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Abstract. The wind field environment surrounding long-span bridges is characterized by its complexity and variability,
resulting in wind speed exhibiting random, nonlinear, and uncertain behavior. To enhance bridge safety and mitigate the impact
of wind speed, it is crucial to establish a reliable wind speed prediction model. In this study, a structural health monitoring
(SHM) system was deployed on a long-span bridge to collect extensive wind speed data, which was subsequently denoised
using the wavelet decomposition (WD) method. Leveraging the long short-term memory (LSTM) approach, a wind speed
prediction model (WD-LSTM) was developed. The study focuses on investigating the effects of three different thresholds
(Bayesian threshold, SURE threshold, and Minmax threshold) in the WD method, the number of hidden units (2, 4, 8, 16, 32,
64, 128, 256, and 512) in the WD-LSTM model, and the number of inputs (one-step prediction, five-step prediction, ten-step
prediction, and twenty-step prediction) in the WD-LSTM model on the prediction performance of wind speed. Evaluation
metrics such as RMSE and R? are employed for this analysis. Furthermore, the calculation time of the WD-LSTM prediction
models with different hidden units and inputs is compared. Finally, an optimal WD-LSTM prediction model is proposed, taking
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into account both prediction accuracy and calculation time.
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1. Introduction

Wind is a common and hazardous weather condition that
poses a significant risk to traffic safety (Park et al. 2023,
Ding et al. 2023a). The influence of wind on both vehicles
and pedestrians cannot be overlooked (Sareen et al. 2023,
Ding et al. 2023b). Furthermore, long-span bridges serve as
critical intersections for sea-crossing highways (Ding ef al.
2024a, Santos et al. 2023, Ti et al. 2019). The wind
environment at bridge sites is characterized by variability
and complexity, which further escalates the likelihood of
traffic accidents (Ding et al. 2025, Son et al. 2022, Fenerci
et al. 2017). Hence, the establishment of a reliable early
warning system for strong winds is essential to mitigate the
adverse impact on safe passage across the bridge.

With the continuous advancement of science and
technology, an increasing number of bridges are now
equipped with structural health monitoring (SHM) systems,
capable of collecting extensive wind speed data (Ding et al.
2023¢c, 2024b, Li et al. 2006). However, these SHM
systems are vulnerable to several uncertain factors,
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including human interference and power equipment
failures, resulting in noisy monitoring data (Li et al. 2021).
In order to tackle this issue, various data processing
methods, such as wavelet decomposition (WD) (An et al.
2011), empirical mode decomposition (EMD) (Xu and
Chen 2004), and Kalman filtering (Zhi et al. 2017), have
been widely adopted for data denoising. Once reliable and
complete monitoring data is obtained through denoising
methods, in-depth analysis is necessary to enable the early
warning function, such as prediction.

Currently, the field of wind speed prediction can be
divided into traditional prediction methods and machine
learning methods (Joseph ef al. 2023, Lépez and Arboleya
2022). The traditional wind speed prediction methods
mainly include two types: those based on physical models
and those based on statistical models (Ding et al. 2023d).
The method based on physical models is suitable for long-
term weather prediction, but its prediction accuracy may be
lower for short-term wind speed prediction. Based on
statistical models, such as time series analysis, regression
analysis, etc., this method has simple calculations, fast
prediction speed, and is suitable for short-term wind speed
prediction. However, it has a strong dependence on
historical data and limited predictive ability for extreme
weather or emergencies (Ding et al. 2023e, Wang et al.
2024a). Machine learning methods are capable of
processing large amounts of complex data and capturing the
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nonlinear changes in wind speed, especially performing
well in short-term wind speed prediction. Specially, the key
factors affecting the effectiveness of machine learning
based wind speed prediction models mainly include data
quality, model selection, parameter adjustment, and real-
time data updates. In terms of model selection, it is
necessary to choose a predictive model suitable for wind
speed time series. In terms of data quality, it is necessary to
denoise the raw data. In terms of parameter adjustment and
data update, massive monitoring data is needed as a
guarantee. Wang et al. (2018) introduced a new hybrid
model for short-term wind speed prediction, focusing on a
10-minute short-term forecast period. This model combines
extreme learning machines with improved complementary
integrated empirical pattern decomposition with adaptive
noise and autoregressive integrated moving average.
Another method proposed by Liu et al. (2015) utilizes EMD
and an improved recursive ARIMA model for short-term
wind speed prediction. Experimental results demonstrated
that this method outperforms traditional ARIMA models
and the persistent random walk model (PRWM), providing
satisfactory accuracy and time performance. Chen and Yu
(2014) integrated support vector regression (SVR) with an
untraced Kalman filter (UKF) based on a state-space model
to enhance the accuracy of short-term wind speed sequence
predictions. Results indicate that this proposed method
performs better in one-step and multi-step wind speed
predictions at all locations. Traditional prediction methods
are based on the correlation and causality between
independent and dependent variables, and do not require
other correlated factors, making them simple (Liu et al.
2012). However, these methods often exhibit large
prediction errors when the external environment undergoes
significant changes (Cadenas and Rivera 2010).

