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Abstract: To investigate the impact of structural damages on the comfort level of suspension foot-
bridges under human-induced vibrations, this study addresses the limitations of traditional manual
testing, which often entails significant manpower and material resources. The aim is to achieve rapid
estimation and health monitoring of comfort levels during bridge operation. To accomplish this, the
study combines finite-element simulation results to establish a data-driven library and introduces
three distinct machine learning algorithms. Through comparative analysis, a machine learning-based
method is proposed for quick evaluation of bridge comfort levels. Focusing on the Yangjiadong
Suspension Bridge, the study evaluates and researches the comfort level of the structure under the
influence of human-induced vibrations. The findings revealed a relatively low base frequency and
high flexibility. Additionally, when considering the mass of individuals, peak acceleration decreased.
The predictive performance of the Artificial Neural Network (ANN) model was found to be superior
when accounting for multi-parameter damages, yielding root mean square error (RMSE), mean
absolute percentage error (MAPE), and R-squared (R?) values of 0.03, 0.02, and 0.98, respectively.
Moreover, the error ratio of the generalization performance analysis was below 5%. Furthermore, the
study identified a damage coefficient of 0.13 for the bridge’s main cable, hanger, and steel longitudinal
beam. Under a crowd density of 0.5 people per square meter, the predicted peak acceleration was
1.098 m/s?, with a model error of less than 10% compared to the observed value of 1.004 m/ s2. These
results underscore the model’s effectiveness in swiftly evaluating bridge comfort levels, thereby
offering valuable insights for the health monitoring of bridge comfort levels.

Keywords: safety engineering; suspension footbridge; human-induced vibration; comfort level
evaluation; machine learning; structural damage

1. Introduction

The suspension bridge stands as a crucial component in contemporary transportation
infrastructure. Suspension footbridges, a variation of these structures, primarily serve
pedestrian traffic. However, they differ in control loads and structural characteristics from
highway suspension bridges. Designed with aesthetics in mind, these footbridges often
prioritize “lightness” and “flexibility”, which may result in increased vibrations under
pedestrian loads. These vibrations not only impact pedestrian comfort but can also pose
security risks to the structure in extreme cases. Thus, assessing the comfort and safety
levels of suspension footbridges under human-induced vibrations emerges as a pivotal
area of study.

As mentioned in the review of Zivanovic et al. [1], in 1931, two German scholars, Rei-
her and Meister, first conducted systematic research on vibration comfort levels. Through
experiments, their study utilized researchers’ subjective perceptions to categorize comfort
levels into seven distinct levels, establishing a foundational framework for subsequent
investigations. Subsequent researchers conducted a series of experiments and studies. In
1961, Harper et al. [2,3] utilized a single-board force platform to conduct the first-ever test
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on the load generated by single-person walking. They concluded that the vertical compo-
nent force and the time curve exhibited a distinct double-peak pattern. In 1963, Wright
and Green [4] measured the peak vibration of 52 bridges and, based on this, proposed
the concept of comfort limit classification. Employing on-site testing methodologies, Lai
et al. [5] performed modal analysis on a steel suspension footbridge and examined its
dynamic response under pedestrian loads. Similarly, taking the Chulitna River Bridge as
the engineering background, Feng et al. [6] used finite-element software to analyze the
modal parameters and dynamic response of the bridge structure under specific ambient
loading and compared it with the field measurement results. Feng Peng et al. [7] conducted
a comprehensive questionnaire survey on 21 passenger footbridges in Beijing. They intro-
duced comfort level coefficients and perception coefficients, establishing the relationship
between these coefficients and the span of the bridges. Han et al. [8] conducted an analysis
and study on the mechanism of horizontal human-bridge sympathetic vibration through
modeling analysis. They deduced the equation of non-linear time-variant motion and pro-
posed a horizontal vibration model for the process of two-way pedestrian bridge passing.
Yu Zhenghua et al. [9], through theoretical analysis of the time domain of the bridge’s
dynamic response, evaluated and researched the performance of cable-stayed bridges
against vibrations and their comfort level under the combined influence of wind, vehicles,
and crowds. Liu Feng et al. [10] undertook research on vibration responses influenced
by excitation parameters caused by different crowds. They employed a method combin-
ing practical measurement and finite-element simulation and suggested a damping value
range of 0.2-0.4% based on an analysis of general suspension footbridges” human-induced
vibrations. Zhang Yanling et al. [11] analyzed the response to human-induced vibrations
and the comfort level of suspension bridges with two different suspender forms: vertical
and tilted. Their research indicated that the model with tilted suspenders performed better.
Additionally, researchers have conducted numerous studies on measures for vibration
reduction and inhibition [12,13].

