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Abstract: Monitoring the wind-induced lateral displacement (WLD) of the bridge deck is crucial for
structural health monitoring (SHM) of suspension bridges. An accurate WLD prediction model can aid the
bridge SHM systems in abnormal data detection and reconstruction, structural response estimation under
specific wind events, and structural condition assessment. However, WLD prediction faces challenges due
to stochastic wind action and complex aerodynamic effects acting on the bridge deck. To address this, a deep
learning-based framework was proposed for predicting the WLD response of the suspension bridge deck.
This framework decomposed the WLD response into two components, namely the quasi-static and the
dynamic one. Two separate deep-learning tasks were employed to predict these components using the lateral
wind speed as input. In Task 1, a recurrent neural network (RNN) based on the gated recurrent unit (GRU)
was built, whereas a fully convolutional neural network (CNN) based on U-Net was built in Task 2. Novel
loss functions tailored to each task were established to facilitate accurate predictions. Measured data from
the SHM system of the Jiangyin Yangtze River Bridge, China, was used as a case study to verify the proposed
predictive framework’s feasibility and high accuracy. The extreme value-weighted loss function in Task 1
enhanced the prediction accuracy for the extreme quasi-static WLD, while the time-frequency cross-domain
loss functions in Task 2 effectively integrated the prediction accuracies in both time and frequency domains
for the dynamic component of WLD. However, trade-offs were identified between the prediction errors of
extreme and non-extreme values, as well as between the time- and frequency-domain prediction accuracies.
Keywords: Suspension bridge deck; Wind-induced lateral displacement; Structural health monitoring; Deep

learning; Extreme values; U-Net.
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CNN
GRU
HPO

LSD
LSDnNorm
MAE
MSE

PDF
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RNN

SF

SHM
STFT
WLD

Symbols
a
F(ym)
Lise

Ly mse
Lie
Lireg

TF
AE-Mag

Lre
L

TF
I-Mag

w(n)

y(n)
Y(u,v)
Yee (U, V)
Y, (U,Y)
Yiag (U, V)
a

B

Cumulative distribution function
Convolutional neural network

Gated recurrent unit network
Hyperparameter optimization

Log-spectral distance

Min-max normalized LSD with range [0, 1]
Mean absolute error

Mean squared error

Probability density function

Power spectral density

Root mean square error

Min-max normalized RMSE with range [0, 1]
Recurrent neural network

Sampling frequency

Structural health monitoring

Short-time Fourier transform

Wind-induced lateral displacement

Maximum weight factor in £ e

CDF of the absolute value of measured quasi-static WLD

MSE loss function in Task 1

Extreme value-weighted MSE loss function in Task 1

Time-domain MAE loss function in Task 2

Frequency-domain spectral magnitude MAE loss function in Task 2

Time-frequency cross-domain loss function in Task 2 (combination of L}, and L,'f,lag )
MAE loss function of Yg,(u,v) in Task 2

MAE loss function of Y, (u,v) in Task 2

Time-frequency cross-domain loss function in Task 2 (combination of £3,,,, Lz, ,and L)
Extreme value weight factor in £, ¢

Measured time-domain quasi-static or dynamic component of WLD

STFT result of WLD’s dynamic component y(#)

Real part of Y (u,v)

Imaginary part of Y (u,v)

Time-dependent magnitude spectrum of WLD’s dynamic component y(7) obtained via STFT
Time-frequency combination factor in Ly v,

Time-frequency combination factor in L3 .,
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1. Introduction

The suspension bridge’s deck in service undergoes frequent lateral reciprocating motions under external
excitation (Fenerci and @iseth, 2018; Fenerci et al., 2023). Several studies have shown that the lateral
displacement response of the bridge deck is mainly determined by wind action (Wang et al., 2021a, 2021b;
Zhang et al., 2024). Due to its significant flexibility, the suspension bridge has a greater wind-induced lateral
displacement (WLD) response. For instance, numerical analyses indicated that the maximum WLD response
of the deck of the Golden Gate Bridge (suspension bridge) could reach up to 1.7 m (Vincent, 1958), while
that of the Sutong Bridge (cable-stayed bridge) was 1.2 m under extreme wind conditions (Xu et al., 2013).
Clearly, the excessive WLD of the deck impairs driving comfort and safety or may even threaten structural
safety (Yang et al., 2022; Zhu et al., 2021). Moreover, the prolonged lateral swing of the bridge hangers
driven by the deck’s dynamic WLD can further cause fatigue damage to the hanger anchors (Liu et al., 2017).
The short hangers of the Egongyan Rail-transit Suspension Bridge were broken after two years of operation
due to the lateral fatigue failure of the rigid hanger anchor. Therefore, the WLD response monitoring of the
deck is a non-negligible part of the suspension bridge’s SHM. Besides detecting and reconstructing abnormal
or missing WLD monitoring data and estimating the WLD response highly efficiently under specific wind
conditions without using finite element analysis (Castellon et al., 2021), an accurate data-driven WLD
response prediction model can assist the bridge SHM system in many aspects. Indicatively, it can be used to
predict the fatigue life of bridge hangers through rapid fatigue simulation analysis, to assess the change in
structural stiffness by tracking the extent to which the measured WLD response deviates from the model
predictions, as well as to provide guidance for bridge operation and maintenance.

There are three primary methods for the WLD response prediction of the bridge decks. The first one is
the analytical approach, which features clear physical interpretability. Based on the deflection theory of
suspension bridges, Cheng and Xiao (2006) used the equivalently simplified beam method to estimate the
deck’s WLD response induced by static wind action. Further, Zhang et al. (2022) proposed an analytical
method to derive the deck’s static WLD response by solving the suspension bridge’s analytical governing
equations established based on geometric compatibility, unstrained length conservation, and force balance.
However, the current analytical approaches can only solve the static WLD response under a static wind load.
Moreover, the results usually diverge from the real values since the analytical methods involve making many
necessary modeling assumptions. The second method for WLD response prediction is the finite element

theory-based numerical simulation method. This approach converts the wind speed time history into
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buffeting force time history, with the latter being the bridge finite element model input for time-domain
buffeting analysis (Minh et al., 1999; Tang et al., 2023; Yuan et al., 2023). In this context, the dynamic WLD
response of the bridge deck can be solved. However, the numerical approach often relies on precise finite
element modeling and accurate structural acrodynamic parameters, and wind tunnel tests are usually required
to obtain the latter. For large-scale suspension bridges, it is rather challenging to update accurately on a real-
time scale the time-varying material properties and boundary constraints, in addition to the inevitable
modeling errors; let alone that finite element calculation is also a time-consuming process. Finally, the third
method for WLD response prediction is the data-driven method, which builds the predictive model for the
WLD response of the bridge deck from a large amount of measured data. The data-driven method is expected
to overcome the above limitations of analytical and numerical methods.

With the popularity of bridge SHM systems, some conventional data-driven methods have found
increasing applications in WLD response modeling. For example, Wang et al. (2021b) established two
Bayesian predictive models for the deck’s WLD response of the Tsing Ma Bridge (suspension bridge) using
Global Positioning System (GPS) data and wind data from the SHM system. Unfortunately, the proposed
models mainly focused on the quasi-static component of the WLD, while the dynamic component was
simplified through a statistical peak factor. Besides this, the literature on conventional data-driven methods
was mostly concerned with WLD prediction for cable-stayed bridges. For example, Wang et al. (2021a)
established a regression model between the lateral wind speed and the corrected WLD response of the bridge
deck for the Anqing Yangtze River Bridge (cable-stayed bridge). However, this predictive model was only a
linear model with limited accuracy. Considering the Sutong Bridge (cable-stayed bridge) as an example,
Wang and Ding (2014) established the correlation model between the WLD’s quasi-static component and
static wind action by combining the Fourier series and ARMA models. Meanwhile, the WLD’s dynamic
component was simulated based on the fitted power spectrum under the assumption that a stable power
spectrum exists in the time series of the dynamic WLD. However, the fitted power spectra are inadequate
for the accurate prediction of the dynamic WLD of the bridge deck under different wind conditions in the
future.

