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Abstract

To address the bottlenecks of hidden and sudden structural damage to highway bridges under long-
term heavy traffic, the inability of traditional central cloud monitoring to process massive amounts
of vehicle-mounted mobile data in real time, and the difficulty in multi-source heterogeneous data
fusion, this paper constructs a health monitoring and vehicle-mounted intelligent operation and
maintenance system driven by edge computing and joint clustering. First, a three-layer collaborative
architecture of “vehicle-roadside-edge cloud” is designed. Then, a distributed multi-view joint
clustering algorithm is proposed, simultaneously optimizing bidirectional clustering of sample and
sensor features, and exchanging centroids only through federated averaging between edge nodes.
Finally, a vehicle-mounted terminal is developed to map damage level and location in real time to
graded early warning and maintenance suggestions. Experiments show that the anomaly detection
accuracy is 94.7%, alarm latency is 87ms, transmission volume is 0.41MB, a reduction rate of over
99.6%, and strong noise robustness. The integration of edge computing and joint clustering solves
the problems of real-time performance and data silos, achieving low-latency and high-precision
vehicle-mounted structural health operation and maintenance.
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Introduction

In recent years, under the coupled effects of long-term heavy traffic and complex environment, the
structural damage of highway bridges and roads has become increasingly hidden and sudden, posing
a severe challenge to operational safety!!!. Traditional structural health monitoring relies heavily on
the centralized aggregation and offline analysis of massive sensor data in the central cloud, which is
difficult to meet the stringent requirements of millisecond-level real-time alarms and efficient fusion of
multi-source heterogeneous information in vehicle-mounted mobile scenarios. Moreover, the large-scale
transmission of raw data brings bandwidth load and privacy risks!?>?!. Exploring a new paradigm that
completes real-time computation at the edge and achieves collaborative knowledge discovery among
multiple nodes has important theoretical significance and engineering application value for improving
the timeliness and intelligence level of bridge and road monitoring.

To overcome the aforementioned bottlenecks, this paper completed the following main tasks: A
three-layer collaborative edge computing architecture of “vehicle-roadside-edge cloud” is constructed,
migrating signal denoising and feature extraction tasks to edge nodes, thus reducing data redundancy at
the source; a distributed multi-view joint clustering algorithm is proposed, fusing multi-source sensor
features without sharing original data to achieve autonomous discovery of damage patterns and accurate
classification of safety levels; an in-vehicle intelligent operation and maintenance terminal is developed,
mapping analysis results to hierarchical early warning and maintenance suggestions in real time, forming
a complete closed loop from sensor acquisition to decision response. Multiple sets of experiments verified
the comprehensive advantages of the proposed system in terms of detection accuracy, response latency,
and communication efficiency. The paper is organized as follows: the introduction introduces the research
background and related work; the methodology section details the architecture design and key algorithm
implementation of the edge computing joint clustering system; the experimental section provides multi-
dimensional experimental evaluation and result analysis; and the conclusion summarizes the entire paper
and looks forward to future research directions.

Related Work

Regarding the issue of health monitoring of highway bridges, existing research mainly focuses on
sensor deployment, structural response analysis, damage identification models, and cloud monitoring
platforms. Bao and Li systematically summarized the data-driven modeling method in structural health
monitoring from the perspective of machine learning paradigm, pointing out that machine learning can
extract damage features from complex structural response data™. Malekloo et al. further discussed the
application of high-dimensional sensing data, intelligent sensing technology, and machine learning in
structural health monitoring!>. For bridge scenarios, Zinno et al. reviewed the progress of artificial
intelligence in bridge structural health monitoring!®’. Hou et al. combined the BIM visualization
management system with the LSTM network to realize the visualization early warning of structural health
monitoring data!”l. Wang et al. pointed out that the combination of data fusion and machine learning
helps to improve the accuracy and reliability of complex engineering structure status assessment®!, The
above studies still have problems such as the strong dependence of the central cloud model on network
bandwidth and computing resources, making it difficult to meet the millisecond-level early warning
requirements in vehicle scenarios.
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To address the above problems, edge computing and cluster analysis provide new solutions for highway
and bridge health monitoring. Qiu et al. analyzed the development trend of edge computing from the
perspective of structural health monitoring, pointing out that the computing task should be pushed
down to the edge node close to the data source!”. Anaissi et al. proposed a personalized federated
learning framework for damage detection in structural health monitoring!'”!. Cheema et al. further
proposed a cluster federated learning method for group structural health monitoring, which improved
the damage identification capability in heterogeneous structural environments'''!. Most of the above
research methods have not been fully applied to vehicle-mounted mobile sensing scenarios, and few have
considered the collaborative clustering relationship between structural state samples and sensor features
at the same time. Based on this, this paper introduces edge computing combined with distributed multi-
view clustering algorithm to construct a vehicle-mounted intelligent operation and maintenance system
for highway and bridge health monitoring, so as to achieve low latency, multi-source fusion and cross-
edge node collaborative structural safety assessment.

