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Abstract: Dynamic analysis of structures is very important for structural design and health moni-
toring. Conventional numerical or experimental methods often suffer from the great challenges of
analyzing the responses of linear and nonlinear structures, such as high cost, poor accuracy, and low
efficiency. In this study, the recurrent neural network (RNN) and long short-term memory (LSTM)
models were used to predict the responses of structures with or without nonlinear components. The
time series k-means (TSkmeans) algorithm was used to divide label data into different clusters to
enhance the generalization of the models. The models were trained with different cluster acceleration
records and the corresponding structural responses obtained by numerical methods, and then pre-
dicted the responses of nonlinear and linear structures under different seismic waves. The results
showed that the two deep learning models had a good ability to predict the time history response of
a linear system. The RNN and LSTM models could roughly predict the response trend of nonlinear
structures, but the RNN model could not reproduce the response details of nonlinear structures
(high-frequency characteristics and peak values).

Keywords: linear and nonlinear structures; RNN; LSTM; structural response analysis;
TSkmeans algorithm

1. Introduction

Earthquakes are a type of catastrophic natural disaster with high unpredictability, great
destructiveness, and extensive dispersion, and pose a serious threat to human existence
and development [1,2]. The ground motion during an earthquake is fairly complicated for
an individual construction site. Ground motion is transmitted to the superstructure of a
building through its foundation, which causes the vibration of the structure as a reaction. It
leads to serious casualties, economic losses, urban functional damage, and other accidents.
Therefore, it is crucial for the design and health monitoring of structures to analyze their
responses and performance under seismic loads in order to identify the bearing capacity
and dynamic characteristics of structures [3,4].

Structural vibration during earthquakes is a very complicated engineering problem
that involves many factors, such as ground motion, the foundation type, and the struc-
tural system. The complexity of ground motion is manifested in randomness and multi-
directivity. Ground motion is a complex form of space motion including six components.
It is a multi-dimensional, non-stationary, and random process, and its size and changes
over time are unpredictable. Second, the influence and transmission of seismic action
by different types of foundation are extremely complicated. In addition, the structural
nonlinear characteristics and non-structural components lead to complexity in a structural
system. These uncertainties directly result in challenges with computational accuracy and
cost for structural responses.

In recent decades, data-driven deep learning (DL) technology has developed rapidly,
showing significant advantages, such as strong information-extraction ability and a fast
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processing speed. As an effective means to resolve complex engineering problems, it has
been widely used in various disciplines [5–7]. Therefore, DL can be used as a powerful
forecasting tool to predict the response of complex nonlinear structural systems, thus
replacing or simplifying complex numerical analysis processes, to a certain extent. It
provides a new way to solve the nonlinear vibration problem in seismic engineering.

1.1. Structural Response Analysis

Structural dynamic response analysis is key to ensuring the safe service of building
structures during earthquakes, and it is also a key and difficult point of structural seismic
design. In order to explore the dynamic characteristics, influencing factors, and control
strategies for buildings during earthquakes, many academics at home and abroad have car-
ried out a series of studies [8–10]. These investigations comprise seismic testing, theoretical
analysis, and numerical analysis (as shown in Table 1).

Table 1. Structural response analysis methods.

Method Typical Method Advantages/Disadvantages References

Seismic testing Shaking table loading
Seismic simulator

Reliable results, intuitive phenomena/High costs, high
equipment requirements, limited test conditions [11–13]

Theoretical analysis
Response spectrum method

Push-over method
Energy method

Simple calculation, low computing costs, stable analysis
results/Cannot reflect the dynamic characteristics, limited

range of application, poor accuracy
[14–16]

Numerical analysis
Finite element method

Finite difference method
Finite volume method

Providing a wider range of structural data, wide range of
application/Complex analysis process, high computational

cost, high requirements for computing equipment
[17–20]

Seismic testing usually uses a seismic simulator or shaking table to imitate the actual
seismic dynamic environment, and is one of the most effective methods for studying
the dynamic responses of structures [11–13]. Its benefits include reliable data, intuitive
phenomena, and the ability to consider the complexity and uncertainty of actual structures.
Nevertheless, there are some challenges with seismic testing, including high costs, high
equipment requirements, limited test conditions, and model errors.

In order to overcome the deficiency of seismic test research, a series of theoretical
analysis methods have been proposed. At present, the methods commonly used in the
theoretical seismic response analysis of building structures are the static force method,
response spectrum method, energy method, and push-over method [14–16]. These methods
have the advantages of simple calculation and stable analysis results, so they are widely
used in practical seismic design. However, these methods only investigate structural
performance as a whole and cannot reflect the dynamic characteristics of a structure during
the seismic process. They are not suitable for structures with complex forms.

