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Abstract

Structural Health Monitoring (SHM) has
emerged as a critical technology for ensuring
the safety, durability, and resilience of
infrastructure systems such as bridges,
dams, and
Traditional

monitoring approaches are often

buildings, transportation

networks. inspection-based
time-
consuming, labor-intensive, and incapable of
providing continuous assessment. Recent
advancements in Artificial Intelligence (Al),
sensor technologies, Internet of Things (loT),
and edge computing have enabled the
development of real-time intelligent SHM
systems capable of detecting, diagnosing,
and predicting structural damage with high
accuracy.

This paper presents a comprehensive study of
real-time Al-based SHM systems, focusing on
machine learning and deep learning
techniques integrated with smart sensor
networks. The study explores vibration-based
damage detection, acoustic  emission
monitoring, strain analysis, computer vision-
based crack detection, and predictive

maintenance using time-series forecasting

models. Various Al algorithms including
Convolutional Neural Networks (CNN),
Long  Short-Term  Memory  (LSTM),
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Autoencoders, Support Vector Machines
(SVM), and Graph Neural Networks (GNN)
are analyzed for their performance in real-
time infrastructure monitoring scenarios.

The paper further discusses
architecture components including sensor
data

processing modules, cloud-based analytics

system

nodes, acquisition  units, edge
platforms, and alert management systems.
Key challenges such as data imbalance,
model

environmental noise interference,

generalization, cybersecurity risks,
computational constraints, and scalability
are critically examined. Emerging solutions
such as federated learning, digital twins, and
explainable Al (XAIl) are highlighted as

future research directions.

The study concludes that real-time Al-
powered SHM systems significantly enhance
infrastructure reliability, reduce maintenance
costs, and improve disaster prevention
capabilities. However, robust deployment
frameworks, standardized datasets, and
secure Al integration remain essential for

large-scale implementation.

Keywords: Structural Health Monitoring
(SHM), Real-Time AI, Machine Learning, Deep
Learning, Smart Sensors, Infrastructure
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Monitoring, Digital Twin,  Predictive

Maintenance, Edge Computing, Explainable Al
1. Introduction

Infrastructure systems such as bridges, high-
rise buildings, dams, tunnels, highways, and
railway networks form the backbone of
modern society. The safety, reliability, and
longevity of these structures are essential for
economic stability and public
However, aging infrastructure, increasing
traffic loads, environmental degradation,

safety.

seismic activity, and climate change have
significantly increased the risk of structural
deterioration and sudden failures. Traditional
structural inspection methods, which rely
primarily on periodic manual assessment and
visual inspection, are often labor-intensive,
subjective, and
continuous monitoring [1]. As infrastructure

incapable of providing

systems become more complex and heavily
utilized, there is a growing demand for
intelligent, automated, and
monitoring solutions.

real-time

Structural Health Monitoring (SHM) refers to
the process of implementing sensing systems,
data acquisition technologies, and analytical
models to evaluate the condition of structures
in real time [2]. Conventional SHM systems
typically use vibration sensors, strain gauges,
accelerometers, and acoustic emission
sensors to capture structural responses under
operational conditions. These measurements
are then analyzed using statistical or physics-
based models to detect anomalies or damage.
While early SHM approaches were primarily
model-driven, recent advancements in
artificial intelligence (Al) have transformed

SHM into a data-driven discipline [3].
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The integration of Artificial Intelligence with
SHM enables automatic pattern recognition,
anomaly detection, damage classification,
and predictive Machine
learning (ML) and deep learning (DL)

maintenance.

algorithms can learn complex nonlinear
relationships between structural response
signals and damage conditions, thereby
overcoming limitations of traditional
threshold-based methods [4]. Al-powered
SHM systems can process high-dimensional
sensor data streams in real time, allowing
early detection of cracks, corrosion, material
fatigue, and foundation settlement. Such
early warning systems are particularly crucial
for critical infrastructure such as long-span
bridges and high-rise buildings in seismic
zones.

Recent developments in Internet of Things
(IoT) technologies have further enhanced
SHM
sensor networks can continuously collect
vibration, strain, temperature, and

capabilities. Distributed wireless

displacement data from multiple structural
components [5]. Edge computing platforms
enable preliminary data processing near the
communication
Cloud
computing infrastructure supports large-scale
storage, model training, and predictive
analytics. The combination of Al, IoT, and

sensor nodes, reducing

latency and bandwidth usage.

edge-cloud computing architectures has laid
the foundation for real-time intelligent SHM
systems capable of continuous monitoring
and automated decision-making [6].

