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Abstract: Accurate seismic ground response analysis is crucial for the design and safety of civil
infrastructure and establishing effective mitigation measures against seismic risks and hazards. This
is a complex process due to the nonlinear soil properties and complicated underground geometries.
As a simplified approach, the one-dimensional wave propagation model, which assumes that seismic
waves travel vertically through a horizontally layered medium, is widely adopted for its reasonable
performance in many practical applications. This study explores the potential of sequence deep
learning models, specifically 1D convolutional neural networks (1D-CNNs), long short-term memory
(LSTM) networks, and transformers, as an alternative for seismic ground response modeling. Utilizing
ground motion data from the Kiban Kyoshin Network (KiK-net), we train these models to predict
ground surface acceleration response spectra based on bedrock motions. The performance of the
data-driven models is compared with the conventional equivalent-linear analysis model, SHAKE2000.
The results demonstrate that the deep learning models outperform the physics-based model across
various sites, with the transformer model exhibiting the smallest average prediction error due to its
ability to capture long-range dependencies. The 1D-CNN model also shows a promising performance,
albeit with occasional higher errors than the other models. All the data-driven models exhibit efficient
computation times of less than 0.4 s for estimation. These findings highlight the potential of sequence
deep learning approaches for seismic ground response modeling.

Keywords: earthquake; seismic ground response modeling; convolutional neural networks (CNNs);
long short-term memory (LSTM) networks; transformer

1. Introduction

Accurate estimation of seismic ground response is crucial for the design and safety of
civil infrastructure, as it is the foundation to determine the impact of earthquake-generated
ground motion on structures. Accurately modeling this response is vital for establishing
effective mitigation measures against seismic risks and hazards for structures built on the
ground [1,2].

The mechanics of seismic wave propagation during an earthquake involve intricate
physical processes. When a fault occurs, it releases energy in the form of seismic waves.
These waves propagate from the source through the soil media to the site. During this
propagation, some wave components are filtered, while others are amplified depending on
the site conditions, a phenomenon known as the site effect [3]. Seismic ground response
analysis evaluates ground surface motions based on bedrock motion, accounting for the
site effect. This process is inherently complex and includes uncertainties due to the hetero-
geneous nature of soil layers, varying soil properties, and underground geometries [4].
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As a simplified approach, the one-dimensional wave propagation model [5–8] is
widely adopted for site response analysis. This model assumes that seismic waves travel
vertically through a horizontally layered medium and has proven reasonable for many
practical applications as a physics-based model. Hashash et al. [9] apply a one-dimensional
wave propagation model to analyze the seismic response in the Mississippi embayment.
Zheng et al. [10] use this model for site response analysis in the New Madrid seismic zone.
Zalachoris et al. [8] evaluate this model using borehole arrays. It is also widely used as
the benchmark model to calibrate the nonlinear soil models for response analysis [9,11,12].
To capture the full complexity of wave propagation, full 3D numerical models can be
employed, but describing the 3D underground geometry is challenging work, and entails
significant computational costs [13–15].

Recent studies have demonstrated the potential of data-driven models using ma-
chine learning (ML) as successful surrogates for physics-based models. These models
learn complex physical phenomena from data, achieving outstanding performance in var-
ious applications, such as global weather forecasting [16,17], the dynamics of granular
flow and rigid body interaction, and fluid flow simulation [18–20]. By leveraging ma-
chine learning architectures tailored to focus on learning specific physical phenomena,
these models often surpass conventional physics-based models in terms of accuracy or
computational efficiency.

In terms of the application of data-driven approaches for ground motion prediction,
Fayaz et al. [21] introduce an autoencoder-based system for the real-time estimation of
ground motion acceleration. The framework efficiently processes initial p-wave data to
predict spectral acceleration with high accuracy, implying its validity for on-site earthquake
early warning systems. Akhani et al. [22] propose a hybrid computational intelligence
approach that integrates genetic algorithms, neural networks, and regression analysis to
predict spectral acceleration. Their model outperforms the accuracy of traditional ground
motion models such as Campbell et al. and Abrahamson et al. [23,24]. Hu et al. [25]
utilize PCA and genetic algorithms to simulate ground motion, effectively matching the
amplitude, spectrum, and duration characteristics for realistic seismic input generation.