Method

Deployment of a Three-Tier Collaborative Architecture of “Vehicle-Roadside-Edge
Cloud”

The “vehicle-roadside-edge cloud” three-layer collaborative architecture decentralizes data processing
from the central cloud to the network edge, minimizing the distance between computation and
data sources. It compresses redundancy and shortens response links at the source, balancing global
collaboration with node autonomy. The architecture consists of three functional layers from bottom to top:
The vehicle-side architecture embeds edge computing units within the operating vehicle, synchronously
collecting multi-source signals such as vibration, strain, and displacement. It performs adaptive wavelet
denoising locally and extracts compact features such as power spectral entropy, peak frequency, and
kurtosis, compressing 10-second raw waveforms into several KB of statistics. After initial anomaly
screening, feature vectors, locations, and timestamps are submitted to the roadside architecture only via
5G or a backup DSRC link when features deviate from the safety envelope. The roadside architecture
deploys an edge computing industrial control computer cluster, responsible for receiving and time-
aligning asynchronous data streams from multiple vehicles. It iteratively performs distributed multi-view
joint clustering locally using historical and real-time samples, updating the centroid of local damage
patterns. Only the centroid parameters are transmitted back to the edge cloud via fiber optic cable for
federated aggregation. Simultaneously, it maintains a real-time database of bridge safety status at this
node, supporting millisecond-level local alarm queries.

The top-level edge cloud aggregates the local centroids of each roadside node, uses federated average
safe aggregation to generate a global clustering model, and distributes the global centroids back to
each node to start the next iteration. Throughout the federated loop, the original data never leaves the
local machine. The edge cloud also uses long-period centroid drift trajectories to assess the damage
accumulation rate, dynamically adjusts the graded early warning thresholds, and pushes alarm rules
and maintenance suggestions to the vehicle-mounted terminal. The three layers collaborate through
differentiated networks: the vehicle-roadside link uses SG/DSRC to ensure low-latency mobile access,
while the roadside-edge cloud relies on a dedicated fiber optic network for reliable exchange of
lightweight centroid parameters.
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Local Denoising and Feature Extraction of Multi-Source Sensor Signals

The signal types involved in bridge and road monitoring mainly include bridge deck vibration
acceleration, dynamic strain of key sections, support displacement, and slow variables such as
temperature. Vibration and strain signals are sensitive to local structural damage, but are easily
contaminated by vehicle engine vibration, high-frequency bumps caused by uneven road surfaces, and
electromagnetic coupling noise. Therefore, a discrete wavelet transform denoising method based on
adaptive thresholds is used to preprocess the above dynamic signals. Specifically, the “db6” wavelet
basis, which is tightly supported and matches the impact response waveform well, is selected, and a 5-
level wavelet packet decomposition is performed on the 10 s time window signal intercepted by a single
channel. At each decomposition scale, the shrinkage threshold of the detail coefficients of each level is
adaptively determined using the Stein unbiased risk estimation criterion, and the threshold is defined as

(1):
Tj:Jj\/QIOgNj-’yj (1)

In the formula, oj is the noise standard deviation estimate of the j-th layer detail coefficient, Nj is the
coefficient length of the layer, and ~; is the SURE criterion adaptive shrinkage factor. Coefficients below
the threshold are subjected to soft thresholding to zero, while coefficients above the threshold are retained
or compressed proportionally. Finally, the time domain signal after noise reduction is reconstructed by
wavelet inverse transform. For slowly varying signals such as displacement and temperature, sliding
median filtering is used to remove occasional pulse interference, and first-order differential detection is
used to remove abnormal jump points caused by instantaneous power failure of the sensor!'?!.

