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Structural health monitoring (SHM) systems contribute significantly to 
ensuring the safety of construction works. However, in reality, data loss 
often occurs due to many different reasons. A unique hybrid deep 
learning-based method for recovering sensor data in structural health 
monitoring (SHM) is presented in this research. The suggested 
technique accurately reconstructs missing or corrupted sensor data by 
utilizing the advantages of both Convolutional Neural Networks (CNN) 
and Recurrent Neural Networks (RNN). While the RNN models time 
dependencies to recover the missing sequences, the CNN pulls 
important patterns from the data. The method's great accuracy in 
recovering sensor data, even under complex circumstances, is proven 
using case study real-world bridge monitoring data. The steps taken 
and the analysis of the results are clearly stated in the study. According 
to the results, the CNN-RNN combination performs better than 
conventional techniques and provides notable reliability gains for SHM 
applications. Future studies will try to improve the model even further 
and investigate how it may be used to a variety of sensor data and 
structural types.  

Keywords 
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1. Introduction 
Structural Health Monitoring (SHM) plays a crucial role in ensuring the safety, longevity, and performance of 
bridge structures [1]−[3]. Bridges are exposed to various effects, including traffic loads, environmental conditions, 
and natural aging, which can lead to wear, damage, or even failure over time [4], [5]. SHM provides continuous 
monitoring of these structures through sensors that collect real-time data on parameters such as strain, vibration, 
and displacement. By analyzing this data, engineers can detect early signs of structural degradation, assess the 
health of the bridge, and implement timely maintenance or repairs [6]. This proactive approach not only enhances 
the safety of the bridge but also reduces maintenance costs and extends the lifespan of the structure by preventing 
catastrophic failures. In essence, SHM is a vital tool in modern bridge engineering, contributing to the reliability 
and sustainability of critical infrastructure [7], [8]. 

Sensor data plays a central role in SHM systems, particularly for critical infrastructure such as bridges, 
skyscrapers, and civil infrastructure. Sensors installed on structures are responsible for continuously recording 
and transmitting information about essential factors such as vibrations, loads, displacements, deformations, 
temperatures, and pressures [9]. This data provides a comprehensive and detailed view of the current state of the 
structure, enabling the SHM system to accurately monitor, analyze, and assess the condition of the structure. 
Sensor data supports strategic decision-making in real-time structural management, helping to enhance 
operational processes and improve the sustainability of the structure. As technology continues to advance, the 
collection and analysis of sensor data not only improve the accuracy of SHM systems but also open up numerous 
potential applications for enhancing safety and efficiency in infrastructure management [10]. 
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However, one of the challenges faced by SHM systems is their strong dependence on continuous and accurate 
sensor data [11], [12]. When issues such as sensor failures, connection errors, or data loss due to external factors 
(e.g., harsh environments, signal interference, or conflicts) occur, the monitoring process can be disrupted, 
significantly reducing the system’s reliability and effectiveness. These disruptions affect continuous monitoring 
and hinder the ability to predict and detect structural issues early, such as cracks, misalignments, or overloads. 
When data is missing or corrupted, analyzing the actual condition of the structure becomes more difficult, 
especially in situations that demand high precision to ensure safety [13]. If key parameters such as vibrations, 
deformations, or pressure are not adequately captured, the SHM system may miss early warning signs of damage 
or deterioration. This can lead to serious consequences, such as delays in maintenance or even structural failures. 
In critical situations, incomplete data can also pose potential risks to both the structure and its users. The 
challenge becomes even greater in complex sensor networks, where the failure of just a few sensors can have a 
widespread impact on the overall system performance [14]. The lack of information from one sensor not only 
creates gaps in the data but can also lead to inaccuracies in reconstructing the overall picture of the structure’s 
condition [15]. This is particularly concerning for SHM systems monitoring large and complex structures, such as 
cable-stayed bridges or high-rise buildings, where sensor data needs to be analyzed within a tightly 
interconnected framework. Addressing these challenges is crucial to ensuring that SHM systems can provide 
timely, accurate, and valuable information to maintain the safety and integrity of critical infrastructure. 

