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A B S T R A C T

As urbanization accelerates and buildings become more complex, fire emergency evacuation has become
increasingly challenging. Traditional evacuation plans often struggle with slow response times and suboptimal
path planning in real-time dynamic and complex fire scenarios. To address these issues, this study proposes the
IoT-based DWM-Evac model for fire emergency evacuation path planning. The model leverages IoT technology
by using various sensors placed inside buildings to monitor fire incidents and spread in real-time, collecting
critical data such as temperature, smoke concentration, and flame location. It integrates Dynamic Graph
Neural Networks (DGNN), Whale Optimization Algorithm (WOA), and Markov Decision Process (MDP) to
enhance path efficiency and safety. Experimental results indicate that the DWM-Evac model achieves an
average evacuation time of 315 s in a virtual mall environment, 25 s shorter than traditional plans, with
an average path length of 255 meters and a path safety score of 0.92, higher than the traditional plan’s 0.88.
The application of IoT in fire emergency management not only improves response speed but also optimizes
path planning, significantly enhancing personnel safety.
1. Introduction

In the process of modern urbanization, with the increase of pop-
ulation density and the complexity of building structure, the risk of
fire in high-density public places such as large shopping malls is
increasing [1]. How to effectively organize personnel evacuation and
reduce casualties and property losses in the case of a fire emergency has
become a key challenge in urban safety management [2]. Traditional
fire evacuation methods, usually relying on the preset static evacuation
path, cannot respond to the dynamic changes of the fire site in time [3].
Due to the lack of real-time data support of these methods, the evac-
uation path planning is not flexible enough and cannot be adjusted in
time according to the actual situation of fire spread, resulting in low
evacuation efficiency and potential chaos [4].

The development of the Internet of Things (IoT) technology has
provided innovative solutions to this problem. By installing various
sensors inside the building, the Internet of Things can monitor the
occurrence and development of fires in real time, and transmit key
data such as temperature, smoke concentration, and flame location to
the central control system through the wireless network [5]. Based on
these real-time data, the evacuation path can be dynamically adjusted
to improve the efficiency and safety of evacuation [6]. Compared with
the traditional methods, the Internet of Things technology can not only
provide more accurate on-site information, but also realize the rapid
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optimization of the evacuation path at the moment of fire occurrence,
effectively avoiding the delay and danger caused by the information
lag in the evacuation process [7].

methods and the advantages of IoT technology, this study proposes
a model of fire-site evacuation tracking and path optimization driven
by iot-aware data, called DWM-Evac (Dynamic Graph Neural Network-
Whale Optimization Algorithm-Markov Decision Process Evacuation
Model). The model combines three advanced technologies, dynamic
graph neural network (DGNN), whale optimization algorithm (WOA)
and Markov decision process (MDP), to realize real-time optimization
and dynamic adjustment of evacuation path at the fire site. DGNN
provides the evacuation path planning structure in real time [8]; WOA
optimizes the global path to find the optimal evacuation path; MDP
further optimizes the evacuation strategy to ensure the flexibility and
effectiveness in the evacuation process [9].

The main contributions of this paper are as follows:

∙ The DGNN integrating real-time IoT sensor data is designed to
dynamically update the evacuation path graph structure at the
fire scene. This component reflects changes in the fire scene in
real-time and provides a more accurate foundation for evacuation
path planning.
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∙ The WOA is utilized for global optimization of evacuation paths,
ensuring their efficiency and safety. By simulating the preda-
tory behavior of whales, this algorithm can find the optimal
evacuation path in a complex and changing environment.

∙ The MDP is combined for strategy optimization and dynamic
decision-making, further enhancing evacuation efficiency. This
ensures that evacuation strategies can be adjusted promptly in
response to dynamic changes at the fire scene, maximizing the
safety of individuals.

The structure of this paper is as follows: Section 2 introduces related
work, including the application of IoT in fire emergency evacuation, the
application of Dynamic Graph Neural Networks in path planning, and
the use of optimization algorithms and Markov Decision Processes in
evacuation path optimization. Section 3 details the overall architecture
and components of the DWM-Evac model. Section 4 describes the ex-
perimental setup, datasets, performance testing metrics, and analysis of
the experimental results. Section 5 summarizes the main contributions
of this paper, discusses its limitations, and suggests directions for future
research.

2. Related work

Addressing the problem of fire emergency evacuation path planning,
IoT technology, deep learning, and multi-agent systems provide crucial
technical support from various aspects such as monitoring and early
warning, path planning, and individual behavior simulation. These
technologies also offer theoretical and technical foundations for the
DWM-Evac model proposed in this paper.

2.1. IoT in fire evacuation

In recent years, the application of IoT technology in fire emergency
management has received widespread attention. IoT employs various
types of sensors installed within buildings, such as temperature sensors,
smoke detectors, and flame sensors, to monitor the occurrence and
spread of fires in real-time [10]. The data collected by these sen-
sors is transmitted via wireless networks to a central control system,
helping emergency management personnel make quick decisions. IoT
technology not only enhances the accuracy and response speed of fire
monitoring but also provides data support for dynamic adjustments of
evacuation paths [11]. Sindhu et al. proposed an IoT-based intelligent
fire alarm system that achieves early fire detection and warning by
analyzing multi-sensor data [12]. This system utilizes data from tem-
perature and smoke sensors and improves the accuracy and response
speed of fire detection through machine learning algorithms.

With the further development of IoT technology, its application in
fire emergency evacuation has become more and more diverse. For
example, Ji et al. developed an IoT-based fire evacuation system that
updates the evacuation path in real time by analyzing sensor data and
crowd movement trajectories to ensure that people can evacuate the
fire scene quickly and safely [13]. However, these systems still face
challenges in processing large-scale data and updating evacuation paths
in real time. In recent years, Peng et al. further explored the integration
of IoT and artificial intelligence technologies and proposed a fire evac-
uation model combined with deep learning. The model uses real-time
data collected by IoT for fire situation perception and realizes dynamic
optimization of the path through deep learning algorithms [14]. This
study demonstrates the great potential of IoT technology in improving
the response speed and accuracy of fire emergency evacuation, but also
emphasizes that problems such as data processing and transmission
delay still need to be solved in practical applications.

In addition, recent studies have also explored the scalability and
reliability of IoT in fire evacuation. For example, Yen et al. (2023)
proposed an IoT architecture based on edge computing to improve

data processing efficiency and system reliability in large-scale fire
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evacuation scenarios [15]. This architecture significantly reduces the
burden on the central server by distributing computing tasks to multiple
edge nodes, and improves the real-time response capability of the
system under high load conditions. Although the application potential
of IoT technology in fire emergency management is huge, its limitations
in dynamic path adjustment, data processing and real-time decision-
making still need to be further optimized to cope with complex and
changeable fire scenes [16].

Although the existing IoT technology has significantly improved
the monitoring accuracy and response speed in fire emergency man-
agement, it still has limitations in dealing with real-time changes and
large-scale data processing. In particular, when traditional IoT sys-
tems dynamically adjust evacuation paths, they often suffer from data
processing delays and transmission bottlenecks, resulting in delayed
decision-making and unable to meet the real-time requirements in
highly dynamic scenarios [1]. To solve these problems, the DWM-Evac
model proposed in this paper combines dynamic graph neural networks
(DGNN) and IoT technology to overcome the shortcomings of tradi-
tional methods in dynamic path adjustment by updating the evacuation
path structure of the fire scene in real time. The introduction of DGNN
enables the model to efficiently process and analyze large-scale IoT
data, thereby achieving real-time optimization of evacuation paths and
ensuring the timeliness and effectiveness of evacuation strategies.

