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Abstract. The loss of monitoring data can affect the accurate assessment of
bridge structural performance, making it necessary to reconstruct the missing
monitoring data. Modern health monitoring systems are characterized by big
data, and deep learning models are generally capable of handling large-scale
data, making them highly efficient in addressing the problem of missing
monitoring data. Therefore, this study presents an approach that utilizes the
Bi-LSTM neural network to reconstruct missing bridge monitoring data. The
employed network consists of forward LSTM layers and backward LSTM
layers, enhancing the network's predictive capability and accuracy by
simultaneously considering the forward and backward information of the
sequence. This paper aims to use incomplete multi-channel sensor data as input
and employ the Bi-LSTM network to capture the spatiotemporal correlations
between the data, ultimately outputting complete multi-channel sensor data.
The experiment uses data from The 3rd International Competition for Structural
Health Monitoring(IC-SHM 2022), designing various missing conditions to
verify the effectiveness of the suggested reconstruction method. Experimental
outcomes demonstrate that a network trained with only one type of missing
scenario can still perform well under other missing scenarios. Furthermore,
U-Net is introduced as a comparison network to additionally verify the
efficiency of the proposed approach.

Keywords: Health Monitoring, Data Reconstruction, Bi-LSTM, U-Net, Deep
Learning

1 Introduction

Since the 1980s, Structural Health Monitoring (SHM) has been widely applied in
practical engineering as a crucial technology for monitoring and maintaining civil
engineering structures [1]. SHM systems continuously monitor different kinds of
sensors, generating a large amount of information about the structural condition [2].
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In reality, the service environment of bridges is often harsh, with various problems
occurring over the years, such as material corrosion by seawater, vibrations caused by
typhoons, and fatigue cracks induced by traffic loads [3]. SHM systems, being
exposed to outdoor working environments for long periods, can easily experience
sensor aging, power depletion, and attacks from harsh conditions. Therefore, data loss
has emerged as the most frequent issue in the operation of SHM systems, severely
hindering the reliability of the monitoring systems [4]. Multiple approaches for
evaluating structural conditions depend on comprehensive monitoring data. [5]; thus,
reconstructing the lost structural responses is essential.

In recent years, with the advancements in parallel computing and the development
of deep learning [6], deep learning-based models have found success in a broad
spectrum of applications across different research areas, including computer vision,
speech and audio recognition, and SHM. Deep learning methods can automatically
discover features in data through multi-level feature learning and representation
learning, thereby better adapting to different data distributions and complexities.
Given the big data characteristics of the current health monitoring field, deep learning
methods can generally improve model generalization by training on large-scale data.
Therefore, deep learning techniques have been extensively utilized to reconstruct
missing data in the field of structural health monitoring. Li et al. [7] presented a
convolutional neural network with auto-encoding and skip connections for
reconstructing the full-field response of structures. Lei et al. [8] presented a GAN
network based on deep convolution for reconstructing missing SHM data. Tang et al.
[9, 10] combined compressed sensing with neural networks to recover continuously
missing data segments.

Despite the significant progress made by many deep learning-based methods in
data reconstruction tasks, there are still some challenges and limitations. For example,
most current research focuses on recovering missing single-channel or multi-channel
data based on complete multi-channel data, with limited studies on reconstructing
randomly missing data. Therefore, this paper presents a Bi-LSTM network-based
framework for data reconstruction, designing various randomly missing conditions. In
the experiments, the network is trained on only one missing condition and then
directly applies the reconstruction tasks to all missing conditions. The reconstruction
results are compared using the U-Net network, demonstrating that the proposed
method has good applicability and reconstruction accuracy for recovering lost
acceleration measurements in bridge health monitoring.

The subsequent sections are as follows: Section 2 describes the basic architectures
of the Bi-LSTM network and the U-Net network; Section 3 uses data from The
3rd International Competition for Structural Health Monitoring (IC-SHM 2022 [11])
project 3 (references [7, 8]) to confirm the proposed method's efficacy and precision
in data reconstruction tasks; Section 4 outlines the reconstruction results and
examines the factors influencing reconstruction accuracy; Section 5 illustrates the
study's findings and conclusions.
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2 Methodology

2.1 Problem Definition

Unlike traditional time series prediction problems, the data reconstruction studied in
this paper does not predict the next stage of the time series based on a complete time
series. Instead, it uses a multi-channel incomplete sequence to reconstruct all lost data
points in the incomplete sequence through the spatiotemporal correlations between
them. In the following reconstruction experiments, we utilized acceleration data
collected from five sensors positioned at various locations on the same bridge during
the same period as experimental data. To fully simulate the random loss of sensor data
in real life, this study presents a T Cmask  to construct multi-channel incomplete
inputs that meet the experimental requirements, where T represents the sequence
length and C denotes the quantity of channels. Depending on whether the data point
Xij is missing, each mask matrix is defined as a random Boolean matrix composed
only of the numbers 0 and 1, with the mask values determined by the following
formula:

0 if   is a missing point
=

1 if   is an intact point
ij

ij
ij

X
mask

X




，

，
(1)

where Xij represents the data value of the j-th channel at the i-th time step, and maskij
is the corresponding mask value. As depicted in Fig. 1, the process of reconstructing
the missing data is illustrated.

