at stage 0. The quantities of firefighters and fire engines ready for dispatch are equal to the total rescue forces
available at each fire station, excluding those currently on duty. Equation (13) presents the estimated demand for
firefighters at each affected site in the initial stage.

At stage r, a bi-objective nonlinear programming model can be formulated as follows.

11 1J]
i=1 j=1
1 |J]
MinFy =y % (mi; +vly)si; (15)
i=1 j=1
s.t.
[J] (16)
Z spymi; <m; Viel
j=1
[J]
Zs%vfj <wv; Viel (17)
j=1
1]
nd; <3 shmi <dj Vj€J (18)
i=1
0. if [(Agy + (1= (LA = oy S0, ity < 0
dj = 07 ’—()\gj ( - )‘)f]T)M 1 hr ] - E(CH Z mf] =1 (19)
’—(Agj ( ) ;)M(ﬂ(h;‘))] k 1 Zz 1 ml]7 OtheT’UJiSE
mi; < Capvj; VielIVjeJ (20)
[J]
mp =m] ' — Z s:;lmzfl Viel (22)
i=1
[J]
= 72”51 Viel (23)
siti; <TC, VielVjelJ (24)
si; =01, VielVjelJ (25)
mi,vy; €N Viel VjeJ (26)
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The first objective (14) minimizes the total transportation time from supply sites to demand sites at stage r. The
second objective (15) minimizes the total number of firefighters and fire engines allocated at stage r. Constraint
(16) ensures that the number of firefighters allocated from fire station i does not exceed the available human
resources. Similarly, constraint (17) ensures that the number of fire engines dispatched from fire station i is
within the available range of vehicles. For each affected site, the demand is to be satisfied at a minimum level
of n and at most 100 percent to avoid oversupply, as shown in constraint (18). The demand updating function
is given in constraint (19). Constraint (20) is the capacity constraint that prevents vehicle overload. Constraint
(21) requires that at least two firefighters be dispatched for each mission to avoid wasting vehicle resources.
Additionally, the supply updating functions for firefighters and fire engines are provided in constraints (22) and
(23). Constraint (24) ensures that the transportation time for each dispatch remains within a specified limit,
thereby maintaining the efficiency of rescue operations at each stage. Finally, constraints (25) and (26) define the
variable types of the decision variables.

Solution algorithm

The first objective in the model focuses on rescue efficiency, aiming to minimize the total travel time at each
stage. The second objective aims to minimize the total number of firefighters and fire engines dispatched at each
stage to avoid unnecessary waste of rescue forces. Since time has the highest priority in emergency management,
objective 1 should be given more weight than objective 2 in the context of bi-objective programming. The
lexicographic ordering method proposed by Fishburn and Peter*! is an appropriate approach for handling this bi-
objective optimization problem, as it is well-suited for multi-objective programming problems with preferences.
Additionally, Miettinen has proven that the solution obtained through this method is Pareto optimal®.

The procedures for dealing with the bi-objective programming model are listed below:

Step 1 Minimize the single objective function F1 over constraint (16)-constraint (26). Denote the optimal
solution set by S1. Since only the decision variables sfj are involved in F1, step 1 of the algorithm determines
whether fire station ¢ € I allocates firefighters to the flooding site j € J at stage r € R.

Step 2 Minimize the single objective function F5 over S1 and constraint (16)-constraint (26). The optimal
solution for minimizing F% is then the optimal solution for the bi-objective programming. Step 2 of the algorithm
optimizes based on the optimal solution set .S1 from step 1, calculating the exact number of firefighters and fire
engines to be dispatched.

Case study

We present a case study to demonstrate the effectiveness of our approach in responding to short-term heavy
rainfall and urban flood disasters*¢, showcasing its potential for practical application. The numerical experiment
is based on a short-term heavy rainfall event that occurred in Futian District, Shenzhen, on April 11, 2019,
known as the 411 Shenzhen Rainstorm. This sudden rainstorm resulted in eleven fatalities and severe flooding,
with the maximum average precipitation over three hours reaching 65 millimeters?’. Zhang et al. applied multi-
source information fusion technology and conducted a hydrological analysis in Futian District, revealing that
many drainage facilities in the area are vulnerable to intensive rainfall, leading to urban flood disasters*®. Such
extreme short-term heavy rainfall underscores the need for rapid and efficient rescue planning to minimize
casualties and property damage.