Deep learning-based data-driven methods have been proven to have the ability to mine and learn the
complex nonlinear correlation between related variables (Wang et al., 2023). Recurrent neural networks
(RNNs) and convolutional neural networks (CNNs) are two classical deep learning models. Typical RNNs

excel in capturing the long-term temporal dependencies in time series data and have been widely applied to
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time series regression and prediction for SHM (Xu et al., 2023a; Deng et al., 2022; Wang et al., 2022a).
Further, CNNs are more suitable for extracting deep, hidden features from data and have been widely used
in structural response prediction (Lei et al., 2022), SHM signal reconstruction (Oh and Kim, 2021; Tang et
al., 2021; Wang et al., 2022b), and computer vision-based damage detection (Jiang et al., 2022; Rahman et
al., 2021). Besides, there has been a recent exploration into physics-informed neural networks aimed at
improving generalization and interpretability, wherein physical knowledge is integrated either by combining
physics losses with data losses during training or by directly encoding physical principles into the network
architecture (Cuomo et al., 2022; Faroughi et al., 2024). Related studies involve structural seismic response
prediction with a physics-informed RNN (Zhang et al., 2020), bridge’s traffic-induced response prediction
using a physics-informed CNN (Ni et al., 2022), and wind turbine vibration modeling utilizing physics-
informed residual RNN or wavelet CNN (Li and Zhang, 2022; Xu et al., 2023b).

Nevertheless, existing deep learning-based studies are mostly focused on modeling the vertical
displacement of the bridge deck, and few of them are concerned with lateral displacement modeling.
Indicatively, an RNN-based correlation model between the vertical displacement of the bridge deck, vehicle
load, and temperature of the Nanxi Bridge (suspension bridge) was proposed in the work of Deng et al. (2022)
by leveraging the concept of the influence line; the vertical displacement-temperature mapping model for
the bridge deck of the Egongyan Rail-transit Bridge (suspension bridge) was built in the work of Wang et al.
(2022a) using an RNN; and the acceleration and strain data were used as inputs in the work of Ni et al. (2022)
and a physics-informed CNN was applied to build the prediction model for vehicle-induced vertical
displacement of the bridge. However, considering that there are significant differences between the vertical
displacement and WLD of the bridge deck in data features, excitation source, and load-response correlation
mechanism, the above deep learning models for estimating the vertical displacement response are no longer
suitable for modeling the WLD response. To the best of the authors’ knowledge, only Lei et al. (2022) studied
the application of CNN for predicting the WLD of the bridge deck of the Anqing Yangtze River Bridge
(cable-stayed bridge). However, their model was only concerned with predicting the quasi-static component
of the WLD response, while neglecting the dynamic component.

The purpose of the present study is to build a predictive model for the WLD response of the suspension
bridge deck using SHM data. The methods described in the literature are rather inadequate in this case for
the following reasons. First, both the analytical and numerical approaches have their intrinsic limitations, as

demonstrated above. Then, it is noted that the conventional data-driven methods have limited accuracy in
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predicting the dynamic component of the WLD response of the bridge deck and focus mostly on cable-stayed

bridges. Finally, there is currently a lack of studies on WLD response prediction of the suspension bridge

deck based on deep learning. The existing deep-learning models for predicting the bridge deck’s vertical

displacement are inadequate for lateral displacement.

To overcome the above limitations, we proposed a predictive framework for the WLD response of the

suspension bridge deck based on deep learning. This model decomposed the WLD response into a quasi-

static component and a corresponding dynamic component. Using lateral wind speeds as inputs, the herein

proposed RNN model and the CNN model efficiently predicted the two components. The contributions of

the present study can be summarized as follows:

o)

)

®)

(4)

To the best of the authors’ knowledge, this is the first application of a deep learning-based
framework to predict the WLD response of the suspension bridge deck for SHM.

An extreme value-weighted loss function was proposed when building the RNN-based predictive
model for the quasi-static component of the WLD. Its main feature pertains to that increasing the
weights of extreme events could potentially increase the prediction accuracy for extreme values of
the quasi-static WLD. Four probability distribution-based extreme value weighting schemes were
proposed and compared.

Two time-frequency cross-domain loss functions were constructed when building the CNN-based
predictive model for the WLD’s dynamic component. The prediction accuracy was increased by
considering both the time- and frequency-domain prediction errors of the dynamic component. An
integrated normalized error metric was proposed to compare the comprehensive predictive
performance in both time and frequency domains between different loss functions.

A model accuracy evaluation method was proposed from the perspective of fatigue analysis for
bridge hangers undergoing lateral swing, i.e., comparing the ‘swing amplitude-cycle count’
histograms of the bridge deck (obtained using the rain flow counting method) corresponding to the

predicted and measured WLD time histories.

2. Methodology

2.1 General framework

The proposed framework for the WLD response prediction of the deck of the suspension bridge based

on deep learning is shown in Fig. 1. According to the bridge wind-induced vibration (buffeting) analysis
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theory (Tao et al., 2020), the quasi-static component of the WLD response of the bridge deck is correlated
to the time-varying mean wind speed (i.e., aerostatic wind action) in the lateral direction of the bridge.
Further, the dynamic component of the WLD response is correlated to both the time-varying mean wind
speed and the fluctuating wind speed in the lateral direction. In this study, the WLD response of the bridge
deck was decomposed into quasi-static and dynamic components, which were predicted by two deep-

learning tasks. The deep learning model was chosen depending on the task attributes and model features.

T v S

Time-varying Quasi-static
mean wind speed GRU model component of WLD

Wind-induced lateral
displacement (WLD)

Dynamic

U-Net model component of WLD

Wind speed
Fig. 1. The proposed deep learning-based framework.

Task 1: The lateral time-varying 10-min mean wind speed was used as the model input, and then the
quasi-static component of the WLD response of the bridge deck was predicted. Considering the long-term
dependencies between the timesteps and the relatively simple correlation structure between the input and
output, an RNN model based on the gated recurrent unit (GRU) network was built, which has the advantages
of temporal memory capacity and faster learning.

Task 2: The actual lateral wind speed (consisting of the time-varying mean wind speed and the
fluctuating wind speed) was used as the model input, and then the dynamic component of the WLD response
of the bridge deck was predicted. This task had a much more complex correlation structure between the input
and output data. Therefore, a CNN model based on the U-Net was built for mining deep-level data features

and establishing complex, nonlinear mapping.

2.2 Task 1: Predicting WLD’s quasi-static component using a GRU model

2.2.1 Introduction to the GRU network

GRU is a type of RNN and a simplified version of the long short-term memory (LSTM) network
(another typical type of RNN), which performs similarly to LSTM but has a faster computational speed
(Chung et al., 2014). As shown in Fig. 2(a), the conventional RNN is designed to store information from
previous time steps through a unique design called the ‘hidden state’. This temporal memory capability
makes it adept at handling time series prediction problems. On this basis, as shown in Fig. 2(b), the GRU
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network uses two learnable ‘gates’, namely, the reset gate and the update gate, to implement the gating of
the hidden state. The concept of the gated hidden state introduces a learnable mechanism into the GRU
network to autonomously decide if the hidden state is to be updated or reset. Such a design mitigates the
vanishing or exploding gradient problem that may occur during error backpropagation in the conventional
RNN model. In addition, the gating mechanism increases the model’s capacity to capture the dependencies

between sequence elements at larger time distances (Jiang et al., 2021).

(a) [ Next layer ]
b He 4 H 4 Hu
Hidden 1 ( 1 ( 1
. state: Hy Ha 1 Hy ] Het
Conventional - o > o < > o <
T
[ Input  Xex e X / Xt ]
(b) "+ Gating of the hidden state;
o O )y, Leoend:

Fully connected layer with

v Sigmoid activation function
P O—~©
Fully connected layer with
tanh
tanh activation function

GRU network

I_;_‘ I_‘;_l I_ETEI Hadamard product operator
An operator that subtracts
\ J/ the input with 1
Reset Update Candidate @ "
Xt gate: Ry gate: U, hidden state: H, Addition operator

Fig. 2. Comparison of the internal structures of (a) the conventional RNN and (b) the GRU network.

