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Machine Learning based Seismic Response Prediction Methods
for Steel Frame Structures
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Abstract

In this paper, machine learning models were applied to predict the seismic response of steel frame structures. Both
geometric and material nonlinearities were considered in the structural analysis, and nonlinear inelastic dynamic analysis
was performed. The ground acceleration response of the El Centro earthquake was applied to obtain the displacement of
the top floor, which was used as the dataset for the machine learning methods. Learning was performed using two
methods: Decision Tree and Random Forest, and their efficiency was demonstrated through application to 2-story and
6-story 3-D steel frame structure examples.
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(Fig. 1> Ground acceleration spectrum of
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(Fig. 4) Comparison of ground truth and
predicted response for 2-story steel frame
structure

4.1 2-story steel space frame
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(Table 2) Material properties of 2-story steel
frame structure.

Propery

Elastic modulus 200 GPa
Poission’s ratio 03
Yield stress 700 MPa

(Table 3) MSE and R-squared scores on the

full dataset for 2-story steel frame
structure.

MSE R
Decision Tree 2.22436 0.972
Random Forest 0.00016 0.785

4.2 6-story steel space frame
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(Table 4) Material
frame structure.

properties of 2-story steel

Propery

Flastic modulus 206,850 MPa
Shear modulus 79,293 MPa
Yield stress 250 MPa
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(Fig. b) Six-story steel frame structure
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(Table 5) MSE and R-squared scores on the
full dataset for 6-story steel frame
structure.

MSE R
Decision Tree 0.00127 0.940
Random Forest 0.00509 0.760
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(a) Decision Tree
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(b) Random Forest

(Fig. 7) Comparison of ground truth and
predicted response for 6-story steel frame
structure
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