Data collection and prepocessing

The road network of Futian District has been simplified in ArcMap 10.5, which consists of 176 nodes and 253
edges (road sections) in total, involving two-way 152 primary and 101 secondary road sections. The road grades,
the initial travel speed 'ui-’]- on each arc (j, j), the length of each arc l;;, and the parameters av;, Bij;, 7ij of the
253 road sections are shown in Table 1 (See Appendix for full version parameters). The worst-case initial travel
speeds on primary and secondary roads (v1 and v2) are estimated based on historical traffic data from Futian
District during heavy rainfall events (to maintain the confidentiality of data owned by the Shenzhen Urban
Public Safety Institute, we choose not to disclose this information). The length of each road section is obtained
using the “Calculate Geometry” function in ArcMap 10.5. The values of «;, (i, and ~;; are generated from
uniform distributions.

Futian District has 10 micro fire stations, each capable of accommodating two fire engines, along with 4
macro fire stations, forming the supply side of the emergency rescue forces. On the demand side, data gathered
from the Shenzhen Municipal Government Data Open Platform® identifies 4 local flooding areas to consider. The
real-time flood depth data (from 21:45 to 22:45) for the 4 affected sites is presented in Table 2. Missing data has
been supplemented using the ARIMA forecast model in time series analysis. The distribution of fire stations and
affected sites is illustrated in Fig. 3.

Regional flooding risk in urban communities is closely related to population size and the real-time flood
depth within local areas. Therefore, in this case study, we combine population density with real-time flood
depth to calculate the estimated risk value. First, we apply the natural breaks method™ to rank the risk levels of
communities based on population density. The natural breaks method is advantageous for identifying statistically
significant breakpoints in sequences, which allows for classification into groups with similar properties. As shown
in Table 3, we categorize the risk levels of communities by population density into six groups using the natural
breaks method. The population densities of the communities where the affected sites are located are 1.61, 3.60,
9.50, and 0.30. Consequently, the corresponding risk values are y1 = 1, y2 = 3, y3 = 5, and y4 = 1, as detailed
in Table 3. With the data collected from Shenzhen Urban Public Safety Institute, the number of firefighters and
fire engines ready for dispatching is listed in Table 4. The number of firefighters needed in total at each grade can
be estimated in the light of document®!.
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Number | Grade ”27‘ (m/s) l;j(m) | oy Bij(X10™%) | vi;

0 1 9 243.7418 | 0.147737 | 0.885932 0.231825
1 1 9 953.0958 | 0.147534 | 0.939648 0.231689
2 1 9 1088.97 | 0.144408 | 0.934826 0.229605
3 1 9 1193.622 | 0.140374 | 0.139786 0.226916
4 1 9 617.0218 | 0.122449 | 0.936607 0.214966
5 1 9 1022.968 | 0.120907 | 0.301653 0.213938
6 1 9 1036.715 | 0.153172 | 0.489365 0.235448
7 1 9 158.126 | 0.153879 | 0.760022 0.235919
8 1 9 940.0939 | 0.148897 | 0.613336 0.232598
9 1 9 1220.008 | 0.107838 | 0.318754 0.205225
10 1 9 457.6436 | 0.112594 | 0.799788 0.208396
11 1 9 698.3189 | 0.151139 | 0.109164 0.234093
12 1 9 746.4641 | 0.13642 | 0.844346 0.22428
13 1 9 764.3514 | 0.13082 | 0.359936 0.220547
14 1 9 531.897 0.11695 0.78416 0.2113
15 1 9 343.6456 | 0.146252 | 0.426952 0.230835
16 1 9 325.9226 | 0.127331 | 0.954343 0.218221
17 1 9 581.7265 | 0.141324 | 0.178783 0.22755
121 1 9 480.7909 | 0.133371 | 0.976056 0.222247
122 1 9 351.48 0.111386 | 0.54098 0.207591
123 2 7 226.1982 | 0.149205 | 0.960315 0.232803
124 2 7 455.0239 | 0.151097 | 0.259532 0.234065
125 2 7 913.5534 | 0.123517 | 0.766608 0.215678
126 2 7 744.1097 | 0.135821 | 0.849904 0.223881
127 2 7 843.9033 | 0.112059 | 0.822807 0.208039
128 2 7 352.6797 | 0.11573 | 0.516564 0.210487
129 2 7 517.0038 | 0.109515 | 0.369656 0.206343
130 2 7 442.568 | 0.121288 | 0.506183 0.214192
131 2 7 467.4661 | 0.144868 | 0.412378 0.229912
132 2 7 670.4621 | 0.120224 | 0.337953 0.213483
133 2 7 468.5429 | 0.124883 | 0.301826 0.216588
134 2 7 714.3466 | 0.145558 | 0.225184 0.230372
135 2 7 403.6624 | 0.137592 | 0.634183 0.225061
250 1 9 756.1556 | 0.144838 | 0.798243 0.229892
251 1 9 590.4093 | 0.149852 | 0.792327 0.233235
252 1 9 1452.393 | 0.134745 | 0.0604 0.223163