2.2. Deep learning for path planning

Deep learning technology is increasingly being applied to path
planning. By utilizing deep learning models to process and analyze
large amounts of data, researchers can generate more accurate and
effective path planning schemes. De et al. proposed a deep reinforce-
ment learning-based path planning method that improves the efficiency
and accuracy of path planning by simulating and training agents’
movements in a virtual environment [17]. Deep reinforcement learn-
ing algorithms can continuously learn and improve to find optimal
path planning strategies, providing new insights for optimizing fire
evacuation paths.

Moreover, LIU et al. developed a cNN-based path planning system
that uses image data to generate detailed path planning schemes,
significantly enhancing the ability to plan paths in complex environ-
ments [18]. Zhang et al. also proposed a path optimization method
that combines deep learning with genetic algorithms, achieving more
efficient path planning by leveraging the strengths of both technolo-
gies [19]. However, these methods face challenges in handling real-
time changes in fire scene data. Traditional deep learning models
usually require large amounts of training data and computational re-
sources, making real-time response difficult in sudden fire situations.
Existing deep learning path planning methods exhibit issues with real-
time performance and adaptability in practical applications.

Although deep learning technology has demonstrated powerful data
processing capabilities in path planning, it still faces challenges in real-
time performance and adaptability. Traditional deep learning models
usually rely on a large amount of training data and computing re-
sources, making it difficult to achieve rapid response in sudden fire
scenarios. This limitation makes it difficult for existing methods to
cope with real-time changes in fire scenes in actual fire evacuation. To
this end, the DWM-Evac model solves this problem by combining deep
learning and dynamic graph neural networks. DGNN can use real-time
data provided by IoT sensors to dynamically adjust the evacuation path
structure. At the same time, the Whale Optimization Algorithm (WOA)
performs global optimization on this basis to ensure the efficiency and
safety of the evacuation path. Through this combination, the DWM-
Evac model overcomes the shortcomings of traditional deep learning
path planning methods in real-time and adaptability, and significantly

improves the model’s application effect in fire emergency evacuation.
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2.3. Multi-agent systems in evacuation

With the development of multi-agent systems (MAS) technology,
researchers have begun to explore its potential in dealing with more
complex dynamic environments. Lu et al. proposed a multi-level evacu-
ation model based on MAS, which can coordinate evacuation decisions
between different floors and areas to achieve a more efficient global
evacuation strategy [20]. This model greatly improves the application
effect in large-scale building fire evacuation by introducing a hier-
archical structure and regional priority between agents. In addition,
Tarapata et al. studied a hybrid model combining MAS and machine
learning. By introducing a real-time learning mechanism in the evacu-
ation process, the agent can adjust its decision in real time according
to environmental changes, further improving the evacuation efficiency
and flexibility [21].

Recent studies have also explored the real-time and adaptability
of MAS in evacuation simulation. Kaur et al. proposed a MAS model
based on reinforcement learning, which enables agents to optimize
individual and group evacuation paths through continuous learning
and adaptation during the evacuation process [22]. This model not
only performs well in dynamically changing fire scenarios, but also
demonstrates the great potential of combining MAS with reinforcement
learning technology. However, although these studies have improved
the real-time response capability of MAS to a certain extent, how to fur-
ther reduce the computational complexity and improve the scalability
of the system remains an important direction for future research [23].

Multi-agent systems (MAS) have demonstrated strong capabilities
in simulating evacuation behaviors in complex environments, but their
high computational complexity remains a major bottleneck when deal-
ing with large-scale evacuation scenarios. In addition, existing MAS
methods are usually difficult to quickly adjust decisions when faced
with real-time changes at the fire scene, resulting in insufficient flex-
ibility in evacuation strategies. In order to meet these challenges,
the DWM-Evac model proposed in this paper further optimizes the
evacuation strategy on the basis of global path optimization by in-
troducing a Markov decision process (MDP), so that the model can
make dynamic decisions based on real-time changes at the fire scene.
This method not only reduces the computational complexity of MAS in
complex scenarios, but also enhances the flexibility and effectiveness of
evacuation strategies, thereby effectively making up for the limitations
of traditional MAS methods.

3. Methodology

This section describes the construction and advantages of the PSO-
BiTC model in detail. We will introduce the overall architecture of the
model, including the functions of the TCN and BiLSTM modules, and
how PSO optimizes the model parameters.

3.1. Overview of our network

The DWM-Evac model proposed in this paper is a fire emergency
evacuation path optimization model based on DGNN, WOA, and MDP.
This model aims to utilize real-time data provided by IoT sensors to dy-
namically update the evacuation path structure at the fire scene, com-
bining optimization algorithms and decision processes to achieve effi-
cient and safe personnel evacuation. Fig. 1 shows the overall structure
of the DWM-Evac model.

The DWM-Evac model is composed of several modules, including
the data acquisition module, DGNN module, WOA module, MDP mod-
ule, and control and feedback module. In the data acquisition module,
sensors are deployed at various locations in the large shopping mall,
including temperature sensors, smoke detectors, flame sensors, and
crowd position sensors. These sensors can monitor critical parameters

and personnel positions at the fire scene in real-time and transmit the
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Fig. 1. Overall flow chart of the model.

data wirelessly to the central control system, ensuring the timeliness
and accuracy of the data.

The DGNN module receives real-time sensor data and personnel lo-
cation data from the data acquisition module and dynamically updates
the evacuation path structure based on this data. Nodes in the graph
structure represent various locations within the building, and edges
represent possible paths connecting these locations. The attributes of
each node and edge change in real-time according to sensor data;
for example, if a path is blocked by smoke, its weight will increase.
The DGNN consists of three graph convolutional layers and two fully
connected layers to extract graph structure features and perform path
prediction.

On the dynamic graph provided by DGNN, the WOA module per-
forms global path optimization, finding the optimal path from the
evacuees’ current positions to the safety exits. The initial population
size of WOA is set to 50, with 100 iterations, simulating whale foraging
behavior to perform global optimization within the search space. The
fitness function considers factors such as evacuation time, path length,
and path safety to evaluate each path. The MDP module uses the
optimization results from WOA and real-time sensor data for strategy
optimization and dynamic decision-making.

The state space of MDP includes real-time conditions at the fire
scene, such as temperature, smoke concentration, flame location, and
evacuee positions. The action space includes adjustments and optimiza-
tion decisions for evacuation paths, such as selecting new evacuation
routes or changing evacuation directions. By designing a reward func-
tion, the MDP can guide the decision process to keep the evacuation
strategy optimal amidst dynamic changes at the fire scene. The control
and feedback module combines the optimal evacuation strategy output
by MDP and guides evacuees in real-time through mall evacuation
indicators, broadcast systems, and mobile devices. Simultaneously, this
module monitors the evacuation process in real-time, updating the
inputs for DGNN and MDP with sensor feedback data, forming a
closed-loop control to improve evacuation efficiency and safety.