Specifically, consider a mini-batch of the input X € R¥®! of the GRU model, where B is the mini-
batch size, d is the number of input features, and / is the sequence length. Let the input at time step £ (1<t <)
be X, e R®“, and the hidden state transmitted from the previous time step be H, , e R®" , with / denoting
the number of hidden neurons. Then, the reset gate R, e R®" and the update gate U, e R®" execute the
following calculations:

R, =c(X,W, +H W, +b,) €))
U, =c(XW,, +H W, +b,) 2
where W, e R*™" and W, € R™ are the weight parameters of X; and H,., in the reset gate, respectively;
W, e R*™" and W,, e R™" are the weight parameters of X, and H,.; in the update gate, respectively;
b, e R®*" and b, e R®™" are the offset parameters in the reset gate and the update gate, respectively; and

o is the sigmoid activation function that maps R, and U, to the interval (0, 1).
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The reset gate R, decides to what extent the hidden state Hy1 transmitted from the previous to the current
time step will be retained. A value of R, closer to 1 indicates that the previous hidden state tends to be retained,
while a value closer to 0 indicates that the previous hidden state tends to be reset. The candidate hidden state

H, e R®" at time step ¢ is obtained using R, and is calculated as follows:

H, = tanh(X, W, + (R, ®H, )W, +b,) 3)

where © is the Hadamard product (i.e., element-wise multiplication); W, e R" and W, e R™ are

weight parameters of the candidate hidden state; b, € R®"

is the offset parameter; and the tanh activation
function is used to map the data to the interval (-1, 1). Notably, the above weight and offset parameters are
shared across different time steps.

The update gate U, determines the amount of the past information (from previous time steps) that is

passed from the previous hidden state H,.; and the candidate hidden state H, to the new hidden state H,.

t
The final hidden state H; output at time step # is given by:

H, :UtQHt—l+(1_Ut)®|:|t 4)
A value of U, closer to 1 indicates that the hidden state is not updated, and the previous one, Hy.1, is retained,
whereas a value close to 0 indicates that the hidden state is completely updated to H, .
2.2.2 Architecture of the GRU-based prediction model

The nonlinear mapping relationship between the time-varying mean wind speed and the quasi-static
component of the WLD is established in Task 1, where the number of input features and the number of output

responses are both equal to one. Fig. 3 shows the model architecture constructed in Task 1.

Fully
GRU Dropout
Input > N > connected » Output
layer layer
layer
S xm

Fig. 3. Architecture of the GRU model in Task 1.

A number of m GRU layers with the same number (%) of hidden neurons are located at the model’s core.
m and h are model hyperparameters, and hyperparameter optimization (HPO) is required to obtain the
optimal model. The final layer corresponds to the fully connected layer, which reduces the number of feature

channels of the GRU layer’s output from 4 to 1. A dropout layer follows each GRU layer, where the
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proportion of dropout is p. Dropout is a regularization method for mitigating overfitting in the neural network.
During the model training process, the dropout operation randomly zeros some of the outputs from the
previous layer with probability p. This operation reduces complex coadaptations between the neurons,
enhancing the model’s generalization ability. However, the dropout operation is not applied during the model

inference to ensure the stability of the model outputs.

2.3 Task 2: Predicting WLD’s dynamic component using a U-Net model

2.3.1 Architecture of the U-Net model

U-Net is a type of CNN, whose basic architecture was first proposed by Ronneberger et al. (2015). It is
a fully convolutional network based on an autoencoder, which features a U-shaped architecture consisting
of a contracting path (encoder) and an expanding path (decoder). The input feature and the output response
in Task 2 are one-dimensional (1D) time sequences. The architecture of the U-Net model built in this study

is shown in Fig. 4.

=) 1D Convolution + PReLU m) 1D Subpixel Convolution + PReLU =) 1D Convolution (output) layer
© 027 u:(!7 ©
D D =2} (=37
o [= 1 I et e el = o
< < ] < <V
oob 77777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777 oofé
S f . - S
| Skip connection <@q S
[ e et el N
Ei / v S
~FEf ~ 2%
e} ittt ettt N
o .
L g ——— n
~N ‘/ 1\ N
o ¥
N o~
— B e L L L e e e —
<t <
o N . ©
& &
o
S
Jup| up | |jmp | [[mp| || [Jmp| [mp = »@» = D e | e | e » » w»

1 64 64 64 128 128 128 256 256 256 256+256 256+256 128+128 128+128 128+128 64+64 64+64 64+64 1

Input Encoder (Contracting path) Bottleneck Decoder (Expanding path) Output
sequence sequence

Fig. 4. Architecture of the U-Net model in Task 2; an illustrative example where the input length is 4096. The cuboids represent
the feature maps. The numbers at the upper left corner of the cuboid represent the feature length, and the numbers at the bottom

denote the number of feature channels. The dimension of the mini-batch size is not shown.

Specifically, the input length of the U-Net model is 2" (n > 9) and the configuration of each layer is
shown in Table 1. The contracting path in the encoder consists of nine 1D convolution layers, which are used
to extract deeply hidden features known as feature maps. The length of the feature map output by each layer
gradually decreases down the contracting path (i.e., downsampling), while the number of feature channels

increases until reaching the bottleneck. The expanding path in the decoder consists of eight 1D subpixel
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convolution layers and one output layer, which are used for upsampling the feature maps and reducing the
feature channels. In this way, the output will have the same size as the input. In the decoder, the output of
each subpixel convolution layer is additionally cascaded on the channel dimension to feature maps of the
same size at the mirror position in the encoder, before being input to the next layer. This operation is called
skip connection, which can recover some important information lost during the encoding process. Through
skip connections, the model training error can skip some middle network layers and be directly
backpropagated to layers in the encoder. This mechanism can help mitigate the vanishing gradient problem,
which is common with deep networks. In addition, the dropout operation is implemented once every three

layers in the U-Net. The parametric rectified linear unit (PReLU) is used as the activation function.

Table 1. Parameter configuration of the U-Net model (taking the input length 4096 and kernel size 11 as an example).

No. Layer Input shape Output shape Kernel size Kernel Activation
Lin X Ciy Lou * Cou Li (x Ci) number

1 Conv 4096 x 1 4096 x 64 11(x 1) 64 PReLU
2 Conv 4096 x 64 2048 x 64 11 (x 64) 64 PReLU
3 Conv 2048 x 64 1024 x 64 11 (x 64) 64 PReLU
4 Conv 1024 x 64 512 x 128 11 (x 64) 128 PReLU
5 Conv 512 %128 256 x 128 11 (x 128) 128 PReLU
6 Conv 256 x 128 128 x 128 11 (x 128) 128 PReLU
7 Conv 128 x 128 64 x 256 11 (x 128) 256 PReLU
8 Conv 64 x 256 32 x256 11 (x 256) 256 PReLU
9 Conv 32 x 256 16 x 256 11 (x 256) 256 PReLU
10 Subp Conv 16 x 256 32 x (256 +256) 11 (x 256) 256 x 2 PReLU
11 Subp Conv 32x512 64 x (256 +256) 11 (x 512) 256 x 2 PReLU
12 Subp Conv 64 x 512 128 x (128 + 128) 11 (x 512) 128 x 2 PReLU
13 Subp Conv 128 x 256 256 x (128 +128) 11 (x 256) 128 x 2 PReLU
14 Subp Conv 256 x 256 512 x (128 + 128) 11 (% 256) 128 x 2 PReLU
15 Subp Conv 512 x 256 1024 x (64 + 64) 11 (x 256) 64 x2 PReLU
16 Subp Conv 1024 x 128 2048 x (64 + 64) 11 (x 128) 64 x2 PReLU
17 Subp Conv 2048 x 128 4096 x (64 + 64) 11 (x 128) 64 x2 PReLU
18 Conv (output) 4096 x 128 4096 x 1 11 (x 128) 1 —

Note: ‘Conv’ denotes the 1D convolution layer, whereas ‘Subp Conv’ denotes the 1D subpixel convolution layer; Lin and Loy
are the lengths of the input and output features, respectively; Cin and C,, correspond to the channel numbers of the input and
output features, respectively; and Ly is the length of the kernel. The mini-batch dimensions are omitted for brevity.