The application and development of computer vision and machine learning methods
offer a novel approach to evaluating the comfort level of footbridges against vibration.
Bayane et al. [14] integrated the three factors of strain, acceleration, and environmental
change, proposing a real-time bridge damage detection method based on a machine learn-
ing algorithm. Chen et al. [15], in their effort to predict and evaluate the performance of
lightweight foamed concrete, constructed three machine learning models for comparative
analysis. The findings revealed that the amalgamation of these three machine learning
models yielded the highest accuracy. Dong et al. [16] proposed a computer-aided visible
method for assessing footbridge comfort against vibration. Building upon walking tests
and a combination of theoretical analysis and intelligent identification algorithms, Cao
Liang et al. [17] introduced an algorithm for determining human body kinetic parameters
during walking, which is utilized to assess the structural comfort level induced by human
activity. Chen et al. [18] introduced a real-time system capable of assessing footbridge
vibration comfort levels in response to human-induced vibrations, leveraging smart devices
as the basis of their approach.

In conclusion, numerous studies have been conducted both domestically and interna-
tionally on assessing the comfort level against human-induced vibrations, covering areas
such as the walking load model, mechanisms of human-bridge sympathetic vibration, and
analysis of comfort levels based on the coupling of multiple loads. However, there remains
a scarcity of research that integrates machine learning for evaluating structural comfort
levels. Incorporating machine learning algorithms into comfort level evaluations can ef-
fectively address shortcomings inherent in traditional artificial testing, such as excessive
manpower and material resource consumption. Building upon this premise, this study
focused on the suspension footbridge in Yangjiadong as its engineering context. Data for
model training were acquired through finite-element modeling, and three distinct machine
learning models were developed using different algorithms. Subsequently, evaluation
indicators, including root mean square error (RMSE), mean absolute percentage error
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(MAPE), and coefficient of determination (R?), were employed to assess the performance of
these models. The model demonstrating the most favorable evaluation performance was
selected, and a method for rapidly evaluating the suspension footbridge’s comfort level
based on machine learning was proposed. The results indicated that the proposed method
exhibits high precision and satisfactory generalization performance. The RMSE, MAPE,
and R? values for the validation set were 0.03, 0.02, and 0.98, respectively, with the error
in generalization performance analysis remaining below 5%. Consequently, this method
can be effectively utilized for quickly evaluating the comfort level against human-induced
vibrations of suspension footbridges afflicted by multi-parameter damages and, at the same
time, it provides a reference for the comfort level health monitoring of bridges.

2. Comfort Level Evaluation and Procedure
2.1. Pedestrian Load Calculation

The research employed the calculation method outlined in the Germany ENO03 norm [19].
The horizontal first-order stride frequency of pedestrians ranges from 0.5 Hz to 1.2 Hz,
while the vertical first-order stride frequency ranges from 1.25 Hz to 2.3 Hz. Considering
that the base frequency of the bridge’s structure falls within the range of pedestrian first-
order stride frequencies, it is necessary to calculate the structure’s dynamic response. The
modal frequency of the bridge’s base within the pedestrian’s first-order stride frequency
range was selected to analyze the dynamic response of the structure, utilizing Formula (1).
To account for the periodic nature of pedestrian load, the actual pedestrian load was treated
as equivalent to a periodic pedestrian load model:

P(t) = Pycos(2mf-t)n'y (1)

In this formula: The symbol P(t) stands for the simple harmonic wave load. The
symbol Py stands for the component of the load generated by a single pedestrian. The
horizontal Py is taken as 35 N, and the vertical Py as 280 N. The symbol f stands for the
natural vibration frequency, the symbol ¢ stands for the time, and the symbol 1’ stands
for the equivalent number of pedestrians on the bearing surface S. When the number of
pedestrians within the unit area is smaller than 1, n’ = 10.81/¢n/S. When the number is
larger than or equal to 1, n’ = 1.85,/1/S, in which ¢ stands for the damping coefficient of
the structure. The value of the steel-structure bridge is taken as 0.02, and S is the area of
the bridge’s surface. The symbol ¢ stands for the reduction coefficient of the amplitude
variation caused by different pedestrian frequencies. The selected values are shown in
Figure 1.

0 0507 1.01.2 1.7 21 2.4

Frequency (Hz)
(a)

Figure 1. Cont.
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Figure 1. Reduction coefficients, ¥. (a) Horizontal vibrations and (b) vertical and longitudinal
vibrations.

In addition, the Germany ENO3 norm [19] also stipulates the loading method of the
pedestrian load model. It loads the equivalent periodic pedestrian load model in accordance
with specific vibration modes in the form of uniformly distributed loads. The loading
diagram is shown in Figure 2.