Table 1. Parameter settings of the shortest path planning.

u(x) = § 60,
150, = =3
all the firefighters except those on duty, = =4

Short-term intensive rainfall can lead to rapid water accumulation, with the flood depth at affected site 2 rising
by over 0.5 meters within just 10 minutes (from 21:50 onward), posing a significant threat to human safety.
It is assumed that the emergency authority determines dispatch decisions for firefighters every 10 minutes.
Therefore, during the rescue period (from 21:45 to 22:45), allocation strategies are dynamically determined
across six rescue stages.

Numerical results

The numerical experiments are conducted on a computer system that consists of an Intel Core i7-6500U CPU
at 2.50 GHz and 8 GB of RAM. For shortest path planning, Tables 5, 6, and 7 compare the performance of three
algorithms-Modified Dijkstra Algorithm!4, Customized A* Algorithm, and Preference-Based Customized A*
Algorithm-in identifying routes from node 154 to node 26, node 155 to node 40, and node 58 to node 14,
respectively. The optimal path from node 154 to node 26 is illustrated in Fig. 5.
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2019/4/11 21:45 | 0.070 | 0.180 | 0.160 | 0.038
2019/4/11 21:50 | 0.170 | 0.420 | 0.240 | 0.040
2019/4/11 21:55 | 0.170 | 0.890 | 0.320 | 0.240
2019/4/11 22:00 | 0.190 | 1.200 | 0.390 | 0.220
2019/4/11 22:05 | 0.170 | 1.350 | 0.500 | 0.180
2019/4/11 22:10 | 0.170 | 1.370 | 0.550 | 0.230
2019/4/11 22:15 | 0.140 | 1.340 | 0.550 | 0.230
2019/4/11 22:20 | 0.090 | 1.250 | 0.700 | 0.230
2019/4/11 22:25 | 0.060 | 1.160 | 0.610 | 0.230
2019/4/11 22:30 | 0.010 | 1.070 | 0.520 | 0.250
2019/4/11 22:35 | 0.030 | 0.940 | 0.430 | 0.240
2019/4/11 22:40 | 0.010 | 0.760 | 0.340 | 0.220
2019/4/11 22:45 | 0.000 | 0.490 | 0.250 | 0.110

Table 2. Real-time flood depths of 4 affected sites.

‘ affected sites
@ marco fire station
& micro fire station

ponding section
° node

= height limit road
= weight limit road
—— primary road

= secondary road 0 075 15 3Km

Fig. 3. Distribution of fire stations and local flooding sites in Futian District (Software: ArcMap 10.5; URL:
www.arcgis.com).

0.26<p<1.73 |29 1
1.73 < p<3.60 |24 2
3.60 < p<6.00 |19 3
6.00 < p <892 |12 4
8.92 < p<13.37 |9 5
13.37 < p < 24.85 |2 6

Table 3. The risk value of communities in terms of population density (10000 people/km?).
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Number of | 501 )4 154 |04 |7 ]9 |7 |7 |11]10]8 |8 |8 |10
firefighters
Numbe_rof 5 |5 |5 [2]21]2]2]2 |2 |2 |2 |2 |2
fire engines

Table 4. Number of firefighters and fire engines ready for dispatch at each fire station.

