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Damage Detection in Truss Structures Using Deep Learning Techniques
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Abstract

There has been considerable recent interest in deep learning techniques for structural analysis and design. However,
despite newer algorithms and more precise methods have been developed in the field of computer science, the recent
effective deep learning techniques have not been applied to the damage detection topics. In this study, we have explored
the structural damage detection method of truss structures using the state-of-the-art deep learning techniques. The deep
neural networks are used to train knowledge of the patterns in the response of the undamaged and the damaged
structures. A 31-bar planar truss are considered to show the capabilities of the deep learning techniques for identifying the
single or multiple-structural damage. The frequency responses and the elasticity moduli of individual elements are used as
input and output datasets, respectively. In all considered cases, the neural network can assess damage conditions with very

good accuracy.
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Comparison by applying the mini-batch concept
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16.35% damage  4552% damage
at No.25 element at No.17 element

Architecture
Target Prediction Target Prediction
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(Fig. 5) Damage identification for a specific single
damage case considering 16.35% damage
at No. 25 element
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