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Abstract

Data loss is a recurring and critical issue in Structural Health Monitoring (SHM) systems,
often arising from a range of factors including sensor malfunction, communication break-
down, and exposure to adverse environmental conditions. Such interruptions in data
availability can significantly compromise the accuracy and reliability of structural per-
formance assessments, thereby hindering effective decision-making in safety evaluation
and maintenance planning. In this study, a novel deep learning-based framework is pro-
posed for data reconstruction in SHM, employing a hybrid architecture that integrates
one-dimensional convolutional neural networks (1D-CNNs) with recurrent neural net-
works (RNNs). By combining these complementary strengths, the hybrid 1D-CNN–RNN
model demonstrates superior capacity for accurate signal reconstruction. A real-world case
study was conducted using vibration data from the Trai Hut Bridge in Vietnam. Five net-
work configurations with varying depths were examined under single- and multi-channel
loss scenarios. The results confirm that the method can accurately reconstruct lost sig-
nals. For single-channel loss, the best configuration achieved an MAE = 0.019 m/s2 and
R2 = 0.987, while for multi-channel loss, a deeper network yielded an MAE = 0.044 m/s2

and R2 = 0.974. Furthermore, the model exhibits robust and stable performance even under
more demanding multi-channel data loss conditions, highlighting its resilience to practical
operational challenges. The results demonstrate that the proposed CNN–RNN framework
is accurate, robust, and adaptable for practical SHM data reconstruction applications.

Keywords: SHM; deep learning; data loss; data reconstruction; hybrid 1D-CNN–RNN

1. Introduction
Large-scale projects are constantly being built and completed with complex structures

and increasing social importance. To ensure the safe and efficient operation of these projects,
SHM systems are often deployed from the early stages of the project [1,2]. The SHM system
has become an essential tool for important projects such as bridges, hydroelectric dams
and large buildings [3]. The SHM system allows early detection of damage and provides
warnings about the condition of the project [4,5]. Based on the analysis results from the
SHM system, management units can easily make decisions on repairing or maintaining the
project [6]. It not only helps ensure safety but also minimises the cost of project repair [7,8].
Thanks to the advantages of the SHM system, projects can extend their lifespan and improve
their performance. By deploying dense sensor networks, SHM systems enable engineers to
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detect damage at an early stage and evaluate structural performance under various loads,
supporting maintenance and rehabilitation decisions [9]. Sohn et al. [10] provided a com-
prehensive review of vibration-based damage detection methods. Farrar and Worden [11]
introduced machine learning methods to enhance automated condition assessment. More
recent studies have extended SHM applications to large-span bridges, using dense sensor
arrays for modal recognition, vibration analysis, and damage localization [12,13].

The effectiveness of any SHM system is strongly dependent on the quality and con-
tinuity of the signals collected by its sensors [14]. Reliable vibration and acceleration
measurements are essential for accurate modal identification, damage detection, and per-
formance assessment [15]. However, issues like sensor failure, power outages, connection
errors, or unfavourable climatic conditions can lead to data loss or corruption. In addition
to interfering with ongoing monitoring, missing data drastically lowers the precision and
dependability of structural assessment findings. The presence of noise, calibration errors,
environmental disturbances, and sensor malfunctions can degrade the fidelity of recorded
signals, leading to inaccurate estimates [16]. Data are more likely to be interrupted due
to power outages, cable breaks, etc. It significantly hinders the ability of SHM systems
to provide consistent and reliable information. Therefore, ensuring the availability of
high-quality sensor signals is a prerequisite for achieving the full potential of SHM [17].
Effective strategies for reconstructing incomplete data are critical to maintaining system
robustness and reliability [1,18].

Recently, a wide range of data reconstruction methodologies has been proposed to
address the problem of missing data in structural health monitoring. Research has devel-
oped many strategies to address the problem of missing/loss data. These strategies can be
divided into three categories: (i) data discarding methods; (ii) Statistical and probabilistic
methods; (iii) Artificial intelligence methods. In the first category, corrupted or incomplete
samples are removed prior to analysis to ensure that only reliable data are used. Such
methods are straightforward and effective when the proportion of missing data is small.
However, when data loss becomes significant, discarding large portions of the dataset
leads to severe information reduction, which can damage bias detection and degrade the
reliability of SHM outcomes. In order to improve the monitoring of structural dynamic
reactions, Chen et al. [19] suggested an outlier elimination technique in which the dataset
was restored and used for monitoring, following the implementation of this technique. Ad-
ditionally, Laencina et al. [20] examined a number of data removal techniques for instances
of inaccurate or missing data, stressing both their benefits and drawbacks. In general, data
reduction techniques lead to decreased reliability and information loss. They work very
well, though, in situations when there is a lot of data and little computing power.