The advancement of numerical technology has given structural dynamic response
analysis strong technological backing during the 20th century. Numerical analysis typically
discretizes a structure into small finite elements or discrete elements to predict the response
by solving dynamic equations [17–20]. This method can simulate a variety of seismic
conditions and consider the influence of various structural parameters (such as material
properties, structural forms, etc.) while providing a wider range of structural data, such as
displacement, stress, etc. However, the responses of various buildings differ substantially
because of the strong nonlinear, aperiodic, and non-stationary properties of ground motion.
Therefore, several numerical calculations are frequently required for different buildings,
which results in significant computational cost. In addition, as the application scenarios
become more and more complex, the accuracy and efficiency of numerical techniques face
great challenges in engineering applications due to the limitations of grid division and
complex structural forms [21].
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1.2. AI in Earthquake Engineering

One of the most significant areas of scientific research has always been how to employ
machine learning models to extract trustworthy, worthwhile, and accurate information
from vast volumes of data. As a nonparametric modeling method, artificial neural networks
(ANNs) are a powerful tool for solving a wide range of challenging nonlinear engineering
problems, because they can approximate any linear and nonlinear functional relations
with arbitrary precision [22,23]. Previous studies have shown that ANNs can be used to
effectively extract potential mapping relationships from large datasets. They are widely used
in the fields of structural engineering, ocean engineering, and bridge engineering [24–26].

In earthquake engineering, ANNs are used to efficiently identify the hidden causality
from massive structured data for application in earthquake prediction, ground motion
modeling, and structural response analysis [27–30]. Saba et al. [31] proposed a BAT-ANN
model to predict earthquakes. On the basis of past earthquake data, the weight of the model
can be updated by the bat algorithm (BA) so that the feed-forward neural network (FFNN)
can predict future earthquakes. Sreejaya et al. [32] used an ANN and a large number of
ground motion records to build a prediction model of ground motion intensity for active
shallow crustal earthquakes in India. The input variables of the model were the magnitude
(M), hypocentral distance (R), site condition (S), and flag for the region (f), and the output
variables were 21 ground motion parameters (GMPs) in both the horizontal and vertical
directions. Suryanita et al. [33] used label datasets from 47 cities in Indonesia (different
building heights, soil conditions, and seismic locations) and a backpropagation neural
network (BPNN) to predict the structural responses, such as displacement, velocity, and
acceleration, of multi-story buildings with a fixed floor plan.

The RNN is a special kind of ANN for time-series or sequential data [34,35]. The
model generates the prediction sequence from the input information, which is very suitable
for the response prediction of nonlinear structures under random seismic loads. However,
when dealing with lengthy or highly nonlinear sequence data, the RNN can suffer from
problems, such as gradient vanishing or gradient explosion, which cause the model to
cease learning. In order to overcome these problems, the concept of “gate” was added on
the basis of the RNN, and the LSTM was proposed [36]. RNNs and LSTMs are widely
used in predicting the fatigue life of materials, damage monitoring, stock price index
forecasting in finance, credit card fraud risk forecasting, and so on. They also have good
applications in the field of earthquake engineering. Jena et al. [37] used several indicators
to assess the susceptibility of seismic wave amplification by predefined weights of layers,
and then applied 10 indicators to a developed recursive neural network model to generate
earthquake probability maps that allowed for earthquake probability estimation. Nicolis
et al. [38] built a seismic rate prediction model for Chile by inputting earthquake data into
a LSTM and convolutional neural network (CNN). The above studies were attempts to use
ANNs as a tool to solve nonlinear problems in seismic engineering. Their results indicate
that a suitable ANN model can surpass traditional methods to predict complex structural
responses. At present, with the application of energy dissipation technology and isolation
technology, the structural responses to earthquakes have strong nonlinear, diversity, and
other characteristics. How to use neural networks to capture these features is still a subject
worthy of further research.

Inspired by the above summary, RNN and LSTM models are used to predict the
response of structures with or without a nonlinear component (isolation technology) in
this study. Based on the time series k-means (TSkmeans) algorithm, different acceleration
records and corresponding structural responses (obtained by a numerical method) are
divided into different label data clusters. The responses of nonlinear and linear structures
under different seismic waves are predicted by trained models. The method can be used to
monitor the health of structures with different structural vibration control techniques (such
as isolation, energy dissipation, and dynamic vibration absorption technologies), which
has great engineering application prospects.
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2. RNN and LSTM Models for Structural Response Prediction
2.1. RNN Model

RNNs are a kind of neural network with short-term memory ability for processing
and predicting sequence data. Different from the traditional deep neural network (DNN),
the RNN adds a hidden state ht to connect the neurons in the hidden layers and has the
ability to record information. As shown in Figure 1, the hidden unit ht is determined by the
previous hidden unit ht−1 and the current input xt. The forward propagation process of
RNNs can be expressed as: {

ht = σ(wxhxt + whhht−1 + bh)
ŷt = σ(whyht + by)

(1)

where wxh, whh, and why are the weights, bh and by are the biased terms, and σ(•) is the
activation function. The back propagation algorithm is adopted to iteratively update
parameters θ(w, b) in the model. The updated equation of the parameters is as follows:

θnew = θold − α∇θ J(θ) (2)

where α is the learning rate and ∇θ J(θ) is the gradient.
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Figure 1. Schematic diagram of an RNN unit.

