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Abstract: Efficient evacuation route planning during underground coal mine fires is essential to
minimize casualties. This study addresses current shortcomings by proposing a real-time method
that integrates a multifactor coupling analysis and the optimized multilayer perceptron regressor-
shortest path faster algorithm (MSPFA). This research aims to enhance evacuation route planning by
overcoming factors such as inadequate consideration, low accuracy, and information lag in existing
methods. This study improves the shortest path faster algorithm (SPFA) for dynamic route planning,
mitigates the impact of fixed walking speed parameters using the particle swarm algorithm, and
selects the optimal model (MLPRegressor) through the Bootstrap algorithm for estimating personnel
walking speeds. Validated through smoke-spread experiments, the MSPFA algorithm dynamically
adjusts evacuation routes, preventing toxic passages. Visualization via drawing interchange format
(DXF) successfully enhances route comprehension. The MSPFA algorithm outperforms the Dijkstra
algorithm with a runtime of 78.5 msand a personnel evacuation time of 3344.74 s. This research
establishes a theoretical foundation for intelligent evacuation decision making in underground fire
disasters. By introducing the MSPFA algorithm, it provides crucial technical support, significantly
reducing the risk of casualties during emergencies.

Keywords: shortest path algorithm; multi-layer perceptron regressor; mine fire evacuation; DXF
technology

1. Introduction

In coal mines, disasters such as gas explosions, mine fires, dust explosions, flooding,
and roof collapses often lead to casualties and property losses. Incidents resulting in
injuries and fatalities still occur. On 27 September 2020, a major fire accident occurred in
the Songzao coal mine, a subsidiary of Chongqing Energy Investment Group in China. The
incident resulted in 16 fatalities, 42 injuries, and an economic loss of CNY 25.01 million. In
2023, a belt conveyor caught fire at Shujiao Coal Mine in Shanjiao Village, Panzhou City,
Guizhou Province, China, resulting in 16 fatalities. An underground emergency evacuation
system in mines is necessary to ensure mine safety and normal production. A rapid and
efficient mine evacuation route is an indispensable component of this system. Therefore,
the rational planning of mine evacuation routes plays a crucial role in ensuring the safety
of underground personnel. In the event of a mine fire, the interconnected and complex
network of mine tunnels forms a highly intertwined and branched topological structure.
In disaster situations, it is essential to dynamically plan evacuation routes in real time to
ensure the safety of underground workers.

The current methods for planning evacuation routes in underground coal mines
mainly include graph theory algorithms, swarm heuristic algorithms [1,2], K-shortest path
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algorithms [3], the A* algorithm [4], and genetic algorithms [5]. Among them, graph theory
algorithms [6] are considered the most stable and the fastest. In the planning of evacuation
routes, Liu Xiaoxiao, Wang Yunjia, and others [7] conducted three-dimensional evacuation
route planning based on fire temperature, wind speed and direction, and smoke quality
score. They added the influence of fire wind pressure to the original fire evacuation route
plan and made breakthrough progress in the visualization of mine evacuation routes.
Wang Yukun, Wu Feng, and others [8] constructed an improved Dijkstra graph theory
algorithm, enhancing the speed of searching for the shortest path. Zhao Zuopeng, Zong
Yuanyuan, and others [9] introduced the concept of personnel walking speeds for the first
time in mine flood evacuations, making evacuation routes more reasonable under flood
conditions. Wang Jinhua, Wang Yougang, and others [10] achieved dynamic route planning
by integrating underground sensor data into evacuation route planning. Early mine fire
simulation software, including MFIRE [11], POZAR, uQEM, CFIRE [12], and MFRDSS,
were used to simulate ventilation conditions in mine fires. After a fire occurs, the first
step in mine evacuation route planning is to calculate the equivalent length of the tunnels
under disaster conditions. The calculation of the equivalent length involves both static
and dynamic parameters. Adjusting the dynamic parameters allows for a more reasonable
determination of the equivalent length of mine tunnels [13,14]. In the process of calculating
equivalent length, there is often a tendency to overlook changes in personnel walking
speeds, a failure to consider real-time updating edge weights in tunnels under underground
disaster conditions, and neglect of real-time changes in air composition within tunnels, the
variations in personnel walking speed during disasters, and the direction of smoke spread.
This leads to variability in evacuation routes. Additionally, equivalent length calculations
do not use the shortest time as a computation metric [8,15], resulting in a lag in evacuation
route planning. All these factors contribute to a disparity between the actual movement of
personnel and the calculated shortest equivalent length [16]. Different disaster scenarios
lead to different evacuation routes, requiring the planning of distinct evacuation routes
for varying situations. During the underground smoke-spreading process, to minimize
harm caused by smoke, it is essential to dynamically update the equivalent length of
tunnels based on real-time conditions by using sensors such as gas, temperature, CO,
dynamic parameters, and static parameters. This real-time update facilitates the dynamic
adjustment of evacuation routes. The current planning method for evacuation routes
under fire conditions is not optimal, and improvements are needed in real-time dynamic
planning, visualization, personnel walking speed estimations, and other aspects of mine
fire evacuation routes.