For the second category, these approaches estimate missing values by exploiting
temporal continuity and stochastic properties of the signals. Examples include interpolation
techniques, autoregressive (AR/ARIMA) models, Kalman filtering, Bayesian estimation,
and, more recently, matrix completion and low-rank approximation [21]. Kalman filters
and Bayesian models can incorporate measurement uncertainty and provide recursive
estimates of missing values [22], while matrix completion leverages spatial correlations
across multiple sensor channels to recover large portions of missing data [23]. Although
these methods have a solid theoretical foundation and are efficient in many cases, they
generally assume linearity or stationarity and thus struggle with nonlinear and complex
dynamic responses, particularly when data losses are long, irregular, or involve multiple
channels [20,24]. Probabilistic and Bayesian-based approaches have gained increasing
attention for processing incomplete or uncertain SHM data. These methods formulate
the reconstruction or prediction task as a probabilistic inference problem, where missing
or noisy measurements are treated as random variables with prior distributions. Such
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Bayesian frameworks demonstrate strong potential for SHM applications, particularly
when dealing with sensor data uncertainty and missing measurements [25,26].

The final category focuses on artificial intelligence applications. Artificial intelligence
(AI) systems are able to identify patterns, thereby performing data reconstruction and
accurate predictions through learning from curated time-series data [27]. The quality
and dependability of the rebuilt data are enhanced by the simultaneous capacity of ML
algorithms to handle heterogeneous and noisy data. By automating data processing
operations, such as noise filtering and analysis, ML enables data reconstruction jobs while
increasing efficiency and reducing errors [28,29].

Convolutional Neural Networks (CNNs) have shown remarkable performance in
learning spatially correlated patterns from structural response data. In SHM, 1D-CNN
architectures are capable of extracting local temporal and frequency-domain features
directly from acceleration or strain signals, while higher convolutional layers integrate
these into global representations related to modal behaviour or damage indicators. This
capacity to learn multi-level features without manual preprocessing has made CNNs
highly suitable for vibration-based SHM. Moreover, CNNs can effectively utilise cor-
relations among multiple sensors, which is particularly advantageous in cases of par-
tial data loss or sensor malfunction. Previous studies have demonstrated their success
in applications such as modal identification, anomaly detection, and damage localisa-
tion. For SHM data reconstruction tasks, advanced neural network methodologies, which
constitute the core of modern machine learning, represent some of the most promising
approaches [30,31]. To reconstruct strain measurements for structural health monitoring
(SHM) while considering the influence of temperature effects, Chen et al. [32] proposed
employing a deep learning–autoregressive (DL–AR) approach. Their findings showed that
the suggested model performed well and was accurate. Convolutional neural networks
(CNNs) were presented and used to forecast the long-term strain data of concrete buildings
in a different study [33]. Additionally, Lei et al. [34] described a technique for reconstruct-
ing lost SHM data that makes use of deep convolutional generative adversarial networks.
Nguyen et al. [35–37] used different deep learning techniques to recover accelerometer
sensor data. The results show the potential of DL in the task of sensor data reconstruc-
tion. The capability and effectiveness of deep learning in structural health monitoring
data reconstruction have likewise been demonstrated in numerous further studies [38–40].
Hybrid architectures that combine CNNs with RNNs or attention mechanisms have shown
improved accuracy in other domains, such as traffic flow prediction and physiological
signal reconstruction [41,42], but their application to structural monitoring data recovery
remains relatively unexplored.

One-dimensional convolutional neural networks (1D-CNNs) and recurrent neural
networks (RNNs) are among the most widely used deep learning frameworks for time-
series modelling, including applications in structural health monitoring (SHM) [43]. 1D-
CNNs are particularly effective in extracting local temporal features such as vibration
modes and frequency-related signatures [44–46]. RNNs are capable of capturing long-
range temporal dependencies in structural response signals [47]. Several studies have
demonstrated the potential of 1D-CNNs for vibration-based damage detection and anomaly
classification [45], whereas RNN-based approaches have been successfully applied to
reconstruct missing measurements and predict dynamic responses [48,49]. More recently,
hybrid CNN–RNN models have been introduced to leverage the complementary strengths
of both architectures, achieving improved performance in domains where data are high-
dimensional and strongly time-dependent, including SHM [50].

In recent years, several advanced deep learning architectures have been introduced
across different engineering domains, demonstrating the rapid evolution and versatility of
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AI-based diagnostic and reconstruction methods [51,52]. Attention-guided feature aggrega-
tion networks have been successfully applied to fault diagnosis of servo motor bearings,
where attention mechanisms help emphasise discriminative temporal–frequency features
and improve robustness under noisy operating conditions [53]. Data-driven machine learn-
ing frameworks have been employed for mechanical fault detection in robotic RV reducers
using electrical current signature analysis, showing that AI models can effectively extract
subtle degradation patterns from complex multichannel measurements [54,55]. These stud-
ies highlight a broader trend toward utilizing attention mechanisms, feature aggregation
strategies, and domain-adapted learning frameworks to enhance the accuracy and reliabil-
ity of condition monitoring. Building on these advancements, the present work contributes
to the SHM field by leveraging a hybrid 1D-CNN–RNN architecture for reconstructing
missing acceleration responses, extending the applicability of modern AI models to the
challenge of incomplete structural vibration data.