After noise reduction, the time domain waveforms of each sensing channel still have high
dimensionality, and the amplitude scales of different physical quantities vary greatly. It is necessary to
further extract statistical features that are sensitive to damage and robust to the operating environment.
This system extracts four frequency domain features for vibration acceleration signals: power spectral
entropy, which is used to quantify the complexity of the signal spectrum structure. Its calculation formula
is (2):

K
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S(fx) is the power spectrum value estimated by the Welch method at the k-th frequency bin. When
micro-damage occurs in the structure, it is usually accompanied by energy redistribution in a specific
frequency band, and the entropy value will shift. The main peak frequency and main peak amplitude of
the frequency response function are estimated by the Welch average periodogram method to estimate the
power spectral density of the signal. The frequency corresponding to the maximum spectral peak in the
range of 0.5~40 Hz and its normalized amplitude are automatically searched. This parameter is more
sensitive to stiffness degradation and boundary constraint changes. At the same time, three time-domain
features are added: kurtosis is as follows (3):
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It is extremely sensitive to the impact component in the signal and can capture sudden events such as
crack opening and closing; the root mean square value reflects the total energy level of the signal and is
directly related to the traffic load intensity; the waveform factor is as follows (4):

Var S,
w=+t2 )

1
M Zm:l |Xm‘

It is used to measure the degree of waveform spikes, aiding in the differentiation of damage types.
X represents the discrete sampling points of the time-domain signal after noise reduction, and y and o
are its mean and standard deviation, respectively. For dynamic strain signals, the feature extraction logic
is similar to that for vibration, but the search range for the main frequency peak is narrowed to 0.1-10
Hz to match the quasi-static characteristics of the strain response. Since displacement signals mainly
reflect the low-frequency trend of support deformation, only the mean drift and standard deviation are
extracted to monitor the development of irreversible deformation. All features are Z-score standardized
at the channel level after extraction, unifying the numerical distribution across different sensors to a
Zero-mean unit variance space.

Distributed Multi-View Joint Clustering Algorithm for Damage Pattern Discovery

After local noise reduction and feature extraction of multi-source signals are completed at the vehicle-
mounted and roadside terminals, each edge node holds a compact feature description of the structural
state sample. However, a single node can only observe a local area’s sensor view, making it difficult to
comprehensively characterize the overall damage pattern of the bridge. This section describes the design
concept and execution flow of the distributed multi-view joint clustering algorithm, enabling autonomous
discovery of multi-view damage patterns without transmitting original data. Figure 1 illustrates the
damage pattern discovery process.
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Figure 1. Schematic diagram of the distributed multi-view joint clustering damage pattern discovery process

The algorithm adopts a bidirectional graph regularized joint clustering optimization objective in
mathematical form. Let the sample feature matrix be X, the sample clustering indicator matrix be U, the
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sensor clustering indicator matrix be V, and the joint centroid matrix be C, then the objective function is

(5):
. 2
i, |X —UCVT||; + A tr(UTLyU) + p tr(V Ly V) )

Where Ly and Ly are the graph Laplacian matrices of the sample side and the sensor side, respectively,
and A and p are regularization coefficients. The first term measures the joint clustering reconstruction
error, and the latter two terms force the smoothness of the sample clustering structure and the sensor
clustering structure on their respective graphs and couple them together!'3. This form extends the
traditional K-means to bidirectional collaborative clustering, so that the discovery of damage patterns
depends not only on the feature distribution of the samples themselves, but also on the functional
association between sensors. Thus, the synchronous mining of the ‘“damage-sensor” bidirectional
structure is realized. The key parameters and convergence conditions involved in the algorithm execution
are shown in Table 1.