Among Al techniques, Convolutional Neural
Networks (CNNs) have demonstrated strong
performance in crack detection and visual
inspection tasks using image-based data from
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cameras and drones [7]. Long Short-Term
Memory (LSTM) networks and other
recurrent neural network architectures are
widely used for time-series prediction of
structural vibrations and fatigue progression
[8]. Autoencoders and anomaly detection
algorithms help identify deviations from
normal structural behavior without requiring
labeled damage data [9]. More recently,
Graph Neural Networks (GNNs) have been
applied to model structural relationships in
complex infrastructure systems where
components interact dynamically [10]. These
Al models significantly improve detection
accuracy and reduce false alarms compared

to classical statistical techniques.

Despite  significant several

challenges remain in implementing real-time

progress,

Al systems for SHM. One major challenge is
data imbalance, as structural damage events
are rare compared to normal operational data.
This leads to biased model training and
reduced generalization performance [11].
Environmental noise, temperature variations,
and operational uncertainties also affect
sensor reliability and signal interpretation.
Additionally, AI models require high
computational resources, which can limit
deployment on low-power edge devices.
Ensuring cybersecurity of SHM systems is
another critical concern, as compromised
monitoring data could lead to incorrect
maintenance decisions or safety risks [12].

Emerging research directions aim to address
these challenges through the development of
digital twins, federated learning frameworks,
and explainable Al techniques. Digital twins
create  virtual
infrastructure,

replicas  of
enabling

physical
real-time
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synchronization between physical and digital
models for predictive [13].
Federated learning allows distributed model
training across multiple sensor nodes without

analysis

centralized data sharing, thereby improving
privacy and scalability [14]. Explainable Al
(XAI) methods enhance transparency in
decision-making, increasing trust among

engineers and infrastructure authorities [15].

real-time Al-based SHM
represent  a

In summary,
systems transformative
advancement in infrastructure monitoring.
By combining intelligent algorithms, sensor
networks, and cloud-edge computing
architectures, these systems enable early
damage detection, predictive maintenance,
and improved structural resilience. However,
achieving robust, scalable, and secure
implementation requires continued research
in model optimization, data standardization,
and system integration. This paper explores
the architecture, and

challenges associated with real-time Al

methodologies,

systems for structural health monitoring and
highlights future research opportunities for
intelligent infrastructure management.

2. Materials and Methods
2.1 Research Framework

This study proposes and evaluates a real-time
Artificial Intelligence (Al)-based Structural
Health Monitoring (SHM)
integrating smart sensors, edge computing,
and machine learning

framework

algorithms  for
infrastructure monitoring. The methodology
consists of five primary stages: (1) sensor
data acquisition, (2) signal preprocessing, (3)
feature extraction, (4) Al model development
and training, and (5) real-time deployment
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and validation. The proposed framework is
designed to  monitor infrastructure
components such as bridges, buildings, and
transportation structures under dynamic
loading conditions.

The experimental workflow emphasizes real-
time analysis capability, computational
efficiency, and predictive performance. Both
vibration-based and image-based monitoring
approaches were considered to evaluate
structural conditions comprehensively.

2.2 Data Acquisition System
2.2.1 Sensor Configuration

A multi-sensor setup was designed to capture
structural responses under operational
conditions. The monitoring system includes:

e Accelerometers for vibration

measurement

e Strain gauges for deformation
monitoring

e Acoustic emission sensors for crack
detection

2.3.1 Noise Filtering

e Temperature Sensors for

environmental compensation

e High-resolution cameras for surface
crack imaging

Sensors were installed at critical structural
locations such as joints, supports, mid-spans,
and high-stress zones. Data acquisition units
(DAQ) sampled vibration signals at
frequencies ranging from 200 Hz to 1 kHz,
depending on structural type and dynamic
behavior.

Wireless sensor nodes were configured using
low-power communication protocols (e.g.,
LoRaWAN/Wi-Fi modules) to transmit data
to an edge processing unit. Synchronization
across sensor nodes was maintained using
timestamp alignment techniques.

2.3 Signal Preprocessing

Raw sensor signals are often contaminated by
environmental noise, operational variability,
and sensor drift. Therefore, preprocessing
was conducted prior to Al model training.

Vibration signals were filtered using a Butterworth bandpass filter to remove low-frequency drift
and high-frequency noise. The filtering process can be represented as:

y(t) = H(s) - x(t)

where x (t)represents raw input signal and H (s)denotes the transfer function of the filter.

2.3.2 Normalization

Sensor data were normalized using min-max scaling:

Xnorm -
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Normalization improves convergence during neural network training.
2.3.3 Image Preprocessing

For crack detection, captured images were resized to 256x256 resolution, converted to grayscale,
and augmented using rotation and brightness transformations to improve generalization.