Figure 2. Loading method of the pedestrian load model.

2.2. Evaluation Standard of the Comfort Level

According to the Germany EN03 norm [19], we evaluated the comfort level of the
suspension bridge, adopted the method of dynamic response value restriction to conduct
dynamic response analysis, and classified the grade of the comfort level in accordance with
the result of the dynamic response analysis in a detailed form, as specifically shown in
Table 1.

Table 1. Comfort level evaluation standard of the ENO3 norm.

Limited Value of Limited Value of
Comfort Level Grade Comfort Level Degree Horizontal Acceleration (m/s2) Vertical Acceleration (m/s?)
1 Very Comfortable <0.1 <0.5
2 Intermediate Comfort Degree 0.1~03 0.5~1.0
3 Uncomfortable 0.3~0.8 1.0~2.5
4 Unacceptable >0.8 >2.5

2.3. Construction of the Machine Learning Evaluation Model
2.3.1. Machine Learning Algorithm Selection

In this study, we employed three machine learning algorithms: eXtreme Gradient
Boosting (XGBoost), Support Vector Regression (SVR), and Artificial Neural Network
(ANN), to develop an evaluation model for assessing the comfort level of suspension
footbridges in response to multi-parameter damages caused by human-induced vibrations.

The XGBoost algorithm operates on the principle of minimizing the target function
during training. It achieves this by utilizing a second-order Taylor expansion and under-
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going multiple iterations of the loss function. The objective is to reach the minimum of
the target function, which occurs when the derivative of the target function equals zero.
Consequently, this process yields the optimal prediction model.

SVR is widely utilized for solving regression problems. It operates as a non-probabilistic
algorithm. By employing a kernel function, the data undergo mapping to a high-dimensional
space, wherein the training data’s maximum interval and the optimal hyperplane are estab-
lished to construct the regression model.

The ANN, also known as Multilayer Perceptron (MLP), utilizes the backpropagation
algorithm for training data. By inputting signals, the network calculates results and
compares them with the true values to determine errors. Subsequently, weights are adjusted
through backpropagation in accordance with these errors to minimize them. The structure
of an ANN typically consists of an input layer, a hidden layer, and an output layer. The
simplest form of an ANN includes only a single hidden layer.

2.3.2. Hyperparameter Adjustment and Optimization

During training and prediction, multiple hyperparameters of the machine learning
model must be configured [20-23], with the hyperparameter values closely linked to the
prediction performance. In this regard, when performing hyperparameter adjustment
and optimization for the aforementioned three algorithms: SVR, XGBoost, and ANN,
the authors employed the Tree-structured Parzen Estimator (TPE) method for SVR and
XGBoost, and the Grid Search method for ANN. TPE operates on the basis of Bayesian
principles. By continuously optimizing and iterating the specified target function and
supplementing sampling points with expected improvements, it identifies parameter
combinations that yield the most significant enhancement for subsequent sampling points,
thus determining the most suitable hyperparameter values. On the other hand, Grid
Search considers all possible hyperparameter combinations, searching for the combination
that yields the best output results for the model, thereby concluding the hyperparameter
optimization process.

2.3.3. Model Construction Procedure

This article proposes a machine learning-based method for swiftly predicting the
comfort level of suspension footbridges amidst multi-parameter damages. This method
hinges upon establishing a machine learning model capable of processing inputs related
to crowd density, main cable damage coefficient, hanger damage coefficient, and steel
longitudinal beam damage coefficient, with the output being vertical peak acceleration.
The damage coefficient signifies the ratio between the difference in cross-sectional areas pre-
and post-damage and the cross-sectional area before damage occurrence. Regarding the
input and output data required for the model’s training and validation sets, input data were
obtained via random sampling utilizing the Monte Carlo method, while output data were
derived from the Midas Civil finite-element model for dynamic response calculation, ac-
cording to the sampling outcomes from the input data. Suitable algorithms were employed
for hyperparameter adjustment and optimization, and three distinct machine learning
algorithms were selected for model training and validation. Subsequently, the performance
of these models was evaluated using performance indicators, with the model exhibiting
the best performance being chosen as the final comfort level evaluation model. Finally, the
measured bridge population density, main cable, sling, steel girder damage, and measured
vertical peak acceleration were compared with the predicted value of the machine learning
model to verify the feasibility of the machine learning model. The detailed procedure is
illustrated in Figure 3 below.
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Figure 3. Model construction procedure.