As shown in Fig. 1, the data flow and relationships among the
modules are clear. The data acquisition module collects real-time tem-
perature, smoke, flame, and personnel position data from the fire scene
and transmits it wirelessly to the DGNN module. The DGNN dynami-
cally updates the evacuation path structure based on the sensor data
and transmits the updated graph structure to the WOA module. WOA
then performs global path optimization to find the optimal evacuation
path and transmits the optimization results to the MDP module. The
MDP combines the WOA optimization results and real-time sensor data
to perform strategy optimization and dynamic decision-making, feeding
back the optimal evacuation path to the control and feedback module.
The control and feedback module guides the evacuees in real-time
through the evacuation indicator system and transmits feedback data of
the evacuation process back to the DGNN and MDP modules, forming
a closed-loop control that continuously optimizes evacuation paths and
strategies. Through the collaborative work of each component, the
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Fig. 2. Flow chart of the DGNN module.

DWM-Evac model can achieve efficient and real-time evacuation path
optimization in the complex and dynamic environment of a fire scene,
ensuring the safe evacuation of personnel.

3.2. Dynamic graph neural network

The DGNN is a deep learning model capable of handling graph-
structured data that changes over time. By incorporating the time
dimension, DGNN dynamically updates the graph structure, allowing it
to adapt to real-time changing environments. In recent years, DGNN has
made significant progress in various dynamic environments. Sako et al.
proposed a dynamic traffic flow prediction model based on a temporal
graph neural network, effectively improving traffic flow prediction
accuracy through time-dimensional graph convolution operations [24].
Additionally, zhou et al. studied a DGNN model for social network
analysis, successfully achieving dynamic modeling and prediction of
social relationships [25]. These studies demonstrate that DGNN has
significant advantages in handling complex dynamic data.

Fig. 2 shows the structure of the DGNN module. In the DWM-Evac
model, the DGNN module receives real-time sensor data and person-
nel location data from the data acquisition module and dynamically
updates the evacuation path structure based on this data. The nodes
in the graph structure represent various locations within the building,
and the edges represent possible paths connecting these locations. The
attributes of each node and edge change in real-time according to
sensor data; for example, if a path is blocked by smoke, its weight
will increase. The DGNN consists of three graph convolutional layers
and two fully connected layers to extract graph structure features and
perform path prediction.

Although DGNN shows significant advantages in processing dy-
namic data and graph structure updating, it still has some limitations
in its theoretical basis and practical application. First, the high depen-
dence of DGNN on real-time data makes it possible for the instability
of path planning in the case of data noise or loss. For the highly
dynamic environment of fire evacuation, the accuracy and timeliness
of sensor data directly affect the performance of DGNN. In addition,
the high computational complexity of DGNN, especially when dealing
with complex path networks within large buildings, may lead to ex-
cessive computational overhead, thus affecting real-time performance.
To address these challenges, this paper introduces a data preprocessing
step in the DGNN module, reduces the noise effect, and optimizes the
parameter setting of the graph convolution layer to reduce the com-
putational complexity. Through these improvements, DGNN can better
adapt to the real-time data changes in the fire evacuation scenario, and
provide a more stable and efficient path update scheme.

In the DWM-Evac model, the dynamic graph neural network
(DGNN) module first obtains data such as temperature, smoke con-
centration, flame location, and crowd distribution at the fire scene
in real time through sensors. These data are preprocessed through
preprocessing steps, including normalization and noise reduction, to
ensure the accuracy and stability of the input data. Next, the graph
convolutional layers process these preprocessed data and aggregate
node features layer by layer. The convolution operation of each layer

not only updates the representation of the node, but also dynamically
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adjusts the edge weights in the path graph structure. For example, if a
path becomes dangerous due to the spread of fire, its corresponding
edge weight will increase, reflecting the reduced feasibility of the
path. Finally, the aggregated features are further processed by the
fully connected layer to generate the optimal path prediction result,
ensuring that the evacuation path can be updated in real time in a
complex dynamic environment, maximizing the efficiency and safety
of evacuation.

The core formula of the DGNN module is as follows.
First, define the graph structure as 𝐺 = (𝑉 ,𝐸), where 𝑉 represents

the set of nodes and 𝐸 represents the set of edges. The node feature
matrix is 𝑋, and the edge feature matrix is 𝑊 .

𝐻 (0) = 𝑋 (1)

where 𝐻 (0) represents the initial node feature matrix, which is the input
node features.

Next, update the node features through the first graph convolutional
layer:

𝐻 (1) = 𝜎(𝐷−1∕2𝐴𝐷−1∕2𝐻 (0)𝑊 (0)) (2)

where 𝐴 is the adjacency matrix, 𝐷 is the degree matrix, 𝑊 (0) is the
weight matrix of the first convolutional layer, and 𝜎 is the activation
function (e.g., ReLU).

The second graph convolutional layer further aggregates features:

𝐻 (2) = 𝜎(𝐷−1∕2𝐴𝐷−1∕2𝐻 (1)𝑊 (1)) (3)

where 𝑊 (1) is the weight matrix of the second convolutional layer.
The third graph convolutional layer completes feature extraction:

𝐻 (3) = 𝜎(𝐷−1∕2𝐴𝐷−1∕2𝐻 (2)𝑊 (2)) (4)

where 𝑊 (2) is the weight matrix of the third convolutional layer.
Next, the features are processed through the fully connected layer:

𝑍 = 𝜎(𝐻 (3)𝑊 (3) + 𝑏(3)) (5)

where 𝑊 (3) and 𝑏(3) are the weights and biases of the fully connected
layer, respectively.

Finally, the output layer generates the path prediction results:

𝑌 = softmax(𝑍𝑊 (4) + 𝑏(4)) (6)

where 𝑊 (4) and 𝑏(4) are the weights and biases of the output layer, and
𝑌 is the final path prediction result.

In the DGNN module, each stage of the data processing workflow
generates corresponding output results, which serve as inputs for the
subsequent WOA and MDP modules to further optimize evacuation
paths and strategies. Through the above processing, DGNN can ef-
fectively aggregate and extract graph structure features to achieve
dynamic update and prediction of the evacuation path at the fire scene.

Although DGNN shows significant advantages in processing dy-
namic data and graph structure updating, it still has some limitations
in its theoretical basis and practical application. First, the high depen-
dence of DGNN on real-time data makes it possible for the instability
of path planning in the case of data noise or loss. For the highly
dynamic environment of fire evacuation, the accuracy and timeliness
of sensor data directly affect the performance of DGNN. In addition,
the high computational complexity of DGNN, especially when dealing
with complex path networks within large buildings, may lead to ex-
cessive computational overhead, thus affecting real-time performance.
To address these challenges, this paper introduces a data preprocessing
step in the DGNN module, reduces the noise effect, and optimizes the
parameter setting of the graph convolution layer to reduce the com-
putational complexity. Through these improvements, DGNN can better
adapt to the real-time data changes in the fire evacuation scenario, and
provide a more stable and efficient path update scheme.
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Fig. 3. Flow chart of the WOA module.

3.3. Whale optimization algorithm

The WOA is a novel optimization algorithm inspired by the hunting
behavior of humpback whales, proposed by Mirjalili et al. in 2016.
In recent years, WOA has been widely applied and has achieved sig-
nificant results in various optimization problems [26]. WOA simulates
the bubble-net hunting strategy of humpback whales, balancing global
search and local search through spiral ascending motion [27]. Skarding
et al. used WOA in resource allocation problems, significantly improv-
ing efficiency and accuracy [28]. Pham et al. applied WOA to path
planning problems, successfully optimizing path selection in complex
environments [29]. These studies demonstrate that WOA has significant
advantages in solving complex optimization problems.