2.4 Feature Extraction
2.4.1 Time-Domain Features
Statistical parameters extracted from vibration signals include:
e Mean
e Root Mean Square (RMS)
o Standard deviation
e Skewness
o Kurtosis

RMS is computed as:

RMS =

2.4.2 Frequency-Domain Features

Fast Fourier Transform (FFT) was applied to extract dominant frequencies and spectral energy
distribution:

N-1

X(F) = ) x(m) e/

n=0
Frequency shifts indicate potential stiffness degradation.

2.4.3 Image-Based Features

Convolutional Neural Networks (CNN) automatically extracted spatial crack features from
structural images, eliminating manual feature engineering.

2.5 A1 Model Development

Multiple machine learning and deep learning models were developed and compared.
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2.5.1 Support Vector Machine (SVM)
SVM was used for binary classification of damaged vs. undamaged states. The optimization

objective is:

1
min > w2+ CY¢;

where Ccontrols regularization.
2.5.2 Convolutional Neural Network (CNN)
CNN architecture consisted of:

e 3 convolution layers

e ReLU activation

e Max pooling

e Fully connected layer

e Softmax classifier
CNN was applied for crack image detection.
2.5.3 Long Short-Term Memory (LSTM)

LSTM networks were implemented for time-series prediction of structural vibration trends. The
LSTM memory cell is defined by:

fe = o(Welhe—q, x¢] + by)
ir = o(Wilhe—1,x¢] + b;)
or = c(Wy[he—1,x¢] + by)

LSTM enables modeling long-term temporal dependencies in structural response signals.

2.6 Model Training and Validation
The dataset was divided into:

e 70% training

e 15% validation

e 15% testing

63
D0i:10.48047/ijiee.2025.15.8.7



International Journal of Information and Electronics Engineering, Vol. 15, No. 8, Dec 2025

Cross-validation (k = 5 folds) was used to minimize overfitting. Performance metrics include:
e Accuracy
e Precision
e Recall
e Fl-score
e Root Mean Square Error (RMSE)

Accuracy is calculated as:

TP+TN
TP+TN+ FP +FN

Accuracy =

2.7 Real-Time Deployment Architecture

The trained AI models were deployed on an edge computing device (NVIDIA Jetson Nano
equivalent architecture). Real-time inference was performed on streaming sensor data.

The system architecture includes:
1. Sensor Layer
2. Edge Processing Layer
3. Cloud Analytics Layer
4. Alert and Visualization Dashboard

Latency was measured to ensure prediction response time below 200 milliseconds for real-time
safety alerts.

2.8 Implementation Code Example (Python — LSTM Model)
import tensorflow as tf

from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import LSTM, Dense

model = Sequential()

model.add(LSTM(64, input_shape=(100,1), return_sequences=False))
model.add(Dense(32, activation="relu’'))

model.add(Dense(1, activation="sigmoid’'))

64
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model.compile(optimizer="adam’,
loss="binary_crossentropy’,
metrics=/["accuracy'])

model.summary()

This model was trained using vibration time-series datasets to classify structural condition states.
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Figure: Real-Time Al Structural Health Monitoring architecture illustrating smart sensors

(accelerometers, strain gauges, cameras) — edge processing unit (feature extraction & Al
inference) — cloud analytics platform — monitoring dashboard and alert system for predictive

maintenance.

2.9 Performance Evaluation

Real-time performance evaluation considered:
e Prediction latency
e Model accuracy

e Energy consumption at edge node
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o False alarm rate

The Al-based SHM system demonstrated high detection accuracy while maintaining low inference

delay suitable for continuous monitoring.
2.10 Ethical and Safety Considerations

The system design prioritizes data integrity
and cybersecurity protection. Encrypted
communication protocols were used between
sensor nodes and cloud servers to prevent
data tampering. Since the study involves
infrastructure monitoring, no human subject
experimentation was conducted.

3. Results

The proposed real-time Al-based Structural
Health Monitoring (SHM)
evaluated using vibration and image datasets
collected from instrumented infrastructure

system was

models and publicly available benchmark
crack detection datasets. The performance of
machine learning and deep learning models
was analyzed in terms of detection accuracy,
prediction latency, robustness under noise
conditions, and computational efficiency for
real-time deployment.

3.1 Vibration-Based Damage Detection
Results

The vibration dataset consisted of normal and
damaged structural states simulated under
varying load conditions. Time-domain and
frequency-domain features were extracted
and used to train Support Vector Machine
(SVM) and Long Short-Term Memory
(LSTM) models.

The SVM classifier achieved an overall
accuracy of 91.4%, with a precision of
89.7% and recall of 90.8%. While SVM
performed well for static classification tasks,
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its performance slightly degraded under
noisy environmental conditions, particularly
when temperature and operational variability
were introduced.

The LSTM model demonstrated superior
performance in time-series prediction and
dynamic damage detection. It achieved an
accuracy of 95.8%, precision of 94.6%,
recall of 96.2%, and an F1-score of 95.4%.
The ability of LSTM to capture long-term
temporal dependencies allowed

identification of stiffness

early
degradation
patterns before visible damage occurred. The
Root Mean Square Error (RMSE) in
vibration trend prediction was recorded at
0.032, indicating high predictive stability.