Based on these issues, real-time evacuation routes in the event of a mine fire are
planned in this study. The optimization of mine evacuation algorithms, the visualization of
mine evacuation routes, and rationalization of the equivalent length of mine evacuation
routes are explored. Building upon the current research foundation, this study establishes
a multi-factor coupling evacuation route algorithm based on the multilayer perceptron
regressor shortest path faster algorithm (MSPFA). Through the analysis of evacuation
routes under fire and smoke conditions, estimations of real-time personnel walking speeds,
and the construction of reasonable equivalent lengths for pathways, real-time planning is
achieved, resulting in favourable outcomes in evacuation experiments.

2. Materials and Methods
2.1. Shortest Path Faster Algorithm

The Shortest Path Faster Algorithm (SPFA) is a single-source shortest path algorithm
used for solving single-direction weighted graphs. Compared to the traditional Dijkstra
algorithm [17,18], the SPFA employs relaxation operations, resulting in less time complexity.
It is suitable for directed graphs, undirected graphs, and graphs with negative edge weights,
enabling faster real-time dynamic path planning [19,20]. The connectivity of the mine tunnel
network is complex, and during a mine fire, the equivalent lengths of certain tunnels can
dynamically change due to smoke propagation. The real-time planning of paths using
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algorithms such as A*, swarm heuristic optimization, and genetic algorithms may result in
slower solution speeds. Therefore, the SPFA from graph theory is employed for addressing
this problem, particularly due to its efficiency in handling real-time changes in mine tunnel
equivalent lengths caused by smoke spread during a mine fire. A specific illustration of
the SPFA algorithm is shown in Figure 1. The operational process of the SPFA algorithm is
as follows:

Take out the top point v in the queue, scan every edge sent from vertex v, set the end
point of each edge as u, and the weight of edge <v, u> as w. If dist[v] + w < dist[u], update
dist[u] to dist[v] + w, update the path to v; if vertex u is not in the queue, put vertex u into
the queue; if dist[v] + w < dist[u] is not true, then nothing is done to the vertex u.

Repeat Step 1 until the queue is empty.
When a mine tunnel fire occurs, the propagation of smoke in mine tunnels is complex,

and the equivalent lengths of mine tunnels need to be updated in real time. The use of the
traditional SPFA algorithm is slow. Building upon this algorithm, the evacuation route
can be replanned more quickly by determining the current tunnel in which personnel are
located. Therefore, during the process of storing tunnel equivalent lengths, a real-time
database is utilized to ensure the rapid reading and writing of tunnel equivalent lengths.
Additionally, in the tunnel where personnel are currently located, the optimal evacuation
route is re-planned. Figure 1 illustrates the process of the SPFA algorithm for calculating
the shortest path. In (a), the process begins with node 1 being placed in the queue, while the
other nodes are initialized to infinity. Optimization is performed for neighbouring nodes,
and this cycle continues until all nodes are optimized.
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2.2. Multifactor Coupling Fire Evacuation Route Planning Model

Multifactor coupling fire evacuation route planning combines fixed basic parame-
ters such as the concentration of disaster gases such as CO and CO2, tunnel slope, and
length, along with indicators related to the spread of smoke in the tunnel during a fire,
personnel walking speed [21], and other metrics [22]. Using the multilayer perceptron
regressor-shortest path faster (MSPFA) algorithm, a multifactor coupling fire evacuation
route planning model is constructed, enabling real-time planning and analysis in the event
of a fire. The MSPFA algorithm framework is depicted in Figure 2.

