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Abstract

To improve emergency response efficiency in passenger ship fire accidents and ensure the
life safety of passengers and crew, this paper proposes a dynamic route planning model
for passenger ship fire evacuation that accounts for fire spread. Firstly, a passenger ship
fire spread model is established based on the field simulation theory, and an emergency
evacuation network model is constructed by determining the evacuation network topol-
ogy from the fire propagation process. Secondly, the factors affecting emergency evacua-
tion route planning during fire spread are analyzed, and a multi-objective optimization
model for dynamic evacuation routes is developed. Thirdly, an improved ant colony op-
timization algorithm is designed to solve the problem. Finally, using the RP1 vessel from
the publicly available ship evacuation dataset of the EU Seventh Framework Program
SAFEGUARD project as a case study, simulation and comparative experiments are con-
ducted. The results show that, in medium- and large-scale evacuation problems, the pro-
posed method consistently maintains higher computational efficiency compared with the
DABD algorithm and the FOA. In terms of objective optimization, it demonstrates that
the proposed method has better effectiveness and feasibility than the shortest-path evac-
uation strategy, as it minimizes evacuation cost while satisfying assembly station capacity
constraints and achieves a more balanced utilization of all emergency exits.

Keywords: passenger ship fire; emergency evacuation; route planning; multi-objective
optimization; ant colony algorithm

1. Introduction

Ship fires are one of the most serious safety threats in maritime transportation. Ac-
cording to the International Maritime Organization (IMO) accident database, among the
1202 maritime incidents recorded from 1 January 2020 to 1 June 2025, 71 were caused by
ship fires [1]. Compared with fires in land-based buildings, ship fires are far more hazard-
ous, as they are characterized by multiple ignition causes, rapid fire spread, great diffi-
culty in fire suppression, and complex evacuation and rescue processes, thereby posing a
serious threat to human life. In recent years, passenger ships have become a major choice
for maritime transport and tourism [2]. In 2023, global passenger traffic exceeded 31 mil-
lion. Therefore, when a ship fire occurs, carrying out effective emergency evacuation and
minimizing casualties as much as possible is an urgent and complex task.

At present, research on emergency evacuation route planning for passenger ships
under fire scenarios is relatively limited both domestically and internationally. Previous
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studies on passenger ship evacuation route planning have mostly treated the problem as
a static path planning issue within a certain scope, often neglecting the impact of various
dynamic environmental factors during fire spread on evacuation route planning, and typ-
ically assuming that evacuees’ movement speed is constant. In addition, the efficiency of
the algorithms used to solve path planning models still needs to be further improved.

To address these issues, this study focuses on the dynamic evacuation route planning
problem for passenger ships under fire spread scenarios, with the main contributions as
follows:

(1) Construction of the passenger ship fire emergency evacuation network. The con-
struction of the evacuation network is of great importance and serves as the foundation
for the study of dynamic route planning for passenger ship fire emergency evacuation. In
this paper, a passenger ship fire spread model is developed based on field simulation the-
ory, including the turbulence flow model, combustion model, and radiative heat transfer
model. Based on the fire spread process, the topological structure of the evacuation net-
work is determined, and an evacuation network model is subsequently established.

(2) Construction of the dynamic route planning model for passenger ship fire emer-
gency evacuation. First, the factors affecting emergency evacuation route planning during
passenger ship fire spread are analyzed. Then, by comprehensively considering the effects
of these factors on evacuation efficiency and safety, the real-time influence of various dy-
namic environmental factors during fire spread on evacuee movement speed is quantita-
tively evaluated. On this basis, a multi-objective optimization model for dynamic evacu-
ation route planning under passenger ship fire conditions is established. Specifically, min-
imum evacuation time, minimum evacuation distance, and minimum fire risk are selected
as the objective functions of the dynamic evacuation route optimization problem under
time-varying conditions. Corresponding constraints are formulated in terms of route fea-
sibility, unidirectionality, evacuation time, and assembly station capacity.

(3) Algorithm development for solving the dynamic route planning model for emer-
gency evacuation in passenger ship fires. In this study, the model is solved using an im-
proved ant colony optimization algorithm. The improvements include: 1) applying linear
interpolation to fire environment parameters, such as carbon monoxide concentration,
temperature, and visibility, to accurately estimate conditions at each evacuation node at
any time; 2) designing a heuristic function that jointly considers multiple evacuation ob-
jectives; 3) introducing a non-dominated sorting-based multi-objective pheromone up-
date mechanism to identify routes with better overall performance; and 4) adopting an
adaptive backtracking strategy to prevent the algorithm from entering dead loops.

The remainder of this paper is organized as follows. The relevant literature is re-
viewed in Section 2. The passenger ship fire emergency evacuation network model is con-
structed in Section 3. The dynamic route planning model for passenger ship fire emer-
gency evacuation is developed in Section 4. In Section 5, the RP1 vessel from the publicly
available ship evacuation dataset of the EU Seventh Framework Program SAFEGUARD
project is taken as a case study to conduct simulation and comparative experiments,
thereby verifying the feasibility and effectiveness of the proposed model and algorithm.
Finally, the conclusion is presented in Section 6.

2. Literature Review

In the optimization of passenger ship evacuation plans, issues like evacuation route
planning and the timing of evacuation orders have attracted attention from researchers.
For example, Casareale et al. [3] used a modified version of the FDS and EVAC Fire Dy-
namics Simulator to simulate ship evacuation scenarios, demonstrating the effectiveness
of wayfinding solutions in improving passenger evacuation flows and route selection. Ng
et al. [4] proposed a passenger ship evacuation model minimizing evacuation time, con-

https://doi.org/10.3390/jmse14131226



J. Mar. Sci. Eng. 2026, 14, 1226

3 of 34

sidering various groups (children, women, elderly), and established an accelerated
method for real-time emergency response, optimizing strategies for diverse evacuee
groups and resources to meet operational demands. Xie et al. [5] proposed an agent-based
optimization method for determining evacuation order timing, which identifies optimal
and worst response time parameters while significantly reducing evaluation samples. Re-
search on passenger ship evacuation optimization is still in its early stages, with few re-
sults, while studies in other evacuation fields are more abundant [6-11]. Although the
research subjects differ, these studies all aim to enhance evacuation efficiency by consid-
ering resource allocation, safety, and time constraints, providing valuable insights for pas-
senger ship evacuation research.

Unlike land-based buildings, passenger ships are floating transport systems whose
evacuation processes are also affected by ship motions, such as heel, trim, and rolling, as
well as marine environmental factors. Accordingly, some studies have examined how ship
motion influences evacuation behavior [12-14]. However, what researchers have rarely
considered is that smoke, toxic gas dispersion, and temperature exhibit significant time-
varying characteristics in ship fire evacuation [15,16]. These dynamic factors can reduce
route capacity, slow evacuees, prolong evacuation time, and ultimately affect overall evac-
uation efficiency [17]. However, existing studies usually formulate route optimization as
a discrete network flow problem with time constraints [18], and relatively little attention
has been paid to the real-time impact of sudden fire events on the time-varying capacity
of evacuation links. Most studies assume that evacuees’” movement speed remains con-
stant on each link of the evacuation network. Therefore, ship evacuation modeling under
fire scenarios should account not only for multiple optimization objectives but also for the
dynamic evolution of the fire environment and its real-time impact on evacuation.

At present, research on dynamic route planning methods for ship passenger evacua-
tion remains limited, although some progress has been made in other related fields. Some
scholars have attempted to address dynamic shortest route problems by improving clas-
sical static shortest route algorithms such as Dijkstra and A* [19,20], but these methods
still have limitations when dealing with complex multi-objective problems. With the ad-
vancement of science and technology and the integration of multiple disciplines, bio-in-
spired intelligent algorithms, such as artificial immune systems, genetic algorithms, and
ant colony algorithms, have gradually been introduced into the field of dynamic route
planning. These algorithms simulate natural biological behaviors or evolutionary mecha-
nisms, providing new approaches to solving complex dynamic optimization problems.
For example, Khalid et al. [21] addressed emergency route planning under disaster sce-
narios by characterizing crowd dynamics through group cohesion and applying an artifi-
cial immune system (AIS) algorithm to optimize routes. Zhang et al. [22] proposed an
improved genetic algorithm for mobile robot route planning in dynamic environments by
introducing visible space, matrix encoding, and new mutation operators, thereby enhanc-
ing solution feasibility and algorithm convergence speed. Men et al. [23] developed an
adaptive chaotic particle swarm optimization algorithm to solve multi-crowd congestion-
relief evacuation planning under Gaussian Type-2 fuzzy environments. Numerical exper-
iments demonstrated that this method performed well in terms of solution quality and
computational efficiency. Ant colony optimization (ACO) algorithms, due to their strong
adaptability, prominent positive feedback mechanisms, and robustness, have been widely
applied across various fields [24-27]. For instance, Li et al. [28] constructed an optimiza-
tion model for multi-depot green vehicle routing aiming to maximize profit while mini-
mizing cost, time, and emissions, and solved it using an improved ACO algorithm; the
results showed superior solution quality compared to classical ACO. Deng et al. [29] de-
veloped a hybrid optimization algorithm combining multiple particle swarm strategies
with ant colony optimization for airport runway planning, demonstrating effective opti-
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mization of taxiing routes, reduced conflicts, and improved utilization of taxiway re-
sources. Dong et al. [30] addressed dynamic evacuation route planning under dam-break
flood scenarios by constructing a road network using graph theory and proposing a hy-
brid algorithm (ACO-GA) that combines a backtracking strategy, elite ant mechanism,
and genetic algorithm advantages to overcome the slow convergence and local optima
issues of traditional ACO. Results indicated that this hybrid algorithm outperformed the
basic ACO in both accuracy and convergence speed. Liu et al. [31] proposed an improved
ant colony system (IACS) to solve the emergency evacuation route planning problem for
cruise ship crowds, and improved the algorithmic efficiency by introducing an increasing
flow method, thereby verifying the applicability of ant colony algorithms to multi-route
evacuation planning for cruise ships. These studies provide new ideas for solving dy-
namic evacuation route planning problems; however, existing algorithms still show in-
sufficient adaptability to multi-objective, highly time-varying scenarios such as cruise ship
fire evacuation in aspects including parameter handling, heuristic function construction,
pheromone updating, and deadlock management.