The linear and nonlinear characteristics of the structural system and different types
of excitation inputs will affect the dynamic behavior of the structure. The response
prediction models for linear and nonlinear structures during earthquakes were estab-
lished based on the RNN model. The input of the model is the seismic wave sequence
..
ag = [

..
a1

g,
..
a2

g,
..
a3

g, . . . ,
..
an

g ] and the output is the structural response [u,
.
u,

..
u], as shown

in Figure 2.
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2.2. LSTM Model

As shown in Figure 3, the LSTM unit adds three filter gates (forget gate, input gate,
and output gate) to control the transmission and rejection of features based on the RNN
model. This allows for the transmission and expression of information from a lengthy data
sequence without the loss of important information from long ago. The LSTM is composed
of a series of LSTM units. In each LSTM unit, the forget gate is used to decide whether to
retain the unit state ct−1 of the t− 1 time step, and its output value ranges within [0, 1]. The
input gate is used to update the unit state ct. The output gate is responsible for calculating
the hidden state ht. The forward propagation process of the LSTM can be expressed as:

Input gate : it = σ(wixxt + wihht−1 + bi)
Input node : c = tanh(wcxxt + w f hht−1 + bc)
Forget gate : ft = σ(w f xxt + w f hht−1 + b f )
Output gate : ot = σ(woxxt + wohht−1 + bo)
Unit state : ct = ft ⊗ ct−1 + it ⊗ c
Hidden unit : ht = ot ⊗ tanhct
Output layer : ŷt = σ(whyht + by)

(3)

where wix, wih, wcx, w f h, w f x, w f h, wox, woh, and why are the network weights, bi, bc, b f , bo,
and by are the bias terms, ⊗ is the element-wise multiplication, and tanh is the hyperbolic
tangent function.
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The LSTM model can be extended in both the vertical and horizontal dimensions and
finally connected to the fully connected layer. Based on the LSTM, the response prediction
models for linear and nonlinear structures under different seismic waves were established
(see Figure 4). As in Section 2.1, the input of the models is the seismic wave sequence
..
ag = [

..
a1

g,
..
a2

g,
..
a3

g, . . . ,
..
an

g ] and the output is the structural response [u,
.
u,

..
u].
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3. Construction of Dataset and Training of Models
3.1. Linear and Nonlinear Structural Models

A six-story reinforced concrete frame structure was taken as the research object, which
was simplified as a linear structure system with multiple degrees of freedom, as shown in
Figure 5. A nonlinear structural system is established by adding a nonlinear component to
the linear structural system.
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The nonlinear component consists of two parts: the linear model mb and nonlinear
model md. Its governing equation can be expressed as:

ms1
..
us1 + cs1(

.
us1 −

.
ub) + ks1(us1 − ub) = −ms

..
ag

mb
..
ub + cb

.
ub + kbub − [cs1(

.
us1 −

.
ub) + ks1(us1 − ub)]− kd(ud − ub) = −mb

..
ag

md
..
ud + f (

.
ud) + kd(ud − ub) = −md

..
ag

(4)

where the subscript s represents the superstructure, i is the floor number, b and d represent
the linear and nonlinear models of the nonlinear component, m, c, and k are the mass,
damping, and stiffness, respectively,

..
ag is the ground acceleration, and u,

.
u, and

..
u are

the displacement, velocity, and acceleration of the structure, respectively. The Rayleigh
damping of the superstructure is 0.05. The detailed parameters of the structure are shown
in Tables 2 and 3.

Table 2. Detailed parameters of the structure.

Floor Number Story Height (m) Mass (103 kg) Stiffness (MN/m)

1 3.5 560 1508
2 3.5 552 1487
3 3.5 550 1482
4 3.5 548 1462
5 3.5 546 1432
6 3.5 539 1357

Table 3. Detailed parameters of the nonlinear component.

Mass (103 kg) Stiffness (MN/m) Damping

mb 613 17.14 1.63 × 106 N·s/m

md 1350 51.43 c1 = 2.13 × 107 N·(s/m)2

c2 = 1.07 × 107 N·(s/m)1.75

The above two systems are solved by the Newmark-β method, and the structural
responses [u,

.
u,

..
u] under different seismic waves are obtained. The governing equation of

structural vibration can be expressed as:

M
..
x + C

.
x + Kx = F (5)

where M, C, K, and F represent the mass, damping, stiffness, and force, respectively, and x,
.
x, and

..
x represent the displacement, velocity, and acceleration, respectively. Based on the

Newmark-β method, the structural response can be expressed as:

..
xt+∆t =

1
β∆t2 (xt+∆t − xt)− 1

β∆t
.
xt − ( 1

2β − 1)∆t
..
xt

.
xt+∆t =

γ
β∆t (xt+∆t − xt) + (1− γ

β )
.
xt + (1− γ

2β )∆t
..
xt

(6)

where β and γ are parameters that control the accuracy and stability of numerical analysis,
respectively, β = 0.5 and γ = 1/6; ∆t represents the time step, ∆t = 0.02 s. The structural
response can be solved by combining the initial conditions and the governing equation.