For seismic response analysis, where data consist of motion sequences or time series,
sequence deep learning architectures can be promising options for learning the underlying
sequential behavior of the motions. Popular architectures for sequence deep learning
include 1D convolutional neural networks (1D-CNNs) [26], which capture local patterns
in the sequence, and long short-term memory (LSTM) [27] networks, which can model
long-term dependencies. For more advanced models, the transformer network shows
a state-of-the-art performance [28] for sequential data. These models are designed to
effectively capture the sequential or temporal relationships between the sequence of input
features and the resulting responses.

The application of sequence deep learning models has been successful throughout
various civil engineering fields. Choi et al. [29] used LSTM for predicting the pore pressure
response in liquefiable sands under cyclic loading. Zhang et al. [30] and Zhang et al. [31]
used LSTM to learn the stress–strain behavior of soils. In seismic response modeling,
Hong et al. [32] proposed a CNN-based model to estimate the seismic ground response
based on the earthquake records. The model performance was compared with the conven-
tional one-dimensional physics-based model. Similarly, Li et al. [33] used a CNN and LSTM
for seismic response modeling, and they compared the performance with the FEM model.
Liao et al. [34] improved the LSTM model by using attention mechanisms [28] and applied
their model to the seismic response prediction of bridges. The improved model showed a
promising performance improvement compared to conventional LSTM. Zhang et al. [35]
used the transformer, a state-of-the-art sequence model, for the structural seismic response
for both linear and nonlinear systems and showed improved accuracy compared to LSTM.
The above studies highlight that the data-driven approach can successfully model the
seismic response for unseen conditions and potentially surpass the physics-based models
under their research conditions.
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Although previous studies proposed CNN- and LSTM-based models for ground seis-
mic response modeling, the transformer-based model, which is the most advanced sequence
learning architecture, has not been studied for this purpose. Instead, research involving
transformers has primarily focused on structural response modeling. Additionally, the
comprehensive comparison between the performance of the sequence learning models for
seismic response is still limited.

To address these gaps, we compare the CNN, LSTM, and transformer approaches
for seismic ground response modeling. Based on these sequence learning architectures,
we aim to (1) develop site-specific machine learning models for seismic ground response
modeling and (2) explore the validity of sequence deep learning architectures (CNN, LSTM,
transformer) for learning the site response. We prepare the ground motion measurement
data from the Kiban Kyoshin Network (KiK-net). The models are trained on ground motion
measurement data for individual sites to consider the site-specific conditions. We then
compare the performance of these data-driven models with the conventional physics-based
model, SHAKE2000 [4], as a baseline to evaluate their performance and validity for seismic
ground response prediction. The results provide new insights into the potential of advanced
sequence deep learning models for application in seismic ground response.

2. Earthquake Data

We utilized the ground motion data from Hong et al. [32], which employ the strong-
motion seismograph network Kiban Kyoshin Network (KiK-net) [36] in Japan. This net-
work, established by the National Research Institute for Earth Science and Disaster Preven-
tion (NIED), comprises seismometers installed in boreholes and on the surface at various
sites (marked with black hollow circles in Figure 1) across the country to record earthquake
motions. Each KiK-net site provides information about site-specific data, acceleration his-
tory measurements, and ground properties essential for seismic ground response analysis.
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Hong et al. [32] focus on ground motion data from 12 selected sites (marked with
purple-colored circles in Figure 1). Each site has 100 earthquake events recorded after 2008,
with moment magnitudes greater than 6 and peak ground accelerations (PGAs) exceeding
0.01 g. These thresholds are to ensure more complete waveforms and a broader range of
recorded ground motions as well as to focus on impactful seismic activities.

The shear wave velocity and density profiles for these sites are presented in Figure 2.
Table 1 summarizes the average shear wave velocity (Vs,30), average natural period (Tg), and
the corresponding National Earthquake Hazard Reduction Program (NEHRP) site classifi-
cation based on Vs,30 and Tg for each site. For a more comprehensive description including
the ground layer profiles obtained from borehole data, please refer to Hong et al. [32].
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Table 1. The information of the selected sites (reproduced from Hong et al. [32]).