In summary, at present, research on emergency evacuation route planning for pas-
senger ships under fire scenarios is relatively limited both domestically and internation-
ally. Previous studies on passenger ship evacuation route planning have mostly treated
the problem as a static path planning issue within a certain scope, often neglecting the
impact of various dynamic environmental factors during fire spread on evacuation route
planning, and typically assuming that evacuees’ movement speed is constant. In addition,
the efficiency of the algorithms used to solve path planning models still needs to be further
improved. Therefore, this study focuses on the dynamic evacuation route planning prob-
lem for passenger ships under fire spread scenarios.

3. Construction of the Passenger Ship Fire Emergency Evacuation
Network

To clarify the overall methodological framework of this study and the logical rela-
tionship among the main research procedures, the technical roadmap of the proposed
method is first presented in this chapter, as shown in Figure 1. The framework follows the
logic of “evacuation network construction—fire spread simulation-dynamic route plan-
ning model formulation—-multi-objective optimization solution”. Specifically, in Section 3,
the evacuation network under fire-affected conditions is established. In Section 4, the
multi-objective dynamic route planning model based on this network is further developed
and an improved ant colony optimization algorithm is designed.

In the study of dynamic route planning for passenger ship fire emergency evacuation,
the construction of the evacuation network is of great importance, as it provides the foun-
dation for route planning research. This section focuses on the development of the evacu-
ation network, mainly including the network construction of the evacuation environment,
the construction of the fire spread model, and the determination of the evacuation net-
work topology based on the passenger ship fire spread model.
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Figure 1. Technical roadmap.

3.1. Evacuation Environment Network Construction

To meet the application requirements of the evacuation model developed in this
study, the two-dimensional passenger ship layout must be transformed into an evacua-
tion network topology. According to the functions of different onboard facilities, a pas-
senger ship can be divided into areas such as bars, restaurants, stairways, shopping areas,
cabins, storage areas, corridors, and decks. Some of these areas are connected by corridors
or doors. Therefore, this study first takes the centroid of each area as a network node, and
then determines the connectivity between different areas by identifying whether doors or
corridors exist between them. Finally, the centroids are connected through doors and cor-
ridors, and the accessible passageways linked to each centroid are treated as the edges of
the network structure, thereby generating the evacuation network topology and convert-
ing the evacuation environment into a network representation.

Specifically, the emergency evacuation network is represented by a directed graph

G=0A) i which V=YYV V,={v, Is=123,..n} d V,={v,1s=1,23,..n,}

denote the set of source nodes (i.e., the locations of evacuees) and the set of destination
nodes (i.e., the evacuation exits of the passenger ship), respectively; i and j are node indi-

A={(v,.,vj.)|v[,vj € V}

ces; and denotes the set of arcs. The topology of the evacuation

network is shown in Figure 2.
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Figure 2. A network topology diagram.

3.2. Construction of Field Simulation-Based Passenger Ship Fire Spread Model

In this study, the passenger ship fire spread model is developed based on field sim-
ulation. In the field model, the entire passenger ship domain is divided into numerous
small and discrete control volumes, as shown in Figure 3, where A4~G denotes the
boundary point. Energy, mass, and chemical species are exchanged between adjacent con-
trol volumes through the nodes located on their boundaries, making it possible to obtain
more realistic distributions of the temperature field and smoke field, as well as accurate
distributions of various physical quantities.

Z
A D
1
| E
B i
|
|
:’y e
ol F N

Figure 3. Control body.

Specifically, the exchanged energy, mass, and chemical species in the field model are
the coupled products of different physical processes, and are mainly computed through
three mathematical models: the turbulent flow model, the combustion model, and the ra-
diative heat transfer model. These three models work in close coordination during field
simulation, each providing the necessary data support for the others and jointly repro-
ducing the complex dynamic behavior of fire. The turbulent flow model [32] is used to
calculate the movement and diffusion routes of smoke in enclosed spaces under fire con-
ditions. The combustion model [33] is used to simulate the combustion process of the fire
and is responsible for generating the heat, smoke, and toxic gases produced during the
fire. The radiative heat transfer model [34] is used to calculate the thermal impact of the
fire on adjacent cabins and passageways.

3.3. Evacuation Network Topology Based on the Passenger Ship Fire Spread Model

During fire spread, smoke temperature, visibility, and CO concentration pose serious
threats to evacuees’ health. Therefore, this study selects smoke temperature, visibility, and
CO concentration as the key parameters in the evacuation network, and calculates their
values under time-varying conditions to evaluate the impact of fire spread on passenger
evacuation.

First, the calculation of CO concentration involves the mass conservation equation
and the chemical reaction kinetics equation. Specifically, the variation in CO concentration
can be described by the following convection—diffusion-reaction equation:

https://doi.org/10.3390/jmse14131226
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5;0 +V'(pcou)ZV'(DCOVIOCO)J'-RCO (1)

where P« is the concentration of CO (mass fraction or mole fraction), ¥ is the fluid ve-

locity vector, Deo is the diffusion coefficient of CO, and Reo is the generation/consump-
tion rate of CO, which can be calculated using a chemical reaction kinetics model.

The chemical reaction kinetics model is usually expressed in the form of the Arrhe-
nius equation:

Reo = Aexp(—— ) FUEL] @)

where 4 is the frequency of successful collisions between reactant molecules that lead
to reaction, E. is the activation energy, i.e., the minimum energy required for the reac-

tion to occur, R isthe gas constant, and [FUEL] is the fuel concentration.
Second, the calculation of temperature is based on the energy conservation equation,
which is generally expressed as:

pcp(%—f+u~VT)=V~(kVT)+(}—zih,. m 3)

where # s the fluid density, s the specific heat capacity at constant pressure, T

is the temperature, k is the thermal conductivity, 9 is the volumetric heat source term,

m;

B s the enthalpy of the (i)-th chemical species, and is the generation rate of the (i)-

th chemical species.

In addition, smoke concentration is assessed by the light extinction coefficient ko A
larger value of k. indicates a higher smoke concentration and lower visibility. The rela-
tionship between visibility V and the light extinction coefficient k. can be estimated us-

ing Koschmieder’s law [35]. The calculation formula of k. is as follows:

K
k=i @
where Vis the visibility, measured in meters, and K isa constant, usually taken as 3.912.

Fire is a dynamic process. During this process, once the real-time temperature, toxic
gas concentration, or visibility reaches a high-risk level, the accessibility of evacuation
nodes will be affected. Therefore, in order to further solve the dynamic route planning
problem for passenger ship evacuation under fire spread conditions, it is necessary to de-
fine the hazard level of each node, dynamically update the hazard level of each node in
the evacuation network during the evacuation process, and promptly eliminate impassa-
ble nodes and route segments.

Based on the above analysis of temperature, toxic gas concentration, and visibility in
the evacuation network, after these parameters are calculated, the impact of fire on per-
sonnel evacuation is classified into three levels, namely safe, relatively dangerous, and
highly dangerous, and the fire hazard level of each route node in the evacuation network

12
is then determined [36]. Let F denote the safety status of node 7 at time ¢. Its calculation
formula is given as follows:

https://doi.org/10.3390/jmse14131226
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0<T<30
safe nodeor p,, <0.1
ork, <04
30T <60
P' =< relatively safe nodeqor 0.1< p. <0.25 (5)
or04<k, <12
60<T <120

dangerous node s or p_, =0.25
ork, =12

Specifically, when node i is in a safe state, danger; =1

is assigned, indicating that the
fire hazard level of the route node is low and that node i is safe; under this condition,
passengers can pass through normally. When node i is in a relatively safe state,

danger; =2 is assigned, indicating that the fire hazard level of the route node is relatively

high and that node i is in a relatively safe state; under this condition, passengers can barely
pass through, and the evacuation route may be replanned according to the specific situa-

tion. When node i is a dangerous node, danger, =3

is assigned, indicating that the fire
hazard level of the route node is extremely high and that node i is in a highly dangerous
state. In this case, this study assumes that the fire has already spread to the node, making
it unsuitable for passenger passage, and evacuation routes with a higher safety level will
be dynamically planned for evacuees.

In summary, the topological structure of the passenger ship fire emergency evacua-

tion network constructed in this study is shown in Figure 4. The evacuation network, in

addition to the basic route parameter information, such as 4 and G , which denote the
distance and capacity of the route segment from node i to node j, respectively, also in-

cludes time-varying dynamic parameter information, such as Ti(t), Pi ([), ki @) , and

danger;(1) , which represent the temperature, CO concentration, light extinction coefficient,

and fire hazard level at node i at time ¢, respectively.

T,(t) T(t)
P () Py @)
k(1) 0

danger,(t) danger, (1)

Figure 4. Emergency network evacuation topology diagram.