3. Project Application
3.1. Project Overview

The Yangjiadong Suspension Bridge was constructed in 1997 and is situated at the
Liangtan Wharf of Nuanshui Town, Rucheng County, Chenzhou City. The actual bridge is
shown in Figure 4. This bridge employs a steel-cable suspension structure with a wooden
bridge surface. Upon conducting on-site measurements, the material parameters and
structural characteristics of the bridge were recorded, as depicted in Figure 5. The total
length of the bridge spans 207.48 m, with the main beam extending over 125.09 m and
the bridge surface measuring 2.7 m in width. For the main cable, four steel strands with
specifications of Strand 1860 and a diameter of 32 mm are utilized, while 35 steel strands
of the same specification and a diameter of 14 mm serve as hangers on each side. The
steel longitudinal beams consist of five sheets of I-shaped steel fabricated from Q345
material, spaced at intervals of 0.65 m, and are covered with wooden boards approximately
80 mm-thick. The steel cross-beams comprise 35 sheets of I-shaped steel, also made from
Q345 material, with intervals between them measuring 3.62 m. The Yangjiadong Suspension
Bridge plays a crucial role as a traffic artery for local residents. Investigating the impact
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of stiffness damage on the bridge’s main components on its response to human-induced
vibrations and evaluating the resulting comfort level hold significant practical importance.

F

Figure 4. Yangjiadong Suspension Bridge actual bridge graph. (a) Elevation and (b) plan.

162,480
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Left 1:20.8
Right 1:20.5
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90| 137I 611 { 701 | 696 ;137 !90,
3074

(b)

Figure 5. Structural diagram of the suspension footbridge (unit: mm). (a) Elevation view and

(b) cross-sectional view of the steel beam.

3.2. Finite-Element Model

Based on the data gathered on site, we utilized Midas Civil to construct the finite-
element model. During this process, we designated the main cable and hanger as cable
elements, while the steel longitudinal beam, steel cross-beam, and horizontal stiffening
girder were assigned as beam elements. The wooden bridge surface rests atop the steel
longitudinal beam, with consideration given solely to its weight. This weight is evenly
distributed and applied to the steel longitudinal beam as a beam element load. Boundary
conditions [11,24-28] were addressed through the following steps: Consolidation was
performed on the bottom of the cable tower, and at both ends of the main cable. A fixed
hinged support was employed on one end of the steel beam, while a movable one was
utilized on the other end. Rigid connections were established between the main cable and
the hanger, the hanger and the steel longitudinal beam, as well as between the cable tower
and the main cable. Elastic connections were implemented at the joint between the steel
longitudinal beam and the steel cross-beam. Restrictions along the bridge’s direction were
imposed by the main cable and the cable tower at the cable saddle section. The established

finite-element model is depicted in Figure 6.
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Figure 6. Finite-element model diagram.

4. Analysis of the Response to Human-Induced Vibrations and Evaluation of the
Comfort Level

4.1. Analysis of the Influence of the Pedestrian Density
4.1.1. Frequency of Natural Vibration

The suspension footbridge’s structure is relatively lightweight, and the pedestrians’
weight significantly impacts the dynamic system of the human bridge structure [10]. Hence,
when examining the effect of crowd density on the bridge’s comfort level regarding vibra-
tions, it is essential to analyze two scenarios: one with and one without consideration of
pedestrian mass. This approach allows for evaluating the pedestrian mass’s influence on
the model calculation results. In cases where pedestrian mass is considered, the analysis
involves incorporating the pedestrian mass into the bridge’s self-weight. Initially, the first
50 modal orders were calculated, with the standard pedestrian mass set at 70 kg/person.
Table 2 presents the outcomes of the first 10 modal orders’ natural vibration frequencies
under two conditions: with and without considering pedestrian mass, using a pedes-
trian density of 1 person/m? as an example. Taking into account pedestrian mass, the
first 10 vibration modes are shown in Figure 7 below. In accordance with the German
ENO3 norm [19], the model where the bridge’s natural vibration aligned closely with the
pedestrian’s stride frequency was identified. Table 3 showcases the corresponding model,
vibration order, natural vibration frequency, and the results of the vibration mode diagram.
Subsequent analyses concerning the main cable, hanger, and steel longitudinal beam were
conducted based on a crowd density of 1 person/m?, factoring in the pedestrian mass in
the model calculations.

4.1.2. Load Calculation

Based on the calculation method illustrated in Figure 1, reduction coefficients corre-
sponding to different frequencies were determined. Subsequently, the vibration amplitude,
frequency, equivalent pedestrian density, and reduction coefficient values were inputted
into Formula (1) to derive the first-order simple harmonic wave load. The computed results
are presented in Table 4. This approach for load calculation was then applied to analyze
the subsequent main cable, hanger, and longitudinal steel beam.