Fig. 1. Lost data recovery flow chart

In this experiment, the original data is segmented into multiple samples using a
window sampling method. Each sample is multiplied by the mask matrix to obtain the
required missing sample XR as the network input. Finally, the spatiotemporal
correlations between channels are utilized to complete the reconstruction task of the
missing data points.
2.2 Bi-LSTM and U-Net

The Bi-LSTM network consists of a series of LSTM cells. As depicted in Fig. 2, each
LSTM cell includes an input gate, a forget gate, and an output gate. By inputting the
hidden state and cell state from the previous time step, along with the current time
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step data, the LSTM cell outputs the current cell state and hidden state.

Fig. 2. LSTM Cell Architecture

The output tf of the forget gate can be obtained by the following formula:
1( [ , ] )t f t t ff W h x b    (2)

where Wf, bf, ht-1, and xt are respectively the weight matrix, bias matrix, hidden state of
the LSTM cell at the (t-1)-th time step, and input to the LSTM cell at t-th time
step. ( )  represents the sigmoid activation function.

The activation value of the input gate ti and the candidate value vector  tC are
obtained by the following:

1i ( [ , ] )t i t t iW h x b    (3)


1tanh( [ , ] )t c t t cC W h x b   (4)
where Wi, bi, Wc, and bc are respectively the weight matrices and bias matrices for the
input gate and the tanh layer. tanh( ) represents the hyperbolic tangent function.

The cell state tC at t-th time step is obtained through the following:


1t t t t tC f C i C   (5)
where 1tC  is the cell state at (t-1)-th time step, tC is the candidate value vector at t-th
time step, and represents the Hadamard product.

The output to , which represents the output of the output gate, and the hidden
state th at t-th time step, are calculated as follows:

1( [ , ] )t o t t oo W h x b    (6)

tanh( )t t th o C  (7)

where Wo and bo are respectively the weight matrices and bias matrices for the output
gate

The Bi-LSTM accomplishes time series prediction tasks by running two
independent LSTM layers in both forward and backward directions over the input
sequence. Its output yt at time t can be calculated using the following formula:

1( , )t f t th lstm h x
 

(8)
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1( , )t b t th lstm h x
 

(9)

[ , ]t tt y yy w h h b 
 

(10)
where ( )flstm  represents the forward propagation layer, ( )blstm  represents the
backward propagation layer, Wy and by are respectively the weight matrix and bias
matrix of the output layer.

The name U-Net originates from its unique network structure, which resembles the
letter "U". It features a symmetric encoder and decoder. The encoder down-samples
the incomplete data using convolutional and pooling layers, compressing and
extracting essential features. The decoder gradually restores the incomplete input to a
complete output through convolutional layers and upsampling operation. The encoder
and decoder are connected through skip connections to retain more detailed
information.
2.3 Loss function and evaluation metrics

During the neural network training phase, the mean squared error (MSE) serves as the
loss function. By minimizing the MSE, the network parameters are adjusted to align
the reconstruction results with the true values, thus enhancing the model's
reconstruction performance.

During the model performance testing phase, MSE, mean absolute error (MAE),
and the coefficient of determination (R2) are utilized to assess the quality of the
reconstruction. The formulas for MSE, MAE, and R2 can be defined in the follows:

2

1

1 ˆ( )
k

i i
i

MSE y y
k 

  (11)
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(13)

where k, yi, ˆ ,iy and y represent the number of data points, the true values, the
reconstructed values, and the mean of the true values, respectively.

3 Experimental Verification

3.1 Basic Information

In this section, the efficacy and robustness of the introduced model for data
reconstruction tasks are confirmed with the data from IC-SHM 2022 project 3, which
is organized by the Asia-Pacific Network of Centers for Research in Smart Structures
Technology (ANCRiSST), Tongji University, Harbin Institute of Technology, and the
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University of Illinois at Urbana-Champaign. Project 3 in the competition involves
research on the problem of missing data reconstruction. Fig. 3 shows the experimental
bridge used in the competition, with the image sourced from the competition's official
website. The bridge consists of three continuous spans, with the central span
measuring 10 meters and the two adjacent spans measuring 6 meters each. Utilizing
this bridge, Xia et al. conducted research on issues such as structural damage
detection [12] and modal parameter identification [13]. Fig. 3 illustrates the locations
of the five acceleration sensors mounted on the bridge. In this experiment, the
acceleration data of vertical vibrations in the bridge's vertical plane, subjected to
various excitation conditions, is utilized as the experimental dataset.
3.2 Data Preparation