4. Construction of the Dynamic Route Planning Model for Passenger
Ship Fire Emergency Evacuation

At present, originally passable routes inside passenger ships may reach hazardous
states at certain times under the influence of multiple hazard sources, resulting in some
routes becoming impassable and making route optimization a complex and challenging
task. In addition, during evacuation, some studies directly ignore the impact of fire on
passenger health and assume that passenger evacuation speed remains constant, which
fails to accurately reflect real conditions. Therefore, to address the above issues, this study
proposes a scientifically sound and reasonable dynamic route planning model for passen-
ger ship fire emergency evacuation.

https://doi.org/10.3390/jmse14131226
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4.1. Problem Description and Model Assumptions

Once a fire occurs on a passenger ship, the evacuation environment continues to
evolve with fire spread and smoke diffusion. As a result, routes that were originally pass-
able may become hazardous or even invalid at a certain moment, making evacuation route
selection highly dynamic and uncertain. Meanwhile, factors such as high temperature,
smoke, changes in CO concentration, reduced visibility, and passenger panic continu-
ously affect passengers’ health conditions, mobility, and traffic efficiency, causing evacu-
ation speed to exhibit clear time-varying characteristics. Therefore, traditional route plan-
ning methods that treat the evacuation environment as static and assume a constant move-
ment speed are unable to accurately reflect the evacuation process under passenger ship
fire conditions.

In addition, evacuation route planning for passenger ship fires is influenced not only
by the dynamic changes in the fire environment, but also by multiple factors such as evac-
uation distance, evacuation time, and assembly station capacity. Excessive evacuation dis-
tance increases the exposure time of evacuees to hazardous conditions and aggravates the
risk of corridor congestion. Evacuation time must satisfy the requirement that the required
safe egress time be shorter than the available safe egress time. The limited capacity of
assembly stations also imposes constraints on passenger allocation and route selection.
Accordingly, passenger ship fire evacuation route planning is essentially a dynamic multi-
objective optimization problem in a time-varying environment, where evacuation time,
evacuation distance, and fire risk are jointly considered as optimization objectives, while
constraints such as route feasibility, time safety, and capacity limits must also be satisfied.
To this end, this paper develops a dynamic route planning model for passenger ship fire
emergency evacuation to achieve a balance between evacuation efficiency and evacuation
safety.

For the convenience of model solving, the following assumptions are made:

(1) The initial locations of evacuees, the number of evacuees, and the distances be-
tween nodes in the evacuation network are all known;

(2) The risk caused by the harm inflicted on passengers by emergency incidents is
measurable;

(3) Emergency evacuation routes are determined based on the time-varying parame-
ters of the evacuation network;

(4) Evacuees located at the same origin follow the same evacuation route and evacu-
ate according to the designated guidance route until they reach the assigned exit, at which
point the evacuation task is completed.

4.2. Construction of the Multi-Objective Dynamic Evacuation Route Planning Model for
Passenger Ship Fires

In the dynamic evacuation route planning problem for passenger ships under fire
conditions proposed in this study, multiple objectives need to be optimized. Multi-objec-
tive optimization theory aims to address optimization problems involving multiple con-
flicting objectives [37]. Therefore, this section establishes the objective functions and con-
straints of the multi-objective model developed in this study.

4.2.1. Multi-Objective Formulation of the Dynamic Evacuation Route Optimization
Problem Under Time-Varying Conditions

In this study, factors such as fire spread, smoke diffusion, and crowd density in pas-
senger ship fire evacuation are taken into account, and minimum evacuation time, mini-
mum evacuation distance, and minimum fire risk are selected as the objective functions.

(1) Objective of Minimum Evacuation Time

https://doi.org/10.3390/jmse14131226
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min f, = Minimize {Z Z Xt } (6)
i=s j=s
This expression represents the minimization of evacuation time. During route plan-
ning, routes with shorter evacuation times are prioritized for evacuees to ensure that they
can be evacuated to safe areas as quickly and safely as possible.
(2) Objective of Minimum Evacuation Distance

min f, = Minimize{z Z x;d,; } (7)
i=s j=s
This expression represents the minimization of evacuation route distance. During
route planning, routes with shorter evacuation distances are prioritized for evacuees to
ensure that they can be evacuated to safe areas as quickly and safely as possible.
(3) Objective of Minimum Fire Risk

min f; = Minimize{ZZxﬁrﬁ} (8)
i=s j=s
This expression represents the minimization of fire risk during evacuation. By taking
the minimum fire risk level as the objective, the model dynamically plans available evac-
uation routes with higher safety, thereby improving evacuee safety throughout the evac-
uation process.

4.2.2. Construction of Constraints for the Dynamic Evacuation Route Optimization
Problem Under Time-Varying Conditions

This study constructs the constraints by taking into account the dynamic properties
of the fire environment from the perspectives of time, safety, feasibility, and resource lim-
itations, so as to enhance the practical applicability of evacuation route optimization. The
details are as follows:

(1) Time Constraint

In personnel evacuation under a ship fire scenario, the Euclidean distance between
nodes i and j in the network graph can be expressed as follows:

dij:\/(xj_xi)z+(yj_yi)2 )

d. . . . . X, . . .
where “7 isthe Euclidean distance, measured in meters, ~¢ isthe horizontal coordinate

of node i, and Vi is its vertical coordinate.

The evacuation time of passengers on the passenger ship is calculated as follows:
d,

Ot (10)

The performance-based criterion for safe evacuation requires that the available safe

egress time ASET be greater than the required safe egress time RSET, i.e.,
ASET>RSET (11)
(2) Route Feasibility Constraint
In constraint (12), Y is a decision variable that takes values of 0 or 1, wherei=1, 2,
3,...,dandj=1, 2, ..., d. Specifically, if a passageway % is included in the evacuation
route, then ¥ =0, indicating the passageway can be used for evacuation. If the passage-

way € is not included in the evacuation route, then Yi = 1, indicating that this pas-
sageway cannot be used for evacuation.

https://doi.org/10.3390/jmse14131226
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(12)

Xij

{ 0,passageway ¢; belongs to the evacuation path
1

,passageway ¢; not belongs to the evacuation path

Constraint (13) ensures the feasibility of the route from the source node “s to the

exit 4 by restricting the value of i,

Li=s
inj —iji =4-li=n 13)
> = 0, otherwise

(3) Loop-Free Route Constraint

Constraint (14) is formulated to ensure, by restricting the value of node i, that the
route from the source node to the exit node is unidirectional; that is, no route is allowed
to return from the exit node to the source node, and no cyclic route is permitted.

i <Li#n
X,
25\ =y = (14)

J#i
(4) Speed Constraint
In this study, the evacuation speed of evacuees in the absence of fire-related environ-

w

mental influences is defined as '7 based on the Weidmann model [38], which can be
expressed as follows:

max

v =y, {1 —exp[—l.913(%—L)]} (15)

where "0 is the free walking speed of passengers, p

p=N;/s

is the pedestrian density,

,and Pm is the maximum pedestrian density (6 persons/ m’ ).

Under passenger ship fire conditions, evacuee movement speed decreases. Specifi-
cally, this reduction can be analyzed from the following aspects.

(1) COo

Liu et al. [39] quantified the extent to which different CO concentrations affect per-
105 @)

sonnel evacuation. Based on this, the influence coefficient of the CO concen-

visv)

in this study as follows:

3
tration on route mg / m )

at time ¢ (unit: ( on evacuee movement speed is defined

1 P <0.1
fi(P2 (@) =11-(02123+1.788p1,)  0.1< p (1)< 0.25 (16)
0 p(t)20.25

. . t=t —t. . .
where ¢ is the exposure time /%, and ¢, and ¢ | denote the times at which evac-
. . V. . .
uees arrive at Nodes ' and "/ , respectively, measured in seconds.
(2) Temperature
Different temperature levels have different degrees of influence on evacuation speed

[40]. In this study, the influence coefficient L(T; )

(anj)

of the temperature on evacuee

movement speed on route at time ¢t is defined as follows:

https://doi.org/10.3390/jmse14131226
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1 IL<T; =T,
T.()-T

(vmx—l.z)(i;() T“I )

LT () = . T——+1 T, <T,()<T, (17)

0

v T.-T,

Jmax | (L 2y T,<T.(t)<T

12{ (Td—Tez) w ST (=T,

T, (1)

where is the actual temperature (in °C) experienced by evacuees while moving

T,

along arc (Vi Vi ) ; "0 is the room temperature (set to 20 °C); "° is the normal walking

speed (set to 1 m/s); "™ is the maximum walking speed (set to 5 m/s); T4 is the tem-
perature that causes discomfort (set to 30°C); T s the temperature that causes injury
(set to 60 °C); and Ty is the lethal temperature (set to 120 °C). When the temperature
exceeds 120 °C, S (T; () is equal to 0.

(3) Visibility
AGAW)

In this study, the influence coefficient of visibility on evacuee movement

speed on route i,v;) at time ¢ is defined as follows:
1, ki (1)< 0.4
Sk () =41.375-0.9375K (1), 0.4<k;(1)<1.2 (18)
0.25 ki(t)>1.2

The fire scenario index is defined as follows:
W, (0) = f,(p;" (D)X fL(T; ()X f;(k; (1)) (19)

(4) Crowd Density

X0 ”v))

The crowd density on route at time ¢ is defined in this study as fol-

lows:
q;
o

uy

(20)

i denotes the number of evacuees in the passageway, and < denotes the pas-

where
sage capacity, i.e., the maximum number of evacuees that the passageway can accommo-
date under ideal conditions. In general, a passageway is assumed to accommodate no
more than 6 persons per square meter. Once this value is exceeded, the passageway tends

to become excessively crowded, thereby hindering pedestrian movement.