Table 1. Key parameters and convergence conditions of the distributed multi-view co-clustering algorithm

Parameter/Condition ~ Value Description

Number of clusters K 4 Corresponding to four structural
safety levels

Maximum local itera- 50 Upper limit of local updates per

tions round

Maximum global 200 Upper limit of federated commu-

aggregation rounds nication rounds

Local convergence < 107% Objective  function decrease

threshold magnitude

Aggregation strategy ~ Weighted federated Weights proportional to cluster

averaging sample counts
Communication pay- Centroid parameters + ~0.4 KB per node per transmis-
load sample counts sion

The objective function is solved using a block-based iterative strategy within the framework of the
alternating direction multiplier method. Each global iteration includes two local updates and one global
aggregation. The first step is to fix the sensor function cluster partition and update the sample cluster: the
centroid update formula for the sample of local node i in the t-th round of local iteration is (6):

i) X
(it+1) _ Donen() ¥n

ol e Nf(i):{n|us}’{t):1} (6)
Nk

Wherein, cl({i’tﬂ) represents the centroid of the sample in the damage mode; Nl({i) represents the set of

samples in node i that are divided into the k-th class; usl’(t) represents the clustering label in the iteration.
Each edge node takes the local cached samples and real-time features as input, initializes with the joint
centroid matrix distributed globally, and alternately performs two steps of local optimization: sample

clustering and sensor functional cluster division. First, the hard allocation of samples is completed based
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on Euclidean distance and the centroid of the samples is updated. Then, the centroid of the sensor cluster
is updated according to the response distribution of the sensor in each damage mode. This continues
until the objective function converges or the maximum number of local iterations is reached. Then, only
the centroid of the sample cluster, the centroid of the sensor cluster, and the number of samples in the
corresponding cluster are uploaded to the edge cloud for federated weighted average aggregation. After
the global centroid is safely distributed, the next round of loop is triggered. Throughout the process, the
original data and labels remain locally. After convergence, each global sample centroid is automatically
interpreted as a composite damage mode such as vibration energy rise and strain drift. The system
divides the safety level into four levels from normal to severe damage. New samples are mapped to
the corresponding level in real time through the shortest centroid distance '3,

Real-time Hierarchical Alarm Mapping of Vehicle-Mounted Intelligent Operation
and Maintenance Terminal

The vehicle-mounted intelligent operation and maintenance terminal transmits the analysis results of
edge-side joint clustering to drivers and maintenance units in real time, forming the final closed loop
from damage detection to decision-making and response. The terminal maintains communication with
roadside nodes via 5G or DSRC links, automatically registers when a vehicle enters the monitoring
area, and receives a truncated safety status data packet containing only the safety level code, damage
interval marker, alarm level, and speed limit or detour suggestions, with each packet controlled to be
in the hundreds of bytes. Based on the four levels of results output by joint clustering—normal, minor
anomaly, moderate damage, and severe damage—the terminal executes a three-level response: In normal
condition, a green silent display is maintained; in minor anomaly condition, a yellow light breathing
effect and low-frequency voice prompts are triggered, simultaneously displaying distance and suggested
speed limits; in moderate damage condition, an orange high-contrast interface and periodic buzzer alarms
are activated, and an event snapshot is transmitted back; in severe damage condition, a full-screen red
warning is displayed, emergency information is broadcast with the highest priority, and a brake pre-
tensioning signal is sent to the vehicle’s CAN bus. Event logs are reported via satellite short messages
and cellular dual links to ensure communication reliability. Furthermore, when a continuous drift of
the damage pattern’s centroid is detected but has not yet reached the threshold, the terminal pushes an
inspection suggestion via a trip-end information card and generates a maintenance priority list weighted
by drift rate and safety level. The software implementation employs a multi-threaded real-time system,
with a response latency of less than 50 ms for the three-level alarm threads. The human-machine interface
follows a low cognitive load principle, presenting a three-segment high-contrast text format: “Problem
Location Suggestion.” Voice parameters have been calibrated on a real vehicle to prevent confusion with
conventional in-vehicle audio.