2.3.2 1D convolution and 1D subpixel convolution

An intuitive illustration of 1D convolution and 1D subpixel convolution is shown in Fig. 5. In the
context of CNN, convolution denotes the operation where the convolution kernel k slides over the input

sequence x (with length L;, and channel number Ci,) for the dot product operation. The sliding size of the
11
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kernel at each stride is represented by s. The length of the kernel Lx determines its receptive field size, while
the number of channels of the kernel is automatically aligned with those of x. The convolution output per
stride is the sum of convolution results in all channels. To obtain an output sequence of target length, zero-
padding at the two ends of the input is needed, with padding length L, = (Lx — 1)/2, where Ly is an odd

number. The feature sequence y extracted by each convolution kernel is given by:
Cin-1L,-1
y() =Y > x(s-n+i)k,(i)+b, n=0,12, .., L, -1 (5)
c=0 i=0

where b is the offset term; x. and k. are the c-th channels of x and k, respectively; and Loy is the length of

the convolution output y.
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K
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- 117

12 .

onvolution

Feature channel

-~~""Subpixel shuffling

(b)

Fig. 5. Schematic diagram of (a) 1D convolution and (b) 1D subpixel convolution. The dimension of the mini-batch size is not

shown herein.

In the encoder, the stride size of the convolution kernel is s = 2 for each convolution layer, so that Loy
= Lin/2. This ensures a layer-by-layer halving of the feature-length. The number of kernels for each
convolution layer is consistent with the target channel number Coy of the output feature map. The
convolution result between each kernel k and the input x (i.e., Eq. (5)) constitutes one channel of the output
feature map. In the decoder, the stride size is s = 1, and thus Lo = Lin. For each subpixel convolution layer,

2Cout kernels are used to output 2Coy feature sequences. These feature sequences are first divided into two
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groups and then subjected to cross-stacking using subpixel shuffling to generate a feature map with length

2L;n and channel number equal to Coy:. In this way, the feature-length is doubled in a layer-wise manner.
2.4 Loss functions for model training
2.4.1 Loss functions for Task 1

In general, the loss function is the optimal objective function for model training. In Task 1, attention
should be directed to the prediction accuracy for extreme quasi-static WLD under extreme/rare wind
conditions, since this relates to whether the displacement of the bridge deck lies within the permissible range
or not. However, there is a scarcity of observations of extreme wind events, as opposed to those of normal
wind events. In other words, the training samples have an unbalanced probability distribution. In this context,
Task 1 becomes an imbalanced regression task (Ribeiro and Moniz, 2020). Suppose that the conventional
regression strategy is still employed for Task 1, that is, assume that different types of wind event samples
are of equal importance. In that case, obtaining a high prediction accuracy for extreme quasi-static WLD
will be challenging. Therefore, an extreme value-weighted loss function was proposed for Task 1.
Specifically, the weights of the prediction errors of extreme events were increased. Based on the mean
squared error (MSE) loss £, derived by:

Luse (4 9) = 2 (V) -9 ©)

n=1
the extreme value-weighted loss £,z Was defined as:

Lose :9) = W) (V) 7)) )

where y and ¥ are the true and predicted values of the quasi-static WLD response, respectively; w is the
weight factor; and N is the sequence length.

The weight factor w(n) of £, in Eq. (7) increases as the extent to which y(n) belongs to an
extreme event increases. Such an extent can be measured by F(y(n)), namely, the value of the cumulative
distribution function (CDF) corresponding to y(n). It represents the probability that the data in the samples
are smaller than y(n). In engineering practice, y(n) approximately follows a normal distribution with zero
mean. The sign of its value is only used to differentiate between different displacement directions. Therefore,

the CDF of the absolute value of y(n), i.e., F(|y(n)

), was adopted to determine the weight. F(jy(n)|) can

be modeled using a parametric probability distribution model (e.g., half-normal distribution (Cooray and
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Ananda, 2008)) or a nonparametric probability distribution model (e.g., kernel density estimation (Jones,
1993)). As shown in Fig. 6, when F(jy(n)|) <0.5, |y(n)| is considered a normal event, and the weight is
equal to 1; when F(|y(n)|) €[0.5,1], four different extreme value weighting schemes were proposed as

follows:

Weighting scheme [: Uniform weighting function

L if F(y(n))<0.5
w(n) = { | : | ®
a, otherwise
Weighting scheme II: Linear weighting function
1 if F(y(n))<05
w(n) = : (€]
2(a-1)(F(y(n))-0.5)+1 otherwise
Weighting scheme I1I: Cubic weighting function
1 if F(|y(n)|) <05
w(n) = s _ (10)
8(a—1)(F(y(m)—-05) +1 otherwise
Weighting scheme IV: Inverse proportional weighting function (Scheepens et al., 2023)
L if F(y(n)) <05
wy=1-2. 1 2. i os<F(ym) <1 (1)

100 1-F(y(n))+¢ 50
a, if w(n)>a

In Egs. (8)-(11), a is the maximum weight factor, which is a hyperparameter that needs to be optimized.

In Eq. (11), ¢ is an infinitesimal value used to ensure the stability of the numerical calculation.
2.4.2 Loss functions for Task 2

In Task 2, predicting the dynamic components of the WLD response requires attention to accuracy in
both the time and frequency domains. Two baseline loss functions £,,. and £:,,ag were built for
comparison, considering only the errors in the time and frequency domains, respectively. £;,,. was defined

as the mean absolute error (MAE) between the true and predicted values in the time domain, as:

Ll 9) = Y Iy -5 () (12

whereyand ¥ are the true and predicted values of the dynamic component of the WLD in the time domain,
respectively, and N is the sequence length. £f,,ag was defined as the MAE between the time-dependent

magnitude spectrum Y,,  of the time-domain predicted result ¥ and the true time-dependent magnitude

Mag

14



324

325

326

327

328

329

330

331

332
333

334

335

336

337

338

339

340

341

342

343

344

spectrum Yy, , as:

c:/lag(Yl ?):%ZZ‘YMaQ(U’V)_?Mag(UIV)‘ (13)
Yivag (U Y) = Ve (U V) + Y (uV) (14)

where Y =Y, +iY,, is the time-frequency representation of y, as obtained by the short-time Fourier
transform (STFT) with Y, and Y,, denoting its real and imaginary parts; Y(u,v) is a 2D U xV
matrix defined in the complex domain, and u and v are indices in the time and frequency dimensions,

respectively; i represents the imaginary unit.

Weight

§ \Y

1

0 01 02 03 04 05 06 07 08 09 1
F(ym)

Fig. 6. Weighting curves of different extreme value weighting schemes. F(\y(n)\) denotes the CDF values of the absolute

values of the measured WLD quasi-static component.

. . . TF TF
Furthermore, two novel time-frequency cross-domain loss functions Lyaey,, and Ly, were

proposed to take into account both time- and frequency-domain information in the loss function design.

TF

remag Was defined as the combination of the above time- and frequency-domain loss functions, as:

neatzg (V2 90 Y0 ¥) = Ly (YY) + aLac (¥, 9) (15)

where a is the time-frequency combination factor. E;lF_Mag was defined so that it comprises a real part loss
component L, and an imaginary part loss component £ of \% , in addition to the frequency-domain

loss function L3, , as follows:

s (V0 ) = L (Y, V) B[ Lo (Y, ¥) + Ly (Y, 1) | (16)
A 1 LY ~

Lo (Y ¥) = G 220 | Yoo (00) = Ve (1) (17)
A 1 LY ~

L (YY) = G 220 Yo (U = Vi (01V) (18)

where f is the time-frequency combination factor, a hyperparameter like a that needs to be optimized. It is
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noted that the signal phase accuracy of the predicted result ¥ significantly impacts the model’s time-
domain accuracy. As shown in Fig. 7, by controlling errors in the real and imaginary parts of Y, the phase

constraint can be imposed on the time-domain predicted result ¥, and further, the time-domain loss can be

complemented.

Complex
~—e plane

\
\
\

Phase i

\4

< Re
Lo (Y, Y)
Fig. 7. Schematic diagram of the phase constraint on the complex vector in the complex plane.
Notably, the L2 regularization (a.k.a., weight decay) operation was employed in both tasks. This
operation penalizes excessive model parameters by adding a penalty term to the loss function, i.e., the L2-

norm of the model weight vector, aiming to reduce model complexity and thus alleviate overfitting.