In (a), the theory analyzes various toxic and harmful gases, designs roadway attributes,
and integrates personnel walking speeds. In the system design, it involves the conversion
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of drawing exchange format (DXF) mine maps and personnel distribution, real-time evacu-
ation route planning, and evacuation route visualization. Based on this analysis, in (b), the
personnel distribution estimate processes the data, incorporating PSO, MLPRegressor, and
Bootstrap algorithms to estimate personnel distribution. Finally, real-time evacuation route
planning calculations are designed.
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Estimation of Personnel Walking Speeds Based on the Multilayer Perceptron
Regressor Algorithm

During normal mining operations, underground personnel may experience conges-
tion during shift changes or in the event of a fire, similar to traffic jams [23]. The walking
speed of personnel is likely to be lower than normal due to impaired-vision movement.
Using a traditional fixed value for walking speed can lead to significant distortions. There-
fore, it is essential to estimate the real-time distribution of personnel and calculate their
corresponding walking speeds.

The multilayer perceptron regressor algorithm (MLPRegressor) is a type of multiout-
put regression model that is a feedforward neural network consisting of one or more hidden
layers and an output layer. Each hidden layer has multiple neurons, and each neuron is
connected to all the neurons in the previous layer. The MLPRegressor can be employed to
learn complex relationships between input and output values and is applied to regression
problems involving continuous prediction values. Due to the limited data on personnel
distributions in tunnels, the MLPRegressor parameters are optimized using the Particle
Swarm Optimization (PSO) algorithm. Cross-validation is employed to mitigate the risk of
model overfitting. Figure 3 shows a neural network diagram of the MLPRegressor model
used for predicting patient distribution. In this diagram, the input parameters include the
number of tunnels in significant tunnels, the quantity of personnel distributed in the tunnel,
and the historical time. The output parameter is the number of personnel in a specific
tunnel at various times in a significant tunnel.

Due to the limited and less apparent data on the distribution of personnel in the tunnel,
the original sequence is first cumulatively summed to generate an accumulated sequence.
Based on this accumulated sequence, predictions for the average number of personnel in
future time periods are made. This prediction is subsequently combined with real-time
pedestrian density data. Finally, the real-time speed of personnel is calculated by using the
three-parameter relationship formula for traffic flow [9,24].
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2.3. MSPFA Model

To ensure the accurate calculation of tunnel equivalent lengths during a mine fire, the
process involves a comprehensive consideration of factors such as tunnel length, slope, concen-
trations of CO and CO2, smoke propagation during a fire, the congestion level, and personnel
walking speeds in the tunnel [21]. Based on these considerations, the MSPFA algorithm was
developed to dynamically calculate the equivalent length of a tunnel in real-time.

During a mine fire, there are five main indicators, namely smoke propagation, per-
sonnel walking speeds, tunnel intrinsic parameters, wind speed, and the source of the
fire [22]. Among these factors, smoke is one of the most crucial factors during a fire out-
break. Smoke propagation during a fire can lead to poisoning and even death. The key
monitored indicators include temperature, CO concentration, CO2 concentration, and
SO2 concentration. Personnel walking speeds considers the congestion level in the tun-
nel, while the intrinsic parameters of the tunnel include its length, type, slope, height,
and obstacles. Formulas (1) and (2) represent the basic formulas for calculating the tunnel
equivalent length.