Site ID Site Name Vs,30 (m/s) Tg (s) NEHRP Site
Classification Description

FKSH17 Kawamata 544 0.22 C Dense soil, soft rock
FKSH18 Miharu 307.2 0.39 D Stiff soil
FKSH19 Miyakoji 338.1 0.35 D Stiff soil
IBRH13 Takahagi 335.4 0.36 D Stiff soil
IWTH02 Tamayama 816.3 0.15 B Rock
IWTH05 Fujisawa 442.1 0.27 C Dense soil, soft rock
IWTH12 Kunohe 367.9 0.33 C Dense soil, soft rock
IWTH14 Taro 816.3 0.15 B Rock
IWTH21 Yamada 521.1 0.23 C Dense soil, soft rock
IWTH22 Towa 532.1 0.23 C Dense soil, soft rock
IWTH27 Rikuzentakata 670.3 0.18 C Dense soil, soft rock
MYGH04 Towa 849.8 0.14 B Rock

The earthquake datasets include acceleration time history measurements at the bedrock
(100 m below the ground surface) and the ground surface. Using these time history
data, we generate acceleration, velocity, and displacement response spectra with a five
percent damping ratio. The deep learning models in this study take the response spectra
(acceleration, velocity, and displacement) at the bedrock as the input and predict the surface
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acceleration response spectrum. The following section provides a detailed explanation of
the models.

3. Prediction Models

We propose three kinds of data-driven seismic ground response prediction models
that are based on the following deep learning architectures: (1) 1D convolutional neural
networks (1D-CNNs), (2) long short-term memory (LSTM), and (3) transformer. These
deep learning architectures are specialized to learn the sequential dependency of the input
sequence to the output with their own unique architecture. We design the models to
estimate the spectral seismic response of the ground surface based on the input seismic
motion measured at 100 m below the surface. The performance of the deep learning models
is later compared with the physics-based model, SHAKE2000, in Section 5, as it is usually
used as a benchmark for response analysis models and their calibration [9,11,12]. In this
section, we explain the overview of the deep learning architecture for each model for
learning the sequential relationship, in addition to the physics-based model.

3.1. Physics-Based Model

SHAKE2000 [6,37], a widely adopted software for site-specific seismic response anal-
ysis [5,38–40], is used as the physics-based model for predicting the ground response in
this study. SHAKE2000 employs a 1D wave propagation model, assuming that seismic
waves travel vertically through horizontally layered soil deposits. The model inputs in-
clude a soil profile, which encompasses the thickness of layers and soil properties such
as density and dynamic properties, and a bedrock motion, which can be acceleration,
velocity, or displacement time histories, serving as the seismic excitation at the base of the
1D soil column.

SHAKE2000 utilizes an equivalent-linear analysis model [5,41] to account for nonlinear
soil behavior under seismic loading. The bedrock time history motion (ain(t) in Equation
(1)) is first transformed from the time domain to the frequency domain using a Fast Fourier
Transform (FFT in Equation (1)). The model then calculates the wave propagation through
the soil layers using transfer functions ( f (ω) in Equations (1) and (2)) based on the layers’
dynamic properties. In Equation (2), uout(ω) is the ground surface displacement and uin(ω)
is the bedrock displacement. The equivalent-linear procedure iteratively adjusts the shear
modulus and damping ratio of each layer according to the induced shear strains based on
shear modulus reduction and damping curves. This process repeats until the iteration of
the shear modulus and damping ratio converges. Upon convergence, the model calculates
the final response in the frequency domain and converts it back to the time domain using
an inverse FFT (IFFT in Equation (1)), returning the ground surface time history motion
(aout(t) in Equation (1)).

aout(t) = IFFT[ f (ω)× FFT[ain(t)]] (1)

f (ω) =
uout(ω)

uin(ω)
(2)

In this study, in order to determine the dynamic soil properties (i.e., shear modulus
reduction and damping curves) for the site, we classify the site layer types as rock, gravel,
and sand based on the layer material information provided by the KiK-Net borehole data.
Detailed layer information for KiK-Net sites can be found in Hong et al. [32]. Then, the
mean values of the dynamic properties from the literature [42] are taken based on the
classified layer types. Figure 3 shows the shear modulus reduction and damping curves
used in this study. Another important input data for SHAKE2000 are the shear wave
velocity and density profile. We use the data provided by KiK-Net as described in Figure 2.
Based on the selected properties, the equivalent-linear analysis is conducted to estimate the
ground surface response spectra.
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Hong et al. [32]).

3.2. One-Dimensional Convolutional Neural Network (CNN)-Based Model
3.2.1. Overview

Convolutional neural networks (CNNs) have been widely used in image processing.
CNNs learn the local spatial pattern in input data through convolution kernels, which
sweep across the 2D data to extract meaningful adjacent features [43]. While commonly
associated with 2D data, CNNs can also be applied to 1D sequential data [26]. One-
dimensional CNNs (1D-CNNs) are designed for tasks involving time series and signal
processing. In 1D CNNs, the convolutional kernel operates along a single dimension to
capture local dependencies and patterns within input sequences.