2.5 Model performance evaluation metrics

A critical aspect of the proposed model relates to its predictive performance on a new dataset. This, in
turn, necessitates the selection of appropriate evaluation metrics. In this regard, the root mean square error
(RMSE) was chosen as the evaluation metric in the time domain for Tasks 1 and 2. RMSE is a measure of
the mean deviation between the predicted values and the true values in units consistent with the evaluated

object. The smaller the RMSE, the better the model’s predictive performance. It is defined as:

N

RMSE(y, ) = \/%Z(y(n) —y()’ (19)

n=1

In Task 2, one should pay equal attention to frequency domain prediction accuracy. For this purpose,
the log spectral distance (LSD) is chosen as the evaluation metric in the frequency domain. The LSD is the
logarithmic distance between the predicted and the measured STFT magnitude spectra (i.e., \?Mag and Yy, )

and has the unit of dB. The smaller the value of the LSD is, the closer the predicted and measured STFT

magnitude spectra and the smaller the frequency-domain error. It is given by:
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3. Case study
3.1 Sample collection

The case study was based on the Jiangyin Yangtze River Bridge, a suspension bridge with a span of
1385 m, located in Jiangsu Province, China. The included angle measured clockwise between the
longitudinal axis of the bridge and the north direction is 24°. Fig. 8 shows the arrangement of GPS sensors
and ultrasonic anemometers in the SHM system of the bridge. The GPS sensors were deployed on the top of
the south and north pylons and at 1/4, 1/2, and 3/4 of the length of the bridge deck in the main span. The
ultrasonic anemometers were installed upstream of the north pylon and at the mid-span of the bridge deck.
The GPS sensors record the three-way displacements of the bridge components. The anemometers have two
output channels, one for wind speed and the other for wind direction. The sampling frequencies of the GPS

sensors and anemometers are 1 Hz.

JingJiang JiangYin
- —— S
| 336.5 } 1385 Unit: m | 309.36 |
ANE-1— ,—GPS-1 — GPS-8

GPS-2/3 GPS-6/7

Elevation view

GPS-2 GPS-4 GPS-6 Downstream
ayine R — ® ® ® —
L GRS-1 @-—ANE=2 l GPS-8”
LN RS . . . i | |
ANE-1 GPS-3 GPS-5 GPS-7 Upstream
Top view

‘ e ANE: anemometer e GPS: GPS displacement sensor ‘

Fig. 8. Sensor arrangement of the SHM system of the Jiangyin Yangtze River Bridge, China.

The wind speed in the lateral direction and the WLD of the bridge deck at the mid-span were used as
data samples. Wind samples were collected from the anemometer ANE-2, and wind speed in the lateral
direction was obtained by performing wind vector decomposition. The average lateral displacements
recorded by the GPS-4 and GPS-5 sensors were used as WLD samples. The positive direction of the lateral
wind vector and the WLD vector was defined as pointing from upstream to downstream. Among the SHM

data recorded from 2013 to 2014, 7848 hours of data were manually selected as raw samples. These selected
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samples exhibited minimal instances of missing or abnormal data, ensuring their reliability for further

analysis.

3.2 Sample preprocessing

3.2.1 Downsampling and decomposition

The sample preprocessing was initiated by performing a necessary data-cleaning process. Specifically,
a few discrete missing points within the samples were filled by resorting to a shape-preserving piecewise
cubic spline interpolation. The outliers within the samples were detected by the generalized extreme
Studentized deviate test for outliers and replaced by the abovementioned interpolation method.

Fig. 9 shows the power spectral density (PSD) estimate of the dynamic component of the raw WLD
signals based on one-day samples. The signal energy was mostly distributed in the 0-0.1 Hz frequency range.
The sampling frequency of the raw dynamic WLD signals was too high, resulting in an increased amount of
redundant information. Therefore, the sampling frequency of the WLD and wind signals was appropriately
reduced from 1 to 0.5 Hz by resampling, so that the training burden in Task 2 is lessened. Namely, the signals’
Nyquist frequency was reduced from 0.5 to 0.25 Hz. In addition, Fig. 9 shows that the frequency of the first-
order lateral vibration of the bridge is 0.055 Hz, while the modes of higher-order lateral vibration are less

significant, which agrees with the results of Brownjohn et al. (2018).

50

40

PSD (dB/Hz)
w
o

N
o
T

0 0.1 0.2 0.3 0.4 0.5
Frequency (Hz)

Fig. 9. PSD estimate of the dynamic component of measured WLD signals.
Fig. 10 shows the input-output relationships for the models and the sampling frequencies used for the
training samples in Tasks 1 and 2. The moving average method with a 10-min-span time window was used
to extract the time-varying 10-min mean wind speed from the preprocessed wind signals and to decompose

the WLD signals into quasi-static and dynamic components, as shown in Fig. 11. In addition, for Task 1, the
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sampling frequency of 1/600 Hz could well characterize the quasi-static trend features of the wind speed and
WLD signals. In contrast, the sampling frequency of 0.5 Hz still results in redundancy. To further improve
the training efficiency of the GRU model, the sampling frequency of the samples was reduced from 0.5 to

1/600 Hz through resampling.

Moving average Preprocessed wind speed
+ Downsampling (SF=05H2)
y

r'y

A,
Data cleaning +|Downsampling

Time-varying
mean wind speed
(SF = 1/600 Hz) Raw wind speed data
(SF=1Hz)
r Y
Input Input
A 4 i
S
Start
Task 1: | Task 2:
GRU model 1 U-Net model
Bridge SHM System
;‘—/ g Y
Output Output
[ Raw WLD data ]
F=1H
Quasi-static © 2)
component of WLD Data cleaning +|Downsamplin
(SF = 1/600 H2) 9y pling
b Preprocessed WLD
(SF=0.5Hz)
Downsampling l Moving average l

Quasi-static Dynamic
component of WLD component of WLD
(SF=0.5Hz) (SF=0.5Hz)

Fig. 10. Input-output relationships for the deep learning models and the sampling frequencies used for the training samples in

Tasks 1 and 2. SF denotes the sampling frequency.
3.2.2 Dataset subdivision

All samples were subdivided into a training set, a validation set, and a test set, which were used for
model training, applying the HPO, and conducting a generalization ability test, respectively. Dataset division
was performed by interleaved sampling to obtain the representative subsets of sample points. Specifically,
all samples were divided into hourly time series based on the time at which the samples were collected.
These short time series were subjected to interleaved sampling (or equal-interval sampling) to obtain the
validation and test sets, each accounting for 10% of the total samples. The remaining 80% constituted the

training set. Table 2 summarizes the number of sample points in each dataset.
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Fig. 11. Decomposition of (a) the wind signals and (b) the WLD signals using the moving average method. The results are

shown with all samples.

Table 2. Dataset division and size of each dataset.

Sample dataset Training set Validation set Test set
Proportion 80% 10% 10%
Time length 6278 h 785h 785h
Original sample size (SF = 1 Hz) 22,600,800 2,826,000 2,826,000

Task 1: GRU model

_ 37,668 4710 4710
Sample size (SF = 1/600 Hz)
after downsampling Task 2: U-net model
(SF =0.5 Hz) 11,300,400 1,413,000 1,413,000

Note: SF is the sampling frequency.

3.2.3 Normalization and mini-batch processing

The input and output samples of the models were subjected to Z-score normalization. Namely, data of
different scales were normalized to have zero mean and unit variance in order to enhance model training

stability and accelerate convergence. Z-score normalization has the following form:

Z/:Z_/u

° 21
where Z and Z' are samples before and after normalization, respectively; u is the mean of Z and ¢ denotes
20
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the corresponding standard deviation.

During the model training process, a mini-batch of samples was fed into the model in each iteration. As
shown in Fig. 12, the initial samples were segmented into equal-length shorter sequences using the sliding
window with an equal size as the model input length. The window moves forward 1/S of its length each time.
The segmented sequences were divided into several mini-batches, and the number of sequences in each mini-
batch was defined as mini-batch size B. In addition, the model outputs for each mini-batch were assembled
by the overlap-and-add (OLA) method to restore the initial length and order. Therefore, the model inference
was performed S times at each overlap position and the average of the S predictions was regarded as the final
output. Adopting the above operation not only led to reducing the variance of the prediction but also to

increasing its stability.