Number of nodes
explored in the algorithm 119 2 38
Algorithm running 125.66 36.90 29.92
time (ms)
[154, 121, 168, [154, 121, 168, [154, 121, 168,
Path 120, 104, 85, 73, 120, 104, 85, 73, | 120, 104, 85, 73,
58,37, 31, 26] 58,37, 31, 26] 58,37, 31, 26]
Vehicle travel 24.03 24.03 24.03
time (min)
Proportion of
primary roads 90% 90% 90%
in the path

Table 5. Comparison of three algorithms for routing from node 154 to node 26.

Number of nodes
explored in the algorithm 4 2 ¥
Algorlthm running 36.90 22.94 32.89
time (ms)
[155, 32, 35, [155, 32, 35, 95552)1321)6?(’)5)
Path 25,31, 37, 25,31, 37, 14’ 15’ 18 ?
38, 39, 40] 38, 39, 40] 19, 30, 40]
Vehicle travel 17.15 17.15 28.55
time (min)
Proportion of
primary roads 75% 75% 90.91%
in the path

Table 6. Comparison of three algorithms for routing from node 155 to node 40.

Number of nodes

explored in the 119 15 20

algorithm

Algorithm running | g, g 15.96 27.93

time (ms)

Path [58,37, 31, [58,37, 31, [58, 37, 38, 33,
25,21, 160, 14] 25,21, 160, 14] | 28,18, 15, 14]

Vehicle travel 17.31 17.31 2125

time (min)

Proportion of

primary roads 83.3% 83.3% 100%

in the path

Table 7. Comparison of three algorithms for routing from node 58 to node 14.
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Fig. 4. Comparison of three algorithms for routing from 14 fire stations to 4 flooding sites.
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Fig. 5. Optimal path from node 154 to node 26 (Software: ArcMap 10.5; URL: www.arcgis.com).

In general, compared to the modified Dijkstra algorithm!?, the customized A* algorithm explores fewer
nodes and demonstrates better performance in terms of algorithm runtime, which aligns with our theoretical
analysis. More importantly, both the modified Dijkstra algorithm and the customized A* algorithm consistently
find optimal paths, as guaranteed by Theorem 2. Furthermore, it can be observed that the preference-based
customized A* algorithm does not always guarantee the optimal path in terms of travel time. For instance, as
shown in Table 6, the percentage of primary roads selected in the path increases by over 15%, resulting in an
additional 11 minutes of vehicle travel time. However, the preference-based customized A* algorithm reliably
provides an alternative path choice for emergency response planning when needed. For instance, as shown
in Table 7, the path selected by the preference-based customized A* algorithm includes 100% primary roads,
yet the vehicle travel time (21.25 minutes) is slightly higher than the optimal driving time obtained by the
customized A* algorithm (17.31 minutes). Therefore, it is difficult to definitively determine which path would
lead to an earlier arrival in real-world scenarios. In summary, the preference-based customized A* algorithm
can accommodate the user’s preference for driving on primary roads, albeit at the cost of increased vehicle travel
time.

Figure 4a and b illustrate the overall performance of three algorithms in finding paths from 14 fire stations to
4 flooding sites. The results reveal similar patterns, demonstrating that our proposed customized A* algorithm
explores fewer nodes while ensuring path optimality. Moreover, the preference-based customized A* algorithm
increases the average use of primary roads.
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Since we consider worst-case vehicle travel times by using worst-case initial travel speeds, the final
transportation times from fire stations to local flooding sites may exceed the actual vehicle travel times.
Moreover, as the worst-case initial travel speeds are deterministic, the computed travel times remain constant
across rescue stages. Therefore, using the optimal travel times from fire stations to local flooding sites, calculated
based on the customized A* algorithm (as shown in Table 8), the dynamic scheduling model is solved according
to our solution procedures. The lexicographic ordering and cutting plane methods embedded in Gurobi 9.0
are employed to solve the reformulated problem stage by stage. In the dynamic scheduling model, we set the
standard relief time 7°C' = 22( min), the weight parameter A = 0.5, the capacity limit C'ap = 6, and the
minimum satisfaction rate 7 = 0.9 to determine the allocation strategies of firefighters and fire engines at each
stage. The number of fire engines and firefighters dispatched at each stage are provided in Tables 9 and 10.

