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Abstract. This paper proposes an intelligent bridge structure damage identifica-
tion method based on multi-source sensor data fusion and Graph Convolutional
Networks (GCN). As bridges age, structural damage monitoring becomes crucial
for ensuring traffic safety. Traditional structural health monitoring methods
struggle to simultaneously utilize the spatial distribution characteristics of sen-
sors and the complementary advantages of multiple data types. To address this
issue, this research constructs a GCN model architecture that incorporates sensor
topological relationships by representing each sensor node and its spatial connec-
tions as a graph structure, effectively extracting damage features. Experiments
were conducted on the Z24 bridge dataset and a self-designed cable-stayed bridge
experimental model. Results show that the proposed multi-source data fusion
GCN method achieves a damage classification accuracy of 95.1%, representing
improvements of 7.1% and 5.6% over traditional 1D-CNN and LSTM methods,
respectively. Although GCN's single inference time is slightly higher than com-
parative methods, it can still achieve millisecond-level real-time monitoring with
hardware acceleration. Case studies further confirm the method's high recogni-
tion capability and good robustness for multiple types of bridge damage in com-
plex environments, providing a new technical approach for intelligent and real-
time bridge safety monitoring.

Keywords: Bridge damage identification, Graph convolutional network, Multi-
source data fusion, Structural health monitoring, Real-time monitoring.

1 Introduction

With the continuous expansion of bridge construction and extended service life, bridge
structural damage has become increasingly prominent and a major hidden danger af-
fecting traffic safety [1]. Research shows that bridge damage mainly includes cracks,
spalling, corrosion, and loosening, which alter structural dynamic characteristics and
affect normal bridge operation [2]. To detect damage early and perform timely mainte-
nance, Structural Health Monitoring (SHM) technology is widely applied, with sensor-
based dynamic response detection being a common approach. In recent years, artificial
intelligence and deep learning methods have made significant progress in structural
damage identification, particularly one-dimensional convolutional neural networks
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(1D-CNN) and Long Short-Term Memory networks (LSTM), which are used to auto-
matically extract damage features from vibration or image data [3][4]. However, tradi-
tional neural networks have limited ability to fully utilize the spatial distribution infor-
mation between sensors and model structural spatial features [5]. Additionally, envi-
ronmental interference (such as temperature and humidity changes) and sensor noise
can cause signal drift, increasing the risk of false damage identification. Therefore,
adopting multi-source data fusion technology to extract richer damage information and
improve identification robustness has become a research hotspot. Simultaneously, dam-
age identification algorithms are required to have high accuracy and sufficient real-time
performance to meet practical engineering application needs.

2 Methods

2.1 Multi-source Data Fusion

Multi-source data fusion technology can combine data from different types of sensors
to obtain more comprehensive structural state information. According to different fu-
sion stages, data fusion can be divided into low-level fusion (sensor signal level), mid-
level fusion (feature level), and high-level fusion (decision level). This paper mainly
adopts decision-level fusion methods: weighted averaging or voting fusion of the output
results of each category model to improve the accuracy and robustness of the final de-
cision. For example, Wang et al. achieved structural damage identification through
modal strain energy data fusion from different information sources [6]; Feng et al. used
evidence theory to fuse the outputs of multiple SVM classifiers to improve recognition
accuracy [7]. Multi-source fusion not only increases the amount of detection infor-
mation but also counteracts noise and failures of single signals through complementary
effects, significantly improving identification performance.

2.2 Graph Convolutional Network Principles

Graph Convolutional Networks (GCN) are deep neural networks capable of learning
from graph-structured data, used to extract spatial correlation features between nodes
[8]. In bridge SHM, various sensor locations can be viewed as graph nodes, and the
adjacency matrix of the graph can be constructed based on the spatial distance or struc-
tural connection relationship between sensors. Given a graph G=(V,E), where node set
V={vi,...,vn} and edge set E represents the connection relationships between nodes,
the adjacency matrix A € RV*N with q; ; = 1 indicates the connection relationship be-
tween nodes i and j as shown in equation (1):

1, if(vi,vj) EE
= 1
%ij {0, else b

The node degree matrix D is a diagonal matrix with diagonal elements given by
equation (2):
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The traditional graph Laplacian operator L=D-A can be used for graph signal pro-
cessing. For application in GCN layers, the adjacency matrix is typically symmetrically
normalized using self-connection renormalization techniques. First, self-connections
are introduced as shown in equation (3):

A=A+1 (3)

where I is the identity matrix, indicating that each node is connected to itself. Then, the
normalized degree matrix D is calculated as shown in equation (4):

Dy =3, Ay )

Next, symmetric normalization is performed to obtain the normalized adjacency ma-
trix as shown in equation (5):

A =D"Y2Ap~1/? Q)
Thus, the forward propagation formula for one GCN layer is given by equation (6):
H®D = g(AHOW ®) (6)

where H® € RV*4L is the node feature matrix for layer 1, W ® represents the trainable
weights, and o(+) is the activation function. Equation (6) shows that GCN aggregates
features from each node and its neighbors through AH®, effectively capturing the spa-
tial structural information of sensors.
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Figure 1. Life cycle carbon emissions of building materials.