In order to improve the accuracy of wind speed
prediction, researchers have increasingly turned to machine
learning methods (Lim et al. 2022, Cui et al. 2021). For
instance, Salehi Borujeni et al. (2021) introduced a novel
hybrid computational model based on radial basis function
(RBF) artificial neural networks, which amplifies the
performance of measurement correlation prediction (MCP)
methods. Liu et al. (2021) devised a wind speed prediction
model that integrates EMD with innovative recursive neural
networks (RNN) and ARIMA. Concurrently, Ding et al.
(2021) presented a short-term wind speed prediction model
termed Ceemdan-SE-Improved PIO-GRNN, founded on
complete ensemble empirical mode decomposition with
adaptive noise (CEEMDAN), sample entropy (SE), pigeon-
inspired optimization (PIO), and generalized regression
neural network (GRNN). This model strives to optimize the
accuracy of short-term wind speed forecasts. Furthermore,
Mishra et al. (2020) proposed a new short-term solar
forecasting model that merges deep learning (DL)
technology and long-term memory networks (LSTM) with
the concept of wavelet transform (WT). Lastly, Wang et al.
(2016) devised a wind speed prediction method based on
improved EMD and GA-BP neural networks.

It is evident that the predictive performance of models
based on different machine learning methods can vary.
Feedforward neural networks, such as BP and RBF, often
struggle to predict time series data accurately as they

assume no relation between the input at the current moment
and the input at the next time step, unless they are enhanced
(Zhang et al. 2021). On the other hand, RNN networks,
which are cyclic neural networks with memory, excel at
extracting useful information from time series data, making
them highly effective for wind speed prediction. However,
RNNs are prone to issues like gradient disappearance and
explosion, limiting their effectiveness in processing long-
term data (Wang et al. 2019). In contrast, LSTM is an
improvement over RNN networks as it can handle long-
term dependencies and effectively extract potential
information from the data while preserving historical
information (Wang et al. 2024b, Zhu et al. 2019).
Furthermore, wind speed data is a typical time series data
with temporal continuity and correlation. LSTM can
effectively capture and model long-term dependencies in
time series data by introducing gating mechanisms,
including input gates, forget gates, and out-put gates. The
unit structure of LSTM allows the network to dynamically
remember and forget information when processing
sequences. This ability enables LSTM to better capture the
dynamic changes in wind speed data, thereby improving the
accuracy of predictions.

