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Machine Learning-based Structural Health Monitoring to Detect Linear and Non-linear
Damages by Combining Deep Temporal and Time-Frequency Features

A. Asgharzadeh-Bonab Department of Science and Technology Studies, AJA Command and Staff University, Tehran, Iran
H. Kalbkhani Department of Electrical Engineering, Urmia University of Technology, Urmia, Iran

S. Bij anvand Department of Civil Engineering, Imam Ali University, Tehran, Iran

Abstract

Structural health monitoring (SHM) systems are used to ensure the safe operation of infrastructure and making decisions about the
structure's maintenance, repair, and retrofitting. This paper presents a new method based on signal processing and machine learning
for SHM. The proposed method is based on deep temporal and time-frequency features. The time-frequency representation (TFR) is
obtained using continuous time Fourier transform (CWT), then TRF is applied to the convolutional neural network (CNN) to extract
deep time-frequency features. To extract the deep temporal features, the intrinsic mode functions (IMF) are obtained using the
empirical mode decomposition (EMD), and the long short-term memory (LSTM) network models the IMFs. Due to the large number
of deep features, the features with high correlation were removed using the feature reduction algorithm. Finally, using the optimized
support vector machine (SVM), the structure's health or the damage's location is identified. The results show that the proposed
method is more accurate than similar methods in linear and non-linear scenarios and can be used as a reliable method in SHM
applications.

Keywords: Linear Dagame, Nonlinear Damage, Structural Health Monitoring, Temporal Features, Time-Frequency Features,
Machine Learning.
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