The advantage of GCN lies in its ability to adaptively learn relationships between
nodes according to the graph structure, thereby extracting richer spatial features and
improving identification accuracy. For example, Li et al. used multi-layer GCN to ex-
tract damage features from structural acceleration signals, and experiments verified the
accuracy advantage of the GCN model compared to 1D-CNN [3]. Figure 1 shows the
model architecture of structural damage identification based on GCN, where the input
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consists of multi-channel time-series sensor signals and the adjacency matrix, and the
output is the damage category after processing through multiple GCN convolution lay-
ers and fully connected layers. Research on the GCN model found that a three-layer
GCN feature extraction module is optimal, combined with Batch Normalization (BN)
and Dropout to enhance generalization ability. Finally, Softmax is used to output the
damage type, and a cross-entropy loss function is used for training.

The left side of the figure shows the multi-channel sensor time-series signals and
their constructed adjacency matrix, while the right side shows the GCN convolution
layers and fully connected layers used to extract spatial features and output damage

types.

3 Experimental Design and Evaluation

This research selected public bridge structure monitoring datasets and experimental test
benches for validation. On one hand, the Swiss Z24 bridge dataset was used. This bridge
was a 30m+14m+14m box girder bridge demolished in 1998, which underwent full-
time monitoring for one year, including acceleration and environmental data such as
temperature and humidity. Figure 2 shows the structural diagram of the Z24 bridge. On
the other hand, a scaled cable-stayed bridge experimental model with two towers was
designed, equipped with tension sensors and accelerometers to collect bridge responses
under different damage states (see Figure 3). Various damage scenarios were con-
structed by adjusting the prestress of stay cables and creating cracks on the deck.
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Figure 2. Cross-section and top view of the Z24 bridge

The Z24 bridge was a prestressed concrete box girder bridge with a main span of
30m and two side spans of 14m each (the main span support height is approximately
4.5m as seen in the figure). This bridge was monitored under real conditions for an
extended period, recording environmental variables such as temperature, humidity,
wind speed, and bridge vibration signals [9].
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Figure 3. Two-tower cable-stayed bridge experimental model and sensor layout

This model is a steel-concrete composite structure with multiple stay cables (orange
cables) connecting the deck between the two tower frames. Tension sensors (red dots)
and accelerometers are installed in series on the bridge deck to collect structural vibra-
tion and strain signals under different working conditions. In the experiment, the orig-
inal sensor signals were first denoised and normalized, and then the sensor topology
adjacency matrix was constructed. In the Z24 case, the layout and proximity relation-
ships of accelerometers on the bridge deck can be mapped as a graph, with vibration
time series as node features input to the GCN. In the cable-stayed bridge case, tension
sensors and accelerometers were mixed to build the graph, using GCN to extract fusion
features from different types of data. Five-fold cross-validation was used during train-
ing to evaluate model performance. Damage categories were labeled based on the de-
gree of cracks or prestress changes applied to the sensors. During training, the Adam
optimizer was used with a learning rate of 0.001 for 100 epochs.

4 Accuracy and Real-time Performance Comparative
Analysis

Experimental results show that the GCN model significantly outperforms methods us-
ing only time-domain convolution or sequential networks in terms of bridge damage
identification accuracy. Table 1 lists the damage classification accuracy and inference
time of typical models in the above cases. It can be seen that the average accuracy of
the GCN model exceeds 90%, more than 5% higher than traditional 1D-CNN. The 1D-
CNN extracts local features by sliding filters along the time axis but ignores the spatial
layout of sensors, leading to limited ability to distinguish complex damage patterns. In
contrast, GCN utilizes graph structures to aggregate information from neighboring sen-
sors, enhancing the representation of the overall structural state at the feature level,
thereby improving identification performance.

However, GCN has relatively high computational complexity, requiring multiple
matrix multiplications of the adjacency matrix, resulting in slightly higher inference
time per sample compared to 1D-CNN and simple recurrent networks. As seen in the
table, the average inference delay of the GCN model is approximately 1.2-1.5 times
that of CNN. Nevertheless, when running on hardware acceleration platforms such as
GPUs, GCN's detection delay can still be controlled to the millisecond level, meeting
the near real-time requirements of common monitoring systems. In future actual
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engineering deployments, GCN's computational burden can be further reduced through
techniques such as model pruning and network quantization. Additionally, the compu-
tational overhead brought by multi-source data fusion is relatively small, so its impact
on real-time performance is negligible while ensuring high identification accuracy.

Table 1. Comparison of accuracy and inference time for different models.

Model Damage Classification Accuracy (%)  Single Inference Time (ms)
1D-CNN 88.0 10
LSTM 89.5 12
CNN+LSTM 92.0 15
GCN (this research) 94.3 18
GCN+Data Fusion 95.1 19

From the table, it is evident that on the same dataset, GCN significantly outperforms
pure CNN and LSTM models in terms of accuracy, indicating that it effectively utilizes
spatial correlations between multiple sensors. At the same time, due to its moderate
model size, the GCN method still maintains good real-time performance. In summary,
when balancing accuracy and computational efficiency, GCN has obvious advantages
in high-end monitoring systems due to its high reliability, while for edge devices with
limited computational resources, simplified models or parallel acceleration measures
can be adopted comprehensively.