Table 2. Natural vibration frequency (Hz) of the first 10 orders of the bridge.

Modal Pedestrian Mass Vibration Mode Description Pedestrian Mass not Vibration Mode Description
Counted Counted

1 0.335 Antisymmetric Vertical Bend 0.345 Antisymmetric Vertical Bend
2 0.372 Symmetric Horizontal Bend 0.388 Symmetric Horizontal Bend
3 0.373 Vertical Bend 0.389 Vertical Bend
4 0.418 Antisymmetric Vertical Bend 0.430 Antisymmetric Vertical Bend
5 0.453 Symmetric Vertical Bend 0.469 Symmetric Vertical Bend
6 0.454 Vertical Bend 0.470 Vertical Bend
7 0.484 Symmetric Vertical Bend 0.498 Symmetric Vertical Bend
8 0.599 Symmetric Vertical Bend 0.616 Symmetric Vertical Bend
9 0.642 Antisymmetric Vertical Bend 0.664 Antisymmetric Vertical Bend
10 0.643 Vertical Bend 0.666 Vertical Bend
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Figure 7. Vibration mode diagram. (a) Mode 1, (b) mode 2, (c) mode 3, (d) mode 4, (e¢) mode 5,
(f) mode 6, (g) mode 7, (h) mode 8, (i) mode 9, and (j) mode 10.

Table 3. Vibration mode and natural vibration frequency of the bridge.

Pedestrian Mass Counted Pedestrian Mass not Counted
Modal Vibration VT;::;ZL Vibra'tion Mode Modal Vibration VI?;:::;ZI“ Vibra'tion Mode
Order Frequency/Hz Diagram Order Frequency/Hz Diagram

8 3 0.599 8 3 0.616

Horizontal Bend 14 4 0.848 14 4 0.870
18 5 1.062 18 5 1.089

23 7 1.389 23 7 1.415

25 7 1.454 25 7 1.500

26 8 1.568 26 8 1.603

Vertical Bend 29 8 1.696 29 8 1.735
31 8 1912 30 9 1.902

33 9 1.95 33 9 1.972

36 9 2.142 37 9 2.209
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Table 4. Pedestrian load model with different densities.
Crowd Mass Counted Crowd Mass not Counted
Vibration . R 2 Vibration . R 2
Order Pedestrian Density/Person/m Order Pedestrian Density/Person/m
Coefficient 0.5 1 1.5 2 0.5 1 1.5 2
Hori 1 3 cos(3.8¢) 1.0 1.8 2.1 25 3 1.1cos(3.8t) 2.0cos(3.9t) 2.7cos(3.9t) 3.3cos(4.0t)
Oglzocfl‘ta 4 cos(5.3t) 21 35 43 50 4 2.1cos(5.4t) 3.5c0s(5.5t) 4.3c0s(5.5t) 5.0cos(5.6t)
en 5 cos(6.7t) 2.1 3.5 4.3 5.0 5 1.3cos(6.8t) 2.0cos(6.8t) 2.1cos(6.9¢) 2.1cos(7.0t)
7 cos(8.7t) 48 82 100 115 7 3.3cos(8.4t) 10.3cos(8.9¢t) 9.4cos(8.6t) 12.3cos(8.7t)
7 cos(9.1t) 75 128 156 18.1 7 5.6c0s(8.8t) 15.7cos(9.4t) 13.8c0s(9.0t) 17.0cos(9.1¢)
Vertical 8 c0s(9.9¢) 11.6 199 244 282 8 12.2c0s(10.0t)  22.1cos(10.1f)  28.5c0s(10.2t)  34.4cos(10.3f)
;r“iia 8 cos(10.7t) 163 279 342 395 8 16.5c0s(10.7t)  28.2c0s(10.9f)  34.5cos(11.1f)  40.0cos(11.2f)
en 8 cos(12.0t) 16,5 282 345 399 9 16.5cos(12.2t)  28.2cos(12.0f)  34.5cos(12.1t)  40.0cos(12.2f)
9 cos(12.3¢) 165 282 345 399 9 12.3cos(13.5t)  28.2cos(12.4f)  34.5cos(12.6t)  40.0cos(12.5¢)
9 cos(13.5¢) 13.0 223 273 315 9 9.7cos(13.7t)  12.8cos(13.9t)  10.0cos(14.1t)  5.2cos(14.3t)

4.1.3. Dynamic Response

After analyzing and calculating the maximum acceleration of various vibration orders
based on different crowd densities, the results are depicted in Figure 8. It was observed
that as crowd density increased, excluding crowd mass, the vibration response, as well
as the horizontal and vertical peak accelerations, also increased. Specifically, at a crowd
density of 2 person/m?, the horizontal and vertical peak accelerations were 0.028 m/s?
and 0.849 m/s2, respectively. However, when the crowd mass was taken into account,
the horizontal and vertical peak accelerations decreased to 0.021 m/s? and 0.612 m/s?,
respectively.