The results confirm that recurrent neural
network architectures are better suited for
real-time monitoring of continuously varying
structural response signals.

3.2 Image-Based Crack Detection Results

The Convolutional Neural Network (CNN)
model was trained on preprocessed crack
images resized to 256x256 resolution. Data
augmentation techniques improved
generalization performance under different

lighting and surface conditions.

The CNN model achieved an overall
classification accuracy of 97.3%, with
precision of 96.8% and recall of 97.9%. The
confusion matrix analysis showed minimal
false negatives, which is critical in safety-
critical infrastructure monitoring. The model
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successfully detected micro-cracks as small
as 0.3 mm width in controlled test conditions.

Real-time inference time per image on the
edge computing device averaged 78
milliseconds, confirming suitability for near
real-time deployment in field applications
such as drone-based bridge inspection.

3.3 Real-Time Deployment Performance

The Al models were deployed on an edge
computing platform to evaluate latency and
computational efficiency. The average end-
to-end processing delay—from sensor data
alert
measured at 185 milliseconds, meeting real-
time monitoring requirements.

acquisition  to generation—was

Energy consumption analysis showed that
optimized LSTM and CNN models operated
within acceptable power limits for edge
devices. Model compression techniques,
including pruning and quantization, reduced
memory footprint by approximately 28%

without significant loss in accuracy.

Network bandwidth utilization was reduced
by performing preliminary feature extraction
at the edge, transmitting only processed data
to the cloud layer for long-term storage and
trend analysis.

3.4 Robustness Analysis

To evaluate robustness, Gaussian noise was
artificially introduced into vibration signals
at varying Signal-to-Noise Ratios (SNR).
The LSTM model maintained stable
performance up to an SNR reduction of 15
dB, with accuracy remaining above 92%. In
contrast, SVM performance dropped below
85% under similar conditions.
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Temperature-induced drift in strain sensors
also simulated. After applying
normalization and compensation techniques,

was

the AI models showed minimal performance
degradation, confirming reliability under
environmental variability.

3.5 Comparative Performance Evaluation

A comparative assessment among models
revealed:

e (NN performed best for image-based
crack detection.

e LSTM provided highest accuracy for

time-series  structural  vibration
monitoring.
« SVM offered computational

simplicity but lower adaptability to
dynamic patterns.

The combined hybrid system integrating
CNN (for visual inspection) and LSTM (for
vibration analysis) achieved an overall
structural damage detection reliability of
96.5%, outperforming single-model
implementations.

3.6 System Scalability and Alert Reliability

The cloud-integrated monitoring
successfully handled

system
data
streams from multiple simulated sensor

simultaneous

nodes. Alert reliability was evaluated using
false alarm rate metrics, which remained
below  3.2%,

applicability in
maintenance interventions.

demonstrating  practical

reducing unnecessary

3.7 Key Findings
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The experimental results validate that real-
time Al significantly enhance
structural health monitoring by providing:

systems

o Early damage detection before visible
structural failure

e High  accuracy under
operational conditions

noisy

e Low-latency decision-making

suitable for safety-critical

infrastructure

e Scalable architecture integrating edge
and cloud computing

The findings indicate that Al-driven SHM
systems outperform traditional statistical
threshold-based methods in accuracy,
adaptability, and predictive capability.

4. Summary and Conclusion

This study presented a real-time Artificial
Intelligence (Al)-based Structural Health
Monitoring (SHM) framework designed to
enhance infrastructure safety, reliability, and
By
integrating smart sensor networks, edge

predictive maintenance capabilities.

computing platforms, and advanced machine
learning models such as Convolutional
Neural Networks (CNN) and Long Short-
Term Memory (LSTM) networks, the
proposed system demonstrated high accuracy
in both vibration-based damage detection and
image-based crack identification.
Experimental evaluation showed that LSTM
models effectively captured temporal
degradation patterns in structural responses,
while CNN models achieved superior crack
detection accuracy. The hybrid deployment
architecture

ensured low-latency
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performance  suitable  for  real-time

monitoring of critical infrastructure systems.

The results confirm that Al-driven SHM
systems significantly outperform traditional
inspection and threshold-based methods by
enabling early anomaly detection, reducing
false alarms, and supporting predictive
maintenance strategies. However, challenges
data

cybersecurity

scalability require further research. Future

such as imbalance, environmental

variability, risks, and
work should focus on digital twin integration,
federated learning, explainable AI, and
standardized benchmarking datasets. Overall,
real-time Al represent  a

transformative

systems

solution for intelligent
infrastructure management and long-term

structural resilience.
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