Therefore, in order to apply wind monitoring
technologies and predictive models to the maintenance and
management strategies of long-span bridges to enhance
their resilience and safety under fluctuating wind
conditions. Firstly, the high-precision and high stability
wind speed and direction sensors should be installed at key
locations on the bridge to comprehensively monitor the
wind environment and wind loads of the bridge project.
Secondly, machine learning-based wind speed prediction
model to predict the trend of wind speed changes and wind
load conditions in the future, which can provide decision
support for bridge maintenance and management. Finally,
based on the results of the prediction model, a bridge wind-
induced vibration warning system is established. All in all,
this research gathered a substantial volume of wind speed
data from the Structural Health Monitoring (SHM) system
installed on the examined bridge. To enhance the data
quality, the wind speed data underwent denoising using the
Wavelet Denoising (WD) method. Subsequently, a wind
speed prediction model termed WD-LSTM was formulated
based on the Long Short-Term Memory (LSTM) approach.
The investigation also delved into assessing the influence of
the number of hidden units (2, 4, 8, 16, 32, 64, 128, 256,
and 512) and the number of inputs (for one-step, five-step,
ten-step, and twenty-step predictions) on the efficacy of the
proposed model. Specifically, the structure of this paper is
organized as follows, Section 1 serves as the Introduction,
primarily  introducing  the research  background,
significance, and the current research status both
domestically and internationally. Section 2 is dedicated to
Methodology, detailing the wavelet decomposition method,
the LSTM model, and the method proposed in this paper.
Section 3 presents a case study, focusing on the bridge
health monitoring system and examining the impact of the
number of input parameters and the choice of wavelet
functions on prediction performance and computational
time. Section 4 concludes the paper by summarizing the
constructed models and proposing the optimal model
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structure.

2. Methodology
2.1 Wavelet decomposition method

Sequence data, particularly monitoring data, often
exhibits waveform characteristics, while real-time sequence
data demonstrates repeatability characteristics (Sandham et
al. 1998). Consequently, sequence data can be effectively
represented by “infinite” waveform functions. The wavelet
decomposition (WD) method, as described by Wang et al.
(2006), is wutilized to progressively decompose the
monitoring data into high and low frequencies. This
decomposition is accomplished by employing wavelet
functions to analyze the time series data.
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where ¢ is the time; a is the scale factor; b is the translation
factor; j is the scale coefficient; £ is the translation
coefficient.

Through establishing a threshold T for the wavelet
coefficients as detailed earlier, the high-frequency data
within the monitoring data can be sieved out, efficiently
eradicating noise information present in wavelet functions
surpassing the threshold. In wavelet de-noising methods,
Bayesian threshold, Stein’s Unbiased Risk Estimator
(SURE) threshold, and Minmax threshold are three
commonly wused methods. Bayesian threshold can
adaptively select thresholds based on the statistical
characteristics of signals, such as noise levels, which helps
to achieve better denoising effects under different signal
conditions. Especially when the noise level is high,
Bayesian threshold method can more effectively suppress
noise. However, compared to other threshold selection
methods, Bayesian threshold requires a larger amount of
computation and increases processing time. Com-pared to
Bayesian threshold, the SURE threshold method based on
unbiased risk estimation principle has lower computational
complexity and is simpler to implement. However, its
denoising effect may be affected by signal characteristics,
and parameters may need to be adjusted for different types
of signals to achieve optimal results. The Minmax threshold
method is based on the principle of minimizing maximum
error and has good robustness, which can maintain stable
denoising effects at different noise levels. However, the
denoising effect of Minmax threshold may be affected by
parameter settings and needs to be adjusted to achieve the
best results.

The SURE threshold estimation method computes the
threshold T of wavelet coefficients based on the unbiased
likelihood estimation criterion, as demonstrated in
Benaouda et al. (20006).

N N
. 20,
R(T) = ;(mm(lyil,T))z + 0% TZ‘ Lyl <7)
T = argminR(T)

The Bayesian threshold estimation method models the
wavelet function based on statistical characteristics and then
obtains the threshold T through Bayesian estimation, as
illustrated in Hashemi and Beheshti (2009).
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The Minmax threshold estimation method calculates the
wavelet function to obtain the threshold T based on the
maximum minimization principle, as described by Janeiro
and Ramos (2018).
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where N is the number of wavelet function layers; g, is the
standard deviation of noise; oy, is the standard deviation of
the initial wavelet function; / is the judgment function.

2.2 WD-LSTM prediction model

Long and Short-term Memory (LSTM) is a cyclic neural
network that can analyze input information based on time
series, as discussed by Meng ef al. (2020). In other words, it
considers the correlation between input information at the
current time and input information at the next time, as
highlighted by Cao (2024) and Yuan ef al. (2021). Typically,
an LSTM network consists of input gates, forget gates, and
output gates, as shown in Fig. 1. The input gate saves the
input information to the cell and creates a new state vector.
The forget gate stores the hidden state information of the
previous cell into the current cell. And the output gate
outputs the cell state information to the next cell, as
explained by Xu et al. (2021).