Results and Discussion

Experimental Setup

(1) Experimental Data and Operating Conditions
Based on long-term monitoring data of a cross-river highway bridge from June 2023 to May 2024,
386 measuring points from 14 types of sensors, including bridge deck vibration acceleration, dynamic
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strain, and support displacement, are collected. Four typical operating conditions—normal operation,
minor damage, moderate damage, and severe damage—were extracted from the raw data. Each condition
contained 3000 multi-source signal segments, each 10 seconds long, divided into training, validation, and
test sets in a 7:1:2 ratio. When simulating a vehicle-mounted scenario, vehicle engine vibration noise and
random road bumps are superimposed, with the signal-to-noise ratio gradually varying from 5dB to 30dB.
(2) Edge Computing Experimental Platform

The vehicle-mounted edge unit adopts an embedded platform based on ARM Cortex-A78 (8 cores,
16GB memory), the roadside edge nodes are deployed on an Intel Core i7-13700H industrial control
computer, and the edge cloud server is configured with NVIDIA Jetson AGX Orin. The nodes are
networked through a hybrid network of 5G private network and fiber optic, with bandwidth set at 100
Mbps uplink and 500 Mbps downlink, and a simulated latency of 5~10ms.
(3) Algorithm Parameters and Training Configuration

Adaptive wavelet thresholding denoising uses the “db6” wavelet basis with 5 decomposition layers;
after feature extraction, each sensor node retains a 6-dimensional sensitive feature vector (power spectral
entropy, frequency response function peak frequency and amplitude, kurtosis, root mean square value,
waveform factor). Joint clustering initializes the federated cluster number K=4, with a local maximum
iteration count of 50 and a global federated aggregation round count of 200. The FedAvg safe aggregation
strategy is adopted, and local data is not shared among edge nodes.

Experimental Analysis

a) Anomaly Detection Accuracy and Alarm Delay Experiment

To evaluate the overall performance of this system in terms of detection accuracy and real-time
response, a test set of 2400 samples across four operating conditions, collected synchronously from 80
vehicle terminals, is selected. Three methods are run under a unified edge node and 5G private network:
cloud-based LSTM anomaly detection (extracting temporal features at the edge and uploading them to
the cloud for classification), federated K-means clustering (independent clustering at each node, with
centroids uploaded to the server for federated averaging), and the distributed multi-view joint clustering
method presented in this paper. Anomaly detection accuracy is recorded, and the end-to-end latency from
edge node discrimination to vehicle terminal alarm triggering is measured using NTP timestamps. The
actual data transmission volume during the inference phase for each method is also statistically analyzed.

array

Table 2. Comparison of anomaly detection accuracy and alarm latency

Method Anomaly Detection Accuracy (%) CcEcnd-to-End Alert Latency (ms) Data
Transmission
Volume (MB)

Cloud-based LSTM anomaly 90.8 265.4 184.6

detection

Federated K-means clustering 91.5 116.2 0.38

Proposed distributed multi-view 94.7 87 041

co-clustering

As shown in Table 2, the anomaly detection accuracy of the proposed joint clustering method reaches
94.7%, which is 3.9 and 3.2 percentage points higher than that of cloud-based LSTM and federated
K-means, respectively. The end-to-end latency for key alarms is only 87.0 ms, which is 32.8% of that
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of the cloud-based solution and 25.1% shorter than that of federated K-means. The data transmission
volume of the proposed method is only 0.41 MB, which is at an extremely low level, similar to that of
federated K-means, while cloud-based LSTM requires 184.6 MB of transmission. The data reduction
rate of the proposed method is 99.78% compared to the cloud-based solution. The results show that
multi-view joint clustering, while maintaining the advantage of lightweight edge transmission, deeply
integrates heterogeneous features, achieving a balance between high accuracy and low latency, and its
overall performance is significantly better than the two advanced mainstream solutions.
b) Evaluation Experiment on the Relationship between Latency and Data Reduction and Vehicle Density
To evaluate the real-time performance and communication efficiency of the system under large-scale
vehicle terminal access, the number of terminals is increased sequentially from 10 to 80, with each
terminal continuously transmitting 10-second multi-source sensor segments. Under unified edge node
and 5G private network conditions, the distributed multi-view joint clustering scheme and the cloud-based
LSTM anomaly detection scheme proposed in this paper are run respectively. The end-to-end latency of
key alarms at each scale is recorded, and the data transmission volume reduction rate is calculated based
on the transmission volume of the cloud-based scheme. The experiment is repeated 5 times, and the
average value is taken.
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Figure 2. Assessment of the relationship between latency and data reduction and vehicle density