τ
(
Uij

)
=

α4

α1α2α3v
(
Uij

) +
n

∑
ε=1

βε

[
t
(
Uij

)]
µiµj + t (1)

t
(
Uij

)
=

α4

α1α2α3u
(
Uij

) (2)

In these two formulas, α1 is the influence coefficient of the roadway height. α2 is the
influence coefficient of the roadway slope. α3 is the influence coefficient of the obstacles
in the roadway. α4 is the roadway length, m. v

(
Uij

)
is the predicted escape speed of

personnel without smoke spreading in the roadway, m/s. u
(
Uij

)
is the predicted escape

speed of personnel when smoke spreads along roadways, m/s. t
(
Uij

)
is the predicted time

needed for personnel pass through the roadway in the case of smoke spreading, s. t is the
temperature threshold. βε is the influence coefficient of different toxic and harmful gas
concentrations in the roadway. µi, µj is the coefficient of the end points of the roadway, i
and j, when there are toxic and harmful gases in the connecting roadway; the coefficient is
a multiple of 1.5 when the same toxic and harmful gases exist in the connecting roadway.

In a high-temperature environment, temperature plays a crucial role in increasing
the heat load on individuals, leading to an increase in body temperature. When the en-
vironmental temperature reaches a certain level, the human body may experience heat
stress, resulting in a significant increase in transit time. Formulas (3) and (4) represent
the relationships between the allowable passage time for individuals in high-temperature
tunnels and the temperature, respectively [25]:

ϵ = 601.85α2e−0.08θ (3)

ϵmax = 1812e−0.046θ (4)
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In these formulas, ϵ is the time when the roadway is allowed to reach high tempera-
tures, min. θ is the temperature, ◦C. ϵmax is the maximum endurance time of the human
body in a high-temperature environment. The weight table for calculating the equiva-
lent length of various toxic and harmful gases during smoke propagation is shown in
Table 1 [26].

Table 1. Determination of coefficients for tunnel equivalent length based on poisoning conditions
and concentrations of various toxic gases.

Smoke Stream
Concentration

CO/%
0.02 0.05 0.08 ≥0.32

βε 1.2 1.5 1.8 32
u
(
Uij

)
/v

(
Uij

)
0.9 0.7 0.5 0.4

Smoke Stream
Concentration

CO2/%
0.55 1 3 5

βε 1.1 1.5 3 50
u
(
Uij

)
/v

(
Uij

)
0.8 0.6 0.5 0.4

Smoke Stream
Concentration

SO2/%
1 3 5

βε 1.5 3 50
u
(
Uij

)
/v

(
Uij

)
0.6 0.5 0.4

During a fire in a mine, the inherent parameters of the tunnel include the tunnel length,
tunnel slope, tunnel height [27], and obstacles, which are also important factors affecting
the equivalent length of the tunnel. Tables 2–4 analyse the impact of inherent parameters
on personnel evacuation during a fire.

Table 2. Influence of roadway height on the equivalent length of the roadway.

Roadway Height (m) Speed/(m/s) Walking Posture α1

h ≤ 0.80 0.3 crawl 0.3
0.8 < h ≤ 1.3 0.5 stoop walking 0.5
1.3 < h ≤ 2.0 1.5 walk upright 1.5

h > 2.0 3.5 running 3.5

Table 3. Influence of roadway slope on the equivalent length of the roadway.

Roadway Slope α2 Current State

0 1.0 standard

(0, 90) When the slope increases by 1◦, the
coefficient decreases by 0.01 up

(0, 30) 1.0 down

(30, 60) When the slope increases by 1◦, the
coefficient decreases by 0.03 down

(60, 90) When the slope increases by 1◦, the
coefficient decreases by 0.03 down

The above explanation describes the method of calculating the equivalent length in
mine tunnels. In real-world scenarios, sensor data in mine tunnels change in real time,
and when a certain hazardous factor reaches a given threshold, the route is no longer
passable. Therefore, based on the original equivalent length calculation, it is necessary to
determine whether the road is feasible and to increase its equivalent length. Table 5 shows
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the impassable concentrations and reasons for CO, CO2, and SO2 gas emission. Different
types of toxic and harmful gases can cause severe suffocation or even death when present
at certain concentrations.