The convolutional kernel (see Figure 4) slides over the input sequence, performing
element-wise multiplications to capture relationships between adjacent elements. As the
network deepens, the convolutional layers learn more complex and abstract representations
of the input sequences. The hierarchical structure of 1D CNNs allows them to capture
sequential dependencies, and understand underlying patterns and relationships. Pooling
layers downsample the feature maps, reducing dimensions while preserving key features,
thus focusing on the most informative aspects of the input sequences. More technical
details can be found in Kiranyaz et al. and Alzubaidi et al. [26,43].
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Figure 4. Convolutional neural networks (CNNs) with pooling layer.

3.2.2. Model Architecture

The ability of 1D CNNs to learn sequential dependencies makes them suitable for
seismic response modeling. One-dimensional CNNs can learn the relationships between
the input earthquake motion and the corresponding ground response. We design the model
to take the bedrock spectral motion as a sequential input, and let it extract relevant features
and patterns contributing to the seismic ground surface spectral response. Through stacks of
CNN and pooling layers, the model learns the nonlinear and complex relationships between
the input earthquake motion and the resulting ground surface response hierarchically,
enabling the accurate prediction of the seismic response.
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Figure 5 shows our CNN-based model for seismic ground response estimation. The
model maps the input sequence, which is the acceleration, velocity, and displacement spec-
tra, to the output sequence, which is the ground surface acceleration spectrum. The model
consists of three consecutive sets of 1D-CNN and max-pooling layers. Each convolution
layer is configured with the kernel size of 24, 12, and 6, and output channel size of 16, 32,
and 16, respectively. The pooling size is all set to 2, which downsamples the sequence by
a factor of two. After the last CNN layer, a dense layer is placed to map the output of
the CNN layers back to the original sequence length. This structure follows the typical
sequence learning of 1D-CNNs, which is also used by Li et al. [33].
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Figure 5. One-dimensional CNN-based model for seismic ground response modeling.

3.3. Long Short-Term Memory (LSTM) Networks-Based Model
3.3.1. Overview

Long short-term memory (LSTM) networks [27] are a type of recurrent neural network
(RNN) specifically designed to effectively handle sequential data and capture long-term
dependencies. Unlike traditional RNNs, which struggle with vanishing or exploding
gradients when dealing with long sequences [44], LSTMs introduce a memory cell and
gating mechanisms to selectively remember and forget information over the sequence. This
allows LSTMs to maintain long-term memory and learn complex patterns in sequential data.
LSTMs have proven to be successful in various sequence learning tasks in geotechnical and
structural areas [30,31,34,45] where capturing long-range dependencies is needed.

LSTMs learn sequential dependencies by utilizing three gating mechanisms in the
memory cell: input gate iΘ

t , forget gate f Θ
t , and output gate oΘ

t (Figure 6), which include
learnable parameters. These gates selectively regulate the previous cell information (Ct−1
and ht−1), new information (xt), and output of the current cell Ct and ht. Here, C denotes
the cell state, and h denotes the hidden state. The input gate iΘ

t controls the flow of input
information (xt and ht−1) into the memory cell, deciding which information should be
stored. The forget gate f Θ

t determines what information should be discarded from the pre-
vious cell state Ct−1 and the new information xt, allowing the network to selectively forget
irrelevant or outdated information. The output gate oΘ

t regulates the flow of information in
the memory cell (xt and ht−1) to its output, referring to the cell state Ct. For more details,
refer to Choi et al. [29].
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Compared to 1D-CNNs, LSTMs excel at capturing long-term dependencies within the
data. While 1D-CNNs are effective at learning local patterns and short-term dependencies
through convolutional kernels, they struggle with long-range correlations due to their
localized receptive fields. In contrast, LSTMs’ memory cells and gating mechanisms allow
them to retain and utilize information over extended sequences, making them more suitable
for modeling temporal information change like seismic response data.

3.3.2. Model Architecture

LSTMs can be effectively applied to model the seismic response. We configure the
model to take the bedrock spectral motion as a sequential input, and learn to predict the
ground surface spectral response, by learning the relevant features and patterns throughout
the natural periods contributing to the response. This learning process is facilitated by the
selective learning ability of the LSTM’s gated structure over the sequence.