The congestion coefficient k, on route i,v;) at time ¢ is defined as follows:
1, p; () <0.5.
a(%)—O,S
k,()=ye 7 0.5<p;(1)<1 (21)
aliy o5 q.
e —105><(Ci—1), p, () >1
i

Vi,j€ 8§ S, and @ is the congestion correction coefficient, which is generally

where
set to 0.5; in passenger ship evacuation route planning, the traffic capacity of a passageway
must be taken into account, and the number of evacuees waiting in the passageway should

qijSC

be limited to its admissible capacity, i.e., ¥ . Meanwhile, a congestion penalty factor
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is introduced into the formula for the congestion coefficient to reflect that passengers tend
to choose alternative routes with better traffic conditions when facing severely congested

routes.
Accordingly, the speed vy (0 of a person moving along route v;) in a passen-
ger ship fire scenario can be expressed as follows:
v, () = v XW,; (1) xk, (?) (22)

(5) Assembly Station Capacity Constraint
When determining the optimal passenger ship evacuation route while considering
assembly station capacity, the constraints are formulated as follows:

m

2.4, =D, (23)
Jj=1
2.4,5C, (24)
i=1

a; 20 (25)

Constraint (23) indicates that all evacuees at each node i must be fully assigned to the
m exits. Constraint (24) indicates that the total number of evacuees assigned to each exit j

must not exceed its capacity €. Constraint (25) indicates that the number of evacuees
assigned from each node to each exit must be a non-negative integer.

4.3. Improved Ant Colony Optimization for Solving the Multi-Objective Dynamic Evacuation
Route Optimization Model

The passenger ship fire evacuation route planning problem considered in this study
is a discrete, graph-based, dynamic multi-objective optimization problem. The evacuation
route is composed of a sequence of interconnected nodes and edges, while the edge costs
and node accessibility vary over time due to fire spread, smoke diffusion, temperature
rise, visibility reduction, changes in CO concentration, congestion level, and passage
availability. Therefore, the solution method should be able to construct feasible paths di-
rectly on the evacuation network, incorporate time-varying environmental information
into the route selection process, and maintain a balance between exploration and exploi-
tation under multiple conflicting objectives.

Compared with other available metaheuristic algorithms, such as genetic algorithms
(GAs), particle swarm optimization (PSO), artificial immune systems (AISs), simulated
annealing (SA), differential evolution (DE), and fruit fly optimization algorithm (FOA),
ant colony optimization (ACO) has several computational and operational advantages for
the specific dynamic route planning problem considered in this study. Firstly, ACO is in-
herently suitable for discrete network path planning because ants construct routes step by
step according to the connectivity of the graph, which is consistent with the node-by-node
decision-making process of evacuation route selection. In contrast, GA usually requires
chromosome encoding and decoding schemes to represent paths, and crossover or muta-
tion operations may generate infeasible, disconnected, or cyclic routes. PSO and DE were
originally designed for continuous optimization problems and therefore have certain lim-
itations when dealing with discrete network-node-based route planning problems. AIS
and SA can also be applied to combinatorial optimization problems. However, when they
are used for graph-based path planning, their neighborhood generation or solution per-
turbation operations may also produce infeasible, disconnected, or cyclic routes. In addi-
tion, the search mechanism of FOA mainly relies on random search and local optimiza-
tion, which may lead to a rapid increase in computational time in complex scenarios.
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Secondly, the pheromone mechanism of ACO provides a distributed memory of
high-quality route segments. Through pheromone evaporation and reinforcement, the
search process can gradually weaken outdated or unsafe routes and strengthen route seg-
ments with better performance under the current fire conditions. This feature is particu-
larly suitable for evacuation environments in which route safety, travel time, congestion
level, and node accessibility change dynamically with fire spread. Thirdly, the heuristic
information in ACO can be flexibly redesigned to incorporate evacuation distance, evac-
uation time, fire risk, congestion, and environmental conditions, making it suitable for the
multi-objective optimization structure of this study. Finally, the population-based search
process of ACO can generate multiple candidate routes in one iteration, which facilitates
the identification of Pareto solutions and further supports evacuation route selection un-
der muster station capacity constraints.

Therefore, this section improves the ant colony algorithm and proposes a solution
algorithm for the dynamic evacuation route multi-objective optimization model based on
the improved ant colony algorithm. The improvements include: (1) applying linear inter-
polation to fire environment parameters, such as carbon monoxide concentration, temper-
ature, and visibility, to accurately estimate conditions at each evacuation node at any time;
(2) designing a heuristic function that jointly considers multiple evacuation objectives; (3)
introducing a non-dominated sorting-based multi-objective pheromone update mecha-
nism to identify routes with better overall performance; and (4) adopting an adaptive
backtracking strategy to prevent the algorithm from entering dead loops.

4.3.1. Workflow of the Improved Ant Colony Optimization Algorithm
The flowchart of the improved ACO algorithm is shown in Figure 5.

Import Fire Information,
Initialize Parameters

>
v

Ants Start Path Search

>l
Select Next Node Based on
Transition Probability

Ant Entered Deadlock?
No
<ZAnt Reached Destination

Update Pheromones Based
on Pareto Front

Max Iterations
Reached?

Output Non-Dominated
Solution Set

v

Filter Optimal Solutions

Figure 5. Algorithm flow chart.

. |Backtracking Strategy,
Place Backtracking
Nodes in Tabu List
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In the step of filtering the optimal solution, the weighted ideal point method is em-
ployed in this study to screen the Pareto solutions and determine the final evacuation
route. The corresponding formula of the weighted ideal point method is given as follows:
S ) +otr, Ju= s (26)
/i )
FeR ={F|ri >0, 7, =1,i=1,...n}

min F' =7,

where S=en D) denotes the ideal point, is the
weight coefficient vector, and (n = 3), corresponding to the three objectives, namely evac-
uation time, evacuation distance, and fire risk. F represents the total cost of the three op-
timization objectives from each source node to the destination node.

4.3.2. Parameter Processing

To fill data gaps and generate new data points, this study adopts the linear interpo-
lation method for estimation. Linear interpolation is a commonly used approach that es-
timates the value of an unknown point by connecting known data points. Specifically, the
formula of the interpolation function is as follows:

(t_tl) .

f(t) B (tz _t1)

=)+ (27)

where t is the interpolation time point,  and ™ are known time points, and *1 and

Y2 are the corresponding parameter values.

The interpolated values of carbon monoxide concentration, temperature, and visibil-
ity are used to calculate the fire environmental parameters for each route, and these pa-
rameters are further used to characterize the extent to which fire affects evacuees” move-
ment speed.

4.3.3. Construction of the Heuristic Function

In the passenger ship fire evacuation route planning problem considered in this
study, the optimal route depends not only on distance, but also on factors such as time,
risk, congestion, and environmental conditions. The traditional heuristic function tends
to guide ants toward the shortest route while ignoring high-risk areas along that route,
which may lead to an overall solution that is not sufficiently reasonable. Therefore, con-
sidering the effects of evacuation distance, evacuation time, and fire environmental factors
on evacuees, this study defines a comprehensive heuristic function as follows.

1

wld,,j Wyt +wyry

7 (28)
where ™, ™2 and " are the weight coefficients corresponding to the respective evac-
uation objectives. The weight coefficients are determined using the expert scoring method.

4.3.4. Pheromone Update Rule Design

This study involves a multi-objective path planning problem, for which the classical
single-objective path quality evaluation method is no longer applicable. Therefore, this
study proposes an improved pheromone update strategy by incorporating a non-domi-
nated sorting mechanism into the traditional pheromone update rule. Specifically, the so-
lutions that are not dominated by any other solution in all objectives are identified to form
the Pareto front, and pheromones are then updated based on these solutions. In this way,
high-quality non-dominated solutions can exert a stronger guiding effect on route search,
thereby avoiding entrapment in local optima and improving the quality of route planning
results. The specific update rules are as follows:
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(1) Pheromone Evaporation

Pheromone evaporation refers to the gradual decrease in pheromone concentration
on a route over time, simulating the natural evaporation of pheromones in the real world.
Its mathematical expression is given as follows:

7,(t+1) = (1-p)-7,(1) 29)

where @) denotes the pheromone concentration on 1) at time t,and P € (011 4
the pheromone evaporation coefficient, which controls the evaporation rate of pheromone.
The larger its value, the faster the pheromone evaporates.

(2) Pheromone Reinforcement

To allow non-dominated solutions to exert a greater influence on pheromone updat-
ing, this study adopts a pheromone update method based on Pareto front ranks:

g-ar, B, belongs to the r-th Pareto front
AT, (=1L, (30)
0, otherwise

ae (0.1]

where & denotes the front attenuation coefficient, ,and 7 represents the Pa-

reto front rank to which solution * belongs. Better-ranked fronts are assigned larger
weights; that is, solutions on the first front exert the greatest influence, while the influence
of solutions on subsequent fronts decreases progressively.

4.3.5. Improved Deadlock Handling Strategy

To address this issue, this study proposes three main improvement mechanisms. (1)
State transition constraints. When selecting the next node, if a node has already been vis-
ited in the current route, it is prohibited from being selected unless no other candidate
nodes are available. In this way, repeated cycling between the same nodes is avoided. (2)
Adaptive route backtracking strategy. When an ant encounters a situation in which no
neighboring node is available for selection, that is, all neighboring nodes have already
been visited, it is allowed to backtrack to the previous node and reselect the route. This
strategy not only prevents dead loops but also increases the flexibility of route searching.
(3) Random exploration mechanism. When all neighboring nodes have been visited, the
ant is allowed, with a certain probability, to randomly select an unvisited node for explo-
ration, thereby increasing search diversity.

