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Abstract

Damage detection, aimed at preventing overall structural failure and enabling planned
repair and rehabilitation, has been a significant research focus in recent years. Data-
driven structural health monitoring through structural response analysis constitutes
the core of contemporary studies. This approach utilises artificial intelligence tools,
particularly artificial neural networks, to eliminate the need for complex preprocessing
of time-series data and achieve more accurate results compared to traditional
structural health monitoring and damage detection methods. In this study, an
unsupervised deep neural network (convolutional autoencoder) is proposed to
reconstruct input data and employ the reconstruction error as a damage-sensitive
feature. The findings demonstrate that the proposed model achieves highly accurate
damage detection across various structural conditions, despite being trained solely on
healthy structural data. Moreover, the model exhibits favourable performance in terms
of the number of training parameters and computational effort. Finally, to validate the
effectiveness of the model, the results are compared with those of similar studies,
demonstrating superior accuracy.
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1- Introduction

Structural health monitoring (SHM) and damage advantages

such as

reduced cost, ease of

detection aim to provide a system that, in the event
of damage, issues an alert to prevent overall
structural failure and enables timely repair and
rehabilitation of affected areas. This process is
carried out through vibration-based methods, where
sensor data are collected and analyzed. Over the
past decades, both data-driven and model-based
vibration methods have been dominant approaches
in SHM research. Data-driven methods offer

implementation, and real-time inspection capability
[1-2]. Unlike model-based approaches, Data-driven
methods rely on statistical models, accelerate
decision-making and yield more robust results in
noisy environments, without requiring prior
information or assumptions about the structure [3-
4]. In data-driven SHM, the type of data used is
crucial. Most recent studies adopt supervised
approaches that require access to both healthy and
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damaged data for pattern recognition or
classification. However, collecting and labeling
damage data is often costly, time-consuming, and
sometimes infeasible. Therefore, developing
methods that match the nature of available structural
data is essential for continuous monitoring and
reliable damage detection.

The main contribution of this paper is an
unsupervised, data-driven damage detection method
with a novel framework and architecture for frame-
like structures, relying solely on healthy data. The
proposed approach employs acceleration response
measurements from the undamaged structure.
Statistical indicators from a hybrid model are used
as damage-sensitive features. As a result, reliable
structural state identification is achieved even under
varying operational conditions. The proposed
method is validated using the Los Alamos three-
story test structure [5].

2- Research Methods

This study introduces an unsupervised, data-driven
damage detection method for frame-like structures
that relies solely on healthy-state information. The
approach is based on anomaly detection concepts.
In this framework, the normal behavior of structural
data is collected and labeled over a specified time
period to form a reference baseline. The trained
model then evaluates incoming data and determines
whether they conform to the baseline (normal) or
deviate from it (anomalous). During the anomaly-
based detection process, structural responses in their
current healthy condition are continuously collected
to establish the baseline state. Once the model is
trained, future test data (capturing structural
features at later times) are compared against this
baseline, and any deviation indicates the occurrence
of damage. Machine learning models and artificial
neural networks are employed due to their strong
learning capacity, computational efficiency, ability
to process large datasets, and capability to capture
complex patterns [6].

3- Results

The developed Deep Neural Network model
(Convolutional Autoencoder (CAE)) in this study
demonstrates several notable advantages that justify
its effectiveness in learning and reconstructing data.
The CAE effectively reduces the dimensionality of
the input data (the latent layer dimension is one-
eighth of the original input), while preserving
spatial hierarchies. The symmetric CAE structure
(with convolution and deconvolution layers)
identifies key features during the encoding stage
and effectively reconstructs them during decoding.
Results demonstrates the strong performance of the
model in distinguishing between healthy and
damaged structural states, even under varying
operational conditions and nonlinear relationships
between states.

4- Conclusion

In this study, an unsupervised, data-driven method
for damage detection in frame-like structures was
developed. The reconstruction error of a
Convolutional Autoencoder (CAE) proved to be a
reliable and powerful indicator for structural
damage identification. Damage detection was
carried out directly using vibration responses under
environmental excitation on the LANL benchmark
structure,  without resorting to  complex
preprocessing such as signal processing techniques
or dimensionality reduction algorithms. The
proposed CAE model was trained exclusively on
healthy-state data and successfully identified
different structural states, with results evaluated
through various figures and tables.

The effectiveness of the CAE in accurately
recognizing structural conditions is evident, even in
the presence of complex dependencies and
interactions between different states. Designed with
multiple layers, effective dimensionality reduction,
and a symmetric architecture, the CAE achieved a
strong balance between feature learning and data
reconstruction. Experimental findings show that the
model achieved a reconstruction error of 0.226%
(corresponding to an accuracy of 99.774%) in
detecting damage scenarios. In addition, the model
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demonstrated efficiency in terms of trainable
parameters (231,940 parameters) and computational
effort (requiring only 4.5 minutes of training on the
benchmark dataset).
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