As A new optimization algorithm, WOA has advantages in the bal-
ance of global search and local search, but it also has some limitations
in its theoretical basis and practical application. In the optimization
process, WOA may cover the incomplete search space due to the
insufficient diversity of the initial population or the limitation of the
number of iterations, and the final path found is not globally optimal.
Moreover, WOA is highly sensitive to the design of fitness functions,
and different fitness functions may lead to significant differences in
optimization results, which may increase the complexity of algorithm
debugging in practical applications. In the DWM-Evac model, we en-
hance the robustness and optimization capabilities of WOA in complex
environments by introducing a diverse initial population generation
approach and an adaptive adjusted fitness function design. Through
these improvements, WOA is able to more effectively cope with the
uncertainties in the optimization of fire evacuation pathways, ensur-
ing that the final generated evacuation path has higher safety and
efficiency.

Fig. 3 shows the structure of the WOA module. In the DWM-Evac
model, the WOA module is responsible for global path optimization
based on the dynamic graph provided by DGNN, aiming to find the
optimal path from the evacuee’s current location to a safe exit. The
initial population size of WOA is set to 50, with 100 iterations. By
656 
simulating the whale’s hunting behavior, global optimization is con-
ducted within the search space. The data processing workflow of the
WOA module includes initializing the population, calculating fitness,
updating positions, and determining termination conditions.

In the WOA module, WOA first initializes the path population
according to the dynamic path graph output by DGNN, and each path
is globally optimized as an individual. The initialized population is
evaluated by the fitness function, which comprehensively considers key
factors such as evacuation time, path length and safety. The algorithm
updates its position in each iteration by simulating the bubble net
predation behavior of whales, which includes two mechanisms: encir-
clement predation and spiral predation. WOA alternates between these
two update strategies and gradually converges to the global optimal
path.

The core formula of the WOA module is as follows.
First, define the initial population’s position matrix as 𝑋, with each

individual’s position represented as 𝑋𝑖:

𝑋(𝑡+1)
𝑖 = 𝑋∗ − 𝐴 ⋅𝐷 (7)

where 𝑋∗ is the position of the current best individual, 𝐴 is the control
coefficient vector, and 𝐷 is the distance between two individuals.

Calculate the vector 𝐴 and the distance 𝐷:

𝐴 = 2 ⋅ 𝑎 ⋅ 𝑟 − 𝑎 (8)

where 𝑎 is a linearly decreasing coefficient, and 𝑟 is a random vector
with values in the range [0, 1].

𝐷 = |𝐶 ⋅𝑋∗ −𝑋𝑖| (9)

where 𝐶 is a control coefficient vector, a random vector with values in
the range [0, 2].

The spiral update mechanism simulates the whale’s spiral hunting
behavior:

𝑋(𝑡+1)
𝑖 = 𝐷′ ⋅ 𝑒𝑏𝑙 ⋅ cos(2𝜋𝑙) +𝑋∗ (10)

where 𝐷′ is the distance between the current individual and the target
prey, 𝑏 is a constant defining the spiral shape, and 𝑙 is a random number
in the range [−1, 1].

The selection update mechanism chooses between the encircling
prey behavior and spiral hunting behavior based on probability 𝑝:

𝑋(𝑡+1)
𝑖 =

{

𝑋∗ − 𝐴 ⋅𝐷, if 𝑝 < 0.5
𝐷′ ⋅ 𝑒𝑏𝑙 ⋅ cos(2𝜋𝑙) +𝑋∗, if 𝑝 ≥ 0.5

(11)

where 𝑝 is a probability, a random number in the range [0, 1].
The fitness function evaluates the quality of each path, considering

factors such as evacuation time, path length, and path safety:

𝑓 (𝑋𝑖) = 𝑤1 ⋅ 𝑇 (𝑋𝑖) +𝑤2 ⋅ 𝐿(𝑋𝑖) +𝑤3 ⋅ 𝑆(𝑋𝑖) (12)

where 𝑇 (𝑋𝑖) is the evacuation time, 𝐿(𝑋𝑖) is the path length, 𝑆(𝑋𝑖) is
the path safety, and 𝑤1, 𝑤2, 𝑤3 are weight coefficients measuring the
importance of each factor.

By iterating through these steps, WOA can effectively perform
global path optimization based on the dynamic graph structure pro-
vided by DGNN, finding the optimal evacuation path. Each iteration
of the WOA module outputs the current path weights and the optimal
path, which serve as inputs for the MDP module to further optimize
evacuation strategies.

3.4. Markov decision process

The MDP is a mathematical framework for modeling decision-
making processes by considering dynamic changes in the environment
and optimizing the decision-maker’s strategy to achieve dynamic ad-
justments of the system state [30]. In fire emergency evacuation, MDP
can dynamically adjust evacuation strategies based on real-time envi-
ronmental data and path optimization results, ensuring the efficiency
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Fig. 4. Flow chart of the MDP module.

and safety of the evacuation process. In recent years, MDP has made
significant progress in emergency management applications. Huang
et al. proposed an MDP-based intelligent evacuation strategy optimiza-
tion method, which generates optimal evacuation paths by analyzing
real-time fire scene data and personnel locations, effectively improving
evacuation efficiency [31]. Fu et al. studied an emergency evacuation
model combining MDP and reinforcement learning, achieving dynamic
decision optimization in complex fire scenarios [32].

Fig. 4 shows the structure of the MDP module. In the DWM-Evac
model, the MDP module combines WOA’s optimization results with
real-time sensor data to optimize strategies and make dynamic deci-
sions. The state space of MDP includes real-time states of the fire scene,
such as temperature, smoke concentration, flame location, and evacuee
positions; the action space includes adjustments and optimization deci-
sions for evacuation paths, such as selecting new evacuation routes or
changing evacuation directions. By designing a reward function, MDP
can guide the decision-making process, keeping the evacuation strategy
optimal amidst the dynamic changes of the fire scene.

In the MDP module, the state space consists of the real-time en-
vironmental state of the fire scene, including information such as
temperature, smoke concentration, flame position and current distri-
bution of evacuees. The action space covers all possible evacuation
path adjustments and optimization decisions, such as path selection and
direction change. The design of the reward function directly affects the
strategy optimization of MDP. The function considers multiple factors
such as evacuation time, path length and safety, and sets corresponding
weight coefficients to balance the influence of different factors. In
the strategy optimization process, MDP continuously updates the state
value function through the Bellman Equation, and finally selects the
strategy that maximizes the value function for implementation.

The core formula of the MDP module is as follows.
First, define the basic elements of MDP: state space 𝑆, action space

𝐴, state transition probability 𝑃 (𝑠′|𝑠, 𝑎), and reward function 𝑅(𝑠, 𝑎).

𝑉 (𝑠) = max
𝑎∈𝐴

∑

𝑠′∈𝑆
𝑃 (𝑠′|𝑠, 𝑎)

[

𝑅(𝑠, 𝑎) + 𝛾𝑉 (𝑠′)
]

(13)

where 𝑉 (𝑠) is the value function of state 𝑠, and 𝛾 is the discount factor,
measuring the present value of future rewards.

