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Numerical simulation that combines finite element methods and experimental data has been recognized
as effective in modeling hysteretic behaviors and capturing the principle mechanical trend of passive
energy dissipation devices. However, the seismic design and mechanical characteristics assessment for
passive energy dissipation devices require a laborious effort and massive computational resources to tune
mechanical-oriented parameters. Particularly, the potential risk of departure from the actual system is
rising for the desirable seismic design of dampers due to the numerical model simplification and assump-
tion. To eliminate the potential weakness of numerical models, this paper explores a surrogate model by
implementing physics-informed deep neural networks (DNNs) to approximate hysteretic behaviors of S-
shaped steel dampers. The proposed physics-informed DNNs mainly consists of recurrent neural net-
works (RNNs) and long short-term networks (LSTMs), which can encode the Bouc-Wen model into the
direct graph and incorporate the effect of design-oriented geometry parameters. To validate the general-
ity of the network, the optimization model was calibrated numerically and experimentally, respectively,
which exhibits good performance in predicting nonlinear behaviors of different dampers with reasonable
accuracy. The proposed physics-informed DNNs can be an alternative to relieve the laboriousness of the
seismic design and mechanical characteristics assessment of passive energy dissipation devices.

� 2022 Elsevier Ltd. All rights reserved.
1. Introduction

Passive energy dissipation devices have been widely utilized to
control the dynamic vibration and enhance the seismic perfor-
mance of building structures [1–4]. The numerical simulation is
recognized as effective for the desirable seismic design of dampers
and supplementary parametric studies on the potential mechanical
characteristics [5–6]. The common practice starts with developing
numerical models calibrated by the experimental data within rea-
sonable accuracy, comes along with the repeated tune-up of
mechanical-oriented parameters such as stiffness, yield ratio, and
strength by trial and error [7]. To satisfy desirable seismic goals,
dampers need to be redesigned by performing a similar onerous
tune-up of mechanical-oriented parameters. The geometric-
oriented parameter is obtained based on the correlation that relies
extensively on the regression analysis between physical and
mechanical parameters. Additionally, short of the experimental
data, there is a growing concern about the inherent departure
resulting from the numerical model simplification and assump-
tions in the comparison of the actual systems.

Recently, the successful application of deep neural networks
(DNNs) in engineerings such as the seismic response prediction
of structures [8–10], seismic vulnerability assessment of buildings
[11], and system identification and structural health monitoring
[12–13] has motivated the investigation of the surrogate model
with high fidelity driven by massive datasets. The data-driven
DNNs, which can learn the potential pattern by using the pure
multi-layers to map the input–output relationship, have demon-
strated impressive power and promise in solving regression and
classification issues. Such networks are successful in forecasting
the damping force of magnetorheological (MR) fluid dampers and
determining the optimal mechanical properties of tuned mass
dampers (TMD) to reduce the displacement responses of building
under different wind loads [14–15]. The limitation, however, has
become prominent when applying data-driven neural networks
in practical engineering due to the difficulty in meeting the
demand of massive datasets and the lack of interpretable physical
meaning [16]. Consequently, physics-informed DNNs have been
developed to incorporate the laws of physics such as the partial dif-
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Fig. 1. S-shaped steel dampers and experimental setup.

Table 1
Geometry parameters of S-shaped steel dampers.

No. Specimens Thickness t (mm) Breadth b
(mm)

Angle
a (�)

Radius r
(mm)

1 t6-b55-a 90-R100 6 55 90 100
2 t8-b55-a 90-R100 8 55 90 100
3 t10-b55-a 90-R100 10 55 90 100
4 t8-b50-a 90-R100 8 50 90 100
5 t8-b60-a 90-R100 8 60 90 100
6 t8-b55-a 45-R100 8 55 45 100
7 t8-b55-a 45-R150 8 55 45 150
8 t8-b55-a 45-R200 8 55 45 200
9 t8-b55-a6 0-R100 8 55 60 100
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ferential equations (PDEs) into direct graphs [17–19], which has
been implemented in the application of power systems [20], cumu-
lative damage models [21], elasticity problems accounting for
strain gradient effects [22], the nonlinear structural systems [23].
The achievement of PDEs in DNNs makes it available to derive
the surrogate model in solving engineering problems with good
accuracy and robustness by training deep neural networks driven
by different physics-informed loss functions. For instance, Guo et,
al. developed a loss function that governs PDFs of Kirchhoff plate
bending problems for approximating the continuous transversal
deflection [24]. Duchanoy et. al. applied the physics-informed
DNNs to capture the hysteretic responses of a set of small-scale
magnetorheological dampers (MRD) with physical parameters
under different load conditions and various physical configurations
[25]. Yucesan et. al. used the physics-informed DNNs to adjust the
output of stiffness and damping coefficient of the torsional vibra-
tion dampers (TVD) to experimental data, demonstrating good
effectiveness in eliminating the discrepancy induced by numerical
simulations [26].

Inspired by this, we implemented a physics-informed DNN
architecture to approximate the hysteretic behaviors of a set of
novel S-shaped steel dampers designed by authors that can deform
2

by achieving varied cross-section yielding and prevent the occur-
rence of unpredictable crack induced by the concentration of stress
and plasticity [27–30]. The physics-informed DNNs are able to
encode the Bouc-Wen model into the direct graph and forecast
hysteretic behaviors by covering the effect of the design-oriented
geometry parameters, which can effectively relieve the laborious-
ness of the seismic design and mechanical characteristics assess-
ment of passive energy dissipation devices. The model generality
is validated by the dataset provided by both the 3D finite element
(FE) models and experimental tests, respectively. The optimization
model demonstrates good performance in forecasting the nonlin-
ear behaviors of S-shaped steel dampers with different geometry
parameters.

