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Abstract: Evacuation simulation is an important method for studying and evaluating the safety of
passenger evacuation, and the key lies in whether it can accurately predict personnel evacuation
behavior in different environments. The existing models have good adaptability in building envi-
ronments but have weaker adaptability to personnel evacuation in civil aircraft cabins with more
obstacles and stronger hindrances. We target the narrow seat aisle environment on airplanes and
use a BP neural network to establish a continuous displacement model for personnel evacuation. We
compare the simulation accuracy of evacuation time with the social force model based on continuous
displacement and further compare the similarity of personnel evacuation process behavior. The
results show that both models were close to the experimental values in simulating evacuation time,
while our BP neural network evacuation model based on experimental data was more accurate in
predicting the personnel evacuation process, showing more realistic details such as the probability of
conflicts and bottleneck evolution in the cross aisle.

Keywords: evacuation simulation; BP neural network; narrow seat aisle environment; bottleneck evolution

1. Introduction

Modern civil aircraft have high seat occupancy rates and concentrated passenger
densities, and in the event of a crisis, passengers need to evacuate quickly from dangerous
environments to avoid additional hazards such as fire or explosions.

Simulating personnel evacuation is an effective way to design and assess the safety
of buildings or transportation vehicles. Representative models of personnel evacuation
simulation can be summarized into four types [1]: macroscopic models, cellular automata
models, social force models, and ABM. However, macroscopic models cannot reproduce
detailed evacuation processes, which limits their application in evacuation research, such as
priority rights at intersections [2]. Presently, micro-level modeling methods have emerged
as the primary focus of research on simulation models for emergency evacuation. Among
these, discrete models such as cellular automaton models and network models are widely
used [3–9]. Discrete model algorithms are mature, fast, and suitable for large-scale popu-
lation simulation studies in a human-nature style. However, Pan [10] found that people
exhibit unrealistic jumping and skipping behavior in nodes or cells during the research
process. Additionally, discrete models discretize continuous space into grids, with each
grid typically occupied by only one person. This results in a deviation between simulation
results and the actual distribution of people in continuous space, especially in high-density
evacuation environments where unrealistically ordered queues and other significant be-
havioral deviations occur [11].

In continuous models, the space for personnel movement is a continuous domain,
which can better describe the continuous motion and interaction behavior of personnel.
The social force model proposed by Helbing et al. [12] is a typical continuous model widely
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used in pedestrian walking and evacuation simulations. The model simplifies the effects
of different personnel attributes, passenger interactions, and obstacles as “forces” acting
on personnel to simulate the evacuation behavior of personnel in real environments. The
social force model has been continuously improved, whether in terms of mathematical
expressions [13], the scope of action forces [14], or the resolution of pedestrian collisions [15],
pedestrian oscillations [16], and other issues, making it increasingly adept at simulating
personnel evacuation in building environments.

Unlike building environments, the internal space of large public transportation ve-
hicles is narrow, and there are many obstacles, characterizing it as a special environment
with a high personnel density, more obstacles, and stronger obstruction [4,17–22]. When
using social forces to drive high-density crowds to evacuate between obstacles in such
an environment, it is difficult to simulate real crowd flow, bottleneck evolution, and fre-
quent interaction conflicts and avoidance behaviors among personnel in multiple areas [23].
The definition and verification of specific evacuation behaviors of personnel are complex,
resulting in difficulties in quantitative verification. The accuracy of the model is mainly
evaluated by personnel evacuation time, lacking more quantitative indicators that can
reflect details to verify the model.

In recent years, detailed behavioral rules for pedestrian movement have begun to
receive attention. Shi et al. [24] quantitatively described the movement of crowds at bottle-
necks by studying personnel trajectories, spatial distances, and average speeds through
experiments, considering the effects of carrying luggage and different obstacle distributions
on personnel behavior, and improving the congestion situation of bottlenecks with luggage-
carrying flows. Yang et al. [25] investigated the motivations behind pedestrian crossing
behavior on roads in a nature-style translation. They chose TAdv as the main indicator to
describe pedestrian–vehicle conflicts and found that pedestrians are unlikely to change their
behavior during the conflict process, especially in conflicts with non-motorized vehicles.
Pedestrians have a faster speed and higher expectations of successfully passing through.
Li et al. [26] proposed an extended cellular automaton model to simulate bidirectional
pedestrian flow through bottlenecks in a nature-like style and found that pedestrian flow
increased linearly with increasing bottleneck width. Li et al. [27] studied the movement
characteristics of pedestrians with high and low motivation passing through bottlenecks
of different widths and observed that the density distribution of Voronoi diagrams was
arched for high-motivation pedestrians and teardrop-shaped for low-motivation pedestri-
ans. Huang et al. [11] conducted evacuation experiments in narrow train seat aisles and
found that the behavior of evacuees in such environments differed significantly from that
in general building environments. They proposed a conflict model for aisle evacuation to
simulate the specific behavior of evacuees facing conflicts in such environments.