In addition to fault detection and data recovery, AI has also become a cornerstone
technology in the broader field of Prognostics and Health Management (PHM) [56]. Modern
AI models enable not only the identification of abnormal behaviour but also the prediction
of future degradation trends, remaining useful life (RUL), and system-level health evolution.
Deep learning techniques have recently been applied to the prognostic health management
of robotic strain wave gear reducers, where data-driven frameworks operating under
variable-speed conditions can accurately model degradation trajectories and anticipate
potential failures ahead of time. Such studies demonstrate that AI enhances PHM systems
by providing scalable, self-learning, and real-time diagnostic and prognostic capabilities,
especially in scenarios involving complex dynamics, non-stationary operating conditions,
and high-dimensional sensor data [57]. Motivated by these advancements, the present study
extends AI-driven methodologies to the SHM domain by focusing on the reconstruction
of missing vibration data, an essential prerequisite for reliable monitoring, diagnosis, and
prognostics in large-scale civil structures.

It is also important to note that the proposed data recovery approach operates within
the cyber domain of a cyber–physical SHM system. While deep learning models have
shown great potential for data reconstruction and signal restoration, there is a fundamen-
tal difference between recovering temporarily missing data from existing sensors and
reproducing information from physically absent sensors. The latter is inherently limited
because structural responses that were never measured cannot be fully inferred, particularly
when the missing information is critical for identifying damage. Previous research has
demonstrated that the number and spatial layout of sensors significantly impact the repre-
sentativeness of CNN-based features and the sensitivity of SHM algorithms to structural
changes [58]. Therefore, this study focuses on recovering incomplete or corrupted data
from the available sensor network, assuming that sufficient spatial information remains
within the system.

AI-based models have also been widely adopted in the structural assessment of ad-
vanced materials, particularly laminated composite structures used in aerospace, automo-
tive, and mobility applications. Recent reviews have shown that intelligent computational
methods, including deep learning and hybrid feature-learning frameworks, significantly
enhance damage detection and condition evaluation in composite materials. These stud-
ies highlight that AI plays a central role across diverse SHM and PHM domains, further
motivating the use of data-driven models for reliable health monitoring [59].

In this context, the proposed hybrid 1D-CNN–RNN framework supports the continu-
ity and reliability of measurements in the cyber layer of a cyber–physical SHM architec-
ture [60]. This perspective emphasises that the method complements, rather than replaces,
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the physical sensing infrastructure, ensuring robust data streams for downstream tasks
such as damage detection and modal analysis.

Only a few studies have directly addressed the problem of reconstructing missing
or corrupted signals in structural health monitoring using deep learning techniques. Zhu
et al. [48] developed a VMD- and SSA-enhanced Bi-LSTM approach that restores missing
responses using spatial–temporal correlations among sensors and validated it on both real
and public datasets. Continuous-missing scenarios on bridges have also been explored
with GAN-based imputation frameworks, showing feasibility on real structures [61]. Jana
et al. [62] proposed a CNN combined convolutional autoencoder framework for real-time
sensor fault detection, localisation, and signal reconstruction, demonstrating accurate re-
covery on multichannel systems. Building upon these findings, the present study proposes
a hybrid 1D-CNN–RNN model capable of learning both spatial correlations among sensor
channels and temporal dependencies within vibration sequences. Unlike previous works,
the proposed framework is validated on real-world field data from the Trai Hut Bridge
in Vietnam, considers both single- and multi-channel loss scenarios, and systematically
evaluates five network configurations to identify the most efficient architecture for accurate
signal reconstruction. In this study, several distinctive features are introduced:

- A hybrid 1D CNN–RNN model is proposed for reconstructing missing SHM accelera-
tion data, validated on real bridge monitoring data instead of simulated signals.

- Two practical sensor-loss scenarios—single-channel and multi-channel failures—are
designed to reflect realistic field conditions.

- A systematic evaluation of model depth clarifies how network complexity influences
accuracy and computational efficiency, offering guidance for selecting lightweight or
deep configurations.

- The architecture is optimised for real-time and edge deployment, distinguishing it
from prior CNN–LSTM/BiLSTM models developed mainly for offline analysis.

The remainder of this paper is organised as follows. Section 2 presents the methodol-
ogy of the proposed hybrid 1D-CNN–RNN model, including data preprocessing, network
architecture, and training strategy. Section 3 describes the case study using vibration data
from the Trai Hut Bridge in Vietnam, along with the experimental setup under single- and
multi-channel data loss scenarios. Finally, Section 4 concludes the paper by summarising
the key findings and outlining directions for future research.

2. Methodology
2.1. One-Dimensional Convolutional Neural Network (1D-CNN)

A one-dimensional convolutional neural network (1D-CNN) is a specialised architec-
ture designed to deal with sequential or time-series data. Unlike traditional 2D-CNNs used
for image processing, the 1D-CNN applies convolutional operations along a single spatial
or temporal dimension, making it highly suitable for analysing structural response signals
collected from SHM systems.