Table 4. Influence of local obstacles on the equivalent length of the roadway.

Roadway Obstruction Type Ease of Passage α3

damper 1.10 0.91
air crossing 1.10 0.91

track 1.00 1
ribbon conveyer 1.00 1

Table 5. Impassable concentrations of different types of toxic and harmful gases.

Gas Type Toxic and Harmful
Gas Concentration Production Situation βε

CO 1.0 1–3 min near death ∞
CO2 6 Severe wheezing ∞
SO2 0.05 Death in a short time ∞

Similarly, high temperature is a crucial factor leading to casualties. In the process
of calculating the time taken for personnel to traverse the tunnel, the temperature is
considered through the maximum allowable time, integrating Equations (1)–(4). Based
on the maximum temperature that the human body can endure, if the time needed for
personnel to traverse the tunnel exceeds the maximum permissible time under high-
temperature conditions, it is assumed that the personnel do not survive. Therefore, the
final equivalent length of the tunnel is determined according to Equation (5):

τ
(
Uij

)
=

{
τ
(
Uij

)
τ < ϵ

∞ τ ≥ ϵ
(5)

3. Mine Tunnel Real-Time Evacuation Route Experiment
3.1. Basic Computer Lab Experimental Design

Due to the changing location of personnel, a new route must be reconfigured within
the current tunnel to achieve real-time planning of a mine evacuation route. The ezdxf
library in Python can be used to extract key features from a CAD mine map. With the
aid of key feature data extraction and drawing tools, it is possible to visualize evacuation
routes during mine fires. Additionally, by using the Rust programming language, an
SPFA dynamic programming method is developed to achieve the real-time planning of
mine evacuation routes. Figure 4 illustrates the design of the real-time evacuation route
experiment in mine tunnels, considering factors such as personnel walking speeds, tunnel
intrinsic attributes, current personnel location, and sensor parameters. At different time
intervals, real-time data transmission from the mine collects current underground data,
including gas concentrations, tunnel lengths, heights, slopes, and other intrinsic attributes,
which are subsequently stored in an SQLite database. Based on historical data collection,
the current walking speed of personnel in underground tunnels is estimated. On this basis,
the real-time planning of mine evacuation routes is implemented, and engineers make
decisions and analyse the situation to determine the evacuation route for personnel, with
instructions sent to underground evacuees.

A simulated evacuation experiment is designed based on an actual production mine.
Dynamic evacuation route solving and a visual analysis are implemented in computer
software. The initial mine evacuation route tunnel system diagram and topological graph
are shown in Figures 5 and 6, respectively.

The system diagram in Figure 5 corresponds to the mine tunnel topological graph in
Figure 6, providing a detailed display of key information in the mine tunnels.
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Figure 5. System diagram of the mine tunnel fire evacuation route tunnel.

Nodes 1, 2, and 3 represent the front-end nodes of the coal mining face. Node 4 is the
return airway connection point, while node 5 serves as the transport airway connection
point. Nodes 6 and 13 denote a connecting roadway, and nodes 7 and 9 represent another
connecting roadway. Nodes 8 and 10 form a connecting roadway leading to the transport
airway. Node 11 connects the coal mining face to the transport airway, and node 12 connects
it to the return airway. Nodes 14 and 15 are internal transport airway nodes for the coal
mining face, while nodes 16 and 17 are transport airway nodes. Nodes 1 and 2, 4 and 5, 11
and 12, and 14 and 15 all have contaminated airflow. Nodes 2 and 12 are directly connected,
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and the entire airflow in the tunnel between them is contaminated. In the graphics, the
yellow area represents accessible regions, and the black grid lines indicate mined-out areas.