3.2. Clustering of Seismic Waves Based on TSkmeans
3.2.1. Selection of Seismic Excitations

In order to increase the generalization of the ANN model, different seismic acceleration
records were selected from NGA-West2 of the Pacific Earthquake Engineering Research
Center (the selected acceleration records are shown in Table A1 of Appendix A). The
selection principles of seismic waves were as follows:
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• The seismograph station is located on a free field or the ground floor of a low building;
• Strong earthquake records with magnitudes above 5.5;
• Velocity time history of seismic records with or without the pulse waveform;
• Fault distance ranges from 0 to 100 km.

These actual acceleration records have different characteristics, such as near field, far
field, and being with or without velocity pulse waveforms. The selected 60 acceleration
records were resampled with a frequency of 50 Hz and a duration of 50 s. Each acceleration
record was processed with baseline correction and low-pass filtering processing to mitigate
edges and noise. The spectrum characteristics of the selected acceleration records are shown
in Figure 6. By using incremental dynamic analysis (IDA), the amplitudes of 60 original
acceleration records were adjusted, and 582 new acceleration records were generated. The
different acceleration records generated by IDA based on the same original acceleration
record had the same spectral characteristics.
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Figure 6. Spectral characteristics of selected seismic acceleration records.

3.2.2. Clustering of Seismic Records

In order to better extract the hidden features in the seismic sequence and reduce
the dependence of the ANN model on the training dataset, this study uses the time
series k-means (TSkmeans) algorithm to conduct cluster analysis of seismic records with
different characteristics. The aim of the TSkmeans algorithm is to divide the sequence sets
X = {X1, X2, . . . , Xn} (each sequence Xi = {xi1, xi2, . . . , xim} contains m time steps) into
k clusters based on k clustering centers C = {C1, C2, . . . , Ck} (Ci = {ci1, ci2, . . . , cim}). The
objective function of the TSkmeans algorithm is formulated as follows:

P(U, C, W) =
k

∑
p=1

n

∑
i=1

m

∑
j=1

uipwpj(xij − cij)
2 +

1
2

α
k

∑
p=1

m−1

∑
j=1

(wpj − wp(j+1))
2 (7)

Subject to 
k
∑

p=1
uip = 1, uip ∈ {0, 1}

m
∑

j=1
wpj = 1, 0 ≤ wpj ≤ 1

(8)
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where U is an n × k binary matrix, W = {W1, W2, . . . , Wk} is the weight matrix, and α is a
balance parameter controlling the smoothness of the weights of time stamps, which can be
expressed as:

α =
n

∑
i=1

m

∑
j=1

(xij −
∑n

i=1 xij

n
)

2

(9)

The TSkmeans algorithm achieves the classification of time series by minimizing the
objective function P(U,C,W). The main process is as follows:

• Input: the sequence set X, the number of clustering centers k, the equilibrium parame-
ters α, and the random initial values W and C.

• Repeat:
Step 1: Based on W and C, U is solved by the following formula:

uip =

{
1, i f Dpj ≥ Dp′ j, p′ 6= p, 1 ≤ p′ ≤ k
0, otherwise

(10)

where Dpj can be expressed as:

Dpj =
m

∑
j=1

wpj(xij − cpj)
2 (11)

Step 2: Based on the initial W and U obtained in step 1, C is solved by the following
formula:

cpj =
∑n

i=1 uipxij

∑n
i=1 uip

(12)

Step 3: U and C are obtained based on steps 1 and 2, and W is solved by quadratic
programming.

• Output: Determine convergence, output U, C, W.

Based on the TSkmeans algorithm, cluster analysis was performed on 60 original
acceleration records according to the spectral characteristics, and the original seismic
records and corresponding structural responses were divided into three cluster datasets by
determining three cluster centers. The cluster centers are shown in Figure 7.
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3.3. Input and Output of Neural Network Model

The training set used to train the ANN included 80% of the data randomly selected
from the divided three cluster datasets. The remaining 20% of the data and
582 acceleration records obtained by IDA served as the test set. For the prediction mod-
els of the linear structure system, the input was

..
ag = [

..
a1

g,
..
a2

g,
..
a3

g, . . . ,
..
an

g ] and the output
was a response [usi,

.
usi,

..
usi]i=1,2,3,4,5,6 of layers 1–6. For the nonlinear structure system,

the input of the models was
..
ag = [

..
a1

g,
..
a2

g,
..
a3

g, . . . ,
..
an

g ] and the output was the response
[us6,

.
us6,

..
us6, ub,

.
ub,

..
ub, ud,

.
ud,

..
ud] of layer 6, linear component mb, and nonlinear component

md. The input and output variables of each model are shown in Table 4. The server plat-
form and environment configuration used for all model training in this study are shown
in Table 5.

Table 4. Input and output variables of each model.