Figure 7 shows our LSTM-based model for seismic ground response estimation. The
model has three LSTM layers with a hidden size of 32. This structure follows the typical
sequence learning architecture of the previous research [31,34,45]. Note that we set the
LSTM to be bidirectional to improve the learning capacity since the sequential dependency
of the spectral motion might not be one directional, but more likely to be related to back
and forth. After the last LSTM layer, the output sequence is flattened and passes through
the dense layer to return the output response spectrum.
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Figure 7. LSTM-based model for seismic ground response estimation.

3.4. Transformer-Based Model
3.4.1. Overview

Transformers [28] have significantly advanced the field of deep learning, particularly in
sequential data processing based on a self-attention mechanism. Unlike RNN-based models,
including LSTM, which may struggle to maintain information over long sequences due to
the vanishing gradient problem [44], transformers employ a self-attention mechanism [28]
that enables processing entire sequences of data in parallel. This capability allows them
to consider the dependencies and relationships across the elements in sequence more
efficiently, irrespective of their proximity.

The self-attention mechanism (Figure 8) operates by comparing each element in the
sequence (xt0 , xt1 , . . . , xtk in Figure 8) to every other element with a set of learnable
parameters. This pair-wise operation returns the attention scores, which determine the
relative importance between the elements. The attention scores are then used to weight the
contributions of the other elements (xt1 , . . . , xtk ) to the target element (xt0 ). The summation
of the weighted sequence forms a new context-aware representation of the target element,
xt0 . This process allows the model to capture long-range dependencies within the sequence
by focusing on relevant information from other elements with adaptive weighting based
on learned importance in parallel. The entire operation entails the above process for all
elements (xt0 , xt1 , . . . , xtk ).
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Figure 8. Self-attention mechanisms (revised from Chollet [46]).

By leveraging self-attention, transformers offer an efficient way to integrate contextual
information, allowing the model to emphasize the most relevant parts of the data sequence
for a deeper understanding of its sequential relationships.

The transformer architecture consists of an encoder–decoder structure (Figure 9).
The encoder (left side of Figure 9) processes the input sequence through multiple layers,
each applying a self-attention mechanism followed by dense layers. The output from
the encoder provides the contextual representation of the input sequence. The decoder
(right side of Figure 9), also composed of multiple layers, generates the output sequence by
utilizing two types of attention: self-attention to process the output sequence generated
so far and encoder–decoder attention to integrate information from the encoded input
sequence. Each layer in the decoder also includes a feedforward neural network. The
layer normalization [47] and residual connections [48] are applied to both the encoder and
decoder to enhance and stabilize the learning process.

Appl. Sci. 2024, 14, 6658 10 of 23 
 

encoder provides the contextual representation of the input sequence. The decoder (right 

side of Figure 9), also composed of multiple layers, generates the output sequence by uti-

lizing two types of attention: self-attention to process the output sequence generated so 

far and encoder–decoder attention to integrate information from the encoded input se-

quence. Each layer in the decoder also includes a feedforward neural network. The layer 

normalization [47] and residual connections [48] are applied to both the encoder and de-

coder to enhance and stabilize the learning process. 

Moreover, multi-head attention is introduced. It extends the self-attention mecha-

nism by using multiple attention heads. Each head learns different parts of the input, and 

their outputs are concatenated to form the final representation. This allows the model to 

capture various aspects of the data in parallel, leading to a richer and more nuanced rep-

resentation of the sequence. For full technical details, refer to Vaswani et al. [28]. 

 

Figure 9. Transformer encoder–decoder architecture (revised from [28]). 

Gao et al. [49] utilize a transformer for structural health monitoring, which integrates 

classification, localization, and segmentation tasks. The transformer network enhances the 

accuracy of processing images for detecting and assessing structural damages owing to 

the self-attention mechanism that learns and exploits interdependencies among multiple 

attributes and tasks in image processing. Shan et al. [50] use a transformer to measure the 

vibration profiles of high-rise buildings from unmanned aerial vehicle (UAV)-recorded 

videos. The use of transformer networks helps mitigate the drifting issues induced by 

UAV movements, ensuring accurate full-field deformation measurements. 