The layout of an aircraft cabin is similar to that of a train, with multiple rows of
seats forming branching paths that intersect with the main aisle. Extensive experimental
research has been conducted by authoritative agencies to investigate aircraft evacuations.
These studies include the impact of emergency light positioning on evacuation speeds,
conducted by the Federal Aviation Administration (FAA) [28], and assessments of aisle
configurations and internal/external lighting on passenger evacuation rates, carried out by
Transport Canada and Cranfield University [29]. Furthermore, the Federal Aviation Admin-
istration (FAA) and the National Transportation Safety Board (NTSB) [30–32] conducted
numerous emergency evacuation experiments in simulated civil aircraft cabin facilities,
varying the exit configurations. Their findings indicate that the overall evacuation time
is significantly influenced by the width of the exits, and excessive exit heights from the
ground significantly reduce the evacuation rate at exit points. These studies primarily fo-
cused on the influence of cabin configurations on evacuation outcomes. Building upon this
foundation, the present study aims to conduct demonstration experiments in accordance
with the airworthiness regulations FAR·25 [33].

During evacuation, passengers will frequently engage in complex behaviors such as
conflict and avoidance due to the competition for optimal positions in the narrow space,
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making the evacuation process more complex and difficult to predict accurately using
existing models. To address this, we conducted a certified emergency evacuation exper-
iment simulating an aircraft cabin layout, involving 54 participants. The primary focus
was on the incoming direction of passengers entering the main aisle, transitioning from
previous macro-level studies on evacuation time and efficiency to micro-level investiga-
tions of passenger incoming probabilities. Image tracking was utilized to capture the
movement trajectories of each participant, resulting in a personnel evacuation dataset
that encompassed information such as the location of escape exits, obstacles surrounding
individuals, and the real-time positions of nearby passengers. We established a BP neural
network evacuation model and a social force model as controls, using the probability of
conflict resolution among aisle passengers and bottleneck evolution trends as quantitative
verification indicators for evacuation behavior. Our study validates the superiority of the
neural network evacuation model in predicting passenger evacuation behavior in aircraft
cabin seat aisles.

2. Civil Aircraft Emergency Evacuation Simulation Experiment

To ensure correspondence between the model’s calculations and actual personnel
behavior during evacuation experiments, as well as to generate ample data for training
deep learning networks, the environmental configuration of the simulated cabin, including
the lighting, obstacles, and other elements, was designed in accordance with the FAR·25 [33]
regulations. The specific dimensions of the simulated cabin are shown in Figure 1. The
main aisle area of the cabin is divided into three sections. Each section consists of three
rows of seats (A-I), with seats numbered sequentially from 1 to 6 from top to bottom, for
example, A1, A2, A3. The exit is located on the left side at the end of the aisle, indicated
by a red arrow pointing towards the evacuation direction. Qualified participants and
flight attendant personnel were carefully selected based on gender, age, and health status,
as required by the regulations. The experimental facilities and procedures were strictly
adhered to in accordance with the regulations.
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Figure 1. Schematic diagram of simulated cabin dimensions.

To extract motion data during emergency passenger evacuation, a high-definition
camera was installed at a height of 12 m in the center of the experimental site, recording
the entire evacuation process at a rate of 25 frames per second (Figure 2). The experimental
process is depicted in Figure 3.

Dynamic videos of the evacuation process were captured using the high-definition
camera, and video processing software was employed to obtain the trajectory coordinates,
speed, and acceleration of the experimental personnel. A direct linear transformation
algorithm was then utilized to correct the phenomenon of trajectory deviation caused
by image distortion when reading 2D data from the 3D experimental platform, thereby
obtaining real and reliable emergency evacuation test data, as shown in Figure 4a. This
process yielded a set of 54-person evacuation test trajectory data information files, as shown
in Figure 4b.
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3. Establishing a Social Force Simulation Model and Training a BP Neural Network
3.1. Simulation Study Based on the Social Force Model
3.1.1. Designing the Simulation Model Layout

The social force model captures the force situation experienced by cabin crew during
evacuation, as individuals move under the influence of multiple forces acting in their
expected direction [13]. Building on our research group’s previous 54-person simulated
evacuation experiment, we incorporated experimental data to establish an emergency
evacuation simulation model for civil aircraft with a main aisle width of 0.53 m. The model
includes emergency exits on each side of the cabin front, with a total of nine rows of seats
and six passengers per row. The simulation model’s layout is illustrated in Figure 5, and
specific dimensions are provided in Table 1.
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Table 1. Size of an emergency evacuation simulation model for a 9 × 6 aircraft.