To describe this mechanism, let the current node be i, its neighboring node set be

NG) , the set of visited nodes be T, and the node selected in the next step be j. The selection
probability of node j can be expressed as follows:

o

B
;.
ij “lij .
= ——— JjeT
— B
Bj - ZkeN(f)\rT;'nfk (31)
0, jeT

n,

where 7 denotes the pheromone concentration, ‘Y denotes the heuristic information,
& and 7 are the parameters controlling the influence of pheromone and heuristic in-
formation on the selection probability, respectively, and I is the set of visited nodes.
When all neighboring nodes have already been visited, the ant must either backtrack or

randomly select a new node.

https://doi.org/10.3390/jmse14131226



J. Mar. Sci. Eng. 2026, 14, 1226

17 of 34

BAR AREA -~

5. Simulation Experiments

In this section, simulation experiments and comparative experiments are conducted
based on the publicly available ship evacuation dataset from the SAFEGUARD project
under the European Union’s Seventh Framework Program (FP7), in order to validate the
effectiveness and practical applicability of the dynamic route planning model for passen-
ger ship fire emergency evacuation proposed in this study, as well as the corresponding
solution algorithm.

5.1. Evacuation Network Construction
5.1.1. Dataset Description

The SAFEGUARD project under the European Union’s Seventh Framework Program
[41] was funded by the European Union and provides comprehensive data for the calibra-
tion and validation of ship-based evacuation models. By investigating and analyzing dif-
ferent benchmark scenarios, the project provides full-scale data and computer-aided de-
sign (CAD) drawings for three different types of ships. Five full-scale evacuation experi-
ments were conducted on three different vessels, during which important data related to
onboard human behavior, ship characteristics, evacuation route planning, ship design,
and safety operations were collected, with the aim of improving passenger safety on
board. The project is characterized by a high scientific standard and rigorous research
procedures.

The dataset of the first ship (RP1) is complete, and has a typical structure and mod-
erate complexity, which is convenient for constructing the evacuation network. Therefore,
the CAD data of the lower deck of the first ship (RP1) are selected to construct the evacu-
ation network, which serves as the basis for the subsequent study of personnel evacuation
route planning under ship fire scenarios, as shown in Figure 6. The figure illustrates the
layout of the first deck of the cruise ship operated by Color Line, which can accommodate
approximately 1300 passengers and crew members. The deck is approximately 150 m
long, 28 m wide, and 3 m high, and includes passenger spaces, large retail and restau-
rant/dining areas, bar areas, and muster station C.

_y LARGE RETAIL
/ AND DINING AREA

— STORAGE AREA |
j FIRE POINT
| ﬂ HEHHHH e

Figure 6. CAD drawing of the bottom deck.

5.1.2. Network Representation of the Evacuation Environment

According to the ship dataset under study and the definition of the emergency evac-
uation network topology, the emergency evacuation network topology of the first deck
can be constructed as shown in Figure 7. This topology is formed by connecting the cen-
troids of different areas. The network consists of 23 nodes and 30 edges, where the edges
represent the passageways within the ship, and the nodes represent the intersections of
these passageways. Since fire-prone areas are generally located in storage areas, and the
storage area corresponds to Node 7, Node 7 is designated as the fire node in this study. In
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addition, Node 15 and Node 23 are connected to the assembly area, and these two loca-
tions are therefore designated as exit nodes.

(33.561,3)

(10.314,2)

(10.711,2)

(4.145,3) (5.516,2)

(10.419,2)

Figure 7. Emergency evacuation network topology diagram.

(33.561,3)

listed in Table 1.

Table 1. Coordinate information of network nodes.

(10.726,2)

(19.483,3)

(11.371,3)

oo
(28.566,2) » 22

The coordinates of each node in the emergency evacuation network topology are

Node ID Coordinate Node ID Coordinate

1 (0.413, 10.841) 13 (48.715, -4.824)
2 0,0) 14 (56.86, 11.377)
3 (4.441, 8.648) 15 (56.86, 17.15)
4 (4.109, 0.622) 16 (56.86, 0.413)
5 (5.153, 13.906) 17 (76.328, 8.647)
6 (9.718, 13.862) 18 (76.373, 0.636)
7 (15.153, 10.997) 19 (104.814, 1.507)
8 (15.153, 0.57) 20 (107.365, 11.084)
9 (10.255, -1.936) 21 (133.501, 11.173)
10 (48.805, 11.377) 22 (133.456, -0.552)
11 (48.76, 16.434) 23 (56.809, —4.379)
12 (48.626, 0.368)

5.1.3. Calculation of Evacuation Network Parameters

Based on fire dynamics theory, the fire spread model was developed using PyroSim,

and a three-dimensional ship model was established. The resulting fire simulation model

is shown in Figure 8.

Figure 8. Fire simulation model of the bottom deck.
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The initial simulation conditions were then specified. In this study, detectors for CO
concentration, temperature, and visibility were installed at each evacuation node in the
network topology. These detectors were placed at a height of 1.8 m above the ground, and
the initial temperature was set to 20 °C. Meanwhile, a storage area with excessive accu-
mulated miscellaneous materials was selected as the ignition location, and a fire source
was assigned to this area with a fire source area of 2.54 m2.

When setting the heat release rate for the passenger ship fire, the standardized pro-
visions for the maximum heat release rate in the Code for Smoke Control and Exhaust of
Buildings, as presented in Table 2, were taken as a reference. Considering that passenger
ship cabins are enclosed spaces with poor ventilation and limited exits, and that these
characteristics are, to some extent, similar to those of garages and warehouses, this study
assumes that the ship’s sprinkler system operates effectively and that the fire source burns
within a limited range. Accordingly, the heat release rate adopted for this passenger ship
fire simulation was finally determined to be 2000 kW.

Table 2. Maximum heat release rate standard.

Maximum Heat Release Rate Q/KW

Building Type With Sprinklers Without Sprinklers
Shopping mall 2000 -
Office, Guest room 1500 6000
Public place 2500 8000
Garage 2500 20,000
Supermarket, Warehouse 4000 20,000

After running the FDS fire spread model, the changes in CO concentration, tempera-
ture, and visibility at different locations of the passenger ship can be obtained from the
Smokeview visualization. By examining the slices of CO concentration, temperature, and
visibility, the fire conditions at different time points can be observed clearly and intui-
tively. Figure 9 presents an example of the fire state at 120 s of combustion as displayed
in the Smokeview animation. As the fire develops, smoke gradually spreads to other areas
of the passenger ship, resulting in a progressive decrease in visibility throughout the ship,
while temperature and CO concentration gradually increase. In Figure 9a, the red regions
generally indicate higher CO concentrations, while the purple regions indicate lower CO
concentrations. In Figure 9b, the red regions represent higher temperatures, whereas the
green regions represent lower temperatures. In Figure 9c, the orange regions indicate
higher visibility, while the green and blue regions indicate lower visibility.

(b) Temperature
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(c) Visibility

Figure 9. Sectional diagram of flue gas diffusion, CO concentration, temperature, and visibility at t

=120s.

After completing the passenger ship fire simulation in PyroSim 2023.3.1312, the CO

concentration detectors, temperature detectors, and visibility detectors installed at each
node can provide the fire-related data at different nodes and at different time points. These
data are then used as the basis for calculating the fire risk level along evacuation routes in

this study, and provide data support for the improved ant colony optimization algorithm.
Tables 3-5 present the fire risk values of each path at different burning times of t =30, t
=120, and t = 300 s, respectively.

Table 3. The fire risk values of each path when the burning time t =30 s.

Route co Co.ncentra- Temperature Visibility Route co ancen- Temperature Visibility
tion tration
v1l-v2 0 20.038 30 v10-v12 0 21.336 30
v1l-v3 1.305 17.097 30 v10-v14 0 20.006 30
v1-v5 5.841 20.590 30 v12-v13 0 18.758 30
v2-v4 0 17.816 30 v12-v16 0 21.715 30
v2-v9 0 19.345 30 v14-v15 0 19.984 30
v3-v4 1.304 14.875 30 v14-v16 0 20.384 30
v3-v7 79.674 24.560 16.989 v14-v17 0 20.663 30
v4-v8 8.078 17.121 30 v16-v18 0 23.894 30
v5-v6 39.109 24.581 19.574 v16-v23 0 22.505 30
v6—v7 111.637 31.545 6.561 v17-v18 0 24.173 30
v7-v8 86.448 26.805 16.989 v18-v19 0 23.510 30
v7-v10 78.369 27.514 16.989 v19-v20 0 18.720 30
v8-v9 8.078 18.651 30 v19-v22 0 20 30
v8-v12 8.078 19.304 30 v20-v21 0 22.216 30
v10-v11 0 20.064 30 v21-v22 0 23.497 30
Table 4. The fire risk values of each path when the burning time t =120 s.
Route co Co'ncentra- Temperature Visibility Route co Co'ncentra- Temperature Visibility
tion tion

v1-v2 22.237 19.525 22.401 v10-v12 0 21.212 30
v1l-v3 67.322 25.086 10.625 v10-v14 0 19.760 30
v1l-v5 52.670 22.625 12.003 v12-v13 0 22.136 30
v2-v4 6.675 15.515 30 v12-v16 0 21.802 30
v2-v9 2.139 22.247 30 v14-v15 0 19.853 30
v3-v4 51.760 22.275 18.224 v14-v16 0 20.350 30
v3-v7 254.066 40.475 4.021 v14-v17 0 18.908 30
v4-v8 24.538 19.294 22.542 v16-v18 0 21.329 30
v5-v6 79.454 23.477 7.806 v16-v23 0 21.169 30
v6—v7 253.932 38.979 4.003 v17-v18 0 19.887 30
v7-v8 226.845 38.693 8.339 v18-v19 0 20.715 30
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v7-v10 206.947 36.766 15.797 v19-v20 0 27.676 30
v8-v9 20.001 26.027 22.542 v19-v22 0 20 30
v8-v12 19.898 23.125 22.542 v20-v21 0 27.676 30
v10-v1l 0 18.544 30 v21-v22 0 19.060 30

Table 5. The fire risk values of each path when the burning time t = 300 s.