In Figure 2, as the number of vehicle terminals increases from 10 to 80, the end-to-end latency of the
key alarm in our proposed solution only gradually increases from 45ms to 87ms, while the cloud-based
LSTM solution increases from 143ms to 265ms. Our proposed latency consistently remains below one-
third of the cloud-based solution, demonstrating a significant advantage in real-time response. Regarding
the amount of data transmitted, our proposed solution maintains a data reduction rate of over 99.6%
compared to the cloud-based solution; with 80 terminals, only 0.41MB needs to be transmitted, far
lower than the 184.6MB of the cloud-based solution. It is evident that through edge collaboration and
lightweight centroid switching, the system maintains millisecond-level alarms while introducing almost
no additional bandwidth overhead, meeting the stringent requirements of high-density vehicle monitoring
for real-time performance and communication efficiency.

c) Stability Experiment of Anomaly Detection Accuracy
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To verify the robustness of the proposed method in a vehicle-mounted environment with strong
interference, Gaussian white noise with a signal-to-noise ratio ranging from 5dB to 30dB is superimposed
on the test samples to simulate signal degradation caused by road bumps and electromagnetic
interference. Four structural damage conditions—normal, minor, moderate, and severe—were selected,
and distributed multi-view joint clustering is repeatedly performed 50 times at each noise level. The
average anomaly detection accuracy for each condition is recorded to examine the method’s recognition
stability as sensor data quality continuously deteriorates. See Figure 3 for details.
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Figure 3. Stability assessment of anomaly detection accuracy

At an extremely low signal-to-noise ratio (SNR) of 5 dB, the proposed method maintains a 70%
accuracy rate for detecting severe damage, and 82%, 78%, and 75% for normal, minor, and moderate
damage, respectively. When the SNR increases to 30 dB, the accuracy rates for all four structural states
exceed 91%, with 95% for normal conditions and 94% for minor damage. The maximum fluctuation
across all operating conditions is only 21 percentage points, and no accuracy drop occurs due to increased
noise. The results demonstrate that distributed multi-view joint clustering exhibits strong resistance to
sensor signal degradation and can stably identify structural damage patterns even in environments with
strong vehicle vibration and electromagnetic interference.

Conclusion

This paper addresses the core issues of insufficient real-time performance and difficulties in multi-
source data fusion in highway and bridge health monitoring, and constructs an onboard intelligent
operation and maintenance system driven by edge computing and joint clustering. By employing a three-
layer collaborative edge architecture, computational tasks are decentralized to onboard and roadside
nodes. Combined with a distributed multi-view joint clustering algorithm, accurate identification of
damage patterns and safety level classification are achieved without sharing original data, forming a
complete closed loop from sensor acquisition and edge analysis to tiered early warning. Experiments
verify the system’s comprehensive advantages in detection accuracy, alarm latency, and communication
efficiency. However, this study only validated the system on a limited number of bridges and under fixed
operating conditions; its generalization ability to extreme disaster scenarios needs further investigation.
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The consistency guarantee of the algorithm when deployed on a larger scale of nodes requires further
exploration. Future work will focus on adaptive upgrades of multimodal fusion and cross-bridge
transfer learning to further improve the system’s robustness and scalability in complex road network
environments.
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