Variable Size (m) Variable Size (m)

L0 0.10 H0 0.53
L1 1.07 H1 1.60
L2 0.51 H2 1.11
L3 1.14 H3 1.31
L4 0.80 XS, YS 9.22, 3.63

3.1.2. Parameter Setting Based on the Social Force Model

The social force model includes three forces: the self-propulsion force of passenger i,
the interaction force of passenger j on passenger i, and the obstacle force of obstacle w on
passenger i.

mi
dvi
dt

= f0
i + ∑

j( ̸=i)
fji + ∑

W
fWi (1)

In the equation, mi represents the mass of passenger i and vi represents the velocity of
passenger i at time t. The self-propulsion force, fi

0(t), is shown in Formula (2).

f0
i = mi

v0
i (t)e

0
i (t)− vi(t)

τi
(2)

The symbols vi
0(t), vi(t), and ei

0(t) represent the expected velocity, the actual velocity,
and the expected direction of evacuation for passenger i at time t, respectively. τi is the
adaptation time for passenger i.

The applied forces, fji, include the psychological repulsion force, Fji, to reduce the
probability of physical contact with passenger j, the normal repulsion force, Nji, when there
is contact, and the tangential friction force, Tji, as shown in Formulas (3)–(6). The force
exerted by obstacle w on passenger i is shown in Formulas (7)–(10).

fji = Fji + Nji + Tji (3)

Fji = Ai exp
[(

rji − dji
)
/Bi

]
nji (4)

Nji = kg
(
rji − dji

)
nji (5)

Tji = κg
(
rji − dji

)
∆vt

jitji (6)

fiw = Fwi + Nwi + Twi (7)

Fwi = Ai exp[(ri − diw)/Bi]niw (8)

Nwi = kg(ri − diw)niw (9)

Twi = κg(ri − diw)(vi · tiw)tiw (10)

Among them, Ai and Bi are the strength and distance of the interaction force between
passengers, respectively, rji is the sum of the radii of passengers i and j, dji is the distance
between the center points of passengers i and j, and (rji − dji) is the overlapping distance
between the two passengers. Aw and Bw represent the strength and distance of the inter-
action force between the passenger and the obstacle, ri is the radius of passenger i, diw is
the distance between passenger i and obstacle w, and (ri − dwi) is the overlapping distance
between the two. K and κ are constant coefficients, vi is the velocity of passenger i, and twi is
the tangential direction between passenger i and obstacle w. The function used to determine
the relationship between passenger i and j or between passenger i and an obstacle w is as
follows: when x < 0, g(x) = x; otherwise, g(x) = 0.

Each parameter of a passenger is not only dependent on their own physical fitness
but is also influenced by the evacuation environment. In most cases, researchers establish
passenger parameters in pedestrian flow simulation models based on the motion rules of
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passengers in their experimental environment. To address this limitation, we present a
simulation that sets various parameters of passengers based on the evacuation situation of
evacuation experiments, as presented in Table 2.

Table 2. Parameter settings for simulation model.

Parameters Setting

Number of passengers (people) 54
Passenger weight (kg) 60 ± 15

Body projection diameter (m)
Normal distribution

With a mean of 0.33 and a
variance of 0.05

Force intensity,
expected distance

to maintain (m)

Wall 2.40, 0.50
Seat to main aisle 3.00, 0.08

Main aisle to front of cabin 2.00, 0.50
Emergency exit 3.00, 0.08

Force range (m) Range of force from other passengers 0.50
Range of force from obstacles in the cabin 0.30

Expected speed
(m/s)

Seat and back half of main aisle 0.65 ± 0.20
Emergency exit, front half of main

Aisle, and partitioned areas 1.00 ± 0.20

Maximum speed (m/s) 1.60
Elasticity coefficient (N/m) 28,000
Sliding friction force (N/m) 14,000

Reaction time (s) 0.3 ± 0.2
Relaxation time (s) 0.5

To generate the required data, we extracted and processed a set of evacuation ex-
periment data for 54 individuals. We then applied the social force model to successfully
generate a data file containing information such as the location coordinates, velocity, and
acceleration of the individuals. Figure 6 shows the calculation process of social force
at 5.641 s.

Aerospace 2024, 11, x FOR PEER REVIEW  7  of  18 
 

 

acceleration of the individuals. Figure 6 shows the calculation process of social force at 

5.641 s. 

 

Figure 6. Calculation process. 