In a 1D-CNN, the core operation is the convolution between an input sequence and a set
of learnable filters (or kernels). Given an input time-series signal X = [x1, x2, x3, . . . , xn]

and a filter w = [w1, w2, w3, . . . , wn] of size k, the convolution output at position i can be
mathematically expressed as

si = (X × w)i =
k

∑
j=1

wj × xi+j−1 (1)

where xi is the input value at position i; wj is the weight of the filter at position j; si is
the output (feature) at position i; k is the kernel size. The convolution operation allows



Machines 2025, 13, 1101 6 of 22

the network to automatically detect local patterns or features such as peaks, trends, or
anomalies within the input signal.

2.2. Recurrent Neural Network (RNN)

A Recurrent Neural Network (RNN) is a class of artificial neural networks specifically
designed to process sequential data, where the order and temporal dependencies among
data points are essential. Unlike feedforward neural networks, RNN introduces a recurrent
connection mechanism that allows information to be retained and propagated across
time steps, making them highly suitable for modelling time-series data generated from
SHM systems.

In a typical RNN architecture, at each temporal step t, the network receives an input
vector xt along with the preceding hidden state ht−1 to determine the updated hidden state
ht. This process can be mathematically formulated as

ht = f (Wxhxt + Whhht−1 + bh) (2)

yt = g
(

Whyht + by

)
(3)

where xt denotes the input at time step t; ht represents the hidden state at time step t;
yt signifies the output at time step t; Wxh, Whh, Why correspond to the weight matrices;
bh, by indicate the bias terms; f (.) and g(.) refer to the activation functions (typically tanh
or ReLU).

2.3. Hybrid 1D-CNN–RNN

The hybrid 1D-CNN–RNN model was developed with the aim of simultaneously
taking advantage of the ability to learn local features of the one-dimensional convolutional
neural network (1D-CNN) and the ability to capture temporal dependencies of the recurrent
neural network (RNN). The process of building the model consists of four main stages:
data acquisition, data restructuring, dataset partitioning, and normalisation before training.
Figure 1 shows the implementation process of the proposed method.

In the first stage, raw data are collected from the bridge vibration monitoring system,
mainly in the form of multi-channel acceleration time series. Next, the data are converted
into a proper format. This process includes segmenting the time series into windows of
fixed length, with a defined stride to preserve continuity. Such restructuring helps to unify
the input dimensions, while at the same time creating clear learning samples for the model.
In each window, the masked data segments play the role of targets to be reconstructed
during training.

After being formatted, the dataset is divided into three parts: training, validation,
and testing. The partition ratio can be flexible but usually ensures that most of the data
is used for training, while still keeping a sufficiently large portion for evaluation. This
division helps to control overfitting and accurately reflect the model’s generalization ability
to unseen data.

Before being fed into the model, the data are normalised to eliminate differences in
scale between sensor channels and to improve the stability of the optimisation process.
Subsequently, the standardised data are processed through the 1D-CNN module to derive
localised features. The features obtained from the 1D-CNN are then passed to the RNN
block. Here, temporal dependencies are exploited. The RNN can remember information
from previous steps, thereby enabling the model to reconstruct missing signal segments
based on both local and global contexts.

Thanks to this combination, the 1D-CNN–RNN model not only restores missing data
with high accuracy but also maintains the inherent dynamic structure of the vibration
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signal. It is particularly important in the context of structural health monitoring, where the
reliability and continuity of data are always of top priority.

 

Figure 1. Algorithm implementation diagram.

2.4. Implementation Details

To enhance the reproducibility of the proposed hybrid 1D-CNN–RNN framework, this
section provides detailed information about the data processing, network architecture, and
training procedure. All experiments were implemented in Python 3.10 using TensorFlow
2.12 and Keras libraries. Model training and evaluation were conducted on a workstation
equipped with an Intel Core i9 processor, 32 GB RAM, and an NVIDIA RTX 3080 GPU
(10 GB VRAM) running the Windows 11 operating system.

The acceleration signals collected from the Trai Hut Bridge were segmented into
overlapping time windows of 1024 samples with a stride of 512 samples, forming the
training inputs. Each segment was normalised to zero mean and unit variance to eliminate
scale differences between sensors and improve convergence stability. The dataset was
randomly divided into 70% for training, 15% for validation, and 15% for testing.

To simulate missing data, specific sensor channels were intentionally masked. In the
single-channel loss scenario, the entire signal of one channel was replaced with zeros while
the others remained unchanged. In the multi-channel loss scenario, three channels were
simultaneously replaced with zeros to represent concurrent sensor failures.

To optimise the reconstruction performance, the proposed hybrid 1D-CNN–RNN
model was trained using the Mean Squared Error (MSE) as the objective function. MSE
quantifies the average squared difference between the reconstructed and reference accelera-
tion signals, thereby strongly penalising large deviations and promoting accurate recovery
of both amplitude and temporal characteristics.
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All models were trained using the Adam optimiser with an initial learning rate of
0.001, and the Mean Squared Error (MSE) as the objective (loss) function. The batch size
was set to 50, and training was performed for up to 1000 epochs. Early stopping was
employed with a patience of 50 epochs based on the validation loss to prevent overfitting
and reduce computation time.