Sensitive analysis

In this section, we investigate the optimal allocation strategy under varying minimum satisfaction rates ()
and the weight parameter (A), which determines the relative importance of population density and local flood
severity. Since the flooding at affected sites 1 and 4 poses minimal safety threats and no more than two firefighters
are dispatched to either site, our sensitivity analysis focuses on sites 2 and 3.

As shown in Figs. 6 and 7, regardless of the minimum satisfaction rate 7, the allocation quantity increases
from stage 0 to stage 1 and decreases from stage 2 onward. This phenomenon occurs because the rising rainfall
intensity and increasing waterlogging levels at local flooding sites initially drive a surge in demand for firefighters
during the early stages. However, as flood depths recede, the risk levels at affected sites diminish, leading to a
reduced demand for firefighters in the later stages.

Furthermore, compared to allocation strategies with a lower minimum satisfaction rate, a higher 7 leads to
more firefighters being dispatched in the early stages and fewer firefighters scheduled from stage 2 or 3 onward.
As indicated by the demand updating function (19), allocating a larger number of firefighters at the early stages
(driven by a higher 7) often suffices to meet the rescue demand. Consequently, fewer firefighters are required in
the later stages compared to the allocation based on a lower minimum satisfaction rate 7.

Figure 8 highlights the impact of the relative importance of population density versus flood severity on the
dispatch of rescue forces. When less importance is placed on the severity of local flooding (i.e., when more
importance is placed on population density), as A increases from 1 to 3, the number of firefighters allocated
to affected site 2 decreases before stage 3. However, the opposite trend is observed at affected site 3, where the
number of firefighters allocated increases with A. This interesting phenomenon arises because increasing the
weight parameter \ amplifies the significance of the risk value associated with population density. Compared
to affected site 2, site 3 has a higher population density but lower flood depths. The increase in A prompts
the emergency authority to place greater emphasis on areas with dense population, increasing the criticality of
emergency rescue at affected site 3 and leading to more rescue forces being allocated there. Therefore, the relative
importance of population density versus flood severity significantly impacts the distribution of rescue forces
over affected sites during urban floods.

It can also be observed that more firefighters are dispatched to affected site 2 during the initial stages (stage 0,
stage 1), but the number decreases from stage 2 onward. A similar pattern is seen at affected site 3, with the key
difference being that the maximum allocation occurs at stage 2 rather than stage 1. As a result, the allocation at
affected site 3 surpasses that at site 2 from stage 2 onward. This aligns with the patterns of flood depth changes
at the different affected sites over the stages.

Affected
Fire site
station | 1 2 3 4
1 24.03 | 18.55 | 19.54 | 21.06
2 11.83 | 17.15 | 23.68 | 14.10
3 1845 (9.71 |7.43 |12.71
4 12.72 | 15.08 | 21.54 | 13.47
5 447 (396 |10.09 |5.12
6 6.08 |[6.16 |12.36 |3.25
7 10.20 | 15.48 | 21.96 | 12.45
8 14.56 | 13.06 | 19.46 | 15.33
9 19.52 | 10.75 | 4.60 |13.76
10 19.77 | 11.00 | 7.14 | 14.01
11 25.59 [25.79 | 27.01 | 23.97
12 13.45 | 18.46 | 23.16 | 15.39
13 12.45 | 17.47 | 22.14 | 14.41
14 14.97 | 11.18 | 12.49 | 12.10