CO Concen- CO Concen-

Route . Temperature Visibility Route . Temperature Visibility
tration tration
v1l-v2 155.248 26.764 5.639 v10-v12 8.748 18.602 30
v1-v3 249.148 31.085 2.470 v10-v14 11.198 16.822 30
v1-v5 284.308 39.852 2.270 v12-v13 0.889 20.696 30
v2-v4 64.892 14.312 8.960 v12-v16 0.545 19.927 30
v2-v9 53.732 27.064 12.144 v14-v15 3.632 17.694 30
v3-v4 158.791 18.633 5.791 v14-v16 2.995 18.147 30
v3-v7 328.188 35.786 1.985 v14-v17 3.198 13.871 30
v4-v8 56.041 16.838 10.626 v16-v18 0 16.955 30
v5-v6 355.008 43.211 1.813 v16-v23 0 21.601 30
v6—v7 393.214 46.385 1.644 v17-v18 0.291 12.678 30
v7-v8 225.438 33.992 6.820 v18-v19 0 16.798 30
v7-v10 209.033 32.695 15.807 v19-v20 0 30.438 30
v8—v9 44881 29.591 13.810 v19-v22 0 20 30
v8-v12 25.152 19.899 21.013 v20-v21 0 30.438 30
v10-vll 19.521 16.661 27.953 v21-v22 0 18.443 30

Meanwhile, based on the data obtained from the fire simulation and the definitions
of risk thresholds for the fire-related parameters established in this study, the correspond-

1 2
ing times i and ' atwhich the safety state of each node changes can be determined, as

1

shown in Table 6. Here, /i denotes the time at which node i changes from a safe state to
2

a barely passable state; ' denotes the time at which node i changes from a barely passa-

ble state to a hardly passable state; and None indicates that node i remains in a safe state
throughout the entire process.

Table 6. The change of node security status corresponds to the timetable.

1 2 1

Node ID L t; Node ID t; t;

1 132.384 None 13 None None
2 None None 14 None None
3 62.539 95.563 15 101.177 None
4 None None 16 None None
5 53.783 102.365 17 178.202 None
6 42.649 106.505 18 None None
7 28.438 36.626 19 None None
8 207.094 None 20 None None
9 241.527 None 21 None None
10 None None 22 None None
11 None None 23 None None
12 None None

The fire simulation data were obtained by detecting the fire-related parameters at
each node in the network topology, and the real-time hazard level of each node was then
determined according to changes in the risk index, as shown in Figure 10. This figure pre-
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(5.937,4) (451,3)

(6.235,2)

sents the network topology at 300 s after the fire outbreak, indicating the status of each
node when the fire has burned for 300 s. Green nodes represent that stay in a safe state,
such as Node 10 and Node 11; blue nodes represent that stay in a relatively hazardous
state, such as Node 1 and Node 8; and red nodes represent that stay in a dangerous state,
such as Node 6 and Node 7. Under such conditions, evacuees must urgently avoid these
dangerous nodes during the evacuation process to ensure personal safety.

(5.086,2) (5.843,2)

(33.561,3) (19.483,3)
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@
Figure 10. The topology diagram when the burning time t =300 s.

Under fire conditions, as time progresses, the fire risk levels at the nodes in the evac-
uation network generally show an increasing trend. In this case, Node 15 and Node 23 are
designated as safety exits. Taking these two safety exits as examples, this study analyzes
their fire conditions. Figures 11 and 12 present the line charts of the fire-related data at
exit Node 15 and exit Node 23 over time, respectively. From left to right, the plots show
the variations in CO concentration, temperature, and visibility.
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Figure 11. Line chart of fire data change over time at exit Node 15.

The data of the exit nodes obtained from the PyroSim fire simulation show that CO
concentration and temperature exhibit a fluctuating upward trend, whereas visibility
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shows a fluctuating downward trend. Since exit Node 15 is relatively far from the ignition
node, none of these parameters changes significantly within the first 100 s after the fire
starts, and the exit node therefore remains in a relatively safe state during this short pe-
riod. When the fire has burned for about 100 s, the fire-related data at the exit begin to
change noticeably. By approximately 250-300 s after ignition, the fire risk factors at the
exit have basically reached the predefined threshold for dangerous nodes. Therefore,
emergency evacuation should be carried out efficiently, and high-risk nodes and routes
should be avoided as the fire develops, so as to prevent casualties caused by evacuees
remaining at the fire scene for an extended period.
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Figure 12. Manner line chart of fire data change over time at exit Node 23.

Meanwhile, compared with exit Node 15, exit Node 23 is farther from the ignition
node and therefore remains in a safe state for a longer period. In the early stage of the fire,
the fire-related parameters at Node 23 show no obvious changes. It is not until the fire has
burned for about 160 s that CO concentration and temperature begin to exhibit a noticea-
ble upward trend. Visibility does not begin to decline until approximately 200 s after the
fire breaks out. These results indicate that, in a multi-exit evacuation scenario after a fire,
the safety status of each exit continues to change over time. Therefore, during the evacu-
ation process, it is essential to select more appropriate exits for evacuees and to plan rea-
sonable and scientifically sound evacuation routes, which are of great practical signifi-
cance.

5.2. Personnel Evacuation Simulation

This section mainly applies the proposed model to a fire evacuation simulation sce-
nario on the first deck of the RP1 ship for testing. The numerical variations in the three
risk factors, namely CO concentration, temperature, and visibility, can be obtained from
the fire simulation analysis in the previous section. After these data are imported into the
route planning model based on the improved ant colony optimization algorithm, the
model parameters are set, and the personnel evacuation simulation is then carried out to
reproduce the evacuation process, ultimately yielding the optimal evacuation routes.
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5.2.1. Parameter Settings

The dynamic route planning model and the improved ACO algorithm were imple-
mented and solved in MATLABR 2024a. The simulation parameters in this study were set
by referring to commonly used values in ant colony optimization algorithms and related
studies on path planning and multi-objective optimization, and were adjusted according
to the characteristics of the problem addressed in this study. The number of ants m was
set to 5, the maximum number of iterations was set to 30, the pheromone importance fac-
tor was set to 1, the heuristic factor was set to 2, the pheromone evaporation coefficient
was set to 0.1, the pheromone reinforcement intensity was set to 100, and the weights of
distance, time, and fire risk were set to 0.3, 0.6, and 0.1, respectively.

According to the relevant literature, the relationships of walking speed with gender,
age, and body mass among the Chinese population are shown in Table 7.

Table 7. Comparison Table of Characteristics of Emergency Evacuation Personnel and Evacuation

Speed.
No. (Feature) Gender Age (Years) Height/m Mass/kg Speed/(m- s
1 male 20~30 1.7 60 1.5
2 female 20~30 1.6 52 1.35
3 male 31~40 1.7 60 1.35
4 female 31~40 1.6 52 1.22
5 male 41~50 1.69 60.5 1.22
6 female 41~50 1.59 52.5 1.10
7 male 51~60 1.68 61 1.10
8 female 51~60 1.58 53 1.00

To ensure that evacuees can avoid the fire and be evacuated successfully, a female
with a height of 1.58 m and an age between 51 and 60 years, as listed in the table, is taken
as the reference, and the corresponding walking speed is set to 1 m/s.

In addition, it is assumed that the capacities of the two exits are both 165 persons,
and that the total number of evacuees is 305. According to the daytime population distri-
bution in different areas of the ship, the number of evacuees at each node is set as shown
in Table 8.

Table 8. Number of evacuees at each node.

Node ID Number of People Node ID Number of People
1 12 13 14
2 10 14 28
3 8 15 0
4 8 16 2
5 6 17 8
6 4 18 24
7 1 19 7
8 8 20 52
9 12 21 29
10 6 22 24
11 14 23 0
12 28
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5.2.2. Experimental Results

Considering that assembly station capacity is limited, evacuees at each node must
first be assigned to specific exits before the total evacuation cost can be calculated. There-
fore, this study first plans the optimal evacuation route for the evacuees at each node to-
ward different exits based on the proposed dynamic route planning model for passenger
ship emergency evacuation and the improved ant colony optimization algorithm, thereby
obtaining the Pareto fronts from each node to each exit. Taking Node 1 as an example, the
Pareto front distributions of evacuation routes from this node to Exit 1 (Node 15) and Exit
2 (Node 23), considering the three optimization objectives of evacuation time, evacuation
distance, and fire risk, are shown in Figure 13a and Figure 13b, respectively. Each point in
the three-dimensional space represents a feasible evacuation route.
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Figure 13. Pareto frontier distribution. (a) Pareto frontier distribution from Node 1 to Exit 1. (b)

Pareto frontier distribution from Node 1 to Exit 2.

Since all three objectives in this study are minimization objectives, smaller values of
evacuation time, evacuation distance, and fire risk indicate better overall performance of
the route scheme. The points with different colors in the figure represent different levels
of Pareto fronts. The blue points represent the first Pareto front, which consists of non-
dominated solutions. This means that no other route can outperform these solutions sim-
ultaneously in all three objectives, reflecting the optimal trade-off among evacuation effi-
ciency, route length, and fire safety. In contrast, the second- and third-level Pareto solu-
tions, represented by orange and yellow points, do not exhibit such an optimal trade-off.
For example, some routes may have shorter evacuation times but pass through areas with
higher fire risk, whereas others may offer higher safety but require longer evacuation dis-
tances or longer evacuation times.