The model performance was quantitatively evaluated using the Mean Absolute Error
(MAE) and the Coefficient of Determination (R2) between the reconstructed and reference
signals. Visual inspections of the reconstructed waveforms were also conducted to assess
the model’s capability in preserving both amplitude and phase characteristics. These
combined metrics provide a comprehensive assessment of reconstruction accuracy across
various network configurations and data loss scenarios.

3. Case Study
In this study, the Trai Hut bridge in Yen Bai province, Vietnam, will be used as a case

study (Figure 2). The Trai Hut bridge is built in the area of An Binh and Dong An communes,
Van Yen district, with the starting point connected to Provincial Road 163 (at Km55 + 150) and
the ending point connected to Yen Bai—Khe Sang road (at Km56 + 750). The bridge has a total
length of 277.4 m. It is situated on a grade IV mountainous road, as defined in the Vietnamese
standard TCVN 4054:2005—Road Design Standards [63], which specifies a design speed of
30–40 km/h, with a roadbed width of 7.5 m.

  
(a) (b) 

Figure 2. Trai Hut Bridge: (a) Surface of the bridge; (b) bridge’s overview.

The bridge has a span configuration of 33 + 55 + 90 + 55 + 33 m, a total width of
9.0 m (including an 8.0 m carriageway and two 0.5 m sidewalks), and is designed for HL93
loading in accordance with the 22TCN-272-05 standard [64]. The superstructure consists of
three continuous spans (55 + 90 + 55 m), where piers T2 and T3 are rigidly connected to
prestressed reinforced concrete box girders with straight webs and variable depth ranging
from 5.2 m above the piers to 2.2 m at midspan and girder ends. The bottom flange width
is 5.0 m, and the top flange width is 8.7 m. The approach spans comprise two simple
supported prestressed reinforced concrete I-girders, each 33 m in length, with four main
girders spaced at 2.2 m and 1.65 m in height, topped with a 20 cm cast-in-place reinforced
concrete deck slab with a 2% cross slope for drainage. The vertical alignment follows a
curve of radius 2500 m and length 200.15 m, cresting at the midspan of the 90 m span,
with a longitudinal gradient of 4% sloping towards both abutments. The deck is paved
with a 7 cm asphalt concrete wearing course, with elastomeric bearings and expansion
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joints, complemented by steel guardrails, drainage, and lighting systems. The substructure
comprises reinforced concrete wall-type abutments (M0 and M5) on 1.0 m diameter bored
piles, solid reinforced concrete piers T1 and T4 on 1.0 m diameter bored piles equipped
with movable bearings, and solid reinforced concrete piers T2 and T3 on 1.5 m diameter
bored piles, rigidly connected to the continuous box girder system.

3.1. Bridge Vibration Measurement

An experimental vibration measurement campaign was conducted on the Trai Hut
Bridge, with the sensor layout illustrated in Figure 3. A total of seven sensor positions were
selected to record the structural vibrations of the bridge. The measurements were carried
out under the influence of random loads, including traffic, wind, and other external forces.
The sampling frequency was set at 1651 Hz. All signals from the sensors were transmitted to
the data acquisition station via cable connections, where they were subsequently processed
and displayed using specialised software on a dedicated computer.

 
(a) 

 
(b) 

Sensor 1 Sensor 3 Sensor 4 Sensor 5Sensor 2 Sensor 6 Sensor 7

Sensor 1 Sensor 3 Sensor 4 Sensor 5Sensor 2 Sensor 6 Sensor 7

Figure 3. Data gathering: (a) Measurement grid; (b) Sensor installation.

The sensors employed in this campaign were PCB 353B34 accelerometers. The in-
stallation locations were determined according to the predefined measurement scheme,
after which signal cables were routed to the designated positions. The sensors were then
mounted securely and connected to the data acquisition station. Prior to recording, the
output signals were monitored, and data collection was initiated only once the parameters
had stabilised. The data collection time during the campaign is about 30 min under normal
bridge operating conditions. The station is located at sensor position 3. The sensors are
connected to the measuring station via a signal cable system. The signal cable length is up
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to 100 m, providing coverage of the entire bridge. Upon completion of the measurement
campaign, a dataset comprising vibration responses at the selected locations on the bridge
was obtained to serve the research objectives.

3.2. Single-Channel Sensor Data Reconstruction

To evaluate and verify the effectiveness of the proposed method, data loss scenarios
with different levels will be built and tested. In the first research scenario, the phenomenon
of single-channel data loss is simulated, where a sensor is damaged or stops working.
Specifically, one data channel is intentionally corrupted by assigning all values to 0. The
remaining data channels are kept as they were originally. In the single-channel loss scenario,
the signal from sensor S4, located at the midspan of the main girder, was intentionally
removed to simulate a complete data loss. This sensor was selected because its location
corresponds to the point of maximum vertical acceleration under vehicular loading and
exhibits a strong correlation with neighbouring sensors. Therefore, it provides a repre-
sentative and challenging case for evaluating the model’s ability to reconstruct critical
structural responses.