0.021 5 — 0.612
~0.030 __vNo consideration 0,020 0.9 | swNo consideration| 5555
& 00307 L~ for crowd mass 0.018 o 1 for crowd mass | 0.499
4 <20.8 ~ .
20'026 0.016 \E-/() 7 ‘ 0442
.50.022 0.015 g | 0386
g . 0.013 2 0.6 ] 0329
% 0.018+ Consideration c1})wd mass 0011 g 0.5 ‘ 0272
2 0.010 S 0.4 [ 0216
& : -
= 0.008 203 S ; 0.159
g 0006 g 5] 0.103
0.005 2 0,046
5 0.1 .
> )
0.0 2.0\
15 O

8 1.0 &9
Orderofvertica 9 0-5\7&6@“

: i
Nding Vi bratjon oS

(b)

Figure 8. Maximum acceleration of various vibration orders. (a) Horizontal bend and (b) vertical
bend.

4.2. Damage Analysis of Main Components

To investigate the impact of stiffness damage in the main cable, hanger, and steel
longitudinal beam on the human-induced vibration comfort of bridge structures, we
employed a sensitivity analysis method with a 1% increment. A substantial number
of finite-element analyses were conducted, varying the cross-sectional area and elasticity
modulus to simulate structural stiffness damage. This approach aids designers in consulting
results pertaining to various degrees of structural damage for reinforcement purposes, thus
offering valuable insights for the optimal design analysis of bridge structures.

4.2.1. Feature of Natural Vibration

We investigated the impact of single-component damage, including the main cable,
hanger, and steel longitudinal beam, on the suspension bridge’s response to human-induced
vibrations by reducing the cross-sectional area of the component and the elasticity modulus
of the material. Additionally, we sequentially reduced the cross-sectional area and elasticity
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modulus of the main cable, hanger, and steel longitudinal beam by 1%. The resulting
variations in the natural vibration frequency of the bridge’s first-order model are depicted
in Figure 9. Observations indicated that the natural vibration frequency of the bridge’s
first-order model decreased as the elasticity modulus of the main cable, hanger, and steel
longitudinal beam was reduced. Specifically, when the cross-sectional area of the main
cable decreased, the natural vibration frequency initially increased before declining. Con-
versely, reducing the cross-sectional area of the hanger and steel longitudinal beam led to a
continuous decrease in the natural vibration frequency of the bridge’s first-order model.
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Figure 9. Influence of single structural damage on natural vibration frequency. (a) Cross-sectional
area and (b) elasticity modulus.

4.2.2. Dynamic Response

We sequentially reduced the cross-sectional area and elastic modulus of the main
cable, hanger, and steel longitudinal beam by 1%, as depicted in Figure 10, showcasing the
variations in the acceleration response of the bridge’s structure. The results illustrated in
the figure reveal that as the cross-sectional area and elastic modulus of any component—be
it the main cable, hanger, or steel longitudinal beam—declined, both the horizontal and
vertical peak accelerations of the bridge’s structure exhibited a consistent upward trend.
When considering the variations in the natural vibration frequency of the first-order model,
it became evident that peak acceleration experienced a surge concurrent with a sharp
decrease in frequency.
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Figure 10. Influence of single structural damage on acceleration. (a) Cross-sectional area, (b) cross-
sectional area, (c) elasticity modulus, and (d) elasticity modulus.

4.3. Evaluation of the Comfort Level

We selected peak acceleration as the indicator for evaluating comfort levels, following
the criteria outlined in the German EN03 norm [19]. By examining various pedestrian
densities and structural damages to the main cable, hanger, and steel longitudinal beam,
we investigated how these factors affected the bridge’s response to human-induced vi-
brations and, subsequently, evaluated its comfort level. The results indicated that higher
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pedestrian densities led to increased peak accelerations and a decrease in structural comfort.
Conversely, when accounting for crowd mass, peak acceleration decreased, resulting in
improved comfort levels for the structure (see Figure 11).
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Figure 11. Evaluation of the comfort level under the influence of different factors. (a) Crowd density,
(b) main cable, (c) hanger, (d) steel longitudinal beam, (e) crowd density, (f) main cable, (g) hanger,
and (h) steel longitudinal beam.