Model State Variable

RNN/LSTM model for linear structure

Input ..
ag = [

..
a1

g,
..
a2

g,
..
a3

g, . . . ,
..
an

g ]

Output

usi = [u1
si, u2

si, u3
si, . . . , un

si]i=1,2,3,4,5,6
.
usi = [

.
u1

si,
.
u2

si,
.
u3

si, . . . ,
.
un

si]i=1,2,3,4,5,6
..
usi = [

..
u1

si,
..
u2

si,
..
u3

si, . . . ,
..
un

si]i=1,2,3,4,5,6

RNN/LSTM model for nonlinear structure

Input ..
ag = [

..
a1

g,
..
a2

g,
..
a3

g, . . . ,
..
an

g ]

Output

ui = [u1
i , u2

i , u3
i , . . . , un

i ]i=s6,b,d
.
ui = [

.
u1

i ,
.
u2

i ,
.
u3

i , . . . ,
.
un

i ]i=s6,b,d
..
ui = [

..
u1

i ,
..
u2

i ,
..
u3

i , . . . ,
..
un

i ]i=s6,b,d

Table 5. Configuration of platform for model training.

Configuration Performance Indicators

System Windows 10 64-bit
CPU Intel® Core™ i7-10875H 2.35 GHz
GPU NVIDIA GeForce RTX 2060 Max-Q 6GB
RAM 64 G

Python 3.8.5
Tensorflow 1.6.0

3.4. Model Training
3.4.1. Model Training for the Linear Structure

In order to eliminate the adverse effects caused by the singular sample data, the
training set was normalized in the training process. Considering the training cost, training
accuracy, underfitting, and overfitting, the hyper parameters of the RNN and LSTM models
used to predict the linear structure are shown in Tables 6 and 7. The mean square error
(MSE) was selected as the precision evaluation index of model training, as follows:

Loss = MSE =
1
n

n

∑
i=1

(yi − ŷi)
2 (13)

where ŷi and yi represent the predicted and true values, respectively.
Figure 8a,b show the loss curves of the RNN and LSTM models used to predict the

linear structural response in the training process, respectively. It can be seen that the loss
curves of the two models converge to the threshold range at about 300 iterations. The
convergence speed of the LSTM model was slightly faster than that of the RNN model.
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Table 6. Hyper parameters of the RNN model for the linear structure.

Hyper Parameter Value Hyper Parameter Value

Neurons in the hidden layer 128 Forgetting rate 0
Number of fully connected layer 1 Regularization L2 Regularization

Number of RNN layers 2 Learning rate 0.001
Number of iterations 500 Optimizer Adam [39]
Minimum batch size 1

Table 7. Hyper parameters of the LSTM model for the linear structure.

Hyper Parameter Value Hyper Parameter Value

Neurons in the hidden layer 100 Forgetting rate 0.06
Number of fully connected layer 1 Gradient threshold 0.1

Number of LSTM layers 2 Learning rate 0.01
Number of iterations 500 Regularization L2 Regularization
Minimum batch size 2 Optimizer Adam [39]
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3.4.2. Model Training for the Nonlinear Structure

Considering the training cost, training accuracy, underfitting, and overfitting, the
hyper parameters of the RNN and LSTM models used to predict the nonlinear structure are
shown in Tables 8 and 9. Figure 9a,b show the loss curves of the RNN and LSTM models
used to predict the nonlinear structural response in the training process, respectively. The
loss value is calculated as Equation (13).

Table 8. Hyper parameters of the RNN model for the nonlinear structure.

Hyper Parameter Value Hyper Parameter Value

Neurons in the hidden layer 128 Forgetting rate 0
Number of fully connected layer 1 Regularization L2 Regularization

Number of RNN layers 2 Learning rate 0.001
Number of iterations 500 Optimizer Adam [39]
Minimum batch size 1
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Table 9. Hyper parameters of the LSTM model for the nonlinear structure.

Hyper Parameter Value Hyper Parameter Value

Neurons in the hidden layer 100 Forgetting rate 0.06
Number of fully connected layer 1 Gradient threshold 0.1

Number of LSTM layers 2 Regularization L2 Regularization
Number of iterations 500 Learning rate 0.01
Minimum batch size 2 Optimizer Adam [39]
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4. Results and Discussion
4.1. Response Prediction for the Linear Structure

In this section, the trained RNN and LSTM models are used to predict the response of
the linear system. The probability density function (PDF) Pi is used to analyze the error of
the prediction results of the three cluster datasets in the test set. Pi is calculated as follows:

Pi = PDF

{
(yi −

_
y i)

max|(y1, y2, . . . , yn)|

}
(14)

In order to further evaluate the prediction accuracy of the model, the weighted mean
absolute percentage error (WMAPE) EWMAPE and peak percentage error (PPE) EPEAK were
selected as evaluation indexes. The calculation formula is as follows:

EWMAPE =
1

m× n

m

∑
j=1

n

∑
i=1

∣∣∣yi −
_
y i

∣∣∣
max|(y1, y2, . . . , yn)|

× 100% (15)

EPEAK =

∣∣∣∣∣∣ypeak −
_
y peak

ypeak

∣∣∣∣∣∣× 100% (16)

where ypeak is the true peak value of the time history response and ŷpeak is the predicted
peak value of the time history response.