3.4.2. Model Architecture 

Figure 10 shows our transformer-based model for seismic ground response estima-

tion. The model first embeds the input features into a 16-dimensional embedding space 

using a dense layer. To incorporate the information about the natural period, we add po-

sitional encodings to the embedding space based on the natural period values, which 

helps the model recognize the input features associated with the corresponding natural 

periods. The processed embedding is then fed into a transformer module with the follow-

ing configuration: 3 encoder layers and 3 decoder layers, each with 4 attention heads and 

                  

                  

     

     

                  

 

 

                  

                  

 

                  

 

                  

     

     

 

                  

           

             

           

 
 
 
 
 
 
 

 
 
 
 
 
 
 

Figure 9. Transformer encoder–decoder architecture (revised from [28]).

Moreover, multi-head attention is introduced. It extends the self-attention mechanism
by using multiple attention heads. Each head learns different parts of the input, and their
outputs are concatenated to form the final representation. This allows the model to capture
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various aspects of the data in parallel, leading to a richer and more nuanced representation
of the sequence. For full technical details, refer to Vaswani et al. [28].

Gao et al. [49] utilize a transformer for structural health monitoring, which integrates
classification, localization, and segmentation tasks. The transformer network enhances the
accuracy of processing images for detecting and assessing structural damages owing to
the self-attention mechanism that learns and exploits interdependencies among multiple
attributes and tasks in image processing. Shan et al. [50] use a transformer to measure the
vibration profiles of high-rise buildings from unmanned aerial vehicle (UAV)-recorded
videos. The use of transformer networks helps mitigate the drifting issues induced by UAV
movements, ensuring accurate full-field deformation measurements.

3.4.2. Model Architecture

Figure 10 shows our transformer-based model for seismic ground response estimation.
The model first embeds the input features into a 16-dimensional embedding space using a
dense layer. To incorporate the information about the natural period, we add positional
encodings to the embedding space based on the natural period values, which helps the
model recognize the input features associated with the corresponding natural periods. The
processed embedding is then fed into a transformer module with the following configura-
tion: 3 encoder layers and 3 decoder layers, each with 4 attention heads and a feedforward
network dimension of 128. Finally, the output from the transformer is passed through a
dense layer to generate the final predictions. This architecture follows the basic transformer
architecture that is used to learn sequence data [46].
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Figure 10. Transformer-based model for seismic ground response estimation.

4. Training

Each model contains the learnable parameters in their own components. The CNN
model (Figure 5) contains the learnable parameters in the convolution kernel in the three
convolution layers and the last dense layer. The LSTM model (Figure 7) contains the
learnable parameters in the LSTM cells in the three LSTM layers and the last dense layer.
The transformer model (Figure 10) contains the learnable parameters in the first dense
embedding layer with the positional encoder, the transformer that includes encoder and
decoder layers, and the last dense layer. We train these parameters to minimize the mean
squared loss (MSE) between the measured response spectrum at the ground surface and
the predicted spectrum (Equation (3)). The training is conducted for each of the 12 sites
explained in Table 1 to consider the site-specific ground characteristics. Each site contains
100 earthquake motions recorded from 50 distinct seismic events in two different directions
(east–west and north–south directions), resulting in a total data pool of 1200 earthquake
motions. For each site, we randomly divided the 100 earthquake motions into three
datasets: 80 for training, 10 for validation, and 10 for testing. During the training process,
we randomly sampled from the validation data to assess the model’s performance.

lossΘ =
1
m

(
Spred

a − Strue
a

)T(
Spred

a − Strue
a

)
(3)
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where Θ is the learnable parameter set, Spred
a is the predicted ground surface response

spectrum, Strue
a is the measured ground surface response spectrum, and m is the number of

data points.