"data_clean.mat" is an acceleration dataset collected by five sensors over the same
period, after denoising. It contains a total of 5,000,000 (5×1,000,000) data points,
with a sampling frequency of 100Hz. Using short-time Fourier transform (STFT), it
was found that the data frequency of all sensors falls between 0 and 50Hz. The last
peak in the frequency domain of sensors 1, 2, and 3 is located at 35Hz, while the last
peak in the frequency domain of sensors 4 and 5 is located at 25Hz. To improve signal
quality and extract key features, a low-pass filter set at a cutoff frequency of 35Hz
was used to filter the original data. The first 500,000 (5×100,000) data points from the
filtered dataset were used for training and evaluation. The dataset was partitioned into
three segments: 70% for training, 10% for validation, and 20% for testing, with no
overlap between them. The data was then segmented, with each sample containing
1,280 (256×5) data points. The training set is represented as:

 1 2 3 4 70000,, , , , TX x x x x x  (14)

where  ,1 ,2 ,3 ,4 ,5 1,2 ,3, ,7000   0i i i i i ix a a a a a i  （ ）represents the acceleration data

from five sensors at time i.

Fig. 3. Model layout and sensor placement
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The window sampling method was employed to create the training, validation, and
test sets, utilizing a window size of 256 and a step size of 1. This resulted in 69,745
training samples, 9,745 validation samples, and 19,745 test samples.

To improve the model's convergence speed and mitigate the effect of gradient
vanishing or exploding, the dataset needs to be standardized. Standardization is a
linear transformation of the data, which eliminates the differences between different
features without changing the data distribution. The formula for data standardization
is as follows:

,std , [1, ], [1, ]ij j
ij

j

x
x i T J C





   (15)

where Xij, std represents the normalized data, Xij represents the data before
normalization, j and j respectively denote the mean and variance of
the J-th channel.
3.3 Model Training and Validation

In real life, the loss of sensor data is independent and random, resulting in various
types of data loss scenarios. To reflect this in our experiment, we designed five
different missing conditions by varying the packet loss rate, which are 10%, 30%,
50%, 70%, and 80%. The packet loss locations are independent and random.

To comprehensively verify the efficacy and generality of the proposed
reconstruction method, the network was trained using only the condition with a 60%
packet loss rate. The trained network was then directly applied to all subsequent
reconstruction tasks involving the five missing conditions mentioned above. The
networks mentioned in the paper were trained with Adam (Adaptive Moment
Estimation) as the optimizer. The learning rate started at 0.001 and decreased
incrementally through exponential decay during training. The parameter
configurations of the Bi-LSTM and U-Net networks are listed in Table 1.

Table 1. Neural network hyperparameter configuration

Networks Bi-LSTM U-Net
Learning rate 0.001 0.001

Batch size 16 16
Dropout 0 0

Number of lays 2
Down:3

Up:3
Number of neurons (one lay) 512 ——

Convolution kernel size —— 3×3
Number of convolution (different lays) —— 64,128,256,512

Padding size —— 1×1

The computer configuration used in this paper includes an Intel(R) Core(TM)
i7-13700KF CPU, an NVIDIA GeForce RTX 4060Ti GPU, and 32GB of memory. As
shown in Fig. 4, the loss curves obtained from training the Bi-LSTM and U-Net
networks under the random missing condition with a 60% packet loss rate indicate
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that the training performance of U-Net is relatively better.

Fig. 4. Bi-LSTM and U-Net training loss curve

4 Results and Discussion

4.1 Reconstruction Results

The trained Bi-LSTM and U-Net networks were directly used to reconstruct the five
missing conditions mentioned above, which include random missing conditions with
packet loss rates of 10%, 30%, 50%, 70%, and 80%. The data loss between sensors is
independent and random. Fig. 5 shows the comparison between the reconstructed
responses and the true responses using Bi-LSTM for random missing conditions with
packet loss rates of 10%, 50%, and 80%. From top to bottom, the packet loss rate
gradually increases. The reconstruction results for the first 256 points of channel 1 are
used as an example. The reconstruction metrics for all missing conditions are shown
in Table 2, and the values obtained are for all five sensors.