Figure 10 shows the error distribution of the prediction results by the RNN and LSTM
models. As shown in Figure 10a, the errors of the result predicted by the RNN model
were mainly distributed within the range of ±10%. Within this interval, the confidence
degrees of the three clusters’ prediction results were 99.9%, 93.9%, and 97.1%, respectively.
As can be seen from Figure 10b, the prediction results of the LSTM model had similar
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probability distributions to the RNN model, and the errors were mainly concentrated
in [–10%, 10%]. The corresponding confidence degrees were 99.5%, 92.4%, and 97.7%,
respectively. The error values of the predicted structural response under seismic waves in
cluster 1 were more concentrated around 0. In general, the errors of the linear structural
response predicted by the RNN and LSTM models were within a reasonable range. There
was no significant difference in the response prediction results of the linear structure system
under different types of seismic waves. The results demonstrate that the two models had
high generalization and prediction accuracy.
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Table 10 shows the error values EWMAPE and EPEAK of the results predicted by the RNN
and LSTM models. EWMAPE was used to describe the accuracy of all the predicted results.
It can be seen that the EWMAPE and EPEAK of the predicted results of the displacement u,
velocity

.
u, and acceleration

..
u of different floors were all within 10%. According to the two

indexes EWMAPE and EWMAPE, the RNN model had a good prediction effect on the global
displacement response and peak value of the acceleration response. The LSTM model
could also predict the global acceleration response and peak value of the displacement
response well.
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Table 10. Error values of the RNN and LSTM models for the linear structure.

Model Index Variable 1 2 3 4 5 6

RNN

EWMAPE
(%)

u 4.388 1.067 2.566 4.030 2.453 1.678
.
u 3.078 6.089 3.076 5.078 6.069 4.076
..
u 3.779 4.699 3.365 6.767 4.178 3.001

EPEAK
(%)

u 4.532 2.584 3.399 4.593 2.463 2.884
.
u 3.598 5.665 3.855 5.776 6.952 6.287
..
u 4.793 7.998 8.589 2.388 5.110 9.300

LSTM

EWMAPE
(%)

u 2.153 2.450 2.779 2.109 3.918 4.022
.
u 2.031 2.136 2.434 2.539 4.346 4.578
..
u 1.125 1.924 2.586 2.392 3.079 3.481

EPEAK
(%)

u 1.440 1.625 2.302 2.978 2.432 1.595
.
u 3.706 4.753 6.348 4.224 3.891 2.294
..
u 2.345 2.399 2.358 2.587 2.444 1.989

The response of the 3rd layer under the action of a seismic wave was randomly selected
from the three cluster test sets for analysis. The comparison results of the predicted value
and true value of the RNN and LSTM models are shown in Figures 11 and 12, respectively.
It can be seen that, for both the RNN model and the LSTM model, the predicted values of
the displacement u, velocity

.
u, and acceleration

..
u responses of the linear system were highly

consistent with the true values. As shown in Figures 11b and 12h, the predicted results
of the RNN and LSTM models were not only consistent with the actual velocity response
trend on the whole, but also showed the characteristics of high frequency vibration locally.
In addition, it can be seen that the prediction effect of the two models on the structural
response under the action of the acceleration records in cluster 2 was slightly poor. The
main reason for this phenomenon was that the acceleration records in cluster 2 had strong
non-stationary characteristics (pulse characteristic). The nonlinear mapping capability
of the neural network with a limited number of layers was insufficient, and some small
nonlinear features and high frequency components could not be extracted.
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4.2. Response Prediction for Nonlinear Structure

Figure 13 shows the probability distribution of the prediction results’ normalized
errors of the RNN and LSTM models for the nonlinear structure. Within the confidence
interval of [−10%, 10%], the confidence degrees of the three clusters’ responses predicted
by the RNN model were 90.6%, 82.3%, and 92.6%, respectively, and the confidence de-
grees of the three clusters responses predicted by the LSTM model were 90.2%, 86.7%,
and 95.8%, respectively. Compared with the predicted results for a linear structure, the
prediction accuracy of the RNN and LSTM models for nonlinear structure responses was
significantly decreased.
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Table 11 shows the WMAPE EWMAPE and PPE EPEAK of the predicted displacement
responses [us6, ub, ud] of the top layer of the superstructure, linear model mb, and nonlinear
model md. It can be seen that the WMAPE value of the nonlinear system response predicted
by the RNN model was small, but the PPE value was large. The results show that, although
the RNN model could roughly predict the response trend of the nonlinear structure, to
some extent, it was very poor in predicting the peak value of the response. In addition, it
could be found that the prediction error of the response to the nonlinear model md was
significantly higher than that of the top-layer and linear models mb. That is to say, the RNN
model could not learn the non-linear features of the response well. Table 12 shows the
WMAPE EWMAPE and PPE EPEAK of predicted responses [

.
ud,

..
ud, ub,

.
ub, us6,

..
us6]. Similar to

the prediction results of the RNN model, the prediction responses of the LSTM model also
showed the trend of a small WMAPE value and large PPE value. However, compared with
the RNN model, the prediction error of the LSTM model was significantly smaller. On the
whole, the LSTM model had the worst prediction accuracy for the acceleration response
peak value.
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Table 11. Error values of the RNN model for the nonlinear structure.

Index us6 ub ud

Cluster 1
EWMAPE (%) 12.690 7.008 16.905
EPEAK (%) 32.366 42.877 51.623

Cluster 2
EWMAPE (%) 17.913 13.923 25.308
EPEAK (%) 21.607 58.182 66.567

Cluster 3
EWMAPE (%) 10.102 9.298 20.117
EPEAK (%) 38.397 49.993 53.695

Table 12. Error values of the LSTM model for the nonlinear structure.