Many solutions have been researched and proposed to address the issue of missing or corrupted data. These 
solutions are generally divided into three main categories: model-based approaches, statistical probability 
methods, and artificial intelligence (AI) applications. The model-based approach is one of the earliest methods 
applied. The core idea behind this approach is to build a numerical model that accurately reflects the 
characteristics and behavior of the actual structure. From this model, the missing data can be reconstructed based 
on the interaction between different parts of the structure and the remaining sensor data. However, this solution 
often encounters difficulties in practice due to the complexity of input parameters such as loads, boundary 
conditions, and other external factors. For the model to function accurately, a large amount of information and 
assumptions about the structure's operating conditions is required. Typically, model-based methods are more 
commonly used for forward problems—updating the model based on available data—rather than reconstructing 
missing data [16]−[18]. 

The statistical probability approach takes a different path, focusing on predicting and restoring data based on 
mathematical models. Specifically, these methods utilize probabilistic relationships to predict missing or 
corrupted values in the sensor data set. The advantage of this approach is its flexibility in being applied to various 
types of data without the need to build a detailed numerical model. However, the major limitation is that the 
accuracy of this method decreases if too much data is missing or if the relationships between the data points are 
complex and do not follow simple probabilistic models [19], [20]. 

The AI solution, particularly deep learning (DL) models, is increasingly popular in handling missing data in 
SHM. These methods leverage the ability to learn from large datasets, enabling them to understand and predict 
complex relationships within the data without requiring precise assumptions like model-based or statistical 
methods. However, a key drawback of this solution is the need for large training datasets and high computational 
power. Additionally, AI performance heavily depends on the quality of the training data. If the training data is not 
diverse enough or contains significant noise, the effectiveness of the AI model may fall short of expectations [21], 
[22].  

In recent years, with the rapid development of AI, data recovery methods based on machine learning (ML) 
algorithms have increasingly demonstrated their superiority across various fields, particularly in SHM. The 
integration of AI and ML has led to significant breakthroughs, not only in handling large datasets but also in solving 
complex problems that were previously challenging to address. Thanks to advancements in computing 
technology, modern ML algorithms now possess powerful computational capabilities, delivering fast and highly 
accurate results. Moreover, the emergence of DL methods has opened up new opportunities for reconstructing 
and recovering missing or corrupted sensor data, especially in SHM systems. Deep neural networks have been 
widely applied to process complex, time-series data patterns. Additionally, DL models can automatically extract 
features and uncover hidden relationships within the data without human intervention or manual programming. 
This capability enables SHM systems to recover data more effectively, reducing the risk of missing early warning 
signs of structural damage or deterioration. Due to these advancements, AI-based solutions, particularly those 
utilizing deep learning, are becoming indispensable tools in the management and maintenance of critical 
infrastructure worldwide. In the task of data recovery, AI has been studied as a multi-application. Lei et al. [23] 
proposed the use of deep convolutional generative adversarial networks to reconstruct lost data. The results of 
the study demonstrate the method's ability to reconstruct data from different sensors. Oh and colleagues [24] 
presented a study involving the use of Convolutional neural networks for data recovery in SHM. The data 
recovered using Oh's method was accurate enough to assess the structural safety. Fan et al. [25] studied and 
applied densely connected convolutional networks to reconstruct dynamic data of the structure of SHM system. 
The proposed method has good efficiency, the recovered data fully meets the requirements for in-depth analysis. 
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In addition, many other studies have addressed the use of AI in regenerating and recovering lost sensor data of 
SHM systems [26], [27]. 