The policy function evaluates the value of each action:

𝑄(𝑠, 𝑎) =
∑

𝑠′∈𝑆
𝑃 (𝑠′|𝑠, 𝑎)

[

𝑅(𝑠, 𝑎) + 𝛾𝑉 (𝑠′)
]

(14)

where 𝑄(𝑠, 𝑎) is the value function for taking action 𝑎 in state 𝑠.
The Bellman equation for updating the value function:

𝑉 (𝑠) = max
𝑎∈𝐴

𝑄(𝑠, 𝑎) (15)

This equation iteratively updates the value function of the state, grad-
ually approaching the optimal value.
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Fig. 5. FIRE Evacuation Dataset examples. The images show the positions of individuals
and evacuation path information. In different fire scenarios, the evacuation paths and
behavior patterns of individuals vary.

Policy update formula:

𝜋(𝑠) = argmax
𝑎∈𝐴

𝑄(𝑠, 𝑎) (16)

where 𝜋(𝑠) is the optimal policy for state 𝑠, achieved by selecting the
action that maximizes 𝑄(𝑠, 𝑎).

The reward function considers factors such as evacuation time, path
length, and path safety:

𝑅(𝑠, 𝑎) = 𝑤1 ⋅ 𝑇 (𝑠, 𝑎) +𝑤2 ⋅ 𝐿(𝑠, 𝑎) +𝑤3 ⋅ 𝑆(𝑠, 𝑎) (17)

where 𝑇 (𝑠, 𝑎) is the evacuation time, 𝐿(𝑠, 𝑎) is the path length, 𝑆(𝑠, 𝑎) is
the path safety, and 𝑤1, 𝑤2, and 𝑤3 are weight coefficients measuring
the importance of each factor.

Through the above process, the MDP module can dynamically adjust
evacuation strategies based on real-time environmental data and path
optimization results, improving evacuation efficiency and safety. Each
strategy update of the MDP module outputs the optimal evacuation
strategy and path adjustment plan under the current state, which serves
as input for the control and feedback module to further optimize the
evacuation process.

4. Experiment

4.1. Datasets

To ensure the effectiveness and reliability of the fire emergency
evacuation path planning model, we selected three publicly avail-
able datasets for training and testing: the FIRE Evacuation Dataset,
OpenStreetMap (OSM) Data, and Microsoft Building Footprints. These
datasets provide comprehensive evacuation behavior, geographic infor-
mation, and building floor plan data, offering a solid foundation for the
model’s development and validation.

The FIRE Evacuation Dataset contains multiple fire evacuation sim-
ulation data, including personnel locations, evacuation times, and path
information. This dataset comes from several fire simulation experi-
ments, ensuring high data quality and accurately reflecting personnel
behavior and path choices during fire evacuations [33]. Data samples
are collected by simulating evacuation processes under various fire sce-
narios, covering a wide range of evacuation strategies and path choices.
Each sample includes detailed information such as initial personnel
locations, fire outbreak locations, evacuation paths, and evacuation
times. Fig. 5 illustrates a portion of the FIRE Evacuation Dataset,
including personnel locations and evacuation path information. In this
paper, the FIRE Evacuation Dataset is used to train the model to identify
personnel behavior patterns during fire evacuations and to optimize
evacuation path selection.

OpenStreetMap (OSM) Data provides global geographic informa-
tion, including details about buildings, roads, and public facilities.
This dataset is sourced from user-contributed open geographic data
worldwide, continuously updated and refined through crowdsourcing,
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Fig. 6. OpenStreetMap (OSM) data examples. The images show geographic information
of road and building layouts for four different cities in the United States.

offering high coverage and accuracy. The quality and detail of OSM
data make it an ideal choice for path planning and geographic infor-
mation system research [34]. The dataset samples include information
about road networks, building outlines, transportation facilities, and
public facility locations and attributes. Fig. 6 shows an example of
the OSM dataset, featuring geographic information about roads and
buildings. In this paper, OSM data is used to provide the road network
information surrounding the mall, ensuring that evacuation paths are
effective not only within the mall but also in guiding evacuees to safe
areas.

The Microsoft Building Footprints dataset contains floor plan data
for buildings worldwide. This dataset, generated by Microsoft using
machine learning techniques to automatically extract information from
satellite imagery, covers over 125 million buildings, with high data
quality and frequent updates [35]. Each sample includes detailed build-
ing outlines, location coordinates, and height information, accurately
reflecting the actual layout of buildings. Fig. 7 displays an example
of the Microsoft Building Footprints dataset, showing detailed building
outlines. In this paper, this dataset is used to construct detailed floor
plans of large malls, aiding the model in understanding complex build-
ing interiors and further enhancing the accuracy and effectiveness of
evacuation path planning.

By combining these datasets, the DWM-Evac model in this paper can
fully leverage evacuation behavior data, geographic information, and
building floor plan data to achieve efficient and accurate evacuation
path planning and optimization. These datasets provide rich and high-
quality data support for the training and testing of the model, ensuring
its reliability and effectiveness in practical applications.

4.2. Experimental details

The experiment was conducted in a high-performance computing
environment to ensure the effectiveness and reliability of the fire
emergency evacuation path planning model. The experimental setup is
as follows: the operating system is Ubuntu 20.04 LTS, the processor
is an Intel Xeon E5-2698 v4 (2.2 GHz, 20 cores), the memory is
128 GB DDR4 RAM, the GPU is an NVIDIA Tesla V100 (32 GB HBM2),
and the storage is a 2 TB NVMe SSD. Additionally, the software and
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frameworks used include Python 3.8, TensorFlow 2.4, PyTorch 1.8,
Deep Graph Library (DGL) 0.6, SciPy 1.6, Pandas 1.2, and NumPy 1.19.
These configurations and tools ensure computational efficiency and the
effectiveness of model training.

In data collection, we deployed a variety of sensors to monitor
key parameters at the fire scene, including temperature sensors, smoke
sensors, flame detectors, and crowd location sensors. Temperature
sensors are used to monitor changes in ambient temperature in real
time. Data collection frequency is once per second to ensure that
temperature rise can be quickly captured when a fire occurs. Smoke
sensors are used to detect changes in smoke concentration in the air.
The collection frequency is twice per second to improve the response
speed to smoke diffusion. Flame detectors are used to identify the
presence and intensity of flames. The collection frequency is 0.5 times
per second, focusing on locating the exact location of the flame. Crowd
location sensors are used to track the real-time location of people in
the building. The collection frequency is twice per second to ensure
the accuracy of the location of people in evacuation route planning.

In terms of data quality control, we adopted multiple verification
mechanisms, including cross-validation of sensor data and outlier de-
tection. During the data collection process, any reading outside the
reasonable range will be marked as an outlier and further processed.
In addition, we also performed data standardization to eliminate data
deviations caused by sensor differences. The data processing process
includes denoising, filling in missing data, and synchronizing the data
of each sensor to ensure the consistency of all data on the timeline.