Figure 6 consists of virtual nodes and real nodes and the edges between them, with
the calculated equivalent lengths of the tunnels labelled on the edges. In Figure 6, clearly
shows that except for the areas formed by nodes 1–4 and 11–16, which constitute polluted
airflows in the coal mining face, the remaining locations are supplied with fresh airflow.
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3.2. Estimation of Different Tunnel Personnel Walking Speeds

In this section, an analysis and comparison of three methods, MLPRegressor, Xg-
bRegressor (extreme gradient-boosting regressor), and RFR (random forest regressor) is
conducted. The optimal algorithm is selected for predicting personnel distribution. Table 6
shows the personnel distribution at various time intervals. The first four time intervals are
chosen as the training period, and the personnel distribution for the latter two intervals
between 8:41 and 9:00 is predicted.

Table 6. Personnel distributions in different sections of tunnels at various time intervals.

Ui,j 8:01–8:10 8:11–8:20 8:21–8:30 8:31–8:40 8:41–8:50 8:51–9:00

U0,1 28 33 29 28 30 27
U0,2 23 27 24 25 26 22
U3,4 18 22 17 18 21 19
. . . . . . . . . . . . . . . . . . . . .

U16,17 32 35 33 36 38 35
U18,19 33 34 34 35 38 32

Figure 7 shows the optimization process for the three neural network models. Differ-
ent colored bullets represent the optimal optimization nodes. Subfigure a represents the
MLPRegressor neural network with optimized parameters (alpha, learning rate), yielding
0.3574 and 0.0718. Subfigure b corresponds to the random forest regressor with optimized
parameters (n_estimators, max_depth), resulting in (13.1427, 6.6089). Subfigure c shows
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the XgbRegressor neural network with optimized parameters (n_estimators, learning rate)
(0.0415, 998.0430). In subfigure d, the fitness value of MlpRegressor reaches below 4 and
remains essentially unchanged in the last 20 iterations. In subfigure e, the fitness value
of the random forest regressor drops below 0.80, and in subfigure f, the fitness value of
xgbregressor reaches below 0.00019. Overall, the fitness iterations of the three subfigures
have reached optimal values, indicating that the parameter selection is reasonable.
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Following the optimization, the MLPRegressor, XgbRegressor, and RFR were used
to predict personnel distribution, and the results are shown in Figure 7 and Table 7. In
Figure 8, Panels a–c depict the prediction error plots for the three algorithms, with the
95% confidence intervals calculated using the BootStrap [23,28] algorithm. Each tunnel
is represented by bullets of different colors. In Panel d, a boxplot analysis of the error
plots for the three algorithms is presented. The blue interval represents the maximum and
minimum ranges for the MLPRegressor, which exhibited the smallest prediction gap and
the most uniform distribution, followed by those of the the XgbRegressor and RFR. Panel
d corresponds to the values in Table 8. In Panel e, the yellow solid line represents the
MLPRegressor, the green dashed line represents the XgbRegressor, and the orange dashed
line represents the RFR. The middle region between the two blue dashed lines represents
the maximum and minimum ranges for the MLPRegressor, with the differences for the
other two algorithms being less than those for the MLPRegressor. Different colored bullets
located above the yellow solid line represent the error nodes for MlpRegressor, those above
the green dashed line represent the error nodes for XgbRegressor, and those above the
orange dashed line represent the error nodes for RFR. In the upper subplot of subfigure e,
MLPRegressor exhibits the smallest error value, while in the lower subplot of subfigure e,
the error value for RFR remains higher than that of MLPRegressor.Table 8 clearly shows that
the MLPRegressor has smaller maximum and minimum error values, and the Q1 and Q3
errors are also smaller than those of the other two algorithms. Therefore, the MLPRegressor
is chosen for further study. An analysis of the prediction results for the three methods is
provided in Table 7, where the MLPRegressor outperforms the others in terms of R2, MAE,
MSE, RMSE, and other metrics. Considering these factors, the MLPRegressor is selected
for prediction.

After predicting the average number of people in the tunnel by using the MLPRegres-
sor in Table 9, the real-time flow speed is estimated based on the traffic flow three-parameter
relationship [9,24] Q = Kv, where K represents the crowd density, v represents the walking
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speed of people, and Q represents the flow rate of people. Table 10 represents the estimated
flow speed.
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Table 7. Analysis of the prediction effects of the different methods.