3.2. Simulation Study Based on the BP Neural Network 

This article presents another model for predicting passenger evacuation behavior in 

emergency situations  in an aircraft cabin environment based on emergency evacuation 

experiments. The model  is based on a back‐propagation (BP) neural network, a widely 

used methodology in this field. 

3.2.1. Extracting Feature Data 

During the evacuation process, the behavior of passengers is heavily influenced by 

obstacles and other individuals within their vicinity, as demonstrated in Figure 7. To ef‐

fectively address this issue, this study identifies several key behavioral features that must 

be extracted by the BP neural network. These include the speed of nearby passengers that 

may  impede  the  target  passenger’s movement,  information  regarding  obstacles  (e.g., 

seats), and the location of exits. By employing the distance calculation in Formula (11), the 

relative distance, dia, between the target passenger and other passengers, as well as the 

center position of obstacles and the exit, can be determined using the coordinates xi and yi 

for the target passenger and xa and ya for other passengers, obstacles, and exit center posi‐

tions. By using the position coordinates, we can derive the instantaneous velocity, vi, of 

the target passenger, i. This is achieved through the application of Formula (12), which 

takes into account the horizontal coordinates of the current frame, n (xn), and the previous 

frame, n − 1 (xn−1), as well as the vertical coordinates of the current frame, n (yn), and the 

previous  frame, n − 1  (yn−1). Upon  identifying  the  four nearest personnel and obstacles 

surrounding the target passenger, the input vector of the neural network model is shown 

in Formula (13), where xi and yi denote the coordinates of the target passenger, i, dij repre‐

sents the relative distance between the closest four passengers and the target passenger, 

vj signifies the instantaneous velocity of the surrounding passengers, which is calculated 

in a consistent manner with vi, dim denotes the relative distance between the four surround‐

ing obstacles and the target passenger, and die represents the relative distance between the 

target passenger and the exit. Drawing on data from the emergency evacuation test plat‐

form, we constructed the model as depicted in Figure 7. If the red dot is the object of study, 

the area in which it is affected is the red box. Following rigorous testing, the parameter 

file  trained by  the network model effectively predicted  the evacuation  trajectory of  the 

passenger. 

 

Figure 7. Schematic diagram of simulation of affected area of individual occupants. 

Figure 6. Calculation process.

3.2. Simulation Study Based on the BP Neural Network

This article presents another model for predicting passenger evacuation behavior in
emergency situations in an aircraft cabin environment based on emergency evacuation
experiments. The model is based on a back-propagation (BP) neural network, a widely
used methodology in this field.

3.2.1. Extracting Feature Data

During the evacuation process, the behavior of passengers is heavily influenced by
obstacles and other individuals within their vicinity, as demonstrated in Figure 7. To
effectively address this issue, this study identifies several key behavioral features that must
be extracted by the BP neural network. These include the speed of nearby passengers that
may impede the target passenger’s movement, information regarding obstacles (e.g., seats),
and the location of exits. By employing the distance calculation in Formula (11), the relative
distance, dia, between the target passenger and other passengers, as well as the center
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position of obstacles and the exit, can be determined using the coordinates xi and yi for the
target passenger and xa and ya for other passengers, obstacles, and exit center positions. By
using the position coordinates, we can derive the instantaneous velocity, vi, of the target
passenger, i. This is achieved through the application of Formula (12), which takes into
account the horizontal coordinates of the current frame, n (xn), and the previous frame,
n − 1 (xn−1), as well as the vertical coordinates of the current frame, n (yn), and the previous
frame, n − 1 (yn−1). Upon identifying the four nearest personnel and obstacles surrounding
the target passenger, the input vector of the neural network model is shown in Formula (13),
where xi and yi denote the coordinates of the target passenger, i, dij represents the relative
distance between the closest four passengers and the target passenger, vj signifies the instan-
taneous velocity of the surrounding passengers, which is calculated in a consistent manner
with vi, dim denotes the relative distance between the four surrounding obstacles and the
target passenger, and die represents the relative distance between the target passenger and
the exit. Drawing on data from the emergency evacuation test platform, we constructed
the model as depicted in Figure 7. If the red dot is the object of study, the area in which
it is affected is the red box. Following rigorous testing, the parameter file trained by the
network model effectively predicted the evacuation trajectory of the passenger.

dia =

√
(xi − xa)

2 + (yi − ya)
2 (11)

vi =

√
(xn − xn−1)

2 + (yn − yn−1)
2

t
(12)