In the DWM-Evac model, parameters are chosen based on multiple
experiments and best practices in related areas. For the DGNN module,
we chose a 3-layer graph convolutional layer, each containing 128
hidden units, and the activation function using ReLU. These settings
stem from a comparison of our experimental results on the number
and layers of multiple hidden cells, with selecting 128 hidden units
achieving the best balance between model complexity and training
efficiency. In the WOA module, the initial population size is set to 50,
which is based on the balance between the optimization effect and the
computational cost. After experimental validation, 50 populations can
provide sufficient search diversity without adding excessive computa-
tional burden. The number of iterations was set to 100, sufficient to
ensure convergence of the algorithm to the globally optimal solution.
During the optimization process, WOA balances the global search and
the local search by simulating the predation behavior of whales to
improve the effect of path optimization. The fitness function combines
evacuation time, path length and path safety, and the weights are set
to 0.5,0.3 and 0.2, respectively. This combination can effectively guide
the algorithm to find the optimal path with both safety and efficiency.
The optimization process of WOA is mainly divided into steps such
as initializing the population, calculating the fitness, updating the
position and judging the termination conditions. The fitness function
plays a key role throughout the optimization process by assessing the
overall performance of each path, ensuring that evacuation routes are
both short and fast while avoiding high-risk areas. Evacuation time as
the most important indicator, its the highest weight, can ensure that
personnel can be evacuated as soon as possible. The path length is the
second, ensuring the high efficiency of the evacuation path. The path
safety weight is 0.2 to ensure that high fire areas can be avoided during
evacuation. This weight setting is based on the actual requirements in
the evacuation scenario, and proves that it can guide the model to find
the optimal evacuation scheme.

The experiment divided the model training process into several
steps. First, data preprocessing was performed on the FIRE Evacuation
Dataset, OpenStreetMap data, and Microsoft Building Footprints data,
generating standardized training and validation datasets. Then, the
preprocessed data was used to train the DGNN model, optimizing the
weights and biases of the graph convolutional layers over 200 epochs.
Next, using the real-time graph structure and node features output by
the DGNN, the WOA initialized the path population and performed
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Fig. 7. Microsoft Building Footprints data examples. The images show the floor plans and outlines of buildings and street routes.
global path optimization over 100 iterations. Finally, using the WOA
optimization results and real-time sensor data, the MDP conducted
policy optimization and dynamic decision-making, updating the policy
every 10 time steps to ensure optimal evacuation paths.

To evaluate the contributions of each component in the DWM-Evac
model, we designed ablation experiments, gradually removing different
components of the model and observing the performance changes. The
experiments included four configurations: the complete model (DGNN
+ WOA + MDP), without DGNN (only WOA and MDP), without WOA
(only DGNN and MDP), and without MDP (only DGNN and WOA). Each
experiment was run 10 times, recording metrics such as evacuation
time, path length, and path safety. By comparing these metrics, we
assessed the impact of each component on the model’s performance.

Additionally, to validate the model’s effectiveness in real-world
scenarios, we conducted virtual simulation tests using data from a large
shopping mall. First, we obtained the mall’s floor plans, sensor layouts,
and pedestrian flow data to generate a virtual mall environment using
computer simulation software. Then, multiple fire sources were set
up within the virtual mall to simulate fire scenarios, with virtual
sensors monitoring real-time information such as temperature, smoke
concentration, and flame locations. The real-time data generated by
the simulation was input into the trained DWM-Evac model to dynam-
ically generate evacuation paths. Finally, we recorded metrics such as
evacuation time, path length, and path safety and compared them with
the mall’s actual evacuation plan to verify the model’s practicality and
reliability.

4.3. Evaluation indicators

When assessing the performance of the DWM-Evac model, several
critical metrics were identified, namely evacuation time, path length,
and path safety. These indicators provide a comprehensive evaluation
of the model’s effectiveness in fire emergency evacuation scenarios. The
following section offers a detailed description and the corresponding
calculation methods for each performance metric.

Evacuation Time: Evacuation time refers to the duration from the
occurrence of a fire to the successful evacuation of all individuals to a
safe area. This metric directly reflects the model’s response speed and
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evacuation efficiency in emergency situations. The calculation formula
for evacuation time 𝑇 is as follows:

𝑇 = 𝑡𝑒𝑛𝑑 − 𝑡𝑠𝑡𝑎𝑟𝑡 (18)

where 𝑡𝑠𝑡𝑎𝑟𝑡 represents the fire start time, and 𝑡𝑒𝑛𝑑 represents the time
when the last person reaches the safe area. Shorter evacuation times
indicate that the model can guide individuals to evacuate more quickly,
enhancing emergency response effectiveness.

Path Length: Path length refers to the total distance traveled by
individuals from their current location to the safety exit. This metric
reflects the optimization level of the evacuation path; the shorter the
path, the more efficient the evacuation route planned by the model.
The calculation formula for path length 𝐿 is as follows:

𝐿 =
𝑛−1
∑

𝑖=1
𝑑(𝑃𝑖, 𝑃𝑖+1) (19)

where 𝑑(𝑃𝑖, 𝑃𝑖+1) denotes the distance between node 𝑃𝑖 and node 𝑃𝑖+1,
and 𝑛 is the total number of nodes on the path. Optimizing path length
can reduce the distance individuals need to travel during evacuation,
thereby decreasing evacuation time.

Path Safety: Path safety is an important metric to measure whether
the evacuation path avoids high-risk areas of the fire. Path safety 𝑆
incorporates the danger coefficients of the nodes on the path; higher
path safety indicates safer evacuation routes. The calculation formula
for path safety 𝑆 is as follows:

𝑆 = 1
𝑛

𝑛
∑

𝑖=1
(1 − 𝑟𝑖) (20)

where 𝑟𝑖 represents the danger coefficient of node 𝑃𝑖, with values
ranging from [0, 1], and 𝑛 is the total number of nodes on the path.
The danger coefficient of a node is determined by sensor data (e.g., tem-
perature, smoke concentration), with higher values indicating greater
danger. The higher the value of 𝑆, the safer the path.

Fitness Function: In the optimization process, the fitness function
is used to evaluate the overall performance of each path. The fitness
function 𝑓 combines evacuation time, path length, and path safety, with
the specific calculation formula as follows:

𝑓 (𝑋 ) = 𝑤 ⋅ 𝑇 (𝑋 ) +𝑤 ⋅ 𝐿(𝑋 ) +𝑤 ⋅ 𝑆(𝑋 ) (21)
𝑖 1 𝑖 2 𝑖 3 𝑖
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Table 1
Detailed results of ablation experiments on FIRE Evacuation Dataset (showing the
performance changes of the model after gradually removing different components).

Model T (s) L (m) S (0–1)

Without DGNN 340 270 0.89
Without WOA 360 260 0.87
Without MDP 380 280 0.85
DGNN only 365 255 0.87
WOA only 385 275 0.86
MDP only 375 265 0.84
Complete model (DWM-Evac) 320 250 0.92

Table 2
Detailed results of ablation experiments on OpenStreetMap (OSM) Data. (showing the
performance changes of the model after gradually removing different components).

Model T (s) L (m) S (0–1)

Without DGNN 330 265 0.88
Without WOA 350 255 0.86
Without MDP 370 275 0.84
DGNN only 355 250 0.86
WOA only 375 270 0.85
MDP only 365 260 0.83
Complete model (DWM-Evac) 310 245 0.91

where 𝑇 (𝑋𝑖) is evacuation time, 𝐿(𝑋𝑖) is path length, 𝑆(𝑋𝑖) is path
safety, and 𝑤1, 𝑤2, and 𝑤3 are the weight coefficients for each metric,
used to balance the importance of different metrics. Through the fitness
function, we can comprehensively evaluate the efficiency and safety of
the path, choosing the optimal evacuation route.