The input data provided to the 1D-CNN–RNN hybrid model then includes only
information from the non-corrupted channels. The desired output of the network is the data
of the corrupted channel. This approach allows testing the model’s ability to reconstruct
and restore the missing signal from the information of the remaining channels. During
training, the model is trained with 70% of the total collected data blocks. The remaining
data is divided into 15% for testing and 15% for validation.

Network configurations of varying complexity were used to test the selection of the
1D-CNN–RNN architecture. A model that is too simplistic might not be able to extract
complicated nonlinear data; therefore, selecting the right setup is crucial. Overfitting can
easily occur when a model has too many parameters and is too complex. To assess the
impact of model complexity on prediction accuracy, five network configurations were
created using varying numbers of convolutional and fully connected layers (Table 1),
along with adjustments to the number of filters, neurons, and dropout rate. The network
hyperparameters, including the number of convolutional and recurrent layers, kernel sizes,
hidden units, dropout rates, and learning rate, were tuned empirically through grid-based
search using the training and validation subsets. The tuning was aimed at balancing
accuracy and computational efficiency. Five configurations (Table 1) were defined to
progressively increase model capacity from “small” (Config #1) to “very large” (Config #5).
Validation loss (MAE) was used for model ranking. It was observed that larger networks
(>1.5 M parameters) tended to overfit due to limited training samples (only 105 vibration
segments), leading to degraded generalisation. It explains the observed “misbehaviour” of
deeper configurations, which fit the noise rather than the structural correlation patterns.

Table 1. Details of tested network configurations.

Configuration CNN Layers Filters Per CNN Layer RNN Layers Units Per RNN Layer Dropout

Small (Config 1) 3 32–64–128 2 64–32 0.2

Medium-1 (Config 2) 3 64–128–256 3 128–128–64 0.2

Medium-2 (Config 3) 4 64–128–256–256 3 256–128–64 0.30

Large (Config 4) 4 64–128–256–512 3 256–128–64 0.3

Very-Large (Config 5) 5 64–128–256–512–512 4 512–256–128–64 0.35

The network configuration is used along with the ReLU activation function. The
model is trained using the Adam optimisation algorithm with an initial learning rate of
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0.001. The mean squared error (MSE) serves as the objective function. Training is conducted
over 1000 iterations (epochs) with a batch size of 50. Following the training of various
network configurations, Figure 4 displays the datasets’ convergence curve in the single
damage situation. For clarity, only the first 400 epochs are displayed, as the loss values
remain nearly constant afterwards.

 
(a) 

 
(b) 

Figure 4. Cont.
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(c) 

Figure 4. Loss curve during training: (a) Training set; (b) Testing set; (c) Validating set (Single
data loss).

In the initial epochs, loss rapidly decreases for all configurations. In particular, Con-
figuration 1 begins to converge and gets closer to 0 after 93 epochs. After 158 epochs,
Configuration 2 begins to converge and gets closer to 0. Following the initial phase, the
training process’s convergence is reflected in the loss levels, which progressively stabilise.
The models that converge and get closest to 0 are those with configurations 1 and 2. The
models that converge the most from 0 are those with configuration 5. Particularly on the
test and validation sets, the Large and Very Large configurations exhibit higher loss values
than configurations 1 and 2, and their gap is more than the training loss.

The Mean Absolute Error (MAE) values for the five assessed network configurations
are displayed in Figure 5 for the training, testing, and validation sets. In all three datasets,
the MAE gradually rises from Configuration 1 to Configuration 5. According to this pattern,
the more intricate designs (Configurations 3–5) are more likely to overfit and have a harder
time generalising to unknown data. With just slight variations across the training, testing,
and validation sets, the MAE for Configurations 1 and 2 stays low. It indicates strong
generalisation and consistent performance. Configurations 3, 4, and 5, on the other hand,
exhibit noticeably greater MAE values, particularly on the validation set. Therefore, tiny
profiles provide improved damage identification for single damage cases.

Figure 6 compares the reconstructed responses under the single-channel missing data
scenario for different network configurations. Across all settings, the hybrid 1D-CNN–RNN
model is able to reproduce the general waveform of the original signal, capturing both the
amplitude and phase characteristics. However, clear differences appear among configura-
tions: the smaller networks (Config. 1–2) provide reconstructions that are smoother and
closer to the reference, whereas larger networks (Config. 4–5) show slight distortions and
deviations, particularly at local peaks. It indicates that, when the loss of information is
limited to one channel, excessive model complexity is not beneficial and may even intro-
duce artifacts due to overfitting. In such cases, compact configurations are more effective,
balancing accuracy and stability while requiring fewer computational resources.
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Although the visual differences in Figures 5 and 6 may appear pronounced, par-
ticularly for Configurations 3 to 5, the quantitative reconstruction errors (MAE) remain
within 4–7%. This apparent discrepancy primarily arises from the vertical scaling of
the plots: small amplitude deviations are visually magnified when the signals are nor-
malised and plotted within a limited range. The MAE values were computed based on
normalised acceleration data over the entire time sequence, which averages out local devia-
tions. Therefore, the numerical results and visual observations are consistent, confirming
that the hybrid 1D-CNN–RNN framework maintains good reconstruction accuracy even for
higher-capacity models.