Although AI, particularly DL models, has achieved significant success in data reconstruction, there are still 
considerable limitations. The lack of transparency in AI decision-making processes is a major challenge, as these 
algorithms operate like "black boxes," making it difficult to explain or verify the internal steps, especially in high-
stakes fields like SHM. AI's generalization capability is also limited; when faced with entirely new data or in 
complex real-world environments, these models may fail to provide accurate predictions, making reliable and 
effective data reconstruction more difficult. Another limitation is the high demand for computational resources, 
as modern AI models require powerful hardware and long training times, increasing costs and hindering large-
scale adoption [28].  

To overcome some of the limitations associated with standalone DL models and to enhance the accuracy of 
data recovery, this research proposes a hybrid approach that integrates two DL models for reconstructing faulty 
data. Specifically, a combination of Convolutional Neural Networks (CNN) and Recurrent Neural Networks (RNN) 
is employed to address the issue. The CNN component is responsible for extracting spatial features from the input 
data, capturing intricate patterns and local dependencies, while the RNN component focuses on modeling the 
temporal relationships within the data. By leveraging the strengths of both models, this hybrid method offers a 
more robust and accurate solution for sensor data reconstruction in complex environments. The integration of 
CNN and RNN enables the system to not only detect and learn detailed features from the sensor data but also to 
handle sequential dependencies, making it well-suited for applications like SHM where time-series data plays a 
crucial role in identifying structural conditions. This combined model has the potential to significantly improve 
the reliability and performance of data recovery systems, minimizing the impact of sensor faults and missing data. 
The paper is organized into four parts: Introduction, Proposed method, case study, and conclusion. The proposed 
method presents the implementation steps and related theories in detail. The research on the real dataset of the 
Thang Long Bridge will be carried out in the case study section. The main contributions are presented in the 
conclusion section. 

2. Proposed Method 

2.1 Convolutional Neural Network (CNN) 
CNN [29]−[31] is a type of DL model specifically designed for processing grid-like structured data, such as images 
or time-series data. CNN operates based on the principle of convolution, meaning it applies filters to the input data 
to automatically extract important features without human intervention. A CNN consists of several different 
layers, such as the convolutional layer, pooling layer, and fully connected layer. The convolutional layer is 
responsible for detecting local features from the data, like edges, corners, or more complex shapes, through the 
use of small filters. Afterward, pooling layers help reduce the size of the data and the number of parameters, 
enabling the network to learn more efficiently and minimizing overfitting. The fully connected layers at the end of 
the network are typically used to make predictions based on the extracted features. 

CNN is widely applied across various domains, ranging from image recognition and natural language 
processing to tasks related to time-series data. Notably, with its ability to automatically extract features from data, 
CNN has proven highly effective in handling and analyzing complex data types, such as satellite images, medical 
data, and even sensor data in SHM systems. CNN’s capability to recognize local patterns and synthesize 
information across multiple levels makes it a powerful and essential tool in today's field of artificial intelligence 
and machine learning. 

The basic formula of convolution in CNN can be represented as follows [32]: 

1 1
( , ) ( , ).W( , )

M N

m n
Y i j X i m j n m n b

= =

== + + +∑∑                              (1) 

where, Y(i, j) is the output of the convolution at position (i, j); X(i+m, j+n) is the input value at position (i+m, 
j+n); W(m, n) is the weight of the filter at position (m, n); b is the bias term, which is added to the result after the 
dot product; M,N are the dimensions of the filter. This formula essentially computes the weighted sum of the input 
region covered by the filter and the bias, which forms the basis for feature extraction in CNNs. 

2.2 Recurrent Neural Networks (RNN) 
RNN [33], [34] is a specialized deep learning model designed to process sequential data, such as time series, text, 
or audio. Unlike traditional neural network models, RNN has the ability to retain information from previous time 
steps due to a feedback loop mechanism within the network. This allows RNN to remember and learn from 
temporal dependencies, enabling the network to predict future values based on previously processed information.  
In a traditional Recurrent Neural Network (RNN), the main formulas describe how information is computed and 
passed from one time step to the next. Below are the fundamental formulas of a traditional RNN [35]: 
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The hidden state ht at time step t is calculated based on the input xt at that time and the hidden state ht-1 from the 
previous time step. The formula is as follows: 