5. Results and Discussion
5.1. Prediction Performance
5.1.1. Response Spectra

We first evaluate the prediction performance of the response spectra. Figures 11–22
show the prediction results for the sites explained in Table 1. Note that the weighted
moving average is applied to the prediction for reducing the prediction noise as performed
by Hong et al. [32]. The subfigures “a” to “f” in each figure show the six representative
response spectra prediction results among 10 testing datasets for the corresponding site.
The data-driven models—CNN-, LSTM-, and transformer-based models—generally show
good prediction performances. The physics-based model, SHAKE, tends to overestimate
the responses for most cases.
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The data-driven models predict the overall spectral trends well and capture the critical
natural period where the response shows the peak amplitude and its amplitude. For
example, in Figure 11a (site FKSH18), the predicted spectra align well with the true spectral
trend. Further, the true peak amplitude and the predicted peak amplitudes show a good
agreement at around the critical natural period of 0.96 s. These successful predictions
are observed throughout the majority of the test datasets. In contrast, the physics-based
model tends to overestimate the amplitudes, particularly for the sites FKSH17 (Figure 11),
IWTH05 (Figure 16), IWTH21 (Figure 19), and IWTH22 (Figure 20).
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Figure 19. The six samples of acceleration response spectra prediction results compared to the mea-
surements (true) for site IWTH21. Subfigures (a–f) correspond to the six samples for the current site.
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In a few instances, the data-driven models deviate from the true spectrum, such as
Figure 13f for the site FKSH19, Figure 14c for the site IBRH13, and Figure 16a,b for the site
IWTH05. In these cases, the models fail to capture the overall trends of the response spectra
and the peak amplitudes at the corresponding natural periods. For example, in Figure 14c,
the models tend to show the peak amplitude at around 0.1–0.2 s, while the true peak
amplitude occurs at 0.3 s. Additionally, the CNN model exhibits larger overestimations
compared to the other models.

Among the models, the CNN occasionally makes a large overestimation and fails to
capture the overall spectral trend (e.g., Figure 14c,d for site IBRH13 and Figure 17d for site
IWTH12). These excessive overestimations and mispredictions are less frequently observed
in the LSTM and transformer models. This can be attributed to the limited ability of the
CNN to learn feature dependencies over long sequences, as it primarily focuses on adjacent
features. In contrast, the LSTM and transformer models are inherently designed to consider
the long sequences and their feature dependencies.

5.1.2. Prediction Error

We evaluate the root mean squared error (RMSEj) with respect to periods over all 10
test ground motion datasets for the site j with Equation (4).

RMSEj =

√
∑l

i=1 Li

l
(4)

Li =
(

Si
a

pred − Si
a

true)2
(5)

Here, Li is the squared error for the test ground motion dataset i ∈ [1, 2, . . . , 10]

between Si
a

pred
and Si

a
true

. Si
a

pred
represents the predicted ground response spectrum and

Si
a

true
represents the true ground response spectrum, for the test dataset i. l is the number

of test ground motions for a site, which is 10.
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Figure 23 shows the errors for all 12 sites. In general, the data-driven models show
lower errors than the conventional physics-based model. Particularly, the physics-based
model shows larger errors between 0.01 and 0.4 s for the sites FKSH17 (Figure 23a), FKSH18
(Figure 23b), IWTH05 (Figure 23f), IWTH21 (Figure 23i), IWTH22 (Figure 23j), and MYGH04
(Figure 23l). The error tends to be smaller for the sites IWTH12 (Figure 23g), IWTH14
(Figure 23h), and IWTH27 (Figure 23k), but still large in the natural period ranges from 0.5
to 1.0 s, 0.04 to 0.2 s, and 0.15 to 0.25 s, respectively.
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There are no distinct error trend differences between the data-driven models and physi-
cal model for the sites FKSH19 (Figure 23c), IBRH13 (Figure 23d), and IWTH02 (Figure 23e).
The sites FKSH19 and IBRH13 show mixed error trends across the natural periods between
the models, although the LSTM and transformer models slightly outperform the CNN and
physics-based models. For the site IWTH02, all models exhibit similar prediction error
trends over the natural periods.

Among the data-driven models, the CNN model shows larger errors between the
natural periods of 0.01 and 1.0 s compared to the LSTM and transformer for the sites FKSH19
(Figure 23c), IBRH13 (Figure 23d), IWTH12 (Figure 23g), and MYGH04 (Figure 23l). For
the sites IBRH13 (Figure 23d), IWTH21 (Figure 23g), and IWTH21 (Figure 23i), some error
surges are observed between the period 1.0 and 1.0 s. The higher error of the CNN model
can be attributed to its weaker ability to consider the sequential feature dependencies, as
mentioned earlier. For the other sites, the models show similar error trends. For the site
FKSH19 (Figure 23c), the error shows a mixed trend for all models.

We compare the model performances for all sites using the global error (see Equation (6)),
as presented in Figure 24. It represents the average RMSE error over all the sites shown in
Figure 23.

Global error =
1
m

m

∑
j=1

RMSEj (6)

Here, m is the number of sites (=12), j is the index of the sites, and RMSEj is the root
mean squared error computed in Equation (4).