Table 8. Optimal travel times from 14 fire stations to 4 affected sites (calculated based on the customized A*
algorithm).
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Fire station
Stage |1 |2 |3 (4 |5(6 |7 |8 |9 |10 |11 |12 |13 |14 | Affected site
stage0 |0 [0 O |0 |00 |O|0OO|O |O |O |O |O |1
0/0|0|0O|21]0O|0O|0O]O|O |O |O |O |O |2
0/0f0|0(0O|O|O|O|1|O |O |O |O |O |3
0[0|0|0O|0O|O|O|O|O|O |O |O |O |O |4
stagel |0 |0 |O |0 |1 |0 |0O|0O|O|O |O |O |O |O |1
5/0(4|0(0[0|0|0]0O|0O |O |O |O |O |2
0/0f0|0O|0O|O|O|O|1|2 |O |O |O |O |3
0[0|0|0O|0O|1|0O|0O]O|O |O |O |O |O |4
stage2 |0 |0 |0 |0 |00 |O|0O|O|O |O |O |O |O |1
0[4(0[0[0|1|0|0]O0O|O |O |O |O |O |2
0/0|0O|4]0]0O|O|0O]O|O |O |O |O |2 |3
ojojojojofojofojofo (o (0 (0 |O |4
stage3 |0 [0 |0 |0 |00 |O|0O|O|O |O |O |O |O |1
0[0|0|0O[0O|O|O|O|O|O |O |O |O |O |2
ojojojojofojofrjofo0 (o (0 (0O |O |3
0[0|0|0O|0O|0O|O|O|O|O |O |O |O |O |4
stage4 |0 [0 |0 |0 |00 |O|0O]O|O |O |O |O |O |1
0/0|0|0[0O]O|O|0O]O|O |O |O |O |O |2
1/0{0|0|0|0O|O|O|O|O |O |O |O |O |3
0[0|0|0O|0O|O|O|O|O|O |O |O |O |O |4
stage5 |0 [0 |0 |0 |0 |0 |O|0O|O|O |O |O |O |O |1
0/0|0|0|0O|0O|O|0O]O|O |O |O |O |O |2
0oj0fojojojo0f0|0O[O|O |O |O |O |O |3
000|000 |O|0O|O|O |O |O |O |O |4

Table 9. Number of fire engines dispatched at each stage.

Conclusions

This research investigates shortest path planning and dynamic rescue force dispatching in response to urban
flood disasters. The study is divided into two phases. In the first phase, to determine the worst-case optimal travel
times from fire stations to local flooding sites during floods, we develop a path selection model for rescue vehicles
that incorporates more complex and realistic scenarios. A customized A* algorithm is designed to efficiently
solve this model. In the second phase, using the worst-case optimal travel times derived from the customized
A* algorithm as inputs, we formulate a bi-objective dynamic dispatch model for scheduling firefighters and
fire engines. The lexicographic ordering method, combined with the cutting plane method embedded in the
optimization solver, is used to solve the model and determine the optimal dispatch strategies at each rescue stage.
We highlight the innovations and practical applications of our paper as follows:

1. We demonstrate that the proposed customized A* algorithm offers higher search efficiency than the time-var-
ied modified Dijkstra algorithm!*. Additionally, a preference-based customized A* algorithm is designed to
accommodate preferences for primary roads, selecting paths that feature a higher proportion of primary
roads at the expense of increased vehicle travel time.

2. For the demand forecast of firefighters at each stage, we innovatively incorporate two key factors related to
flooding: population density and real-time flood depths. Unlike existing literature, where dispatching of res-
cue forces is typically based on teams, our scheduling approach removes this constraint, allowing for more
flexible allocation strategies by determining the exact number of firefighters and fire engines dispatched at
each stage.

3. Our sensitivity analysis reveals that the allocation of firefighters and fire engines across stages corresponds
with changes in the severity of local flooding. Moreover, a higher minimum satisfaction rate, 7, results in
greater allocations during the early stages, followed by a more pronounced decline in later stages compared
to an allocation strategy with a lower 7. When 7 is fixed, the weight parameter A plays a crucial role in shap-
ing the optimal allocation strategy. This is because A adjusts the relative importance of population density
risk and the severity of local flooding, influencing the urgency of rescue operations at different affected sites.
Therefore, emergency authorities must exercise caution when determining dispatch strategies, ensuring a
balanced consideration of both risks.