Methods R2 MAE MSE RMSE

MLPRegressor 0.974 1.131 1.906 1.381
XgbRegressor 0.969 1.264 2.270 1.506
Random forest 0.969 1.159 2.251 1.500

Table 8. Boxplot result distribution chart.

Algorithm Max Q3 Mean Median Q1 Min

MLPRegressor 6.0817 3.9167 2.6072 2.5730 0.9295 0.2684
XgbRegressor 11.0001 7.0000 5.2001 5.9999 2.0001 8.3923

RFR 18.3076 6.2307 4.4984 3.4615 1.6153 0.0769

Table 9. Results of different method predictions.

Ui,j U0,1 U0,2 U3,4 . . . U16,17 U18,19

MLPRegressor 120 61 86 . . . 95 175
XgbRegressor 126 59 77 . . . 90 174

RFR 122 58 84 . . . 98 160
Real 122 61 85 . . . 101 174

Table 10. Estimated flow speed.

Ui,j U0,1 U0,2 . . . U16,17 U18,19

speed 3.149 2.239 . . . 1.530 2.380
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3.3. Real-Time Planning of Mine Evacuation Routes

Based on real-time updates from personnel location monitoring and sensor data at each
moment, evacuation routes are replanned within the personnel’s current tunnel. Evacuation
experiments are designed, and computer software is used to calculate personnel evacuation
routes. In the simulated tunnels, the viable evacuation points include the intake air shaft
and permanent refuge chambers. As personnel move underground, evacuation routes are
dynamically planned in real time. The following figures depict the real-time evacuation
route calculation results and the visualization of personnel evacuation routes when using
the MSPFA algorithm.

Table 11 shows the shortest distance table for evacuating to safe areas when a fire
occurs on the workface where Node 1 is located. Figure 6 depicts the personnel evacuation
route system in the mine, where paths (a), (b), (c), and (d) correspond to subfigures a, b,
c, and d, respectively, in Figure 9. The evacuation endpoints include permanent refuge
chambers and the surface. The computer automatically generated the graphics in Figure 9,
providing better support for engineer decision analysis and evacuation path planning.
In the figure, deep green indicates the evacuation route, while yellow represents the
passable route in the absence of a fire. Subfigures a and b illustrate the minimum paths to
different surface nodes, while c and d depict the minimum paths to different permanent
refuge chambers.

Table 11. Evacuation paths for personnel and target refuge areas.

Escape Path Terminal

Path (a): 1 → 3 → 5 → 6 → 13 → 14 → 17 → 18 Permanent refuge chamber
Path (b): 1 → 3 → 5 → 6 → 19 Permanent refuge chamber

Path (c): 1 → 3 → 5 → 6 → 19 → 20 Surface atmosphere node
Path (d): 1 → 3 → 5 → 6 → 13 → 14 → 17 → 18 → 21 Surface atmosphere node
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4. Results and Discussion

In this paper, an MSPFA algorithm based on the topological and system diagrams of
a mine is described. By estimating personnel walking speeds and by receiving data from
underground sensors, the algorithm understands the current location of personnel and
dynamically plans escape routes in real time, effectively avoiding smoke-filled tunnels. In
practical mining applications, the MSPFA algorithm adapts to changes during simulated
mine fire smoke propagation. Table 12 and Figure 10 show the real-time planning results
of the MSPFA algorithm under fire-smoke-propagation conditions. Table 12 presents an
experiment of evacuation path planning for a simulated moment in which smoke continues
to spread from point 8. Figure 10 shows the mine tunnel personnel evacuation route
planning diagram, where dark green represents the evacuation route and yellow represents
the passable route when there is no fire. The four plots depict real-time planning results
for personnel evacuation paths under various scenarios of smoke propagation in different
areas. In the subplot a, the planning path for the current time period is represented by blue
lines, from node 8 to 6 to 13. As the smoke spreads from node 8 to 7, the route is adjusted
in subplot b, where the red region in the subplot indicates an impassable area, while the
blue area remains passable, leading from node 8 to 10. In subplot c, the subplot annotates
the current passable area as the smoke spreads from node 9 to 7, represented by blue lines
from node 7 to 13. Subplot d illustrates the passable area as smoke expands from node 6 to
13, 14, and 17. The red lines indicate impassable areas, including nodes 14 to 17 and the
path from node 6 to 13, while the blue curves represent passable areas.