A mini-batch
) -~ (consists of B short sequences)

Initial input sequence
Shift
‘ .

Overlap-and-add

1 (Taking the 1st mini-batch
as an example)

Splitting d
o

CIEEY
N

Modle input length

3

‘Average!

l Average

.
.
W
.
c
|

Segmentation I Final output sequence of a mini-batch

(a+b)2 (a+b+c)/3

Fig. 12. Schematic diagram of sample segmentation and the overlap-and-add method (the shift ratio of the sliding window is

set equal to 1/3 for illustration purposes).

3.3 Task 1: GRU model training and optimization
3.3.1 Training setup

To determine the extreme value weight factor w(z) in the loss function £, , the CDF of the absolute
values of the quasi-static component of the WLD, F (|y(n)|) , was established first. Fig. 13 shows the
nonparametric probability distribution model built by kernel density estimation using the samples of the
training set. The 50-th, 80-th, 95-th, and 99-th percentiles of the absolute quasi-static WLD were 21.8, 46.5,
84.9, and 126.7, respectively.

Table 3 provides the main hyperparameters of the GRU model in Task 1. Some hyperparameters were
preset based on the pretests and related experiences to avoid combination explosion caused by a large number

of hyperparameters to be optimized. Since the choice of the loss function determines the direction of model
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457  optimization, a two-stage HPO strategy was adopted herein. Specifically, in stage I of the model HPO, the
458  hyperparameters in the loss function £, (i.e., weighting scheme and maximum weight factor a) were
459  optimized. The search ranges are shown in Table 3. During this period, other hyperparameters to be
460  optimized were set to a group of moderate values: the number of GRU layers was m = 2; the number of
461  hidden neurons was & = 200; and the initial learning rate was /.= 1x10, In stage II of the model HPO, the
462  above three hyperparameters were optimized based on the optimal loss function. The grid search method
463  determined the optimal hyperparameter combination in the multi-dimensional hyperparameter space. This
464  optimal hyperparameter combination would result in minimum prediction error on the validation set. The
465  model was trained for 300 epochs for each candidate combination, and the one with the minimum validation

466  error after 250 epochs was saved.

0.03 T T T T T 1
0.024 | 10.8
0.018 | 10.6

w Frequency histogram w
I~ ——PDF curve [=)
o —— CDF curve ©
0.012 | {04
0.006 | {0.2
0 L 1 L ) ; 0
0 20 40 60 80 100 120 140 160 180
467 R Displacement (mm)

468  Fig. 13. Probability distribution model of the absolute values of the quasi-static component of the WLD. PDF means the

469 probability density function, and CDF means the cumulative distribution function.

470 Table 3. Hyperparameters of the GRU model in Task 1.
Hyperparameters Preset values/Candidate values
Preset ones Learning rate schedule Decay by 2% every five epochs
Shift ratio of the sliding window, 1/S 1/4
Mini-batch size, B 8
Model input length 512
Dropout ratio, p 0.2
L2 regularization factor le-7
To be optimized in stage I ~ Weighting scheme in £, ,s¢ I, II, 111, and IV
Maximum weight in L, s » @ 5, 10, 20, 50, and 100
To be optimized in stage II  Number of GRU layers, m 1,2,and 3
Number of hidden units, 4 50, 100, 200, and 300
Initial learning rate, /, 1x1073, 5x104, 1x10*, and 5x107
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3.3.2 Model HPO and optimal results

Table 4 shows the GRU model’s prediction errors (RMSE) on the validation set using different
weighting schemes and maximum weight factors £, atstage I of the model HPO. The model prediction
errors using the conventional loss function £, are also provided for comparison. Meanwhile, for each
loss function scheme, the prediction errors at four different intervals of F(|y(n)|) , namely, [0, 0.50], (0.50,
0.80], (0.80, 0.95], and (0.95, 1], were calculated to assess the model prediction accuracy at different
intervals of the absolute quasi-static WLD. In general, compared with the model validation error using £, ,
the use of L, reduced the prediction error for the displacement interval corresponding to
0.80< F(|y(n)|) <1 (regarded as extreme displacement). In contrast, the prediction error for the
displacement interval corresponding to 0< F(|y(n)|) <0.80 increased (regarded as non-extreme
displacement). Thus, there is a trade-off between the prediction accuracy for extreme and non-extreme
displacements. To assess the performance of each weighting scheme, Table 4 provides the average prediction
error (average RMSE) at the four CDF intervals for each scheme. The GRU model had the smallest average
RMSE using weighting scheme IV with the maximum weight factor a = 10.

To further evaluate the prediction results of quasi-static WLD from a statistical perspective, Fig. 14
shows the frequency histograms of the absolute values of the optimal prediction results using the four
weighting schemes. The use of £, resulted in a probability distribution of predicted values that came
closer to the true results. Specifically, compared with the predicted values obtained using £, , the
probability density of non-extreme displacements decreased, while that of extreme displacements increased.
The tail of the probability distribution (i.e., extreme displacements) of the optimal results of weighting
scheme IV had the highest degree of agreement with the actual results.

The model HPO in stage II was conducted based on the optimal loss function (weighting scheme IV, a
= 10). The average RMSE of the prediction results of the above four CDF intervals was still chosen as the
performance evaluation metric. Under different hyperparameter combinations constituted by the candidate
values of the number of GRU layers m, the number of hidden neurons #, and the initial learning rate /., the
average RMSE of the GRU model on the validation set is shown in Table 5. The model had the smallest
average RMSE with m = 2, 1 = 200, and /, = 1x10*. Under the above optimal hyperparameter combination,

the training and validation loss curves during model training are shown in Fig. 15. The comparison between
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499  the predicted and true values of the quasi-static component of the WLD response on the validation set is
500 shown in Fig. 16. For the sake of comparison, the figure also displays the predicted values using the
501  conventional loss function £, . It is readily seen that the GRU model using [, for training had a

502  higher prediction accuracy for extreme quasi-static WLD.

503 Table 4. Validation errors of the GRU model using different weighting schemes and maximum weight factors in £ in
504 stage I of model HPO in Task 1.
Weighting  Max. weight ~ RMSE values for different intervals of F(jy(n)|) Average
scheme factor, a RMSE
[0, 0.50] (0.5, 0.80] (0.80, 0.95] (0.95, 1]

None N/A 13.578 22.077 32.222 49.092 29.242

I 5 16.791 22.578 28.531 46.600 28.625
10 17.321 22.843 28.270 46.015 28.612
20 17.758 23.020 27.772 45.713 28.566
50 17.908 23.153 27.762 45.471 28.574
100 17.954 23.213 27.850 45.378 28.599

11 5 17.869 23.229 27.767 44.160 28.256
10 19.227 23.944 26.975 42.705 28.212
20 20.105 24.513 26.626 41.818 28.265
50 20.666 24.946 26.534 41.304 28.362
100 20911 25.108 26.466 41.092 28.394

I 5 17.727 23.470 28.030 42.656 27.971
10 19.968 24.698 27.099 40.142 27.977
20 21.846 26.025 26.803 38.370 28.261
50 26.323 28.846 26.985 36.922 29.769
100 30.541 31.264 26.632 36.539 31.244

v 5 15.887 23.254 30.045 43.110 28.074
10 17.594 24.223 29.321 39.919 27.764
20 19.642 25.598 29.106 36.985 27.833
50 23.296 27.981 29.021 34.418 28.679
100 25.602 29.861 29.615 33.205 29.571

505  Note: The weighting scheme ‘None’ uses the conventional loss function Lyge . F(y(n)|) denotes the CDF values of the
506 absolute values of the measured quasi-static WLD. The number in boldface represents the smallest average RMSE value for
507 each weighting scheme.