In Fig. 1., the i is the input gate, and its weight and
offset are i; and b; respectively; fis the forgetting gate, and
its weight and offset are f; and by respectively; o is the
output gate, and its weight and offset are o, and b,
respectively; x; is unit input; z, is the status of temporary
unit; ¢, is the current unit state; c¢.; is the status of the
previous unit; 4, is the hidden state of the current unit; /. is
the hidden state of the previous unit. Specially, they can be
expressed by (Ding et al. 2023f, Zhang et al. (2019))

fr = sigmoid(Ws x [h,_y,x,] + by) %)
iy = sigmoid(W; X [he_1, ;] + b;) (6)
0, = sigmoid(W, X [h_1,x;] + by) (7)
zp = tanh(W, X [he_1,x.] + b,) (8)
¢ =(c-1 ®f) D (2. Qi) ©)

he = tanh(c,) o, (10)
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Fig. 1 LSTM network

Therefore, the WD method is used to denoise the data in
order to improve data quality at first. Then, the denoised
data is modeled and predicted using the LSTM network.
The main advantage of the proposed model, called WD-
LSTM, lies in its combination of WD denoising and the
LSTM network. This combination enables better handling
of the temporal characteristics of time series data and
accurate prediction of future values. Specially, the
processed wind speed data is divided into a training set and
a test set, with the training set accounting for 90% of the
dataset and the test set accounting for 10%. The
input/output data structure is time series data. The learning
rate controls the speed of parameter updates; if it is too
large, the model may fail to converge, while if it is too
small, the training process may be slow. The number of
iterations affects the efficiency and stability of model
training. In this paper, the learning rate is set to 0.005, the
number of iterations is 100, the sigmoid function is selected
as the activation function to control information forgetting,
input, and output generation, and the Adam optimization
algorithm is chosen to optimize model parameters during
the training process.

2.3 WD-LSTM prediction model

In order to evaluate the prediction performance of the
model, the root mean square error (RMSE) is used to assess
the performance of wind speed prediction model, that is,
(Ding et al. (2024c))

N
1
RMSE = NZ(yi - f)? (11)
t=

R? is a statistical measure of how well the model
predictions approximate the observation data points
(Nagelkerke 1991). It is expressed as

_ i — f)?
2y —y)?

where y; is the ith observation data point; f; is the ith
corresponding model prediction; y is the mean of the
observation data; and N is total observation data. As can be
seen from the definition of the RMSE rule, the smaller the
RMSE value, the better the fit of the model. Unlike the
RMSE, the larger the R? value, the better the prediction
performance of the model.

R?=1 (12)

Fig. 2 Investigated bridge

3. lllustrative application: Jiashao Bridge
3.1 Bridge description and SHM

The Jiashao Bridge, situated in Hangzhou Bay, Zhejiang
Province, China, extends from Guzhu Junction in the south,
linking the Chang-Tai  Expressway  (Shang-San
Expressway) and Hang-Ningbo Expressway, to Nanhu
Junction in the north, connecting with Zhajia-su
Expressway, a section of Chang-tai Expressway (National
Highway G1522), as depicted in Fig. 2. Configured as a
cable-stayed bridge, the Jiashao Bridge spans a total length
of 10.137 km (Ding et al. 2023g). Despite being one-third
the length of the Hangzhou Bay Sea-crossing Bridge, the
Jiashao Bridge features a broader deck, measuring 40.5
meters, with its main bridge extending 2,680 meters in
length. Comprising five continuous segments, each
equipped with six towers, every individual span measures
428 meters.