Table 12. Evacuation paths of personnel in the context of smoke propagation.

Escape Path Personnel Location Smoke Propagation

Status 1: 8 → 7 → 6 → 13 → 14 → 17 → 18 8 None
Status 2: 8 → 10 → 9 → 13 → 14 → 17 → 18 8 → 10 8 → 7
Status 3: 9 → 7 → 6 → 13 → 14 → 17 → 18 10 → 9 9 → 7

Status 4: 9 → 13 → 14 → 15 → 16 → 17 → 18 9 → 13 6 → 13, 14 → 17
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After the improved MSPFA algorithm was implemented, it was compared with the
traditional Dijkstra algorithm. The path from node 8 to node 18 was selected, and the
results are shown in Table 13.

Table 13. Path planning results of different algorithms.

Algorithm Path Algorithm
Runtime/ms

Evacuation
Time/s

MSPFA 8 → 10 → 9 → 13 → 14 → 17 → 18 78.5 3345
DijkStra 8 → 7 → 6 → 13 → 14 → 17 → 18 103.6 4292

Table 13 shows that the personnel evacuation time for the MSPFA algorithm is 3344 s,
while for the Dijkstra algorithm, the personnel evacuation time is 4291 s. Therefore, in terms
of finding evacuation routes, the MSPFA algorithm outperformed the Dijkstra algorithm. In
terms of algorithm efficiency, the MSPFA algorithm, with the initial parameters determined,
had a runtime of 78.5 ms, while the Dijkstra algorithm had a runtime of 103.6 ms. The effi-
ciency of the MSPFA algorithm is superior to that of the Dijkstra algorithm. Both algorithms
successfully avoided contaminating airflows in their evacuation paths, indicating that the
quality of the paths generated by both the MSPFA and Dijkstra algorithms was generally
good. However, according to Figure 10 and Table 12, the MSPFA algorithm can adapt to dif-
ferent environments, can dynamically adjust to changes in the path, and exhibits real-time
adaptability. This validates the feasibility of the algorithm under varying conditions.

5. Conclusions

In this study, experimental research on real-time evacuation route planning in the event
of a mine fire was conducted by using computer experimental methods and algorithm de-
sign. The primary focus was on the development of a real-time evacuation-route-planning
model based on a multifactor coupling analysis and the construction of the multilayer
perceptron regressor shortest path faster algorithm (MSPFA) algorithm. The results of this
study indicate the following:

(1) A real-time evacuation-route-planning model based on a multifactor coupling anal-
ysis was proposed, and the MSPFA algorithm was constructed. This algorithm can
real-time estimate personnel walking speeds, determine the direction of delayed
propagation, and dynamically optimize paths based on the real-time location of
underground personnel. The inclusion of real-time underground influence data in
the multifactor coupling analysis model, combined with multiple data factors and
a theoretical analysis, facilitated the development of a real-time equivalent length
calculation method.

(2) Compared to XgbRegressor and RFR, the MLPRegressor demonstrated more accurate
personnel walking speed estimations. This superiority is evident in the box plots,
confidence intervals, and R2, MAE, MSE, and RMSE values, where the MLPRegressor
outperformed the other algorithms.

(3) The MSPFA algorithm effectively avoids toxic and harmful gases in real-time mine
evacuation routes. Additionally, the efficiency of the MSPFA algorithm in real-time
mine evacuation route planning exceeds that of the Dijkstra algorithm, possibly due
to the sparse graphical representation of mine tunnel networks.

Technical guidance for intelligent evacuation decision making in mines for reducing
casualties in the event of a fire was provided in this study. Future research should include
delving into the propagation trends of fires in various tunnel topologies, analysing the spe-
cific impacts of fire wind pressure and airflow reversal, proposing more rational indicators,
and further advancing the development of intelligent mining.
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