1(W W )t xh t hh t hh x h bφ −= + +                              (2) 
 

where ht: Hidden state at time step t; xt: Input at time step t; Wxh and Whh: Weight matrix between the input 
and the hidden state and Weight matrix between the previous hidden state and the current hidden state; bh: Bias 
vector; φ: Activation function (usually the tanh or ReLU function). 
The output yt at time step t is calculated based on the hidden state ht: 

(W )t yh t yy h bσ= +                              (3) 
 

where, yt: Output at time step t; ht: Hidden state at time step t; Why: Weight matrix between the hidden state 
and the output; by: Bias vector; σ: Softmax or sigmoid function (depending on whether the problem is classification 
or regression) 

RNN is trained using the Backpropagation Through Time (BPTT) method, where the weights Wxh; Whh and Why 

are updated based on the gradient of the loss function over several previous time steps. 
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The structure of an RNN consists of hidden units, where the output of one-time step becomes the input for the 

next, creating a chain of repeated calculations. One of the main advantages of RNN is its ability to model data 
sequences with long-term dependencies. The ability to store and use temporal information makes RNN a powerful 
tool for processing and analyzing sequential and time-dependent data. 

2.3 Combining CNN and RNN for Data Recovery 
The combination of CNN and RNN creates a more powerful tool for sensor data recovery, offering significant 
advantages over using each model individually. First, CNN is employed to extract key spatial features from sensor 
data, such as hidden patterns or structures within data matrices, thanks to its ability to detect and analyze local 
features through convolutional layers. These features include essential information about the spatial distribution 
of the data, helping to reduce the data's size and highlight critical elements that the system needs to analyze. Once 
the data has been refined through the CNN layers, the next step is to pass it to the RNN layers, where temporal 
relationships within the extracted features are processed. With its ability to remember and learn from sequential 
data, RNN plays a crucial role in identifying patterns and trends over time.  

This combination results in a system that leverages both the spatial feature analysis capabilities of CNN and 
the sequential data learning power of RNN. Not only does this enhance data processing efficiency, but it also 
improves the accuracy of recovering faulty data while minimizing the loss of crucial information. By merging the 
strengths of both models, the system overcomes the limitations of using each individually, creating a more flexible 
and robust approach for analyzing and recovering sensor data, particularly in complex and large-scale structural 
health monitoring systems. Fig.1 shows the data recovery process. 
 

 

Fig. 1 Data reconstruction process using CNN-RNN 

After the data is collected from the sensors, the process of preparation for network training begins. Initially, the 
raw data from the sensors often contains various types of information and is inconsistent, so it needs to be 
restructured to ensure it meets the input requirements of the proposed model. This restructuring process includes 
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data normalization, noise removal, and rearrangement into the proper format, such as matrix or time-series, to be 
compatible with the CNN and RNN layers. First, the data will be normalized to the same format with values in the 
range [0;1]. Next, the data will be rearranged into a matrix and reconstructed into 2-dimensional data. This allows 
the data to fit the requirements of the proposed model. The input of the proposed model will be the sensors that 
are working normally, while the output will be the sensors that are faulty. 

Once the data is carefully prepared, the CNN layers take on the task of extracting key features. During this 
stage, the data passes through multiple convolutional and pooling layers, allowing the network to automatically 
recognize local features, such as patterns or hidden trends in the data. This process not only reduces the size of 
the data but also highlights the valuable information necessary for the next processing steps. 
After the feature extraction step of CNN is completed, the data is flattened in preparation for input into the RNN 
network. In this step, flattening ensures that spatial features are transformed into sequential time-series data, 
allowing the RNN network to continue learning and analyzing temporal relationships. With its ability to remember 
information from previous time steps, the RNN processes and analyzes dependencies over time, enhancing the 
efficiency of data recovery. 