The peak acceleration of the bridge structure increased with the proportion of damage,
irrespective of whether the damage was attributed to the cross-sectional area of the main
cable, hanger, and steel longitudinal beam, or to the elasticity modulus. Consequently,
the comfort level of the bridge structure decreased. According to the aforementioned
analytical findings, whether the damage arose from the cross-sectional area or the elasticity
modulus of any single component—main cable, hanger, or steel longitudinal beam—when
the damage proportion remained below 10%, the horizontal comfort level of the bridge
structure consistently remained at the “very comfortable” level. Moreover, in the most
adverse scenario, the vertical comfort level of the bridge structure was classified as the
“intermediate comfort degree.”

5. Comfort Level Prediction Based on Machine Learning
5.1. Analysis of Input Features

The establishment of machine learning models heavily relies on a substantial amount
of sample data for support, and both the quantity and accuracy of this data have a sig-
nificant impact on the accuracy of machine learning models. Therefore, it is paramount
to acquire real-time damage coefficient and acceleration data of bridge structures and
establish a data-driven repository and train predictive models to enhance their accuracy.
Feng et al. [29] introduced a methodology that utilizes fiber optics in conjunction with
sensors to continuously capture static and dynamic measurement data of bridges, thereby
facilitating the development of a real-time bridge safety assessment system. Moreover, in
another study, Feng et al. [30] proposed a technique for identifying optimal sensor layout
positions and determining changes in the cross-sectional area through these sensors. The
above research offers a means to procure the necessary real-time sample data for machine
learning models.

In this article, finite-element simulation was used to obtain the data required by the
machine learning model. We evaluated the comfort level of suspension footbridges against
human-induced vibrations, considering the joint influence of multi-parameter damages. We
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replaced component damages in actual engineering with the aforementioned cross-sectional
damages for analysis and adopted machine learning methods to establish a surrogate model
for prediction and evaluation. The crowd density, main cable damage coefficient, hanger
damage coefficient, and steel longitudinal beam damage coefficient served as inputs, while
vertical peak acceleration served as the output. Assuming that all parameters follow an
even distribution within the specified value range, the Monte Carlo method was utilized
for the sampling and combination of various parameters, resulting in 150 sample points.
These data samples were then divided into a training set and a validation set at a ratio of 7:3.
The RMSE, MAPE, and R? were used as evaluation indicators for the established surrogate
model. Using the results of the sampled points calculated by Midas Civil software (version
2021), a data driving library was created. Initially, the correlation between various input and
output parameters was analyzed. Figure 12 illustrates the heatmap of this correlation. The
data in the map indicate a consistent degree of correlation between parameter variations
and vertical peak accelerations across various structures. Among these data, the main
cable, as the primary load-bearing component, exhibited the highest correlation (R? = 0.49),
followed by structural parameters of the hanger and steel longitudinal beam.

1
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longitudinal
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Figure 12. Heat map of the correlation between input and output parameters of the model.

5.2. Model Comparison and Analysis

Based on the damage coefficient, we examined the impact of various structural pa-
rameters on damage. Inputs included crowd density and damage coefficients of different
structures, with vertical peak acceleration as the output, used to adjust and optimize the
model’s hyperparameters. The optimal hyperparameter settings for the XGBoost model
were as follows: the total number of decision trees involved was 930, with a column sam-
pling proportion of 0.71, a gamma value of 0.04, a learning rate of 0.10, a maximum depth
of 100, a sub-sample proportion of 0.82, and a minimum sub-segment weight of 4.0. For
the SVR model, the hyperparameter optimization yielded a value of C as 20.0, epsilon as
0.03, and gamma as 1.2. Meanwhile, for the ANN model, the optimization resulted in
two hidden layers, each with 100 neurons, and a learning rate of 0.005.

Model training and validation were conducted based on the results of hyperparameter
adjustment and optimization. Figure 13 shows scatter diagrams depicting the prediction
results of the training and validation sets for the three models. Evaluation indicators were
utilized for comparative analysis. For the XGBoost model, the RMSE, MAPE, and R? values
for the training set were 0.01, 0.02, and 0.99, respectively, while for the validation set, they
were 0.03, 0.02, and 0.94, respectively. Similarly, for the SVR model, the RMSE, MAPE, and
R? values for the training set were 0.03, 0.02, and 0.98, respectively, and for the validation
set, they were 0.04, 0.02, and 0.96, respectively. Regarding the ANN model, the RMSE,
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MAPE, and R? values for the training set were 0.02, 0.02, and 0.99, respectively, while for
the validation set, they were 0.03, 0.02, and 0.98, respectively. These three machine learning
models, established on this basis, contributed to high precision in predicting the vertical
acceleration of the structure, enabling quick evaluation of the structure’s comfort level.
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Figure 13. Effect of comfort level prediction of the three machine learning models. (a) XGBoost model,
(b) SVR model, and (c) ANN model.