Index
.
ud

..
ud ub

.
ub us6

..
us6

Cluster 1
EWMAPE (%) 7.110 4.274 6.377 4.480 9.132 10.366
EPEAK (%) 6.456 17.949 3.750 10.625 17.978 31.579

Cluster 2
EWMAPE (%) 15.238 13.773 6.129 10.322 9.392 14.566
EPEAK (%) 2.343 28.696 2.144 20.236 9.053 20.556

Cluster 3
EWMAPE (%) 7.388 4.444 3.031 7.698 5.234 7.893
EPEAK (%) 8.772 18.421 1.993 38.889 22.143 7.826

In order to further illustrate the prediction accuracy of the RNN and LSTM models
for a nonlinear structural response, part of the prediction results and corresponding true
values were randomly selected for comparison and analysis, as shown in Figures 14 and 15.
It can be seen from Figure 14 that the predicted results of the RNN model were consistent
with the overall trend of the true value, but the prediction effect for some details was
extremely poor (especially for the reproduction effect of high-frequency characteristics
and peak values). The prediction effect of the LSTM model on the nonlinear structural
response was significantly better than that of the RNN model (see Figure 15). As shown in
Figure 15d,f, the LSTM model could reproduce the details of the response of the nonlinear
structure well (although there was some error in the prediction peak value, it was within
the allowable range).
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Figure 14. Comparison of the numerical results and prediction results (RNN model for a nonlinear
system, [us6, ub]). (a) us6 under the action of the seismic wave in cluster 1. (b) us6 under the action of
the seismic wave in cluster 2. (c) us6 under the action of the seismic wave in cluster 3. (d) ub under
the action of the seismic wave in cluster 1. (e) ub under the action of the seismic wave in cluster 2.
(f) ub under the action of the seismic wave in cluster 3.
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5. Conclusions

In this paper, the RNN and LSTM models were used to predict the responses of
linear and nonlinear structures, respectively. Through the IDA for 60 original acceleration
records, 582 new acceleration records were generated. The structural responses of linear
and nonlinear structures under different seismic waves were analyzed by a numerical
method. On this basis, label data were constructed to complete the training of the model.
The trained models were used to predict the responses of linear and nonlinear structures.
The main conclusions were obtained as follows:

(1) The RNN and LSTM models had good accuracy and generalization for predicting lin-
ear structural responses. Within the confidence interval [−10%, 10%], the confidence
degrees of the prediction results by the RNN model for linear structural responses
under the three clusters’ seismic waves were 99.9%, 93.9%, and 97.1%, and those of
the LSTM model were 99.5%, 92.4%, and 97.7%, respectively. Both the overall trend
and details of the linear structure responses predicted by the two models were highly
consistent with the true values. Both the RNN and LSTM models were capable of
predicting the response of linear structures under different seismic waves. In addition,
it was found that the non-stationary characteristics of seismic waves could reduce the
prediction accuracy of the models.

(2) The overall accuracy of the RNN in predicting nonlinear structural response was poor.
Compared with the predicted results of linear structures, the prediction accuracy of
the RNN model for nonlinear structure responses was significantly decreased. Within
the confidence interval [−10%, 10%], the confidence degrees of the three clusters’
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responses predicted by the RNN model were just 90.6%, 82.3%, and 92.6%, respectively.
The predicted results of the RNN model were consistent with the overall trend of
the true value; however, the prediction effect for some details was extremely poor
(especially in the reproduction of high-frequency characteristics and peak values).

(3) The performance of the LSTM model was significantly better than that of the RNN
model in predicting nonlinear structural responses. Within the confidence interval
[−10%, 10%], the confidence degrees of the three clusters’ responses predicted by
the LSTM model were 90.2%, 86.7%, and 95.8%, respectively. Compared with the
prediction result of linear structures, the prediction accuracy of the LSTM model for
nonlinear structure responses was lower. The LSTM model could reproduce part of
the response details of nonlinear structures.

The trained LSTM and RNN models could be used to predict structural responses
to earthquakes efficiently and quickly. However, data-driven deep learning has its own
limitations. It is a black box model with poor interpretation. Every learning instance of
ANNs is random, such as the random initialization of the weight and bias in every training
cycle. How to ensure the stability of the model is worth receiving more attention. In addi-
tion, trained models are often used only for specific problems, which is very uneconomical.
Therefore, in future work, structural response prediction will be carried out by combining
physical laws and deep learning, and the generalization and portability of the model will
be further improved.
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Appendix A

Table A1. Selected seismic records from Pacific Earthquake Engineering Research Center.