By using these key performance metrics, we can thoroughly assess
the DWM-Evac model’s performance in fire emergency evacuations.
Evacuation time and path length reflect the model’s efficiency, while
path safety ensures the safety of individuals during evacuation. The
fitness function integrates various metrics to provide a clear objective
for model optimization. During the experiment, we will meticulously
record and analyze these metrics to comprehensively demonstrate the
model’s performance under different experimental settings, ensuring its
effectiveness and reliability in practical applications.

4.4. Experimental results and analysis

Ablation Experiment Results: In the ablation experiments, we per-
formed component removal tests on different datasets (FIRE Evacuation
Dataset, OpenStreetMap (OSM) Data, Microsoft Building Footprints) to
analyze the impact of each component on the model’s performance.

The results on the FIRE Evacuation Dataset indicate that the com-
plete model (DWM-Evac) performs best, with an evacuation time of
320 s, a path length of 250 m, and a path safety score of 0.92 (as
Table 1). When the DGNN component is removed, the evacuation time
increases to 340 s, the path length to 270 m, and the path safety
score decreases to 0.89. This demonstrates that the DGNN component
plays a crucial role in extracting graph structure features for path
planning. Removing the WOA component results in an evacuation time
of 360 s, a path length of 305.83 m, and a path safety score of 0.87,
highlighting the importance of WOA in global path optimization. When
the MDP component is removed, the evacuation time increases to
380 s, the path length to 366.48 m, and the path safety score drops to
0.85, indicating the significant role of the MDP component in dynamic
strategy optimization.

The experimental results on the OpenStreetMap (OSM) Data show a
similar pattern, with the complete model again performing best, having
an evacuation time of 310 s, a path length of 245 m, and a path safety
score of 0.91 (as Table 2). Removing the DGNN component results in
an evacuation time of 330 s, a path length of 265 m, and a path safety
score of 0.88. Removing the WOA component increases the evacuation
time to 350 s, the path length to 255 m, and the path safety score drops
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Table 3
Detailed results of ablation experiments on Microsoft Building Footprints. (showing the
performance changes of the model after gradually removing different components).

Model T (s) L (m) S (0–1)

Without DGNN 335 275 0.90
Without WOA 355 265 0.88
Without MDP 375 285 0.86
DGNN only 360 260 0.88
WOA only 380 280 0.87
MDP only 375 285 0.85
Complete model (DWM-Evac) 315 255 0.93

Fig. 8. The internal flow of people in Jinsheng Shopping Mall and some of its layouts.

to 0.86. Removing the MDP component results in an evacuation time
of 370 s, a path length of 275 m, and a path safety score of 0.84. These
results further validate the importance of each component in the model.

The results on the Microsoft Building Footprints dataset also support
the previous conclusions. The complete model shows the best perfor-
mance, with an evacuation time of 315 s, a path length of 255 m, and a
path safety score of 0.93 (as Table 3). Removing the DGNN component
results in an evacuation time of 335 s, a path length of 275 m, and
a path safety score of 0.90. Removing the WOA component increases
the evacuation time to 355 s, the path length to 265 m, and the path
safety score drops to 0.88. Removing the MDP component results in an
evacuation time of 375 s, a path length of 285 m, and a path safety
score of 0.86. This indicates that regardless of the dataset, the DGNN,
WOA, and MDP components significantly contribute to the model’s
overall performance.

The above experimental results demonstrate that the complete
DWM-Evac model performs best in all metrics, proving the critical
roles of the DGNN, WOA, and MDP components in optimizing fire
emergency evacuation paths. Removing any single component results
in a significant decline in the model’s performance, further validating
the model’s design and the necessity of each component. These findings
provide a strong foundation for further optimization and improvement
of the model in future research.

Scenario Simulation Analysis: To validate the path planning per-
formance of the model in a real-world scenario, we selected Jinsheng
Department Store as the experimental subject to evaluate the applica-
tion effectiveness of the DWM-Evac model. Jinsheng Department Store
is a large shopping center with a complex interior layout and high foot
traffic, presenting significant challenges for emergency fire evacuation.
The following are some important illustrations of the store:

Fig. 8 shows a portion of the interior layout and crowd density of the
Mall, aiding in understanding the potential obstacles and complexity of
path choices during the evacuation process.

Fig. 9 presents the fire safety CAD diagram of the store, detail-
ing the positions of rooms, corridors, and fire safety equipment. This
diagram will be used in subsequent evacuation path generation and
visualization.
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Fig. 9. Fire protection CAD engineering drawing display. The layout of firefighting
equipment, escape routes, ventilation systems, and other important firefighting facilities
inside the building are shown in detail. The complex lines and symbols in the figure
represent the different systems and facilities of the building, showing the various paths
and obstacles that may be involved in the evacuation process.

Fig. 10. The plan structure drawing of the second floor of the shopping mall. The
location of each room, passageway, and main exit is shown in detail. This diagram
is used to simulate the movement path of people during fire evacuation, helping to
analyze how evacuees can evacuate using the existing building layout in different fire
scenarios. The layout in the figure shows key evacuation routes and possible congestion
areas, providing basic data for the model’s path planning algorithm.

Fig. 11. Path planning results of the complete model (DWM-Evac), showing the
evacuation path from the initial position to Exit 4.

Fig. 10 displays the second-floor layout, detailing the positions of
rooms and corridors. This diagram will also be used in subsequent
evacuation path generation and visualization (see Figs. 13 and 14).

We compared the evacuation path planning results under differ-
ent model structures. Fig. 11 shows the path planning results of the
complete model (DWM-Evac). In the complete model, the evacuation
paths make full use of all exits and dynamically adjust based on real-
time data and optimization algorithms. People quickly evacuate from
661 
Fig. 12. Path planning results after removing the DGNN module, showing the
evacuation path relying on traditional optimization algorithms.

Fig. 13. Path planning results after removing the WOA module, showing the
evacuation path lacking global optimization.

Fig. 14. Path planning results after removing the MDP module, showing the evacuation
path lacking strategic optimization and dynamic decision-making.

their initial positions to the nearest safe exit (Exit 4), with smooth
paths that avoid fire locations, ensuring an efficient and safe evacuation
process. Fig. 12 displays the path planning results after removing the
Dynamic Graph Neural Network (DGNN) module. Without the DGNN
module, path planning relies on traditional optimization algorithms.
The paths are more direct but lack dynamic adjustment capability,
failing to completely avoid high-risk areas, which slightly reduces the
safety and efficiency of the evacuation paths. Fig. 12 shows the path
planning results after removing the Whale Optimization Algorithm
(WOA) module. Without the WOA module, path planning mainly relies
on DGNN and MDP decisions. The results indicate that while the paths
still avoid the fire source, the absence of WOA’s global optimization
leads to longer path lengths and increased evacuation time, making
the overall efficiency inferior to the complete model. Fig. 12 shows
the path planning results after removing the Markov Decision Process
(MDP) module. Without the MDP module, path planning lacks strategic
optimization and dynamic decision-making capabilities. The paths are
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Table 4
Evacuation time, Path length, and path safety in virtual mall environment (DWM-Evac
vs. Actual Plan).

Indicator DWM-Evac model Actual mall plan

Average evacuation time (s) 315 340
Average path length (m) 255 270
Average path safety (0–1) 0.92 0.88

Table 5
Model performance comparison with different fire source settings.