To accurately monitor the surrounding ambient winds
near the Jiashao Bridge, a Structural Health Monitoring
(SHM) system was installed, incorporating an ultrasonic
anemometer (UAN-G54-001-1). This ultrasonic
anemometer operates at a sampling frequency of 10 Hz,
covering a wind speed range from 0 to 60 m/s, and ensuring
a resolution of 0.01 m/s for precise measurements. The
positioning of the ultrasonic anemometer on the Jiashao
Bridge is illustrated in Fig. 3. Specially, in order to avoid
interference from low wind speed areas below the ground
and bridge structures on the measurement results, wind
speed and direction sensors should be installed at a
sufficiently high position. Based on this, wind speed and
direction sensors are installed on the Jiashao Bridge at a
horizontal distance of 4 m from the bridge deck, with a
height of 1 m. Wind data obtained in December 2020 were
utilized to characterize the wind patterns. Specifically, the
ultrasonic anemometer collected ten wind speed readings
per second, and for this study, the maximum wind speed
recorded over a ten-minute duration was selected (Ding et
al. 2023h).

3.2 Influence of wavelet threshold for wind speed
prediction

In order to reduce the sources of uncertainty in the
health monitoring system for large-span bridge structures
and ensure the accuracy of wind speed data collection.
Firstly, the bridge structure health monitoring system
consists of high-precision and high stability wind speed and
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Fig. 3 Deployment of wind anemometers on investigated
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Fig. 4 Influence of the number of hidden units on one-step
prediction performance with Bayesian threshold

direction sensors, namely ultrasonic sensors. Its
measurement accuracy and stability are usually better than
mechanical sensors, and it is less affected by environmental
factors. Secondly, the wavelet denoising method is used to
preprocess the original monitoring data by filtering and
denoising, in order to improve the accuracy and re-liability
of the data. Specially, the wind speed data underwent
denoising using the Bayesian threshold method.
Subsequently, an LSTM prediction model was developed
for one-step prediction. The model was trained with a
learning rate of 0.005 over 100 iterations. An analysis was
conducted to assess the impact of different numbers of
hidden units (ranging from 2 to 512) on wind speed
prediction performance, as illustrated in Fig. 4. The findings
indicated that the LSTM model demonstrated the most
effective prediction performance with 32 hidden units,
resulting in an RMSE value of 1.0244 and an R? value of
0.93802.

After denoising the wind speed data using the SURE
threshold method, an LSTM prediction model was
constructed for one-step prediction, employing a single
input and single output. The analysis, depicted in Fig. 5,
focused on examining the effects of different numbers of
hidden units on wind speed prediction performance. The
results highlighted that the LSTM model attained its
optimal prediction performance with 32 hidden units,
yielding an RMSE value of 1.23634 and an R? value of
0.9102.

Following denoising using the Minmax threshold
method, an LSTM prediction model was established for
one-step prediction, employing a single input and single
output. The investigation, detailed in Fig. 6, aimed to
explore the influence of varying numbers of hidden units on
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Fig. 5 Influence of the number of hidden units on one-step
prediction performance with SURE threshold
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Fig. 6 Influence of the number of hidden units on one-step
prediction performance with Bayesian threshold
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wind speed prediction performance. The results
demonstrated that the LSTM model delivered its optimal
prediction performance with 32 hidden units, yielding an
RMSE value of 1.25289 and an R? value of 0.90554.

The LSTM model’s prediction performance shows
gradual improvement as the number of hidden units
increases, allowing for more effective training and fitting.
However, an excessive number of hidden units can lead to
overfitting, causing fluctuations in prediction performance.
Consequently, for one-step prediction, the optimal number
of hidden units in the LSTM model is determined to be 32.
Additionally, the LSTM model, based on the Bayesian
threshold, outperforms the SURE and Minmax threshold
approaches in terms of prediction performance. The one-
step prediction results of the LSTM model using the
Bayesian threshold are depicted in Fig. 7. As shown in Fig.
7(a), the LSTM model accurately captures the wind speed
trend. Furthermore, Fig. 7(b) demonstrates that the LSTM
model’s predicted wind speed closely aligns with the
measured wind speed, exhibiting minimal error.