X = (xi, yi, vi, dij, vj, dim, die) (13)
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The data collected through 10 emergency evacuation experiments include the time
and motion trajectory information (x, y coordinates, speed, and acceleration information)
of each passenger. By extracting data at arbitrary time intervals, extracting trajectory data
within rectangular areas of different spacing, and selecting behavioral information within a
certain range around each passenger at each moment, three sets of sample libraries with
different formats and data volumes were finally obtained. The three sample libraries have
1458, 189, and 1458 pedestrian samples, respectively, which are more than the commonly
available pedestrian trajectory datasets: ETH and UCY. ETH contains data from two groups
of 750 pedestrians, and UCY is a pedestrian dataset containing two groups of 786 people.
The sample characteristics of this study are obvious, which is conducive to studying the
behavioral and trajectory characteristics of passengers during emergency evacuation and is
convenient for subsequent use.

3.2.2. Establishing a BP Neural Network Model

The Levenberg–Marquardt algorithm is utilized to train the BP neural network with
square errors and functions, resulting in a rapid training process. To harness the powerful
approximation capabilities of the BPNN, nonlinear functions are typically selected as the
activation functions for the hidden-layer neurons. The most frequently employed activation
functions include threshold functions, sigmoid functions, and hyperbolic tangent functions,
among others. In this study, the sigmoid activation function is employed for the BP neural
network, as depicted in Formula (14). To expedite the convergence of the learning outcomes,
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the mean square error loss function (mean square error, MSE) is selected as the loss function
for this model, as illustrated in Formula (15).

S(x) =
1

1 + e−x (14)

MSE =
1
m

m

∑
i=1

(yi −
∧
yi)

2
(15)

The time interval of the sample experimental data is 0.2 s, spanning five consecutive
frames. Our study employs a learning rate of 0.02. Our neural network architecture com-
prises three layers, with a topology structure of 7-n-4. The input vector encompasses the
target passenger’s horizontal and vertical coordinates and velocity, the velocity of the near-
est four passengers, the relative distance between the target passenger and the nearest four
passengers, four obstacles, and the exit. The output vector includes the position coordinates,
velocity, and acceleration of the passengers, resulting in a seven-dimensional input and a
four-dimensional output, with seven and four neurons in the input and output layers, re-
spectively. To extract features relevant to emergency evacuation behavior while considering
the network complexity, we utilize two hidden layers. The first hidden layer effectively ex-
tracts simpler features, such as time and trajectory, while the second hidden layer captures
more complex features like turning and avoidance. Based on our research and comparisons,
we employ a network structure with a moderate complexity of 10 neurons in the first
hidden layer and 20 neurons in the second hidden layer, denoted as Hidden layer = [10, 20].
This architecture ensures that neither overfitting nor excessively long training times occur
while accurately capturing the nuances of emergency evacuation behavior.

After performing multiple iterations with varying training times and target accuracies,
an analysis of the experimental results was conducted to optimize training efficiency and
achieve the peak performance of the network model. The outcome indicates that, to attain
the maximum level of efficiency, the training time should be set to 1000 while targeting an
accuracy of 10−6. Table 3 summarizes the parameter settings for this outcome.

Table 3. Parameter settings of the BP neural network model.

Parameters Settings

Learning rate 0.02
Input layer neurons 7

Output layer neurons 4
Two hidden layers [10, 20]

Number of training iterations 1000
Target accuracy 10−6

4. Results and Analysis

In this study, an investigation was undertaken to compare the efficacy of the social
force model and the results produced by training the BP neural network in simulating an
emergency evacuation scenario in a cabin. A comparison was made across three key areas,
with the aim of elucidating the strengths of both methods.

4.1. Evacuation Time of Passengers

In order to evaluate the evacuation time of passengers, five rounds of social force
simulation were performed, coupled with BP neural network training. Utilizing a time unit
of 1 s, the time taken for the first 40 passengers to complete the evacuation exercise was
carefully recorded. Furthermore, the relationship between the total number of evacuees
and time was also calculated. To complete the dataset, real-life emergency evacuation data
were incorporated, resulting in Figure 8.
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The present study assesses the overall change in the number of evacuees over time,
employing both a social force model and a BP neural network to predict emergent patterns
in experimental data. The computational results of the two methods are highly consistent
with the actual measurements. Specifically, the evacuation times for the first passenger to
complete the evacuation in the experiments, social force simulation models, and BP neural
networks are all approximately 3.8 s, 3.7 s, and 3.8 s, respectively. Similarly, the total
evacuation times for 40 people yield close values of 26.5 s, 24.6 s, and 24.7 s, respectively.
Moreover, the slopes of the evacuation count and duration graphs amount to 1.8133, 1.78538,
and 1.83632, respectively. The percent errors between the slope values of the social force
simulation model and the BP neural network measure 1.53% and 1.27%, respectively. The
observed changes in the number of evacuees over time demonstrate that both the social
force model and neural networks can suitably represent passenger evacuation duration.
The quantified results unambiguously confirm the fitting effectiveness of both modelling
techniques, aligning well with the corresponding experimental findings.