(a)

(b)
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(c)

Fig. 5. Reconstruction results at different packet loss rates (demonstrated using Channel 1)

Table 2. Comparison of reconstruction performance indicators of each channel under different
packet loss rates of random deletion

Network Bi-LSTM U-Net

L C MAE MSE R2 MAE MSE R2

10%

1
2
3
4
5

0.0059
0.0094
0.0065
0.0091
0.0055

0.0007
0.0021
0.0008
0.0022
0.0006

0.9992
0.9980
0.9992
0.9980
0.9993

0.0156
0.0129
0.0156
0.0141
0.0148

0.0036
0.0029
0.0036
0.0031
0.0033

0.9965
0.9972
0.9966
0.9970
0.9969

30%

1
2
3
4
5

0.0210
0.0410
0.0227
0.0455
0.0181

0.0032
0.0121
0.0033
0.0129
0.0021

0.9964
0.9884
0.9964
0.9883
0.9975

0.0472
0.0400
0.0470
0.0435
0.0454

0.0113
0.0095
0.0111
0.0104
0.0105

0.9891
0.9907
0.9894
0.9900
0.9900

50%

1
2
3
4
5

0.0456
0.0954
0.0491
0.0904
0.0369

0.0093
0.0423
0.0100
0.0431
0.0056

0.9894
0.9591
0.9891
0.9598
0.9931

0.0838
0.0786
0.0829
0.0843
0.0792

0.0223
0.0234
0.0215
0.0258
0.0198

0.9784
0.9770
0.9795
0.9751
0.9813

70%

1
2
3
4
5

0.0958
0.2153
0.1059
0.1976
0.0772

0.0289
0.1425
0.0339
0.1299
0.0187

0.9669
0.8598
0.9623
0.8747
0.9771

0.1398
0.1682
0.1410
0.1733
0.1288

0.0467
0.0826
0.0474
0.0848
0.0394

0.9534
0.9190
0.9536
0.9170
0.9620

80%

1
2
3
4
5

0.1460
0.3255
0.1651
0.2896
0.1220

0.0564
0.2767
0.0710
0.2275
0.0405

0.9350
0.7291
0.9212
0.7779
0.9511

0.2009
0.2693
0.2051
0.2675
0.1855

0.0893
0.1901
0.0938
0.1797
0.0764

0.9121
0.8185
0.9090
0.8263
0.9271

As shown in Fig. 5, even with a random packet loss rate as high as 80%, the
Bi-LSTM network still achieves good reconstruction accuracy. The data in Table 2
also demonstrate that both networks exhibit reliable performance in the random
missing reconstruction task. When the packet loss rate does not exceed 50%, the
reconstructed response is almost indistinguishable from the true response. At high
packet loss rates of 70% and 80%, although the reconstruction quality declines, the
networks still maintain a certain level of reconstruction quality, indicating that these
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networks possess a certain robustness to data loss. Overall, the Bi-LSTM network
outperforms the U-Net network in reconstruction performance.
4.2 Discussion

In practical application, sensor data is generally transmitted in packets, with the count
of data points in a packet referred to as the packet size. The previously mentioned
random missing conditions all had a packet size of 1. In this section, we design
random missing conditions with packet sizes of 1, 2, 4, 8, and 16, and packet loss
rates of 10%, 30%, 50%, 70%, and 80% to further study the impact of different packet
sizes on data reconstruction. The MSE loss and R2 scores obtained from the
reconstructions are depicted in Fig. 6 and Fig. 7, respectively, using the Bi-LSTM
network trained earlier.

Fig. 6. MSE values ​ ​ of random missing
under different packet sizes

Fig. 7. R2 Score ​ ​ of random missing
under different packet sizes

It can be observed in the figures that when the packet loss rate is 10%, the packet size
has little impact on reconstruction performance. However, as the packet loss rate
continually increases, the impact of packet size on reconstruction performance
becomes more significant. This indicates that at higher packet loss rates, packet size
becomes an important factor affecting the reconstruction results.

5 Conclusion

This paper presents a reconstruction approach based on the Bi-LSTM model for
reconstructing missing bridge acceleration responses. By introducing a mask matrix to
simulate random missing conditions at different packet loss rates, the dataset from
IC-SHM 2022 project 3 was utilized to confirm the suggested method. By comparing
the reconstruction results with those of the U-Net network, we further evaluated the
method's performance.

Experimental results show that even with a random packet loss rate as high as 80%,
the reconstruction R² scores for channels 1, 3, and 5 still reached 0.92, with the
highest being 0.95. This demonstrates the robustness of the Bi-LSTM method under
high packet loss rates. By analyzing the reconstruction results under different packet
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sizes and random missing conditions, we found that packet size significantly affects
reconstruction performance, especially at high packet loss rates. Specifically, while
smaller data packets can improve reconstruction accuracy, they increase transmission
cost and reduce transmission efficiency. Larger data packets can improve transmission
efficiency and reduce processing requirements, but they may affect reconstruction
accuracy. Therefore, this finding indicates that selecting an appropriate packet size is
crucial for optimizing reconstruction performance and enhancing system robustness
when designing data transmission and processing systems.
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