508 3.4 Task 2: U-Net model training and optimization
509  3.4.1 Training setup

510 Table 6 provides the main hyperparameters of the U-Net model in Task 2. Similar to Task 1, a set of

511  hyperparameters was preset based on the pretests to avoid combination explosion. The model
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hyperparameters were also optimized using the two-stage HPO strategy. In stage I, the optimal loss function

was chosen between two time-frequency cross-domain loss functions, namely Liacya, a0d Loty s

and
the optimal time-frequency combination factor was determined. Meanwhile, the remaining hyperparameters
to be trained were set equal to a group of moderate values, that is, the convolution kernel size was Ly = 11,

and the initial learning rate was /, = 1x10. In stage II, L and /, were optimized using the grid search method

based on the optimal loss function. The model was trained for 300 epochs for each hyperparameter

combination, and the one with the minimum validation error after 200 epochs was saved.

0.4 T T T T T T T 0.4 T T T T T T T
[_IMeasured [ IMeasured
0.35 | MSE loss 4 0.35F MSE loss 4
[ IW-MSE loss: Scheme | [ IW-MSE loss: Scheme Il
03r 0.06 | 03r |
0.06
>0.25 1 >025L R
= 0.04 = 1
| 02 1 | 02 0.04 1
S S
& 0.15 002 E T 015 0.02 J
0
01 80 100 120 140 160 01 60 80 100 120 140 160
0.05 Zoomin A 0.05 Zoomin -
0 L 0 L . . . :
0 20 40 60 80 100 120 140 160 0 20 40 60 80 100 120 140 160
(a) Displacement (mm) (b) Displacement (mm)
0.4 T T T T T T T 0.4 T T T T T T T
[__IMeasured [_IMeasured
0.35 MSE loss 4 0.35 MSE loss 4
[ 1W-MSE loss: Scheme IlI [ 1W-MSE loss: Scheme IV
0.3 9 0.3 9
0.06 0.06
0.25 R 025 1
0.04 0.04

Probability
o
N

o
N
[

Probability
o
N

o
N
[

0.1 4 0.1 0 4
80 100 120 140 160 60 80 100 120 140 160
0.05 Zoomin A 0.05F Zoomiin
0 . . " A ; 0 . . " A :
0 20 40 60 80 100 120 140 160 0 20 40 60 80 100 120 140 160
(c) Displacement (mm) (d) Displacement (mm)

Fig. 14. Frequency histograms of the absolute values of the optimal prediction results using the four weighting schemes: (a)

scheme I (a = 20); (b) scheme II (a = 10); (c) scheme III (a = 5); and (d) scheme IV (a = 10).

Table 5. Validation errors (average RMSE) of the GRU model using different hyperparameter combinations in stage II of the

model HPO in Task 1.

Initial h=50 h=100 h =200 h =300

learning

rate, [, m=1 m=2 m=3 m=1 m=2 m=3 m=1 m=2 m=3 m=1 m=2 m=3
1x103 28.983 31986 33.137 32.538 32.693 33419 33.179 32595 32339 32950 31429 31304
5x10* 28.103  29.659 31.846 29.316 30.997 34924 29474 32785 33.436 30.065 33.138 32.509
1x10* 28.955 28.281 28203 28.599 27.841 27947 28573 27.764 28.838 28245 27923 30376
5x107° 30.553 29.058 28.780 30.643 28.268 28.088 29.450 27.800 27.812 29.204 27.774 27.766
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524
525 Fig. 15. Loss curves of the GRU model during training under the optimal hyperparameter combination: (a) training loss; (b)

526 validation loss.
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528 Fig. 16. Comparison between the predicted and true values of the quasi-static WLD using the GRU model under the optimal
529  hyperparameter combination (validation set).
530 Table 6. Hyperparameters of the U-Net model in Task 2.
Hyperparameters Preset values/Candidate values
Preset ones Learning rate schedule Decay by 2% every five epochs
Shift ratio of the sliding window, 1/S 12
Mini-batch size, B 32
Model input length 32768
Dropout ratio, p 0.2
L2 regularization factor le-7
STFT analysis window Hamming window
STFT window length 4096
STFT window overlap length 2048
To be optimized in stage [ Time-frequency combination factor in
. - 0.01,0.1,0.2, 1, 5, 10, 100
pemvag ANd Lppye, > 0and B
To be optimized in stage 11 Initial learning rate, /- 1x103, 5x104, 1x10*, and 5x107
Kernel size, Lk 7,9, 11,and 13

531  3.4.2 Model HPO and optimal results

532 Table 7 shows the prediction errors (i.e., RMSE and LSD) of the U-Net model on the validation set
533  using different loss functions in stage I of the model HPO. The prediction errors using the two baseline loss
534  functions [, and Cf,lag are also provided for comparison. It is noted that only focusing on time-domain

535  loss, i.e., using L., misled the predictions of the high-frequency dynamic component of the WLD
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response. More precisely, although the time-domain error, RMSE, was the smallest at this moment, the error
in the frequency domain, LSD, was the largest. This phenomenon was manifested as the low amplitude of
the dynamic component of the WLD signal in the time domain. In addition, focusing on frequency-domain
loss alone, i.e., using Lf,]ag , resulted in higher prediction accuracy in the frequency domain but also brought

the problem of insufficient accuracy in the time domain.

F

For the two new loss functions LI,I';E_Mag and T,_Mag ,

Table 7 indicates that the time-frequency cross-
domain loss considered errors in both time and frequency domains. Overall, as the time-frequency
combination factors a and f increased, the RMSE and the LSD decreased and increased, respectively.
Therefore, there is also a trade-off between prediction errors in the time and frequency domains. To
comprehensively evaluate the performance of different loss functions, Table 7 also provides the sum of the
results of the min-max normalization of the RMSE and the LSD for each loss function, i.e., RMSEnom +
LSDworm, named integrated normalized error here, considering the different dimensions of the two error
metrics. It is noted that the model had the smallest integrated normalized error when the phase-constrained

cross-domain loss function L;lF_Mag was used, with = 0.2.

Table 7. Validation errors of the U-Net model using different loss functions at stage I of the model HPO in Task 2.

Time-frequency

Loss function combination factor RMSE (RMSEnNorm) LSD (LSDnorm) RMSEnNorm + LSDNorm
Lapae N/A 14.3818 (0.000) 3.1139 (1.000) 1.000
Lrsag N/A 20.3680(1.000) 0.8611 (0.016) 1.016
Lowne-vig a=0.01 15.9264 (0.258) 0.8502 (0.011) 0.269
a=0.1 16.2131 (0.306) 0.8248 (0.000) 0.306
=02 15.7041 (0.221) 0.8690 (0.019) 0.240
a=1 15.7642 (0.231) 0.8341 (0.004) 0.235
=5 15.0183 (0.106) 1.3399 (0.225) 0.331
a=10 15.5196 (0.190) 1.1803 (0.155) 0.345
a=100 15.7330 (0.226) 1.0792 (0.111) 0.337
Lhimag £=0.01 15.7714 (0.232) 0.8520 (0.012) 0.244
B=0.1 15.2865 (0.151) 0.9081 (0.036) 0.187
£=0.2 15.3573 (0.163) 0.8640 (0.017) 0.180
p=1 15.7270 (0.225) 0.9809 (0.068) 0.293
p=5 14.8561 (0.079) 1.4509 (0.274) 0.353
B=10 14.8301 (0.075) 1.7683 (0.412) 0.487
B =100 14.7965 (0.069) 2.6041 (0.777) 0.846

Note: The RMSEnNorm and LSDnorm in parentheses denote the min-max normalization results of the data in the RMSE and LSD
columns, respectively, with the range [0, 1].

27



553

554

555

556

557

558

559
560

561
562

563

564

565

566

567

568

569

570

571

572

The model HPO in stage II was conducted based on the optimal loss function T,F_Mag (6 =0.2). Under
different hyperparameter combinations constituted by the candidate values of Ly and /., the prediction errors
of the U-Net model on the validation set are shown in Table 8, where apart from the RMSE and the LSD,
the integrated normalized error is also provided. The model had the smallest integrated normalized etror at
Ly = 11 and /. = 1x10. Under the above optimal hyperparameter combination, the training and validation
loss curves during the model training are shown in Fig. 17.

Table 8. Validation errors (RMSE/LSD/RMSENorm + LSDnorm) of the U-Net model using different hyperparameter
combinations at stage II of the model HPO in Task 2.