5 Case Studies and Analysis
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Figure 4. 724 Bridge Damage Recognition Accuracy Comparison

Figure 4 shows progressive damage recognition for the Z24 bridge. Analysis was per-
formed on real monitoring data from the Z24 bridge. By artificially introducing cracks
in certain areas of the bridge deck and collecting corresponding vibration responses,
the data was divided into three different damage levels (undamaged, minor cracks, se-
vere cracks). Results show that the GCN model can accurately distinguish these damage
states, with a classification accuracy of over 96% and a misidentification rate of less
than 5%, significantly outperforming results using a single CNN (about 90%) and
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traditional statistical methods (about 80%). For a large amount of sensor data input at
the same time, GCN can quickly provide online diagnostic results, meeting the require-
ments of engineering real-time warning.
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Figure 5. Cable-Stayed Bridge Damage Localization Results (GCN-based Multi-Damage Lo-
calization (Average Accuracy: 93%)

Figure 5 shows damage detection on the cable-stayed bridge experimental platform.
Different working conditions were simulated by changing the prestress of some stay
cables and loading the bridge deck, viewing 5 damage locations (bridge deck cracks,
reduced cable force, etc.) as a multi-classification task. Under this complex structure,
the GCN model can still effectively extract damage features using the sensor topology
structure and successfully locate damage positions. The recognition accuracy reached
93%, while using traditional machine learning features (such as modal frequency, shape
coefficient) achieved an accuracy of less than 85%. The experimental platform results
in Figure 5 verify the superiority of GCN in multi-modal, multi-sensor fusion. Addi-
tionally, the results show that in scenarios with minimal changes in vibration mode,
GCN is more sensitive to subtle damage than pure frequency domain analysis methods,
enabling early warning.

Based on the above experiments, it can be seen that combining multi-source sensor
data with GCN for bridge damage identification can significantly improve diagnostic
performance. On one hand, data fusion reduces the impact of noise in single sensor
data, improving model stability; on the other hand, GCN effectively encodes the spatial
structural relationships between sensors, enabling the network to automatically learn
topological features between nodes, thereby more accurately mapping the relationship
between structural vibration and damage types. Compared to 1D-CNN, GCN models
non-Euclidean image data through information transmission via the adjacency matrix,
extracting potential global features that are beneficial for simultaneous identification of
multiple damages. This conclusion is consistent with related research results; for exam-
ple, Li et al. verified that GCN has higher recognition accuracy than 1D-CNN [3], and
Zhan et al. also achieved a damage recognition rate of over 90% under complex work-
ing conditions [10]. In terms of real-time performance, since GCN involves adjacency
matrix operations for the entire graph, the computational load is relatively large, so
hardware platform support needs to be considered. In the experiments, with ordinary
GPU acceleration, single sample inference generally takes less than a dozen millisec-
onds, which can meet the requirements of online monitoring applications. In the future,
latency can be further reduced through methods such as pruning, low-rank decomposi-
tion, or graph computation acceleration. Additionally, deploying the GCN model on
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edge computing devices combined with wireless sensor networks can achieve real-time
edge diagnostics for bridges.

In summary, multi-source data fusion and GCN methods exhibit high accuracy and
acceptable real-time performance in bridge damage identification. Their advantages lie
in comprehensively utilizing spatial topology information and signal fusion infor-
mation, thereby achieving more comprehensive and reliable structural health assess-
ment. This provides a reference for the design of future intelligent bridge monitoring
systems.

6 Conclusion

This paper investigated bridge structure damage identification methods based on multi-
source sensor data and graph convolutional networks, analyzing their accuracy and real-
time performance. The research demonstrates that multi-source data fusion technology
can integrate information from different sensors, enhancing the discriminability of
damage signals and improving identification accuracy. Graph convolutional networks
can effectively utilize sensor spatial layout relationships, achieving high-order feature
extraction from vibration data, thereby outperforming traditional 1D-CNN in identifi-
cation accuracy. Experimental results show that GCN models achieve identification
accuracy exceeding 90%, significantly better than comparable CNN models. In terms
of real-time performance, due to slightly higher computational overhead, GCN's single
inference time is higher than simple CNN, but near real-time operation can be achieved
through hardware acceleration and model optimization. For practical applications, fur-
ther optimization can be made at both model and system levels to balance high accuracy
and low latency. Case validation shows that the damage identification framework com-
bining GCN with multi-sensor data has good generality and stability on real bridge data
and experimental platforms, with high recognition capability for multi-point damage in
complex environments. Future work can continue to expand the applicability of GCN
in large-scale sensor networks, such as using dynamic graph neural networks to process
the evolution of structural operating states; combined with online adaptive learning
strategies to address environmental changes, further improving detection accuracy and
robustness. Additionally, with the development of edge computing and wireless trans-
mission technologies, integrating real-time GCN models with intelligent sensors holds
promise for achieving truly all-weather autonomous bridge diagnostic systems.
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