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ABSTRACT

This study proposes a nonlinear analysis method for truss structures using deep-
learned truss elements. Truss structures can fail when subjected to extreme load due to
buckling. Conventional truss elements used when modeling truss structures cannot
represent buckling behavior. To consider buckling, beam elements need to be used, but
they require a higher degree of freedom compared to truss elements. Furthermore, the
nonlinear analysis of complex structures may encounter challenges related to
convergence and computational time. In this study, we propose a new nonlinear analysis
method for truss elements capable of representing buckling behaviors. This approach
significantly reduces the degrees of freedom required in nonlinear finite element analysis
and improves the convergence and computational efficiency.

1. INTRODUCTION

The collapse of most structures, particularly slender structures like cables, bars,
and thin shells, can be attributed to nonlinear behavior. When the slender structure is
subjected to compressive loads, it becomes susceptible to a phenomenon called
buckling. Buckling analysis is crucial for the truss structures, which are typically
composed of reinforcing bars that primarily experience axial loads. To prevent such
failures, it is essential to analyze the buckling behavior of truss structures accurately.

Thai (2009) conducted a study on improving the Newton-Raphson method to
improve the accuracy of nonlinear analysis of truss structures. Since nonlinear analysis
uses an incremental-iterative solution, it has a computationally expensive problem.
Recently, research is being conducted to replace Newton-Raphson's iterative calculation
procedure using neural networks and machine learning (Mai 2021). Bidmeshki (2021)
used a genetic algorithm, and Ojha (2023) used a heuristic optimization algorithm to
replace Newton-Raphson's iterative calculation procedure, thereby increasing the
efficiency of nonlinear analysis of truss structures. However, the truss elements, which
only transmit axial forces, cannot account for structural bending, making the analysis of
buckling behavior difficult. Beam elements (Yoon K 2014, 2015, Kim HJ 2020, 2021) that
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can implement bending have more degrees of freedom than truss elements, and have
the disadvantage of poor convergence in complex structures. Many studies have been
conducted to improve the performance of finite elements using machine learning (Jeong
J 2020, 2022). In the analysis of truss structure, research using deep learning is being
conducted.

In this study, buckling analysis is performed by selecting a representative
member (length, cross-section etc.) and applying it to a single beam with initial
imperfection. The hysteresis response obtained as a result is trained through a deep
learning algorithm to perform buckling analysis of truss elements.

2. PROPOSED NONLINEAR ANALYSIS METHOD OF TRUSS STURCTURE

2.1 A Data-driven truss element

Stiffness matrix
Internal force vector

Beam element Load-displacement curve New truss element

Fig. 1 Overview of a data-driven truss element

Fig. 1 is an overview of the methodology for a data-driven truss element capable
of representing buckling behavior. This truss element constructs the stiffness matrix (K )
and internal force vector (F) from the load-displacement curve obtained through the
beam buckling analysis.

2.1.1 Nonlinear elastic behavior
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Fig. 2 Shallow 2-bar truss example

In order to check whether the proposed truss element represents buckling
behavior in the elastic region, a shallow 2-bar truss example is constructed as shown in
Fig. 2 and nonlinear analysis is performed. The load-displacement curve at point p is
obtained.

2.1.2 Nonlinear plastic behavior
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In order to check whether the proposed truss element represents buckling
behavior in the plastic region, the same example as in 2.1.1 is constructed and nonlinear
analysis is performed. A bilinear elastic-plastic material model is used, and the yield
strength is 200.2 MPa. In plastic analysis, since the material is permanently deformed
under load, the history of the load must be considered. Perform the same loading-
unloading analysis as the load history received by the truss structure in 2.1.1 to obtain
the hysteresis curve. By applying this to the proposed truss element, the load-
displacement curve at point p was obtained, and it was confirmed that the behavior is
similar to that of the beam.

2.2 Deep-learned truss element

Calculating hysteresis each time the structure of the truss changes can be
computationally inefficient, especially for large and complex truss systems. Various load-
displacement hysteresis datasets are generated and used for the deep learning model
training.

2.2.1 Training dataset for deep-learned truss element
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Fig. 3 Single beam with initial imperfection

To generate various load-displacement hysteresis training datasets, the Beam
element of ADINA 9.8 is used. Fig.3 is a single beam with initial imperfection, and
buckling analysis is performed. In order to generate various hysteresis data, irregular
displacement loads are defined using the superposition of sine function.

2.2.2 Training model for deep-learned truss element

For load-displacement hysteresis training, this paper use DNN (Deep Neural
Network) known as the basic model and LSTM (Long Short-Term Memory) suitable for
processing sequence data. In the case of LSTM, training proceeds by predicting the next
step according to the state change of the truss after the first load step by using the training
method called rolling prediction and sequence update.

3. CONCLUSIONS

This study proposes a deep-learned truss element capable of representing
buckling behavior. The data-driven truss element is constructed by calculating the
stiffness matrix and internal force vector from the buckling analysis results of a single
beam. As a result of nonlinear analysis in the elastic and plastic regions using the data-
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driven truss element, the feasibility that the same buckling behavior as the beam can be
implemented is confirmed.

In the plastic region, a loaded member is permanently deformed, so it is essential
to consider the past load history. Various load-displacement hysteresis data are
generated, and the predicted value of the previous step is used as an input to predict the
value of the next step using DNN and LSTM model. The deep-learned truss element that
calculates the stiffness matrix and internal force vector using the LSTM model prediction
value whenever the load of the truss structure changes is proposed.
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