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A spectrum-matched ground motion selection method based

on convolutional neural networks
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Abstract: Selecting the spectrum-matched ground motions is one of the critical problems in the seismic analysis and
design of building structures. Because of the outstanding performance of convolutional neural networks in image
recognition and classification, this paper proposes a spectrum-matched ground motionselection methodbased on
convolutional neural networkto consider the two-dimensional characteristics of response spectrum images. Firstly,
the basic principles of using convolutional neural networks to select spectrum-matched ground motions and the
method of generating training data are described. Then, the characteristics of 11 neural network structures of the
Keras deep learning framework in the spectrum-matched ground motions selection are discussed. Finally, two
optimal networks of Xception and InceptionResNetV2 are used to select the records matching the design spectrum
of the Chinese design code from 11462 horizontal components of 200 earthquakes. The results show that
convolutional neural networks can efficiently extract the features of the response spectrum image, and the difference
between the mean response spectrum of the selected motions and the target design spectrum is non-significant. The
research work could provide method reference and technical support in engineering practice when the spectrum-

matched ground motion selection is needed.
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Fig. 1 Schematic diagram of spectrum matching ground motion selection based on convolutional neural networks
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Fig. 2 Scatterplot of magnitude relative to epicentral distance

for the ground motions selected in this paper
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Fig. 3 Schematic diagram of the training sample for the

convolutional neural networks used in this paper
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