3.3 Influence of input numbers for wind speed
prediction

Utilizing the Bayesian threshold denoising method, an
LSTM prediction model was constructed for multi-step
prediction using a multi-input and single-output approach.
In the context of a five-step prediction, the LSTM model
demonstrated its peak performance with 64 hidden units,
resulting in an RMSE value of 0.6454 and an R? value of
0.97555, as illustrated in Fig. 8. Examination of Fig. 8
indicates that as the number of hidden units in the LSTM
model increased from 2 to 64, there was a discernible
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Fig. 7 One-step prediction results of LSTM model with Bayesian threshold
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prediction performance

decrease in the RMSE value alongside a substantial increase
in the R? value. This observation suggests that the number
of hidden units significantly influences the predictive
performance of the model. However, beyond a certain
threshold, further increases in the number of hidden units do
not lead to significant improvements in predictive
performance. This implies the presence of a non-linear
relationship between the number of hidden units and the
model’s predictive performance, characterized by a turning
point. In this investigation, the optimal number of hidden
units was determined to be 64.

For a ten-step prediction, the LSTM model
demonstrated its optimal predictive performance with 128
hidden units, yielding an RMSE value of 0.46523 and an R?
value of 0.98744, as depicted in Fig. 9. Specifically, the
figure illustrates that as the number of hidden units in the
LSTM model escalates from 2 to 128, the RMSE value
decreases rapidly, while the R? value increases significantly.
This pattern indicates that the number of hidden units
notably influences the model’s predictive performance.
However, beyond a certain threshold, augmenting the
number of hidden units does not result in substantial
improvements in the model’s predictive performance.
Hence, a non-linear relationship exists between the number
of hidden units and the model’s predictive performance,
characterized by a threshold. In this specific scenario, the
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Fig. 9 Influence of the number of hidden units on ten-step
prediction performance
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optimal number of hidden units was determined to be 128.
For a twenty-step prediction, the LSTM model
showcased exceptional predictive performance with 256
hidden units, yielding an RMSE value of 0.46523 and an R?
value of 0.98744, as shown in Fig. 10. The figure
unmistakably demonstrates that as the number of hidden
units in the LSTM model increases from 2 to 256, the
RMSE value decreases rapidly, while the R? value increases
significantly. This pattern indicates a substantial influence
of the number of hidden units on the model’s predictive
performance. However, beyond a certain threshold,
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augmenting the number of hidden units does not result in
significant improvements in the model’s predictive
performance. Consequently, a non-linear relationship exists
between the number of hidden units and the model’s
predictive performance, characterized by a noticeable
threshold. In this specific case, the optimal number of
hidden units was determined to be 256.

As expected, there is a noticeable enhancement in wind
speed prediction accuracy as the number of inputs increases,
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attributed to the strong correlation between the subsequent
wind speed and historical wind speed data. Moreover, a
higher number of inputs also corresponds to an optimal
number of hidden units for the LSTM prediction model.
However, it’s crucial to recognize that an increase in the
number of inputs and hidden units results in extended
computational time for both model training and prediction,
as illustrated in Fig. 11. All computations were conducted
on a computer system equipped with an Intel® Core™ i5-
8300H CPU @2.30GHz processor running at 2.30 GHz,
operating on a 64-bit system. Specifically, LSTM model-1,
entailing a one-step prediction of LSTM with 32 hidden
units, necessitated 34 seconds for computation. LSTM
model-2, a five-step prediction of LSTM with 64 hidden
units, demanded 72 seconds. LSTM model-3, involving a
ten-step prediction of LSTM with 128 hidden units, took
200 seconds to compute. Lastly, LSTM model-4, a twenty-
step prediction of LSTM with 256 hidden units, required
577 seconds. Therefore, while emphasizing prediction
accuracy, it’s equally vital to consider the computational
time. Based on these findings, it is advisable to employ
LSTM model-2, encompassing a five-step prediction of
LSTM with 64 hidden units, for wind speed prediction.
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Fig. 12 Five-step prediction results of LSTM model with Bayesian threshold
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Fig. 14 Twenty-step prediction results of LSTM model with Bayesian threshold

The outcomes of the LSTM model’s five-step
prediction, utilizing the Bayesian threshold, are presented in
Fig. 12. Fig. 12(a) clearly demonstrates that the developed
WD-LSTM model effectively anticipates the trend of wind
speed fluctuations, showcasing the model’s ability to
accurately predict wind speed even in the presence of
pronounced random characteristics. Additionally, Fig. 12(b)
delineates the specific disparities between the predicted
wind speed and the actual measured wind speed. The
average wind speed prediction error nearly approximates 0
m/s, with a maximum prediction error of 6 m/s. This is
primarily due to substantial wind speed variations between
the 50th and 150th predictions, underscoring the significant
uncertainty associated with wind speed. While the WD-
LSTM model exhibits relatively larger prediction errors at
certain junctures, overall, the model demonstrates
commendable predictive performance.