The Pareto solutions are then screened. Using the weighted ideal point method, the
first-front Pareto solutions for each node are reduced to two routes, each corresponding
to one of the two exits. For example, the candidate evacuation routes from Node 1 to the
two exits are (1,2,4,8,12,16,14,15) and (1,2,4,8,12,16,23), respectively, and the same proce-
dure is applied to the other nodes. Linear programming is then used to optimize the as-
signment of evacuees to exits in the overall evacuation route planning, so that the number
of evacuees assigned to each exit satisfies the assembly station capacity constraints. Fi-
nally, under the combined effects of multiple dynamic factors, such as risk changes caused
by fire spread, route traffic capacity, and evacuee movement speed, and by comprehen-
sively considering the objectives of evacuation time, evacuation distance, and fire risk, the
representative route selected from the optimal solution set obtained by the multi-objective
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optimization algorithm is defined as the optimal evacuation route. The resulting optimal
evacuation routes from each origin node to the safety exits, together with the correspond-
ing evacuation time, evacuation route length, and fire risk, are presented in Table 9.

Table 9. The optimal evacuation route from each node to the safety exit.

Node ID Optimal Evacuation Route Evacuation Time Route Length Fire Risk
1 (1,2,4,8,12,16,14,15) 84.774 95.174 2.451
2 (2,9,8,12,10,14,15) 60.998 74.105 2.379
3 (3,7,10,14,15) 88.796 58.796 2.473
4 (4,8,12,10,14,15) 61.854 69.507 2.149
5 (5,1,2,4,8,12,16,14,15) 99.691 79.581 2.382
6 (6,51,2,4,8,12,16,14,15) 80.815 94.895 2.895
7 (7,10,14,15) 77.440 47.459 1.991
8 (8,12,10,14,15) 57.585 58.185 1.782
9 (9,8,12,10,14,15) 57.236 63.686 2171
10 (10,14,15) 36.403 13.898 1.024
11 (11,10,14,15) 31.442 18.934 1.139
12 (12,16,23) 29.698 12.955 1.062
13 (13,12,10,14,15) 34.018 29.838 1.248
14 (14,16,23) 28.105 15.626 1.002
15 - - - -
16 (16,23) 9.625 4.9000 1.005
17 (17,14,15) 41.831 25.326 1.007
18 (18,16,23) 35.230 24.197 1.002
19 (19,18,16,14,15) 54.948 52.941 1.009
20 (20,19,18,16,23) 60.425 62.686 1.001
21 (21,20,19,18,16,23) 78.212 88.661 1.003
22 (22,19,18,16,14,15) 80.909 93.176 1.002
23 - - - -

5.2.3. Comparison of Algorithmic Efficiency

In complex network environments, the efficiency of route planning algorithms di-
rectly affects network performance and stability. The time complexity of the improved ant
colony optimization algorithm proposed in this study mainly consists of ant path con-
struction, objective function calculation, and non-dominated sorting. Let I denote the max-
imum number of iterations, M denote the number of ants, and N denote the number of
nodes in the evacuation network. Therefore, the overall time complexity of the proposed
algorithm can be expressed as O (I (MN?2 + M?)).

Furthermore, to assess the effectiveness of various algorithms under networks of dif-
ferent scales, this study conducts comparative experiments on three algorithms, namely
the improved ant colony optimization algorithm, a dynamic adjustment algorithm based
on Dijkstra’s algorithm (DABD) proposed in Hou Shuai’s study [36], and the fruit fly op-
timization algorithm (FOA) [42]. With respect to the number of network nodes, the ship
considered in this study has 23 nodes, which already corresponds to a medium-sized pas-
senger ship. Therefore, the second group was set to 40 nodes to simulate the scale of a
large passenger ship. In the experiments, the number of network nodes and the number
of evacuees were varied, and each group of data was run multiple times at random to
obtain the average runtime of each algorithm. The unit of time was set to seconds. The
comparison of the computational efficiency of the three algorithms is presented in Table
10.
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Table 10. Algorithm operation efficiency comparison.

Network Scale Parameters Algorithm Efficiency/s

Network Nodes Number of Evacuees Improved ACO FOA DABD
20 50 0.78121 0.76879 1.14361
20 150 0.84953 1.87345 1.10868
20 300 1.25889 2.45548 1.25982
40 100 1.17187 1.10445 2.97435
40 150 1.88834 2.15078 3.21148
40 400 2.45648 3.25416 3.34879

Note: The DABD algorithm did not take the number of evacuees into account in the experiments.

As shown in Table 10, under six scenarios with different numbers of network nodes
and evacuees, the running time of the DABD algorithm is 46.39%, 30.51%, 0.07%, 153.81%,
70.07%, and 36.32% higher than that of the improved ant colony optimization algorithm,
respectively. Under a fixed number of network nodes, as the number of evacuees increases,
the difference in running time between the DABD algorithm and the improved ant colony
optimization algorithm becomes smaller. In addition, the running time of the DABD al-
gorithm is generally positively correlated with the number of network nodes, but does
not increase with the number of evacuees. This is because the DABD algorithm does not
consider the number of evacuees at each node during route planning; instead, it plans
evacuation routes only based on the fire risk section data of each road segment at a given
moment. This also indicates that the algorithm has certain limitations.

When the number of network nodes is 20, as the number of evacuees increases from
50 to 150 and then to 300, the running time of the fruit fly optimization algorithm increases
by 143.69% and 219.40%, respectively, whereas that of the improved ant colony optimiza-
tion algorithm increases by only 8.75% and 61.15%, respectively. When the number of
network nodes is 40, as the number of evacuees increases from 100 to 150 and then to 400,
the running time of the fruit fly optimization algorithm increases by 94.74% and 194.64%,
respectively, whereas that of the improved ant colony optimization algorithm increases
by only 61.14% and 109.62%, respectively. It can be seen that the running time of the fruit
fly optimization algorithm increases rapidly as the number of evacuees grows, indicating
that its computational efficiency decreases when dealing with more complex scenarios.
This may be because the search mechanism of the fruit fly optimization algorithm relies
on random search and local optimization, making it difficult to quickly find the optimal
solution in complex scenarios and thereby increasing the computational time. In contrast,
the improved ant colony optimization algorithm can guide the path search through pher-
omone information. In small-scale problems, such as the scenario with 20 nodes and 50
evacuees, its running time is almost the same as that of the fruit fly optimization algorithm,
with a difference of only 0.02 s. Moreover, it can still maintain relatively high computa-
tional efficiency in large-scale evacuation problems on large passenger ships. This indi-
cates that the improved ant colony optimization algorithm has certain advantages in terms
of efficiency.

5.2.4. Parameter Sensitivity Analysis

In the ant colony optimization algorithm, the relatively sensitive parameters are the
heuristic factor [3 and the pheromone evaporation coefficient g. To analyze the effects of 3
and o on the solution performance of the improved ant colony optimization algorithm, a
one-factor-at-a-time sensitivity analysis was conducted in this study. Under the condition
that all other parameters of the original algorithm remained unchanged, the values of 3
and o were varied separately, and the evacuation time, evacuation distance, and fire risk
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under different parameter settings were recorded. Taking Node 5 as an example, the re-
sults under different parameter values are shown in Table 11.

Table 11. Parameter Sensitivity Analysis of Evacuation Time.

Rate of Ch
ateof Change 50, ~25% 0 25% 50%
Parameter
B 99.3585 99.6914 99.6914 99.6914 101.6085
0 99.6914 99.6914 99.6914 99.6914 99.3585
According to the results presented in Tables 11-13, the improved ant colony optimi-
zation algorithm is generally insensitive to variations in the heuristic factor 3 and the
pheromone evaporation coefficient g, indicating that the algorithm has good parameter
robustness. Taking the 0% rate of change as the baseline, the baseline evacuation time,
path length, and fire risk are 99.6914 s, 79.5808 m, and 2.3816, respectively.
Table 12. Parameter Sensitivity Analysis of Path Length.
R f Ch
ate of Change 5005 ~25% 0 25% 50%
Parameter
B 79.4482 79.5808 79.5808 79.5808 80.3448
0 79.5808 79.5808 79.5808 79.5808 79.4482
Table 13. Parameter Sensitivity Analysis of Fire Risk.
Rate of Ch
ateof Change 50, ~25% 0 25% 50%
Parameter
B 2.4753 2.3816 2.3816 2.3816 2.1493
0 2.3816 2.3816 2.3816 2.3816 2.4753

In terms of evacuation time, when 3 varies within the range of -25% to +25%, the
evacuation time remains unchanged at 99.6914 s, showing no significant variation. When
[ decreases by 50%, the evacuation time slightly decreases to 99.3585 s, whereas when (3
increases by 50%, the evacuation time increases to 101.6085 s, with a maximum increase
of approximately 1.92%. The influence of ¢ on evacuation time is even smaller. The evac-
uation time only decreases to 99.3585 s when @ increases by 50%, while it remains un-
changed under the other parameter settings. This indicates that evacuation time is insen-
sitive to changes in both parameters.

In terms of path length, when 3 varies within the range of -25% to +25%, the path
length remains stable at 79.5808 m. When {3 decreases by 50%, the path length slightly
decreases to 79.4482 m, whereas when [3 increases by 50%, the path length increases to
80.3448 m, with a maximum variation of approximately 0.96%. The influence of ¢ on path
length is also weak, with the path length decreasing to 79.4482 m only when o increases
by 50%. Therefore, the path length remains generally stable.