The proposed deep learning models generally outperform the physics-based model,
particularly for the natural periods ranging from 0.01 to 0.4. Among the deep learning
models, the CNN model tends to show a higher error, particularly in the lower frequency
range between 0.01 and 0.1 than the other models. The LSTM and transformer models
exhibit similar error trends over the periods.
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To provide a quantitative error summary for each model, we use the average mean
squared error (MSEavg) to show the quantitative error summary for each model (Equation (7)).

MSEavg = 1
l

l
∑

i=1
MSEi

where, MSEi = 1
m

m
∑

k=1
Li[k]

(7)

Here, Li[k] is the k-th data point in the sequence of error Li computed using Equation (5).
m is the number of data points in the response spectrum, which is 500. l is the number of
test ground motions (=10) as explained in Equation (4). The results are presented in Table 2.
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Table 2. Average mean squared error (MSEavg) for the models.

Site CNN LSTM Transformer SHAKE

FKSH17 0.000129 0.000092 0.000101 0.001697
FKSH18 0.000391 0.000177 0.000156 0.009639
FKSH19 0.009381 0.012412 0.009521 0.120766
IBRH13 0.007119 0.009947 0.008425 0.013708
IWTH02 0.002300 0.000726 0.000830 0.004351
IWTH05 0.004891 0.003666 0.003003 0.005632
IWTH12 0.003959 0.002878 0.004252 0.076996
IWTH14 0.000458 0.000163 0.000139 0.001461
IWTH21 0.000830 0.000689 0.001646 0.006386
IWTH22 0.000529 0.000830 0.000315 0.048460
IWTH27 0.000824 0.000750 0.000536 0.002810
MYGH04 0.004510 0.002340 0.002776 0.064900

Avg. 0.002943 0.002889 0.002642 0.029734

The data-driven models outperform the physics-based model for most of the sites by
an order of magnitude smaller errors. However, this difference is less pronounced for the
sites IBRH13 and IWTH05 than the other sites. For the sites IWTH02 and IWTH14, the
CNN model exhibits noticeably larger errors than the LSTM and transformer models. Con-
sidering the overall average errors summarized in the last row of Table 2, the transformer
model shows the smallest error compared to the other data-driven models. This can be
attributed to its ability to capture longer sequential feature dependencies by leveraging
attention mechanisms. We anticipate that the transformer model will exhibit increased
performance gains compared to the CNN and LSTM models as the sequence length of the
data grows.

5.2. Computational Performance

We compare the inference time of the CNN, LSTM, and transformer models, as shown
in Table 3. Each model contains 442 K, 16,060 K, and 44 K parameters. The computations are
performed on an NVIDIA Quadro RTX 5000 GPU. All models demonstrate fast prediction
times, with inference completed in less than a second. The LSTM model exhibits a slightly
longer computation time compared to the other models due to its sequential processing na-
ture and the need to maintain and update the cell states at each time step. However, despite
this minor difference, all the deep learning models show minimal computational costs.

Table 3. Computation time for the data-driven model.

CNN Model (s) LSTM Model (s) Transformer Model (s)

0.3830 0.4087 0.3894

6. Conclusions

In this study, we explore the potential of sequence deep learning models—specifically
1D-CNN, LSTM, and transformer architectures—for seismic ground response modeling.
Using ground motion data from the KiK-net network, we train these models to predict the
ground surface acceleration response spectrum from bedrock motions and compare their
performance to the traditional physics-based model, SHAKE2000.

The data-driven models successfully predict the overall trends of the response spectra
and the peak amplitude at critical periods, showing consistently lower prediction errors
compared to the physics-based model across various sites. Among the models, the trans-
former model exhibits the smallest average prediction error owing to its ability to capture
long-range dependencies in the seismic data with its self-attention mechanism. The LSTM
models also demonstrated good performance due to their ability to manage sequential
dependencies. The 1D-CNN, while generally effective, occasionally shows higher errors,
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probably due to the limited ability to handle the long-range sequential dependencies. All
the data-driven models exhibit efficient computation times of less than 0.4 s for estimation.
The results provide new insights into the potential of sequence deep learning models for
improving seismic ground response estimation accuracy.

While our results highlight the potential of data-driven approaches for seismic re-
sponse modeling, the current models are trained for each site to consider the site-specific
condition. In other words, if one model that is trained on a specific site is applied to another
site for prediction, the model is not likely to consider the site characteristics properly. Our
future research will focus on developing an integrated model that can consider the site
characteristics across different sites in the prediction.
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