4. Overall, this study develops a practical emergency rescue framework tailored for responding to urban floods
caused by short-term intensive rainfall. Designed to support real-world emergency response planning, the
framework integrates optimal path planning for emergency vehicles, accurate rescue demand forecasting,
and dynamic dispatching of rescue forces at different stages. By addressing critical challenges in flood re-
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Fire station
Stage |1 |2 |3 |4 |5|6|7 8|9 |10 |11 |12 |13 |14 | Affected site
stage0 (O |0 |O |O [0 |O|O|O|O|O (O |O (O (O |1
0o |0 (0 |O |5|0|0|0O|O|O0O |O |O |O |O |2
o |0 (0O |O |O|O|O|O|6|0 |O |O |O |O |3
0o |0 (0O |O |O|O|O|O|O|O |O |O |O |O |4
stagel (O |0 |O |O [2|0|0|0O|O|O (O |O (O (O |1
30 |0 (240 |(0|0O|O|O|O|O |O |O |O |O |2
o |0 (O |O |O|O|O|O|5|9 |O |O |O |O |3
0o |0 (0O |O |0O|2|0|0O|0O|0O |O |O |O |O |4
stage2 {0 |0 |O |O |0O|0O|O0O|O|O|O (O |O (O (O |1
0 |24/0 |0 |0O|4|0|0O|O|0O |O |O |O |O |2
0o |0 (0 |22|0|0|0O|O|O|0O |O |O |O |10]|3
0 0 |0 0 0|0(0]|0]0O]O 0 0 |0 0 |4
stage3 {0 |0 |O |O [0O|O|O|O|OfO (O |O [O (O |1
o |0 (0O |O |O|O|O|O|O|O |O |O |O |O |2
0 0 |0 0 0|0(0]|4]0]0 0 0 |0 0 3
o |0 (0O |O |O|O|O|O|O|O |O |O |O |O |4
stage4 |0 |0 |O |O [0 |O|O|O|O|O (O |O (O (O |1
o |0 (0O |O |O|O|O|O|O|O |O |O |O |O |2
4 (0 |0 |O |[OfOfO(O|OfO |O (O |O |O |3
0o |0 (0O |O |O|O|O|O|O|O |O |O |O |O |4
stage5 (0 |0 (O |O [O|O|O|O|O|O (O |O (O (O |1
o |0 (0O |O |O|O|O|O|O|O |O |O |O |O |2
o |0 (0O |O |O|O|O|O|O|O |O |O |O |O |3
o |0 (0O |O |O|O|O|O|O|O |O |O |O |O |4

Table 10. Number of firefighters dispatched at each stage.
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Number of firefighters allocated

Stages

Fig. 6. Firefighters allocation at affected site 2 with different n( A = 1/2).

sponse operations, this framework provides actionable insights and tools for emergency authorities to en-
hance the efficiency and effectiveness of their rescue efforts.

We acknowledge several limitations of our study that point to fruitful directions for future research. First, our
use of worst-case travel times based on historical data simplifies the uncertainty inherent in disaster scenarios.
Relaxing this assumption and incorporating probabilistic or distributional travel time data would transform the
model into a stochastic program, offering a more realistic yet computationally challenging formulation. Second,
the dispatching model operates on a discretized time scale, which may not fully capture the continuous and time-
sensitive nature of real-world rescue operations. Future research could explore continuous-time formulations to
better support real-time decision-making. Third, while we focus on modeling the allocation of rescue forces,
we do not consider behavioral responses of affected populations, such as spontaneous evacuations or panic
behavior. Integrating such behavioral factors through agent-based modeling or empirical data could enhance
the robustness of the model’s recommendations. In addition, the accuracy of rescue demand estimation could be
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Fig. 7. Firefighters allocation at affected site 3 with different n( A = 1/2).
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Fig. 8. Firefighters allocation at affected sites 2 and 3 with different A(7 = 0.90).

improved by incorporating broader predictors, such as real-time weather, population density, and infrastructure
conditions. Moreover, although the current dispatching model includes two objectives, it does not fully capture
the range of trade-offs encountered in real-world disaster response, such as balancing efficiency, equity, and
cost. Future work could adopt a more comprehensive multi-objective optimization framework, potentially using
Pareto frontier analysis to better support complex decision-making. Lastly, the model currently focuses on a
single type of rescue activity. Future work may consider the coordination of multiple specialized teams, which
would require richer data and more complex modeling frameworks.

Data availability
All data generated or analysed during this study are included in this published article [and its supplementary
information files].
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