4.2. Priority of Main Aisles

Throughout the entirety of the evacuation process, conflicts in the aisles persisted.
As illustrated in Figure 9, these conflicts arise when passengers exit their seats and enter
the aisle. Passengers from three different directions (L: seat positions A1, A2, A3; R: seat
positions A4, A5, A6; B: “back”) vie for space at the intersection of the aisle. In our
experimental area, there exist seven intersections, marked with circles in Figure 9. While a
passerby in the midst of an aisle conflict may approach from any of the three directions
(R, L, and B), the probability of passage from each direction may vary. To discern these
probabilities, a frequency statistical analysis was conducted.
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Figure 10 illustrates the analysis of the videos obtained from the experimental tri-
als, social force model simulations, and neural network learning outcomes. The data
from nine experiments, along with their corresponding social force simulations and neu-
ral network training, were recorded. The frequency of incoming passengers from the
first eight individuals at each main corridor intersection was calculated.
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By comparing the three figures, it can be seen that the learning results of the BP neural
network and the experiment have a similar distribution of priority in the main aisle.
Specifically, the first passenger comes from the left or right side, and the second mainly
comes from the left and right directions, but there are also cases from the rear because
passengers with strong mobility in the rear row can surpass front-row passengers and
enter the main aisle first. For the third passerby, the relative frequency in the right and left
directions gradually decreases, while the frequency in the rear direction keeps increasing.
This is because passengers who are closer to the main aisle in the early stage can enter the
main aisle more smoothly, showing a lower probability of passengers coming from the rear.
However, passengers who are closer to the cabin wall need to compete with the “pedestrian
tunnel” that is passing by when entering the main aisle, which poses a greater obstacle,
so the probability of coming from the rear increases. The results of the social force model
show a greater difference from the experiment. The first two passengers come from both
sides, and the third and fourth passersby mainly come from both sides because the social
force model cannot simulate the decision-making behavior of personnel interaction, such as
pushing, competing, and accelerating modes of rear-row personnel to front-row personnel,
so they move forward according to the set force situation. Because the social force model
simplifies the force situation of personnel into three types of forces, when applied in the
narrow environment of a civil aircraft cabin, due to many interactions between personnel,
this can easily cause a balance of passenger forces, such as passengers on both sides near the
cabin wall becoming stuck in the aisle, so the frequency of passengers from the rear keeps
increasing. The commonality among the three is that due to the “left–right symmetry” of
the seat arrangement, the probability in the right and left directions shows good consistency.
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4.3. The Bottleneck Distribution in the Main Aisle

Cabin bottlenecks are a critical issue that poses a significant challenge to evacuation
operations. The main cause of a bottleneck is the presence of various obstacles that compress
and restrict the evacuation space. As a result, pedestrian flow becomes deformed, leading
to a locally low-speed, high-density state. To address this issue, Zhang [34] proposed the
use of Voronoi diagrams for processing experimental data in small, irregular areas and
obtaining relatively stable measurement results. Therefore, we utilized the basic theory of
Voronoi diagrams to construct a real-time spatiotemporal distribution map of the bottleneck
in the cabin environment. We established identification indicators for the front bottleneck
in the cabin and studied the rules of the spatiotemporal distribution of the entire cabin flow.

Due to the narrow space within the simulated cabin, movement is generally in a low-
speed state, and when people are too concentrated, it is easy for bottleneck areas to form.
The main aisle is divided from left to right into areas 1 to 8, and the bottleneck center’s
coordinate values are calculated from the left side. Figure 11 illustrates the evacuation
direction of the pedestrian flow in the cabin, indicated by a red arrow. Overall, the use
of Voronoi diagrams proved to be a valuable approach to developing an accurate spatial
distribution map.
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Figure 11. Cabin partitions.

Based on the personnel density characteristics observed in the present study, bottleneck
formation was identified in area j of the main aisle when the average density within
j (j = 1–8) exceeded 6.5 m−2, thus defining area j as a bottleneck. Figure 12a–c delineate
the bottleneck regions on the main aisle for experiments conducted at 5 s, 10 s, and 16 s,
i.e., the red boxes, with different regions falling within the bottleneck at each time point
in the experiments. By applying the same calculation method to the results obtained
from the learning-based BP neural network and the simulation-based social force models,
Figure 12d–i are obtained, respectively.