Once RNN has processed the data, fully connected layers are added to the network to complete the 
reconstruction process. These layers are responsible for combining information from previous layers and 
generating the final output, which is the recovered or reconstructed sensor data. By using this combined CNN-
RNN network, both spatial and temporal features of the sensor data can be effectively handled, thus improving 
the accuracy and quality of the data recovery process, and minimizing risks and errors in structural health 
monitoring systems. 

3. Case Study 

3.1 Introduction to the Case Study – Thang Long Bridge 
Thang Long Bridge (Fig. 2) [36] is one of the largest and most prominent steel truss bridges in the capital city of 
Hanoi, notable not only for its scale but also for its importance within Vietnam's transportation system. This bridge 
spans the Red River, one of Vietnam's largest and most significant rivers, and plays a strategic role in connecting 
Hanoi’s inner city with northern provinces such as Bac Ninh and Thai Nguyen, as well as key international 
gateways like Noi Bai Airport and border crossings. The bridge is designed with a special steel truss structure, 
utilizing two distinct levels. 
 

  
(a) (b) 

Fig. 2 Thang Long Bridge in Vietnam: a. Side view; b. railway floor view  

The upper level is reserved for automobiles, meeting the high demand for road transport in the capital. Its 
wide roadway design facilitates smooth traffic flow across the bridge, providing crucial support for inter-regional 
transportation and alleviating congestion on other routes. The lower level of the bridge serves multiple functions, 
supporting the North-South railway line, one of Vietnam's most vital railways, while also featuring cantilever 
extensions on both sides to accommodate non-motorized vehicles such as bicycles and motorcycles, helping to 
efficiently segregate traffic. With its unique design and large scale, the management and maintenance of Thang 
Long Bridge pose significant challenges, particularly given that the steel structure is susceptible to the harsh 
weather conditions and environmental factors. However, due to its strategic location and critical role in 
transportation, Thang Long Bridge remains a symbol of infrastructure development and modernization in 
Vietnam. Designed according to the 22TCN18-79 standard, the bridge allows the passage of T24 trains and H30-
XB80 vehicles. After many years of operation, the bridge has been inspected and assessed for safety in accordance 
with new standards. 

In this study, a vibration data collection was conducted on Thang Long Bridge for research purposes [36]. 
Accordingly, a measurement grid consisting of 7 points was established and deployed. The data collection task 
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was carried out on one span of the Thang Long Bridge. The sensor installation positions were specified at the truss 
joints. The design of the measurement points is shown in Fig. 3. 
 

 
Fig. 3 Measurement grid at Thang Long bridge  

The equipment used in the data collection campaign includes PCB sensors, an NI data acquisition system, signal 
transmission cables, a specialized laptop, and other auxiliary devices (Fig. 4). PCB sensors are known for their 
high sensitivity and ability to measure vibration parameters accurately. In this study, PCB model 393B12 sensor 
with a sensitivity of 1019.4±10% (mV/(m/s²)) was used. This type of sensor allows for high-frequency sampling 
[37]. The NI cDAQ-9178 chassis model was used to install NI 9234 modules specialized for vibration data 
collection. The NI cDAQ-9178 also manages timing, synchronization, and data transmission between the modules 
and an external host [38]. Using the NI 9234 module enables the measurement of signals from both Integrated 
Electronics Piezo-Electric (IEPE) sensors and non-IEPE sensors, such as accelerometers, tachometers, and 
proximity probes [39]. When paired with NI software, this module provides processing capabilities for condition 
monitoring, including frequency analysis and vibration status tracking of the structure. The sensors were 
deployed according to the pre-established plan, securely installed at designated locations on the bridge’s joints. 
Each sensor was carefully connected to the data acquisition system to ensure that the transmitted signal was 
stable and continuous. Notably, the sampling frequency was set at 1651 Hz, allowing for high-resolution data 
collection that captures even the smallest fluctuations in the bridge’s structure, thus supporting more precise 
analysis and evaluation. 
 