Fire source setting Average evacuation
time (s)

Average path
length (m)

Average path
safety (0–1)

Main entrance 320 250 0.91
Middle 330 260 0.90
Parking lot 340 270 0.89
Back entrance 350 280 0.88

more rigid and unable to adapt flexibly to the dynamic changes in
the fire scene, significantly reducing the flexibility and adaptability
of the evacuation process, and also lowering the safety of the paths.
The comparison clearly demonstrates that the complete DWM-Evac
model exhibits the highest efficiency and safety in evacuation path
planning. After removing each key module, the model’s evacuation path
planning ability decreased, which once again verified the results of the
aforementioned ablation experiment.

Further Experiments: Multiple fire sources were set in different
areas of a virtual mall environment. Sensors were used to monitor
real-time information such as temperature, smoke concentration, and
flame position, dynamically generating evacuation paths. During the
simulation, we compared the evacuation paths generated by the DWM-
Evac model with those in the mall’s actual emergency plan, evaluating
key metrics such as evacuation time, path length, and path safety.

An analysis of the results in Tables 4 and 5 shows that the DWM-
Evac model outperformed the actual emergency plan in the virtual
mall environment. Table 3 indicates that the average evacuation time
for the DWM-Evac model was 315 s, significantly shorter than the
340 s of the mall’s actual plan. Additionally, the average path length
of the DWM-Evac model was 255 m, shorter than the 270 m of the
actual plan. Furthermore, the path safety score of the DWM-Evac model
reached 0.92, higher than the 0.88 of the actual plan, indicating that
the DWM-Evac model not only ensures evacuation efficiency but also
places greater emphasis on path safety. The results in Table 4 further
verify the stability and superiority of the DWM-Evac model under
different fire source settings. Whether the fire source was set at the
main entrance, atrium, parking lot, or back door, the DWM-Evac model
consistently balanced shorter evacuation times and higher path safety,
demonstrating excellent adaptability. These results clearly indicate that
the DWM-Evac model is significantly more effective and reliable than
traditional plans for fire evacuation path planning, providing safer and
more efficient evacuation paths in complex and dynamic fire scenarios.

Fig. 15 shows the evacuation paths generated by the DWM-Evac
model under different fire source settings. According to the fire source
locations shown in the figure, the DWM-Evac model can flexibly re-
spond to complex fire scenarios, dynamically adjusting evacuation
paths to avoid fire sources as much as possible, ensuring path safety
and efficiency. When fire source 1 was set near the main entrance, the
model guided evacuees to use the relatively distant Exit 1. With fire
source 2 in the atrium, the model effectively directed people to Exit
2 and Exit 3, avoiding the central fire area. When fire source 3 was
near the parking lot, the model used Exit 3 and Exit 4 for evacuation,
avoiding the influence of the parking lot fire source. When fire source
4 was near the back door, the model prioritized Exit 4 and Exit 3,
ensuring people safely moved away from the fire source. These paths
not only avoided high-risk areas but also made full use of multiple
exits inside and outside the mall, maximizing evacuation efficiency and
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Fig. 15. Evacuation path planning results of the DWM-Evac model under different fire
source settings. (The different locations of fire source points 1, 2, 3 and 4 are shown.
The evacuation paths generated by the model guide people to avoid the fire source
and use various exits for safe evacuation.)

safety. This verifies the advantages of the DWM-Evac model in dy-
namically adjusting and optimizing evacuation paths, making it highly
valuable for real-world fire evacuation scenarios.

4.5. Discussion

This study presents a detailed experimental analysis of the ap-
plication of the DWM-Evac model in fire evacuation path planning.
The results indicate that the DWM-Evac model significantly improves
evacuation efficiency and path safety when dealing with complex fire
scenarios. In a virtual shopping mall environment, the model outper-
formed actual evacuation plans, reducing the average evacuation time
to 315 s and achieving a path safety score of 0.92.

The results of the ablation experiments further validate the im-
portance of each module in the model. Removing the DGNN module
resulted in evacuation paths lacking dynamic adjustment capabilities,
leading to decreased safety and efficiency. When the WOA module was
removed, paths could still avoid fire sources, but the lack of global
optimization increased evacuation time and path length. Without the
MDP module, the model’s strategy optimization and dynamic decision-
making abilities were insufficient, causing a significant decline in path
flexibility and adaptability. These findings demonstrate that the DGNN,
WOA, and MDP modules work collaboratively within the DWM-Evac
model to form an efficient and reliable evacuation path planning sys-
tem. Moreover, experiments with different fire source settings revealed
that the DWM-Evac model possesses strong adaptability and stability.
Whether the fire source was located at the main entrance, atrium,
parking lot, or back door, the model quickly generated evacuation paths
that avoided high-risk areas and fully utilized multiple exits inside and
outside the mall, ensuring safe evacuation. This confirms the model’s
feasibility and reliability in practical applications.

However, despite the excellent performance of the DWM-Evac
model in experiments, some limitations remain. Firstly, the model’s
training and testing rely on high-quality simulation data, which may
be insufficient or of low quality in actual applications. Secondly,
the model’s real-time performance may be constrained by hardware
conditions and network transmission speeds. Additionally, the model’s
adaptability and robustness in larger-scale and more complex scenarios
require further validation.

In practice, the deployment of the DWM-Evac model may face some
practical challenges. First, the sensor reliability and data quality are
critical to the model performance. However, in real-world scenarios,
sensors may fail or provide inaccurate data due to failure, environ-
mental interference, or other factors. In this case, the robustness of the
model may be affected, leading to a decreased effect of evacuation path
planning. Secondly, how to cope with the inaccuracy of the sensor data
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is a key problem. Errors or delays in the sensor data may cause the
model to make erroneous decisions in path planning. Therefore, future
studies need to explore more robust data processing and fault-tolerance
mechanisms to ensure that the model can still work effectively when
the sensor data is problematic. In addition, the real-time nature of the
model is also an important consideration factor. In complex fire sce-
narios, the environment and personnel behavior may change rapidly,
requiring the model to be able to respond in a very short time frame.
However, the requirements for real-time computing may be limited
by hardware conditions, network transmission speeds, and computing
resources. Therefore, future studies need to focus on the computa-
tional efficiency of optimization algorithms and how to achieve rapid
response with limited hardware resources. Finally, the generalized
application of the model also needs to consider the generalization
ability in different building structures and environments. Although the
current model performs well in a specific scenario, whether it can
maintain the same effect in other types of buildings or in more complex
environments still needs further verification and adjustment. Therefore,
future research should aim to expand the diversity of experimental data
and test the adaptability and scalability of the models through practical
deployment.

5. Conclusion

The DWM-Evac model proposed in this study achieves efficiency
and reliability in fire evacuation path planning by integrating IoT
technology, DGNN, WOA, and MDP. IoT sensors continuously monitor
key fire scene data, such as temperature, smoke concentration, and
flame location, dynamically feeding this information into the model
for processing and optimization. Experimental results indicate that the
DWM-Evac model can dynamically adjust evacuation paths in complex
fire scenarios, significantly enhancing evacuation efficiency and path
safety. Ablation experiments further validate the importance of each
component within the model, demonstrating their notable effectiveness
in collaborative operation. The application of IoT technology endows
the DWM-Evac model with greater flexibility and accuracy in real-time
monitoring and data processing. The DWM-Evac model provides robust
technical support for intelligent emergency management, showcasing
broad application prospects.
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