Number Seismic Event Station Fault
Distance (km) Magnitude Vs30 Pulse Pattern

1 Cape Mendocino Petrolia 8.18 7.01 422.17 2.996
2 Cape Mendocino Centerville Beach, Naval Fac 18.31 7.01 459.04 1.967
3 Chalfant Valley-01 Bishop—Paradise Lodge 15.13 5.77 585.12
4 Chi-Chi, Taiwan CHY006 9.76 7.62 438.19 2.570
5 Chuetsu-oki, Japan Joetsu Kakizakiku Kakizaki 11.94 6.80 383.43 1.400
6 Coalinga-05 Sulphur Baths (temp) 11.42 5.77 617.43
7 Corinth, Greece Corinth 10.27 6.60 361.40
8 Coyote Lake San Juan Bautista, 24 Polk St 19.70 5.74 335.50
9 Darfield, New Zealand GDLC 1.22 7.00 344.02 6.230
10 Denali, Alaska TAPS Pump Station #10 2.74 7.90 329.40 3.157
11 Fruili, Italy-03 Buia 11.98 5.50 310.68
12 Friuli, Italy-01 Barcis 49.38 6.50 496.46
13 Friuli, Italy-01 Conegliano 80.41 6.50 352.05
14 Imperial Valley-06 Cerro Prieto 15.19 6.53 471.53
15 Imperial Valley-06 Parachute Test Site 12.69 6.53 348.69
16 Imperial Valley-06 Coachella Canal #4 50.10 6.53 336.49
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Table A1. Cont.

Number Seismic Event Station Fault
Distance (km) Magnitude Vs30 Pulse Pattern

17 Imperial Valley-06 Plaster City 30.33 6.53 316.64
18 Imperial Valley-06 Superstition Mtn Camera 24.61 6.53 362.38
19 Irpinia, Italy-01 Bagnoli Irpinio 8.18 6.90 649.67 1.713
20 Irpinia, Italy-01 Auletta 9.55 6.90 476.62
21 Kern County Santa Barbara Courthouse 38.89 7.36 514.99
22 Kern County Taft Lincoln School 13.49 7.36 385.43
23 Kocaeli, Turkey Arcelik 13.49 7.51 523.00 7.791
24 L’Aquila, Italy L’Aquila-Parking 5.38 6.30 717.0 1.981
25 Livermore-01 Antioch—510 G St 15.13 5.80 304.68
26 Livermore-01 APEEL 3E Hayward

CSUH 30.59 5.80 517.06
27 Livermore-01 Del Valle Dam (Toe) 24.95 5.80 403.37
28 Livermore-01 Fremont-Mission San Jose 35.68 5.80 367.57
29 Livermore-01 Tracy-Sewage Treatm Plant 53.82 5.80 650.05
30 Loma Prieta Gilroy-Historic Bldg. 10.97 6.93 308.55 1.638
31 Loma Prieta Gilroy Array #3 12.82 6.93 349.85 2.639

32 Mammoth Lakes-01 Long Valley Dam (Upr L
Abut) 15.46 6.06 537.16

33 Montenegro, Yugoslavia Bar-Skupstina Opstine 6.98 7.10 462.23 1.442
34 Montenegro, Yugoslavia Ulcinj-Hotel Olimpic 5.76 7.10 318.74 1.974
35 Morgan Hill Gilroy Array #3 13.02 6.19 349.85
36 New Zealand-01 Turangi Telephone Exchange 8.84 5.50 356.39
37 Niigata, Japan NIGH11 8.93 6.63 375.00 1.799
38 Norcia, Italy Bevagna 31.45 5.90 401.34
39 Norcia, Italy Spoleto 13.28 5.90 535.24
40 Northridge-01 Jensen Filter Plant Administrative Building 5.43 6.69 373.07 3.157
41 Northridge-01 Pacoima Kagel Canyon 7.26 6.69 508.08 0.728
42 N. Palm Springs Fun Valley 14.24 6.06 388.63
43 Parkfield Cholame—Shandon Array #12 17.64 6.19 408.93
44 Parkfield San Luis Obispo 63.34 6.19 493.50
45 Parkfield-02, CA Parkfield-Fault Zone 9 2.85 6.00 372.26 1.134
46 San Fernando Castaic—Old Ridge Route 19.63 6.61 450.28
47 San Fernando Lake Hughes #12 19.30 6.61 602.10
48 San Fernando Cedar Springs Pumphouse 92.59 6.61 477.22
49 San Fernando Cedar Springs, Allen Ranch 89.72 6.61 813.48
50 San Fernando Fairmont Dam 30.19 6.61 634.33
51 San Fernando LA-Hollywood Stor FF 22.77 6.61 316.46
52 Southern Calif San Luis Obispo 73.41 6.00 493.50
53 Superstition Hills-02 Parachute Test Site 0.95 6.54 348.69 2.394
54 Tabas, Iran Ferdows 91.14 7.35 302.64
55 Tabas, Iran Boshrooyeh 28.79 7.35 324.57
56 Tabas, Iran Tabas 2.05 7.35 766.77 6.188
57 Tabas, Iran Dayhook 13.94 7.35 471.53
58 Westmorland Parachute Test Site 16.66 5.90 348.69 4.389
59 Westmorland Superstition Mtn Camera 19.37 5.90 362.38
60 Whittier Narrows-01 Arcadia—Campus Dr 17.42 5.99 367.53

Note: Vs30 is the average shear wave velocity within 30 m depth of the site.
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