In.mal Li=7 Li=9 Li=11 Lc=13
learning rate

1x10-3 15.1099/1.4637/1.000 15.1818/1.0848/0.413 16.0240/0.8549/0.264 16.1420/0.9865/0.505
5x104 16.4139/0.8570/0.369 18.9032/0.8530/1.008 16.1590/0.8492/0.290 16.2433/0.8379/0.294
1x104 16.3000/0.8488/0.326 16.2287/0.8769/0.353 15.3573/0.8640/0.106 16.7481/0.8570/0.456
5%10 15.5623/1.0471/0.452 15.8167/0.9339/0.337 18.9637/0.8853/1.076 16.2406/0.9445/0.464
20 18
18 |
» 16
2 16 3
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Fig. 17. Loss curves of the U-Net model during training under the optimal hyperparameter combination: (a) training loss; (b)

validation loss.

During the first 250 epochs of the model training, the changes in the time- and frequency-domain
information of the predicted results with the training epochs are shown in Fig. 18. Note that as the number
of epochs increased, the time- and frequency-domain information of the predicted dynamic component
became increasingly abundant, and the predicted signal features gradually came closer to their true values.
Finally, the model had the smallest validation loss in the 261st training epoch, and thus, the model trained in
this epoch was adopted. The comparison between the predicted and measured dynamic components of the
WLD in the time domain is shown in Fig. 19, whereas the comparison in the frequency domain is shown in
Fig. 20. The optimized U-net model had excellent predictive performance in both time and frequency
domains.
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Fig. 18. Changes in the time- and frequency-domain information of the predicted results with the training epochs during the

first 250 epochs of training of the U-Net model under the optimal hyperparameter combination (validation set).
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Fig. 19. Time-domain comparison between the predicted and measured dynamic components of the WLD under the optimal

hyperparameter combination (validation set).
3.5 Testing the optimized models in Tasks 1 and 2

The GRU model in Task 1 and the U-Net model in Task 2 were trained and optimized independently.

Here, the generalization ability and the collaborative performance of the optimized GRU and U-Net models
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were assessed using the test set. The outputs of the two models were superimposed to obtain the final
prediction of the WLD response. Before the superimposition operation, the output of the GRU model, i.e.,

the quasi-static WLD, was subjected to cubic spline interpolation so that it has the same time resolution as

the dynamic WLD.
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Fig. 20. Frequency-domain comparison between (a) the predicted and (b) measured dynamic components of the WLD under
the optimal hyperparameter combination (validation set). It is noted that the time-varying power spectra were used to display

the frequency-domain characteristics varying with time.

The comparison between the final predicted values and the measured values of the WLD response on
the test set is shown in Fig. 21. The test RMSE between the final predicted values and the true values of the
WLD response was 27.3098. More specifically, Fig. 22(a) gives the comparison between the predicted and
the true values of the quasi-static component of the WLD response on the test set; Figs. 22(b and c) depict
the time- and frequency-domain comparisons between the predicted and the measured values of the dynamic
component, respectively. The average RMSE metric of the predicted quasi-static component at the
aforementioned four CDF intervals was 27.4667, while the RMSE and LSD metrics of the predicted dynamic
component were 15.4525 and 0.8632, respectively. The above results indicated satisfactory collaborative
performance between the GRU and U-Net models and demonstrated the generalization ability of the

proposed predictive framework for the WLD response.
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Fig. 21. Comparison between the measured WLD response and the final collaborative predicted results using GRU and U-Net

models (test set).
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3.6 Discussion

The deck’s WLD response at the mid-span of the suspension bridge determines the lateral swing

amplitude at the hanger end. The short hanger has a larger hanger-end rotation angle than the long hanger

under the same end swing amplitude, and frequent lateral swing of the short hanger will cause fatigue damage

to the rigid hanger anchor. Therefore, this section aimed to evaluate the accuracy of the predicted WLD

response of the suspension bridge deck from the perspective of fatigue analysis for bridge hangers

undergoing lateral swing.
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Fig. 22. Comparison between the predicted and true values of the WLD response on the test set: (a) quasi-static component;

(b) dynamic component in the time domain; and (c) dynamic component in the frequency domain.

Specifically, the stress level in the short hangers’ rigid anchors is positively correlated to the swing

amplitude of the bridge deck. Based on this, the concept of the ‘swing amplitude-cycle count’ histogram of

the bridge deck was designed to evaluate the model accuracy by referring to the ‘stress range-cycle count’

histogram obtained based on the rain flow counting algorithm in fatigue analysis. Fig. 23 compares the

‘swing amplitude-cycle count” histograms corresponding to the predicted and measured time histories of the
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WLD response using the test set (total duration: 785 h). The swing amplitude histogram of the bridge deck
obtained from the predicted WLD response agreed well with the experimental one. Hence, the effectiveness
and accuracy of the predictive framework proposed in this study were verified. At the same time, the
feasibility of using the predicted WLD response for fatigue analysis of bridge hangers was proven.
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Fig. 23. Comparison of the ‘swing amplitude-cycle count’ histograms corresponding to the predicted and measured time
histories of the WLD response (test set). The predicted and measured values of the cycle counts for the minor swings with

amplitudes below 5 mm are 100,070 and 111,939, respectively; these are not shown in the figure since they are significantly

greater than other values.

4. Summary and conclusions

In this study, a deep learning-based framework was proposed for predicting the wind-induced lateral
displacement (WLD) response of the suspension bridge deck for structural health monitoring (SHM). The
proposed framework consisted of two deep-learning tasks. In Task 1, a GRU model was built and used for
predicting the quasi-static component of the WLD response of the bridge deck based on the lateral time-
varying 10-min mean wind speed. In Task 2, a U-Net model was built and used for predicting the dynamic
component of the WLD response based on the actual lateral wind speed. Finally, the proposed method was
verified by a case study of the Jiangyin Yangtze River Bridge in China. The following conclusions were
drawn:

(1) The WLD response of the suspension bridge deck can be decomposed into quasi-static and dynamic
components, for which the corresponding prediction models can be established using the GRU
model and U-Net model, respectively.

(2) Based on the spectral analysis of the raw WLD records, applying appropriate downsampling to the

sample data can help remove redundancy and reduce the burden of model training.
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(3) In Task 1, increasing the weight of the extreme displacement prediction error in the loss function
can improve the prediction accuracy for the extreme quasi-static WLD response. The weight factor
for the extreme value error can be determined based on the CDF of the absolute value of the WLD.
The model performed optimally when using the inverse proportional weighting scheme (i.e.,
scheme IV) in the extreme value-weighted loss function. However, there was a trade-off between

the prediction accuracy for extreme and non-extreme displacements.

(4) In Task 2, using the time-frequency cross-domain loss function can ensure both the time- and
frequency-domain prediction accuracy for the dynamic component of the WLD. Compared with
the two baseline loss functions £;,,. and EE,,ag related only to time- or frequency-domain errors,
using the phase-constrained cross-domain loss function L;lp_Mag provided a better comprehensive
predictive performance in both time and frequency domains. A trade-off was also identified
between the prediction errors of the dynamic component of the WLD in the time and frequency

domains.

(5) Leveraging the proposed ‘swing amplitude-cycle count” histogram of the suspension bridge deck
obtained by the rain flow counting method, the WLD response prediction accuracy can be evaluated
from the perspective of fatigue analysis for bridge hangers undergoing lateral swing.

While the proposed framework has demonstrated effectiveness on the selected SHM dataset of the
Jiangyin Yangtze River Bridge, it is crucial to note the limitations involving the model’s generalization and
transferability. For Task 1, challenges may arise for the current model to achieve the same level of prediction
accuracy for rare extreme events wherein the mean wind speeds significantly exceed the maximum values
in the selected training set. Future work will attempt to address this issue by increasing the sample scale to
encompass more extreme events. Additionally, the physics-enhanced method, which integrates physical
principles into neural networks, will be explored, and it is expected to exhibit robust generalization ability
facing rare extreme wind speeds. Furthermore, the direct transferability of the optimized models here to
other bridges may be challenging, as they were specifically trained as surrogates for the case bridge using
bridge-specific data. However, the proposed framework offers a valuable reference for other bridges to build

their WLD response prediction models with their own data.
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