The predictions for a ten-step horizon using the LSTM
model based on the Bayesian threshold are depicted in Fig.
13. In Fig. 13(a), it is evident that the developed WD-
LSTM model adeptly captures the wind speed trends,
showecasing its capability to accurately forecast wind speed
even in the presence of substantial random characteristics.
Furthermore, Fig. 13(b) outlines the specific variances
between the predicted wind speed and the actual measured
wind speed. Notably, the average wind speed prediction
error approximates 0 m/s, with a maximum prediction error
of 6 m/s, predominantly occurring between the 50th and
150th predictions, emphasizing the inherent uncertainty
linked with wind speed. While the WD-LSTM model may
display relatively larger prediction errors at specific
instances, overall, the model demonstrates commendable
predictive performance.

The results of the twenty-step wind speed predictions
using the LSTM model based on the Bayesian threshold
approach are depicted in Fig. 14. As illustrated in Fig. 14(a),
it is evident that the developed WD-LSTM model adeptly
forecasts the trends in wind speed changes, showcasing its
capacity to make accurate wind speed predictions, even in
the presence of notable random characteristics.
Furthermore, Fig. 14(b) provides insights into the specific

variations between the predicted wind speed and the actual
measured wind speed. The average wind speed prediction
error hovers around 0 m/s, with the maximum prediction
error reaching 6 m/s, primarily stemming from substantial
wind speed variations between the 50th and 150th
predictions, highlighting the inherent uncertainty associated
with wind speed. Although the WD-LSTM model may
exhibit larger prediction errors at specific instances, overall,
it demonstrates favorable predictive performance. From the
aforementioned case study, it becomes evident that with an
increase in the number of input parameters (one-step, five-
step, ten-step, and twenty-step), the optimal number of
hidden layers also gradually rises. This underscores that in a
multi-input, single-output model, the number of hidden
layers and units significantly influence the predictive
performance of the model.

4. Conclusions

This study introduces the WD-LSTM wind speed
prediction model and investigates the effects of Bayesian
threshold, SURE threshold, and Minmax threshold in WD
on prediction performance. Additionally, the research
explores the impact of varying numbers of hidden units (2,
4, 8, 16, 32, 64, 128, 256, and 512) and inputs (one-step,
five-step, ten-step, and twenty-step) in WD-LSTM on
prediction performance. The proposed WD-LSTM
prediction models, featuring diverse hidden units and
inputs, are validated using SHM data. Furthermore, the
computational time of WD-LSTM prediction models with
different hidden units and inputs is compared. The principal
conclusions derived from the study are as follows:

(1) The proposed WD-LSTM model presents a viable
approach for wind speed prediction and
demonstrates impressive prediction performance, as
confirmed by SHM data.

(2) The LSTM model, utilizing the Bayesian threshold,
surpasses those employing SURE and Minmax
thresholds in terms of prediction accuracy.

(3) Increasing the number of inputs enhances prediction
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accuracy, but it requires more hidden units,
emphasizing the significant relationship between the
wind speed at the next moment and historical wind
speed.

(4) As the number of inputs and hidden units increases,
the computation time for training and prediction of
the WD-LSTM model also increases. Therefore, it is
crucial to consider computation time while ensuring
prediction accuracy.

(5) The future trend and technology of wind monitoring
for large-span bridges will mainly focus on
improving monitoring accuracy, intelligence level,
and effective utilization of data. On the one hand,
developing  high-precision sensor technology
enables more accurate capture of small changes in
parameters such as wind speed and direction,
providing more precise data support for the safety
assessment of bridges. On the other hand, through
big data technology and artificial intelligence
technology, massive monitoring data can be deeply
mined and analyzed to reveal the laws and
characteristics of bridge wind loads.
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