 
(a)                                                         (b)                                          (c) 

 
                                                              (d)                                                                                    (e) 

 
Fig. 4 Equipment used in data collection campaigns: (a) Sensors model PCB; (b) module NI-9234; (c) Signal 

transmission cable; (d) Dedicated computer with software; (e) USB Compact-DAQ Chassis 

Location 2 Location 3 Location 4 Location 5 Location 6 Location 7
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Fig. 5 presents the data acquisition station at the site and a sensor installation location. On-site, the equipment 
is securely installed in the designated positions, and a trial run is conducted to check the system’s stability. Once 
the signals from the sensors are confirmed to be stable, the data storage system is activated, and the official data 
collection process begins. To avoid confusion and ensure smooth data collection, the labels on the sensors and 
signal transmission cables need to be consistent and clearly marked, allowing the team to easily monitor and 
manage the operation. After data collection is completed, all the data will undergo preprocessing and temporary 
on-site checks to ensure the highest quality before being moved to in-depth analysis. This process includes 
evaluating the correlation between the sensors to confirm that all gathered data is valid and aligns with the actual 
conditions. If any discrepancies or data issues are detected, the team will make necessary adjustments and 
perform another round of data collection to ensure the final results meet technical standards and project 
requirements. 

 

  
(a) (b) 

Fig. 5 (a) Data collection equipment station; (b) The sensor is installed horizontally at location 3 

3.2 Single Channel Data Recovery 
In the first case study, the process of recovering single-channel data will be conducted. Specifically, one of the 
sensors will be assumed to have malfunctioned, and its data will be replaced with a value of 0, representing the 
loss or error in the data collection process. The data from the remaining sensors, which are functioning correctly, 
will be preserved and used as the input for the CNN-RNN network. These sensors provide critical features and 
correlations with each other within the structural framework. Afterward, all the data from the active sensors will 
be input into the designed CNN-RNN network. In this way, the network can predict and reconstruct the missing 
data from the malfunctioning sensor, ensuring the continuity and completeness of the collected information, 
which is vital for structural health monitoring and analysis. 

Once the data is restructured, it will be fed into the proposed network for training. The data will be divided at 
a ratio of 80/20, with 80% used for training the model and the remaining 20% for testing its performance. The 
network parameters are chosen and fine-tuned based on experience and best practices in the field. In this study, 
the neural network architecture includes 3 layers of CNN and 2 layers of RNN, specifically designed for the task of 
data reconstruction. Each CNN layer will have 512 filters, with a kernel size of 5, and the activation function used 
is ReLU (Rectified Linear Unit). After each CNN layer, a Max-Pooling layer is added to reduce the size and 
complexity of the data, while helping the network learn more critical features and reducing the risk of overfitting. 
After passing through the CNN and Max-Pooling layers, the data will be flattened and transferred to the RNN 
layers. Each RNN layer will have 256 units (neurons) and use the ReLU activation function to process sequence 
data. Finally, the outputs from the RNN layers will be passed into a Dense layer to produce the final output of the 
model, which will be used to predict or reconstruct sensor data as required. This neural network structure is 
designed to leverage the strengths of both CNNs in extracting features from image data and RNNs in processing 
time series data, with the aim of optimizing the performance of sensor data reconstruction. All data will be trained 
for a maximum of 1000 epochs. The results of training the CNN-RNN network and some other networks with the 
same parameters are shown in Fig. 6.  

Fig.6 (a) shows the change in loss value over the number of training epochs for three models: CNN-RNN (red), 
CNN (blue), and RNN (cyan). First, the loss value for all three models gradually decreases over time, indicating 
that the models are learning and improving their performance. However, the CNN-RNN model (red line) shows 
the fastest reduction, particularly in the early epochs, demonstrating that it learns more efficiently compared to 
the other models. CNN-RNN quickly achieves the lowest loss value, highlighting the advantage of combining CNN 
and RNN architectures. The CNN model (blue line) shows a slower decrease in loss and does not reach as low a 
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loss as CNN-RNN. This suggests that while CNN is good at feature extraction, it is less effective than RNN when 
handling sequential data or time-dependent relationships. Finally, the RNN model (cyan line) reduces loss more 
slowly than the other two models, but after a long training period, it also achieves a relatively low loss value. 
However, compared to CNN-RNN, the RNN takes much longer to converge. Overall, the CNN-RNN model proves to 
be the most superior in terms of learning speed and final performance, while CNN and RNN converge more slowly 
and are less effective. 