In terms of fire risk, the risk value is relatively more sensitive to parameter variations.
When 3 increases by 50%, the fire risk decreases from the baseline value of 2.3816 to 2.1493,
indicating that a larger heuristic factor helps the algorithm search for routes with lower
fire risk. However, the evacuation time and path length increase slightly at the same time,
reflecting that low-risk routes may require certain time and distance costs. When 3 de-
creases by 50%, the fire risk increases to 2.4753, indicating that insufficient heuristic infor-
mation may weaken the algorithm’s ability to search for low-risk routes. When g increases
by 50%, the fire risk also increases to 2.4753, suggesting that excessive pheromone evapo-
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ration may weaken the accumulation of information on high-quality paths and make the
algorithm more likely to deviate from low-risk routes.

5.2.5. Comparison of Objective Optimization Performance

To examine the superiority of the proposed dynamic route planning model for pas-
senger ship emergency evacuation and the improved ant colony optimization algorithm
in terms of objective optimization performance, the shortest-distance evacuation strategy
[43] is selected as the control group. Under this strategy, the evacuation objective is to
minimize travel distance, and evacuees are assumed to preferentially choose the evacua-
tion route with the shortest distance from their current location. The resulting shortest
evacuation routes from each node to the safety exits, together with the corresponding
evacuation time, route length, and route fire risk, are presented in Table 14.

Table 14. The shortest evacuation route from each node to the safety exit.

Node ID Shortest Evacuation Route Evacuation Time Route Length Fire Risk

1 (1,3,7,10,14,15) 105.877 63.326 2.732
2 (2,4,8,12,16,23) 62.504 61.998 2.542
3 (3,7,10,14,15) 90.359 58.796 2.473
4 (4,8,12,16,23) 57.504 57.853 2.325
5 (5,6,7,10,14,15) 101.708 58.204 2.885
6 (6,7,10,14,15) 97.257 53.694 2.569
7 (7,10,14,15) 79.003 47.459 1.991
8 (8,12,16,23) 52.2937 46.516 1.782
9 (9,8,12,16,23) 52.885 52.032 2.351
10 (10,14,15) 38.966 13.898 1.212
11 (11,10,14,15) 34.005 18.934 1.139
12 (12,16,23) 31.261 12.955 1.062
13 (13,12,16,23) 28.726 18.169 1.244
14 (14,15) 13.978 5.843 1.009
15 - - - -
16 (16,23) 11.188 4.9 1.005
17 (17,14,15) 44.394 25.326 1.007
18 (18,16,23) 37.793 24.197 1.002
19 (19,18,16,23) 57.511 52.941 1.008
20 (20,19,18,16,23) 61.988 62.686 1.001
21 (21,20,19,18,16,23) 79.775 88.661 1.003
22 (22,19,18,16,23) 78.447 81.507 1.001
23 - - - -

By comparing the simulation results of the proposed optimal evacuation route
method in Table 9 with those of the shortest-path method in Table 14, it can be observed
that the proposed method achieves better overall evacuation performance under the pas-
senger ship fire scenario. Unlike the shortest-path method, which only minimizes geomet-
ric route length, the proposed evacuation route planning model simultaneously considers
evacuation time, route length, and fire risk. Therefore, the obtained routes are not neces-
sarily the shortest in distance, but they are more suitable for dynamic fire evacuation con-
ditions.

For Node 1, the evacuation time obtained by the proposed method is 84.774 s,
whereas that obtained by the shortest-path method is 105.877 s. The evacuation time is
reduced by 21.103 s, corresponding to a decrease of approximately 19.93%. Meanwhile,
the fire risk value decreases from 2.732 to 2.451, representing a reduction of approximately
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10.29%. Although the route length increases from 63.326 m to 95.174 m, the proposed route
avoids road segments with higher fire risk or lower evacuation efficiency, thereby achiev-
ing shorter evacuation time and lower fire exposure risk. This result indicates that the
shortest geometric path is not necessarily the safest or fastest route in a fire environment.

For Node 5, the proposed method also shows a clear safety advantage. The evacua-
tion time decreases from 101.708 s under the shortest-path method to 99.691 s under the
proposed method, with a reduction of 2.017 s. More importantly, the fire risk decreases
from 2.885 to 2.382, corresponding to a reduction of approximately 17.44%. This indicates
that the proposed method can effectively reduce evacuees’ exposure to fire hazards by
selecting a safer route, even though the route length increases from 58.204 m to 79.581 m.
In passenger ship fire evacuation, such an increase in route length is acceptable when it
leads to a substantial reduction in fire risk.

For Node 10, the route length obtained by the two methods is the same, both being
13.898 m. However, the evacuation time decreases from 38.966 s to 36.403 s, and the fire
risk decreases from 1.212 to 1.024 under the proposed method. This shows that even when
the route length remains unchanged, the proposed method can still improve evacuation
performance by considering fire risk and dynamic evacuation conditions rather than re-
lying only on static path length.

The results for some nodes further reflect the trade-off relationship among the three
optimization objectives. For example, for Node 4, the evacuation time under the proposed
method is 61.854 s, which is slightly higher than the 57.504 s obtained by the shortest-path
method. However, the fire risk decreases from 2.325 to 2.149, corresponding to a reduction
of approximately 7.57%. Similarly, for Node 9, although the evacuation time increases
from 52.885 s to 57.236 s, the fire risk decreases from 2.351 to 2.171, with a reduction of
approximately 7.66%. These results indicate that the proposed method does not simply
pursue the shortest time or shortest distance, but makes a comprehensive trade-off among
evacuation efficiency, route length, and fire safety.

From the perspective of overall performance, the proposed method reduces the evac-
uation time for 15 out of the 21 evaluated source nodes. The sum of evacuation times de-
creases from 1217.423 s under the shortest-path method to 1190.035 s under the proposed
method, corresponding to a reduction of 27.388 s. The maximum evacuation time is also
reduced from 105.877 s to 99.691 s, indicating that the proposed method can effectively
improve the evacuation performance of the most unfavorable node. In terms of fire risk,
the total fire risk value decreases from 34.343 to 33.177, representing an overall reduction
of approximately 3.40%. Although the total route length increases, this is mainly because
the proposed method actively avoids high-risk or low-efficiency road segments. In the
context of passenger ship fire evacuation, where safety and time are more critical than
geometric distance alone, this trade-off is reasonable and meaningful.

Overall, the comparison between Tables 9 and 14 demonstrates that the proposed
evacuation route planning model and improved ant colony optimization algorithm have
better comprehensive optimization capability than the shortest-path method. The pro-
posed method can reduce evacuation time for most nodes, lower fire risk for key high-
risk nodes, and avoid potentially dangerous road segments. Therefore, it provides a more
effective and safer evacuation strategy for passenger ship fire scenarios.

Next, this study compares the cumulative numbers of evacuees at each exit. The
numbers of evacuees assigned to each exit under the shortest-route strategy and the pro-
posed optimal-route evacuation strategy are shown in Figure 14.
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Figure 14. Number of Evacuees at Each Exit under the Shortest-Route and Optimal-Route Evacua-

tion Strategies.

From the figure above, under the shortest-distance evacuation strategy, 218 evacuees
are assigned to Exit 23, while only 87 evacuees are assigned to Exit 15. In contrast, under
the evacuation strategy proposed in this study, 163 evacuees are assigned to Exit 23, and
142 evacuees are assigned to Exit 15. These results indicate that the proposed passenger
ship route planning model satisfies the capacity constraints of the assembly stations while
minimizing the overall evacuation cost as much as possible. At the same time, it achieves
a more balanced utilization of the safety exits, which is more consistent with real passen-
ger ship conditions and is conducive to improving overall evacuation efficiency.

6. Conclusions

In this study, a personnel evacuation route planning model considering fire spread
is established for passenger ship fire scenarios. First, a fire emergency evacuation network
for passenger ships is constructed. Second, a dynamic multi-objective optimization model
for emergency evacuation routes under passenger ship fire conditions is developed. Then,
based on the traditional ant colony optimization algorithm, an improved ant colony opti-
mization algorithm is proposed to solve the multi-objective optimization model. Finally,
the RP1 vessel from the publicly available ship evacuation dataset of the SAFEGUARD
project under the European Union’s Seventh Framework Program is used as an experi-
mental case. Simulation experiments and comparative experiments are conducted to ver-
ify the feasibility and effectiveness of the proposed model and algorithm.

However, in terms of constructing the dynamic route planning model for passenger
ship fire emergency evacuation, this study still has some limitations. In this study, the
real-time number of people in each passage is treated as a deterministic value when ana-
lyzing the influence of crowd congestion on real-time walking speed. In practice, however,
the number of people in each passage changes dynamically over time. Therefore, in fur-
ther research, the number of people in each passage will be characterized as a time-de-
pendent function to further improve the effectiveness of dynamic route planning for pas-
senger ship fire emergency evacuation. With regard to the route optimization strategy,
this study is relatively macroscopic and cannot fully reflect certain movement character-
istics of evacuees. In further research, personnel evacuation modeling and simulation
methods under passenger ship fire scenarios can be further explored, and route optimiza-
tion strategies that combine microscopic and macroscopic models can be investigated. In
terms of the solution algorithm, the proposed algorithm for dynamic route planning in
passenger ship fire emergency evacuation still has relatively high computational complex-
ity. Therefore, the algorithm will be further optimized in future research. Due to the lim-
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ited research time and the author’s relatively limited capability, the proposed model still
has the above limitations, which requires further in-depth investigation in future studies.
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