By comparing the two experiments and two calculation results, the position of the
bottleneck center in the aisle is shown in Figure 13. It can be seen that the results of the
social force model are significantly different from the experiment, and the bottleneck center
was moving forward continuously. The reason for this is that in the early evacuation stage,
passengers near the cabin wall become stuck at the seats before reaching the main aisle,
resulting in the bottleneck center being formed in most of the main aisle. As the evacuation
progresses, some passengers begin to enter the main aisle and move towards the exit, which
causes the bottleneck center to move forward towards the front of the cabin. In contrast, the
BP neural network has a better learning effect on the distribution of the bottleneck in the
main aisle, and the evolution law of the bottleneck center is basically consistent with the
experiment. Its bottleneck center first moves forward and then moves backward in the aisle.
This is because in the early stages of evacuation, passengers on the outside have a tendency
to leave the cabin as soon as possible, resulting in a bottleneck being formed in the front
of the cabin. As some passengers leave, the density of personnel in the front decreases,
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passengers near the wall behind the middle to the rear enter the main aisle, and the density
of personnel increases, resulting in a bottleneck being formed and moving towards the exit
or the front of the cabin.
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Figure 12. The process of bottleneck area calculation. (a) Bottleneck area at 5 s of experimental
data, (b) bottleneck area at 10 s of experimental data, (c) bottleneck area at 16 s of experimental data,
(d) bottleneck area at 5 s of BP neural network results, (e) bottleneck area at 10 s of BP neural network
results, (f) bottleneck area at 16 s of BP neural network results, (g) bottleneck area at 5 s of social force
model results, (h) bottleneck area at 10 s of social force model results, and (i) Bottleneck area at 16 s of
social force model results.
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Figure 13. Evolution of bottleneck center locations. (a) Comparison of the first experiment and
calculation results and (b) comparison of the second experiment and calculation results.

Through a comparison of the two experiments and two calculation results, the position
of the bottleneck center in the aisle is depicted in Figure 13. The results of the social force
model are significantly different from the experiment, as the bottleneck center shows
a continuous forward movement. Similar to the analysis of the passenger blockage in
Section 3.2, passengers exhibit a stationary state during the process of moving from their
seats to the main aisle during the early stages of evacuation. This results in the formation
of bottleneck centers in most areas of the main aisle, as shown in Figure 12h, where a
bottleneck is formed in most parts of the main aisle at 10 s. As other passengers evacuate,
the blocked passengers’ force balance is disrupted, and they start moving towards the aisle
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and the exit, causing the bottleneck center to continuously move towards the front of the
cabin, as shown at 16 s in Figure 12i. However, the BP neural network has a good learning
effect on the distribution of bottleneck centers in the main aisle, and the evolution law of the
bottleneck center is basically consistent with the experiment. The bottleneck center initially
moves forward in the aisle and then moves backwards, as shown in Figure 12a,b. In the
early stages of evacuation, passengers on the outside tend to leave the cabin as quickly
as possible, resulting in a bottleneck at the front of the cabin. As some passengers leave,
the density of people in the front decreases, and passengers near the wall in the middle
and back of the cabin enter the main aisle, causing the density of people to increase and a
bottleneck to form, which moves towards the exit at the front of the cabin.

This study presents an analysis of bottleneck regions in the main corridor during
evacuation, as evidenced by the results of the first and second experiments, as well as
the findings of the social force simulation and neural network learning, as depicted in
Figure 14. The spatial and temporal distribution of the eight regions in the main corridor is
depicted on the horizontal axis, while the evacuation time is represented on the vertical
axis. To visualize the occurrence and duration of bottlenecks in each region, a scatter plot is
employed, with the horizontal axis denoting various sections of the cabin and the vertical
axis corresponding to the time of evacuation. Each scatter point represents the length of
time that a bottleneck persisted in a particular region.
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Figure 14. Comparison of bottleneck results between experimental and computational results.
(a) Comparison between the first experiment and BP neural network results, (b) comparison between
the first experiment and social force model results, (c) comparison between the second experiment
and BP neural network results, and (d) comparison between the second experiment and social force
model results.

According to Formula (16) and Table 4, the frequency of bottleneck occurrences in the
main aisle area for each experiment was calculated. Formula (16) indicates the frequency of
bottleneck occurrences in region j (where j ranges from 1 to 8):

Aj = tj/T (16)
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where tj represents the total time of bottleneck occurrence in the main aisle of area j. T de-
notes the total evacuation time for the evacuation experiment, E denotes the experimental
time, S denotes the social force model time, and N denotes the neural network model
time, for convenience. All experimental and calculation model evacuation times are shown
in Table 4.

Table 4. Total evacuation time.