 

Figure 5. Mean Absolute Error (MAE) of configurations (Single data loss).

 

 

Config 1

Config 2

Figure 6. Cont.
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Figure 6. Data reconstructed from different configurations (Single data loss).

3.3. Multi-Channel Sensor Data Reconstruction

Following the assessment of the model in the context of single-sensor data loss, the
investigation was subsequently broadened to consider the scenario involving the loss of
multiple sensors. In this setting, the number of corrupted sensors was increased, leading
to a reduction in the available input data and a corresponding increase in the amount
of output data to be reconstructed. Specifically, a scenario involving the failure of three
sensors was considered, in which their signals were set to zero, while the remaining sensors
were preserved in their original state. In the multi-channel loss scenario, the signals from
sensors S1, S2, and S4, positioned consecutively along the main span, were simultaneously
removed. The network configurations were established in the same manner as in the
single-sensor loss case. The training results for this scenario are presented in Figure 7. For
clarity, only the first 400 epochs are displayed, as the loss values remain nearly constant
afterwards for all configurations.

Figure 7 illustrates the convergence behaviour of the proposed networks under the
multiple-channel data loss scenario. In all three subsets (training, testing, and validation),
the loss decreases sharply during the initial epochs, indicating that the networks rapidly
capture the underlying data patterns. After this steep decline, the curves gradually stabilise,
reflecting convergence toward optimal solutions. When comparing different configura-
tions, the larger networks (Configs 4 and 5) achieve lower final loss values than smaller
configurations, demonstrating superior reconstruction capability under challenging data
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loss conditions. Conversely, the smaller networks (Configs 1 and 2) converge more quickly
but exhibit higher residual errors, suggesting limited representation capacity. Another
observation is the consistency between the testing and validation curves, which closely
follow the training trend without significant divergence. This behaviour indicates that the
models maintain strong generalisation performance and are not severely overfitted, even
in the multi-sensor loss scenario. The results confirm that increasing network depth and
capacity enhances the robustness and accuracy of data recovery, particularly when multiple
channels are corrupted.

 
(a) 

 
(b) 

Figure 7. Cont.
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(c) 

Figure 7. Loss curve during training: (a) Training set; (b) Testing set; (c) Validating set (Multiple
channel loss).

Although the training process was configured with a maximum of 1000 epochs, the
convergence curves presented in Figures 4 and 7 show that the networks typically sta-
bilised after approximately 350–400 epochs. This behaviour is a direct consequence of
the characteristics of SHM vibration data. The temporal patterns are highly consistent,
and the training set contains a limited number of vibration segments. The model requires
a relatively long optimisation phase to refine the reconstruction of fine-scale dynamic
features, particularly in deeper configurations. Nevertheless, the actual computational
burden is effectively controlled using an early-stopping mechanism with a patience of
50 epochs. In practice, training automatically halts when the validation loss stops improv-
ing. This prevents unnecessary computation beyond the point of convergence. For most
configurations, early stopping terminated the training process close to the 350–400 epoch
range. It confirms that the model does not exhaust the full 1000-epoch limit. This validation
mechanism ensures that computational resources are utilised efficiently while still allowing
the network sufficient iterations to achieve stable and accurate reconstruction performance.

Figure 8 presents the MAE values of five different network configurations on the
training, testing, and validation datasets. It can be observed that the smaller configurations
(Config 1 and Config 2) yield relatively high errors, around 0.07 and 0.085, respectively. It
reflects their limited capability in reconstructing signals when the number of layers and
hidden units is restricted. In contrast, more complex configurations (Configs 3, 4, and 5)
demonstrate superior performance, with MAE values reduced to below 0.05. Among them,
Configs 4 and 5 achieve the lowest and nearly equivalent error levels, suggesting that once
the depth of CNN–RNN layers and the number of parameters reach a certain threshold,
model performance tends to stabilise without significant further improvement. It is also
noteworthy that the differences among the three datasets (training, testing, and validation)
are minimal across all configurations. It indicates that the networks stably learned the
underlying features and maintained good generalisation ability, with no significant signs
of overfitting.
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Figure 8. Mean Absolute Error (MAE) of configurations (Multiple channel loss).

Figure 9 illustrates the reconstructed acceleration responses when three sensor chan-
nels were simultaneously removed and recovered using Configuration 5. The reconstructed
signals closely follow the original responses in both amplitude and phase, capturing
the dominant dynamic patterns of the bridge. Although minor discrepancies remain in
certain high-frequency components, the overall agreement confirms that the proposed
hybrid 1D-CNN–RNN is able to exploit correlations across the remaining channels to
restore physically meaningful responses even under severe multi-sensor loss. The results
also demonstrate that a deeper configuration (Config. 5) provides sufficient representa-
tional capacity to model the complex dependencies required for multi-channel recovery,
without producing unstable artifacts or unrealistic oscillations. This finding suggests
that the proposed approach is reliable for practical SHM scenarios in which several sen-
sors may fail simultaneously, thereby ensuring continuity of vibration monitoring and
structural assessment.