5.3. Comparison of Generalization Performance of Models

In the preceding analysis, three models, evaluating the comfort level in the event
of multi-parameter damages, were established based on machine learning algorithms.
Considering the susceptibility of the suspension footbridge to external environmental
influences during future operation, which may lead to more severe cross-sectional losses
and other structural damages, it is imperative to assess the generalization performance of
predicting the bridge structure’s comfort level under various parameter-based damages in
future operations. Differing from the sample points utilized for training and validation,
the Monte Carlo method was also employed to sample crowd density, main cable damage,
hanger damage, and steel longitudinal beam damage, with ten sample points randomly se-
lected. The outcomes of these sample points were obtained through simulated calculations
using finite-element software, allowing for comparison with the predicted values of the
model to evaluate the generalization performance of three machine learning-based models
for assessing the comfort level based on multi-parameter damages in future operations.
Figure 14 illustrates the comparison of the prediction effects of the three models, while
Figure 15 depicts the relative error between the predicted values of the ANN model and
the calculated values of the finite-element model. It can be observed that the fitted line
of the ANN model’s sample points closely approximated the optimal fitted line, with a
relative error lower than 5%, indicating that the ANN model’s prediction effectiveness was
superior. Furthermore, its generalization performance in predicting capacity for future
operations was also exemplary. Considering the precision of the ANN model’s validation
set, it was ultimately selected as the model to predict and evaluate the comfort level in
the suspension footbridge, considering multi-parameter damages with the influence of
human-induced vibrations.

5.4. Comparison of Actual Measured Data

Three magnetoelectric vibration sensors were employed and positioned at intervals
corresponding to 1/4, 1/2, and 3/4 of the bridge’s span, respectively. Upon reaching a
crowd density of 0.5 people/m? on the anticipated bridge during a specific time period,
the accelerations of the bridge structure were recorded over a duration of ten minutes. The
details regarding the measurement instrument model, serial numbers, and arrangement of
measurement points are provided in Table 5 below. The vertical acceleration data for the
physically measured bridge can be observed in Figure 16.
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Through on-site testing and calculations, it was determined that the measured co-
efficient of the main cable, hanger, and steel longitudinal beam was 0.87, indicating a
corresponding damage coefficient of 0.13. When the actual crowd density at the site was
0.5 people per square meter, the maximum vertical acceleration recorded was 1.004 m/s?.
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However, finite-element simulation and analysis revealed that the maximum vertical accel-
eration was 1.064 m/s?, as illustrated in Figure 17.
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Figure 17. Time course diagram of the maximum acceleration (vertical).

Table 5. Sensor models and serial numbers.

Instrument Serial

Instrument Name Instrument Model Instrument Number
Number
Magnetoelectric 2D001V 1 SB/LZ-JC-2020021-3
Vibration 2D001V 1 SB/LZ-]JC-2020021-5
Sensor 2D001V 1 SB/LZ-]JC-2020021-8

6. Conclusions

(1) This study focused on Yangjiadong’s suspension footbridge as the research subject,
revealing that the base frequency of the bridge structure was relatively low and
exhibited significant flexibility. Comparatively, when considering crowd mass, the
comfort level improved. On-site measurements showed a damage coefficient of
0.13 for the main cable, hanger, and steel longitudinal beam. With a crowd density
of 0.5 people/s?, the maximum measured acceleration was 1.004 m/s?, resulting
in an “uncomfortable” comfort level. Consequently, it is recommended to restrict
pedestrian numbers to maintain the bridge’s comfort level within an acceptable range
and prevent accidents.

(2) We selected three commonly used machine learning models, after comparative analy-
sis, to assess comfort levels, culminating in an ANN-based model designed to evaluate
suspension footbridge comfort levels based on multi-parameter damages and human-
induced vibrations. Demonstrating high precision, the model’s validation set yielded
an RMSE, MAPE, and R? of 0.03, 0.02, and 0.98, respectively. Future operational
comfort level predictions exhibited an error rate within 5%, indicating a robust gen-
eralization performance. This model serves as a valuable reference for subsequent
bridge structure comfort level monitoring. In future studies, a wider range of machine
learning models can be explored, and more parameters can be considered to develop
more general prediction methods with higher accuracy and robustness.

(3)  On-site measurements of the main cable, hanger, and steel longitudinal beam revealed
a damage coefficient of 0.13. With a crowd density of 0.5 people/m?, the maximum
measured acceleration was 1.004 m/s2, while the ANN model predicted 1.098 m/ s2,
with a 9.4% error. This suggests the model’s utility for rapid bridge structure comfort
level evaluations.
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