Fig. 6(b) shows the Mean Absolute Error (MAE) values of three models: CNN-RNN, CNN, and RNN on both the 
training dataset and the validation dataset. From the chart, it is evident that the CNN-RNN model has the lowest 
MAE on both datasets, indicating the most accurate data reconstruction compared to the other models. Overall, 
the CNN-RNN model demonstrates the best performance in data reconstruction, while the individual CNN and 
RNN models perform less effectively. Fig. 7 shows a recovery data segment. 
 

  
(a) Convergence curve of network training process 

 
 

  
(b) Mean absolute error (MAE) 

  
Fig. 6 Network training results in single-channel data recovery case 
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Fig. 7 Network training results in single-channel data recovery case 

A modal analysis [40] between two datasets, including real data and recovered data, was conducted to assess 
the model's effectiveness in data reconstruction. This process helps examine the degree of similarity between the 
recovered data and the original data, thereby evaluating the model's ability to preserve the key characteristics of 
the original data. The detailed analysis results are presented in Fig. 8 and Table 1. 
 

 
 

 
 

 
Fig. 8 Network training results in single-channel data recovery case 

Table 1 Results of analysis 

Mode 
Frequency 

Error (%) MAC 
Real data Recovery data 

1st 1.05 1.09 3.810 0.966 
2nd 1.71 1.61 5.848 0.957 
3rd 2.04 2.19 7.353 0.950 
4th 2.98 2.81 5.705 0.936 

Error = (recovery – real)/real *100% 
 
The modal analysis results between the real and recovery data show a relatively high degree of similarity, although 
there are some errors. The error percentage is the deviation between the frequency of the recovery data and the 
actual data. A low error value indicates that the recovered data matches the actual data, meaning the recovery 
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system is accurate. The MAC (Modal Assurance Criterion) value assesses the similarity between the mode shapes 
of the actual and recovered data. A value close to 1 indicates a high level of similarity, while lower values indicate 
a lower level of similarity. A high MAC value (close to 1) is desirable because it shows that the recovered data 
preserves the characteristics of the original mode shape. In the first mode, the frequency of the reconstructed data 
is 1.09 Hz compared to 1.05 Hz of the real data, with an error of 3.81% and a MAC value of 0.966, indicating a 
significant similarity between the two datasets. For the second mode, the error increases to 5.848% (real 
frequency 1.71 Hz and reconstructed 1.61 Hz), with a MAC value of 0.957, still demonstrating a relatively good 
correlation. However, in the third mode, the error rises to 7.353%, and the MAC value decreases to 0.950, showing 
that the accuracy of the reconstruction declines. In the fourth mode, the error is 5.705%, and the MAC value is 
0.936, which still indicates an acceptable level of similarity. Overall, despite some differences in frequency, the 
MAC values in all modes are above 0.9, suggesting that the data reconstruction model is capable of accurately 
reproducing the key characteristics of the real data.  

3.3 Multi-channel Data Recovery 
To further explore the potential of the proposed CNN-RNN network, the study continued to perform data recovery 
in a multi-channel scenario, aiming to assess the model’s performance under more complex conditions. 
Specifically, the number of faulty sensors was gradually increased from 2 to 4. The sensors deemed faulty were 
assigned a value of 0, following the same method applied in the single-channel data recovery case. The goal of this 
process was to examine whether the model could maintain its effectiveness in reconstructing data when the input 
information became scarcer, and if so, to what extent. 