The results from Figures 6 and 9 highlight the dependence of model performance on the
extent of sensor loss. When only a single channel is missing, smaller configurations achieve
reconstructions that are closer to the reference, showing that compact networks are sufficient
and less prone to overfitting. In contrast, under multi-channel loss, a deeper configuration
(Config. 5) is required to capture the complex inter-channel correlations and to restore
realistic responses. This comparison emphasises that model selection should be adaptive to
the severity of data loss: lightweight architectures are preferable for isolated sensor failures,
while larger networks are justified when multiple sensors are simultaneously unavailable.

Compared with recent studies on signal reconstruction in SHM, the proposed hybrid
1D-CNN–RNN achieves comparable or superior accuracy with fewer parameters and
faster convergence. These results demonstrate that the method is competitive with state-
of-the-art deep learning approaches and suitable for practical SHM applications, where
computational efficiency and model generalisation are crucial.

To further validate the effectiveness of the proposed hybrid 1D CNN–RNN architec-
ture, several baseline models were implemented for comparison, including a pure CNN, a
pure RNN (GRU-based), and traditional reconstruction algorithms such as linear interpo-
lation and autoregressive (AR) models. These baselines were designed with comparable
parameter sizes to ensure a fair evaluation.
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Sensor 2

Sensor 4

Figure 9. Data is reconstructed from configuration 5.

The proposed hybrid CNN–RNN consistently achieved the best reconstruction accu-
racy across both single-channel and multi-channel missing-data scenarios. Specifically, the
hybrid model reduced the mean absolute error (MAE) by approximately 25–30% compared
with the pure CNN and RNN models in the single-channel loss case, and by up to 40–50%
under multi-channel loss conditions. Traditional interpolation and AR methods exhibited
significantly larger errors, confirming their limited ability to capture nonlinear temporal
and spatial dependencies among sensors.

These findings demonstrate that combining convolutional feature extraction with
recurrent temporal modelling provides a clear advantage for structural health monitor-
ing applications. The proposed CNN–RNN framework not only improves reconstruc-
tion accuracy but also maintains computational efficiency suitable for near–real-time
field deployment.

Although the proposed hybrid 1D CNN–RNN model demonstrates strong perfor-
mance in reconstructing missing SHM data, several limitations and practical considerations
should be acknowledged:

- Dependence on training data: The model is trained using field data from a single
bridge. While this ensures realistic noise and environmental conditions, it may limit
generalisation to other structures or sensor layouts without additional transfer learning
or re-training.
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- Computational requirements: Although the proposed CNN–RNN remains relatively
lightweight, training still requires GPU acceleration. On-site or edge deployment
would benefit from model compression, pruning, or quantisation to reduce latency
and memory usage.

- Potential overfitting risks: Despite early stopping and dropout layers, deeper config-
urations may still overfit limited SHM datasets. Expanding the dataset to multiple
bridges or environmental conditions will be essential for robust generalisation.

4. Conclusions
This study proposed a hybrid 1D-CNN–RNN framework to reconstruct missing struc-

tural health monitoring (SHM) data, with application to acceleration responses measured
on the Trai Hut Bridge. By simulating both single-channel and multi-channel data loss,
the model performance was systematically examined under different network configura-
tions. The results showed that compact configurations were sufficient to recover accurate
responses when only one sensor was missing, while deeper networks provided superior
reconstructions in the more challenging case of multi-sensor loss. In both scenarios, the
reconstructed signals closely followed the original measurements in amplitude and phase,
indicating that the proposed method can maintain the fundamental dynamic behaviour of
the structure. The key contributions of this research can be summarised as follows:

(1) Developed a 1D-CNN–RNN model that combines local feature extraction with tem-
poral dependency learning for reconstructing missing SHM data.

(2) Investigated the effects of single-channel versus multi-channel data loss using multiple
network configurations, providing insights into the relationship between model size
and recovery performance.

(3) Applied and validated the proposed framework on real acceleration measurements
from the real bridge case study, demonstrating practical feasibility for large-scale
SHM systems.

(4) A real-world case study was conducted using vibration data from the Trai Hut Bridge
in Vietnam. Five network configurations with varying depths were examined under
single- and multi-channel loss scenarios. The results confirm that the proposed method
can accurately reconstruct lost signals. For single-channel loss, the best configuration
achieved an MAE = 0.019 m/s2 and R2 = 0.987, while for multi-channel loss, a deeper
network yielded an MAE = 0.044 m/s2 and R2 = 0.974.

(5) Highlighted that compact models are more effective for isolated sensor failures, while
deeper networks are advantageous when multiple sensors fail simultaneously.

Future research may extend the framework to other bridge types and operating
conditions, integrate physics-informed constraints, and develop adaptive strategies that
automatically adjust network capacity according to the severity of sensor loss.
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