Number Experimental and Calculation Models Total Evacuation Time (T)/s

1
E 33.6
S 30.1
N 32.9

2
E 32.5
S 30.4
N 32.6

The average bottleneck frequency and the relative error, e, of the two computational
models are calculated for eight regions according to Equations (17) and (18), as presented
in Table 5.

A =

(
8
∑

j=1
Aj)

8
(17)

e =

∣∣Ai − AE
∣∣

AE
(18)

In these equations, A represents the average frequency of the social force model or the
BP neural network model.

Table 5. Bottleneck frequency of the main aisle.

1 2
E S N E S N

A1 0.00 0.00 0.00 0.00 0.00 0.00
A2 0.16 0.00 0.23 0.00 0.04 0.00
A3 0.43 0.16 0.42 0.09 0.18 0.09
A4 0.49 0.32 0.45 0.28 0.33 0.30
A5 0.51 0.32 0.33 0.33 0.42 0.32
A6 0.43 0.42 0.38 0.26 0.43 0.25
A7 0.45 0.51 0.37 0.43 0.52 0.40
A8 0.21 0.40 0.22 0.21 0.32 0.09
A 0.34 0.27 0.30 0.20 0.28 0.18
e 0 20% 12% 0 40% 10%

The primary constriction zone of the central walkway in the study was primar-
ily established within the temporal span of 2–20 s and predominantly manifested in
areas 2 through 8. Upon scrutinizing the relative error, e, it becomes evident that the bottle-
neck frequency of the BP neural network approximates the experimental outcomes more
accurately, exhibiting a superior depiction of the bottleneck’s evolutionary trajectory during
the experiment, particularly in areas 3 through 7. In essence, in contrast to the social force
model, the BP neural network model exhibits a more verisimilar representation of the pas-
sengers’ evacuation behavior, evincing less deviation from the experimental observations.

5. Summary and Discussion

We aimed to carry out demonstration experiments in the narrow seat aisle environ-
ment of aircraft based on standard airworthiness certification standards to explore the
guiding significance and reference value of computer modeling in civil aircraft emergency
evacuation airworthiness certification. Using a BP neural network, we established a contin-



Aerospace 2024, 11, 221 15 of 17

uous displacement model for personnel evacuation in the narrow seat aisle environments
commonly found on planes. We compared the accuracy of this model to a social force model
based on continuous displacement in simulating evacuation time and further compared
the similarity of the behavior of personnel during evacuation. The results showed that both
models accurately simulated the evacuation time compared to the experimental values, but
the BP neural network model, driven by experimental data, more accurately predicted the
evacuation process, showing more realistic details such as the probability of conflicts and
bottleneck evolution in cross aisles. Based on multiple experiments with 54 people, we used
the BP neural network and social force model to establish a continuous displacement model
for personnel evacuation and tested the accuracy of the model in terms of the evacuation
time, main aisle priority, and bottleneck distribution. The main conclusions of this study
are as follows:

1. Both the BP neural network model and the social force model have high accuracy in
predicting evacuation time.

2. Compared to the social force simulation model, the BP neural network has a more
similar distribution of main aisle priority.

3. BP neural networks can better demonstrate the evolution law of experimental bottle-
necks, especially in regions 3–7. By comparing the evolution law of bottleneck centers
and the relative error, e, it can be found that the BP neural network is more realistic in
predicting the main bottleneck, with a smaller difference from the experiment.

Conclusions (2) and (3) are both due to the fact that the social force model simplifies
personnel force into three forces, which cannot reflect the decision-making behavior of
personnel during interactions, leading to an equilibrium of forces in high-density cabin
evacuation environments, resulting in passengers becoming stuck in their position near
their seat and not reaching the main aisle. The BP neural network, through learning from
the dataset, performs better in simulating the evacuation process.

Our objective was to conduct demonstration experiments in enclosed aircraft aisle
environments in accordance with standard airworthiness certification requirements to ex-
plore the technical guidance and facilitation role of computer modeling in the airworthiness
certification of emergency evacuations for civil aircraft. We aimed to provide computer
simulation methods for the airworthiness certification technology of aircraft emergency evac-
uations, reducing the risk of injury to participants and exploring airworthiness verification
techniques that combine computer calculations with experiments. Additionally, this study
provides comparative and quantitative indicators for simulation models used in demonstra-
tion experiments for emergency evacuations of civil aircraft. However, there is still room
for improvement in modeling the main aisle bottleneck, and more optimized models are
needed to quantitatively demonstrate the process of passengers moving from their seats
to the main aisle. Alternatively, conducting more experiments that align with real-world
evacuation scenarios would enhance the learning sample library for neural networks.
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