The configuration parameters of the CNN-RNN network, including the number of filters, kernel size, ReLU 
activation function, and pooling layers, were kept the same as in the single-channel experiment to ensure 
consistency and enable direct comparison between the cases. The training and testing process was also performed 
similarly, with an 80/20 data split for training and validation. The results of the multi-channel data recovery 
process are displayed in Fig. 9, providing a visual assessment of the model's ability to recover data as the number 
of faulty sensors increased. This study not only helps define the limitations of the model but also guides the 
improvement and optimization of the CNN-RNN network for real-world applications, particularly in structural 
health monitoring systems and sensor data recovery in harsh conditions. 
 

  
(a) Convergence curve of network training for data loss scenarios 

Training epoch

Lo
ss

2 sensor faulted
3 sensor faulted
4 sensor faulted
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(b) Average absolute differences for data loss scenarios 

Fig. 9 Network training results in Multi-channel data recovery case 

When only two sensors are faulty, the model demonstrates excellent data recovery capabilities, with the loss 
curve decreasing rapidly and reaching the lowest point among the three cases. In the case of three faulty sensors, 
the loss reduction process is slower, but the model still achieves a relatively low loss level after a certain number 
of epochs. However, with four faulty sensors, the loss curve tends to be significantly higher and decreases very 
slowly, indicating that as the number of faulty sensors increases, the model struggles more with data recovery. 
This suggests that the CNN-RNN model performs most effectively when the number of faulty sensors is low, and 
its performance gradually declines as the number of faulty sensors rises. A modal analysis was also conducted on 
the datasets under different data recovery scenarios. Fig. 10 shows the MAC index obtained after comparing the 
vibration mode shapes of the datasets. 
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Fig. 10 MAC values of different data recovery scenarios 

The three charts above display the MAC (Modal Assurance Criterion) values for different data recovery 
scenarios, as the number of faulty sensors increases from 2 to 4. In the case of recovering 2 faulty sensors, the 
MAC values are quite high, ranging from 0.912 to 0.920, indicating that the data recovery model performs well 
and there is a strong correlation between the recovered and real data, especially in the first vibration modes. As 
the number of faulty sensors increases to 3, the MAC values decrease to a range between 0.674 and 0.666, 
reflecting a drop in recovery accuracy, although a relatively good correlation is still maintained. However, when 
the number of faulty sensors increases to 4, the MAC values drop significantly to around 0.501 to 0.510, showing 
that the model struggles more to reconstruct the original vibration characteristics. Overall, as the number of faulty 
sensors rises, the accuracy of data recovery decreases significantly, particularly in the higher vibration modes. 

4. Conclusions 
This study proposes a combination of CNN-RNN models for sensor data recovery in SHM. Through the case study 
on the dataset from Thang Long Bridge, the effectiveness of the proposed method is evident. The model 
demonstrated its ability to accurately reconstruct data even in the presence of missing or faulty data. The method 
has shown great potential in improving the accuracy of recovered data, reducing errors, and providing more 
precise analyses of the monitored structure's condition. Some key conclusions drawn from this study include: 
1. The combined CNN-RNN model effectively utilizes the advantages of both architectures. CNN excels at capturing 
spatial features and patterns from sensor data, while RNN is proficient in handling temporal sequences and 
dependencies. By integrating these two models, the proposed method enhances the overall accuracy and 
robustness of data recovery, making it more suitable for complex SHM tasks that require both spatial and temporal 
data analysis.  
2. The proposed method demonstrated high accuracy in recovering data from sensors, even when one or multiple 
sensors were faulty. The model outperformed standalone CNN or RNN models. 
3. The analysis shows that as the number of faulty sensors increases, the accuracy of the model decreases slightly 
but still maintains a relatively good level of precision. This confirms the robustness of the model when dealing 
with complex real-world scenarios. 
4. The study results demonstrate that the combination of CNN and RNN holds great potential in SHM applications, 
particularly in ensuring the integrity and accuracy of data, thereby supporting more efficient maintenance and 
structural management. 
5. Further research will focus on improving the accuracy and increasing the training speed of the proposed 
network. 
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