The structure of the paper is organized as follows: Section 2
introduces the S-shaped steel dampers and compares the numeri-
cal results with the experimental data. In Section 3, a physics-
informed DNN architecture is proposed and presented. Section 4
illustrates how different hyperparameters are configurated based
on the grid search and experience knowledge from the previous
research. Case studies are presented for the validation of proposed
physics-informed based on numerical and experimental datasets
in Section 5. Finally, Section 6 summarizes the conclusions.
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(b) t8-b55-α90-r100
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Fig. 2. Comparisons of numerical and experimental data.
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2. The proposed novel S-shaped steel damper

2.1. S-shaped steel dampers and experimental setup

The proposed novel S-shaped steel damper designed by the
principle of varied yielding cross-sections consists of a S-shaped
steel plate, outer limit plate, fixed bottom plate, connecting plate,
and high-strength bolts, as shown in Fig. 1(a). Restrained by the
outer limit plate, one end of the S-shaped steel plate is linked to
the connecting plate by the high-strength bolts while another
end is set as free. The S-shaped steel plate can dissipate the exter-
nal seismic energy at the sacrifice of varied cross-sections yield
3

during the earthquakes. Flexural plastic deformation is developed
along with the curvature of sections, as illustrated in Fig. 1(b). With
the characteristics of varied yielding cross-sections, the S-shaped
steel damper is found effective in eliminating the weakness of tra-
ditional metal dampers such as stress and plastic deformation
concentration.

To investigate the hysteretic behaviors of S-shaped steel dam-
pers, a total of nine specimens with different combinations of the
thickness (t), breadth (b), angle (a), radius (r) was tested under
the standard cyclic loading, as shown in Table 1. Each specimen
is named after the geometry parameter such as t6-b50-a 90-
R100, which indicates that the S-shaped steel damper has a thick-
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ness of 8 mm, breadth of 55 mm, angle of 90-degree, and a radius
of 100 mm for the flexure section. All specimens were fabricated by
the Q235B steel with a nominal yielding strength of 235 Mpa. The
experimental test on specimens was conducted in the National
Engineering Laboratory of Central South University, see Fig. 1(c).
The S-shaped steel damper was connected to the actuator by the
grade 10.9 high strength bolts with a nominal yielding strength
of 900 Mpa. The external force applied to specimens was moni-
tored by the force sensor, and the displacement of specimens
was monitored by three laser sensors. More experimental details
can be found in the literature [31].
2.2. Numerical modeling based on experimental results

Fig. 2 presents the hysteretic curves of nine specimens of
S-shaped dampers under the standard cyclic loading. With the
propagation of displacement loading, all specimens yield at a
Table 2
Parameters of cycle hardening in ABAQUS.

r0(Mpa) C1(Mpa) c1 C2(Mpa) c
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(a) 3D FE model of the damper t8-b55
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Fig. 3. FE model and simulation results of S-sha
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relatively small displacement and gradually reach the peak
strength. No obvious failure occurs to specimens of S-shaped steel
dampers during the test, indicating that the S-shaped steel dam-
pers have good energy dissipation capacity.

To further investigate the mechanical properties of S-shaped
dampers, numerical models by the FE software ABAQUS and Open-
Sees were separately developed and calibrated by the experimen-
tal data. The cycle hardening material in ABAQUS that
incorporates the kinematic and isotropic cyclic hardening behavior
can achieve superior accuracy for capturing mechanical properties
of steel plates [31,32], which was adopted for the 3D FE model of S-
shaped steel dampers. The parameters that need to be determined
are listed in Table 2, in which, r0 is the yield stress at the start
point of plastic strain; Ck and ck are the coefficients of the kine-
matic hardening stress. The outer limit plate was simulated by
the elastic material without considering the damage. 3D-stress 8-
node nonlinear solid element (C3D8R) in ABAQUS was used to
2 C3(Mpa) c3 C1(Mpa) c4
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Table 3
Parameters of steel4 material in OpenSees.

f y E 0 b k R 0 r 1 r 2 b i b l rho i R i I yp

Fy ke kp=f e 15 0.90 0.15 0.0 0.0 Fmax � Fy
� �

=Fy 5 0.0
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model the S-shaped steel dampers and outer limit plate. The mesh
size of models was divided by four elements along with plate
thickness and accounts for 10% of the width of the steel plates,
which can achieve a good trade-off between computational accu-
racy and efficiency, as shown in Fig. 3(a). The trend in the distribu-
tion of the PEEQ (equivalent plastic strain) and displacement (U) in
Fig. 2(b-c) reflects the characteristics of variable section yield of
the S-shaped steel dampers along with the propagation of standard
cyclic loading. Similarly, Steel4 material with combined kinematic
and isotropic hardening behaviors in OpenSees was adopted to
simulate the force–displacement relationship of S-shaped steel
dampers by repeatedly adjusting the mechanical parameters listed
in Table 3. The definition can refer to the manual [33]. TwoNode-
Link element was used to model the S-shaped steel dampers.
Fig. 2 compares numerical results obtained by ABAQUS and Open-
Sees with the experimental data. Due to the model simplification, a
larger discrepancy between numerical models by OpenSees and
experimental results is observed as compared to the 3D FE model
from ABAQUS. The gray lines that represent the numerical model
by OpenSees exhibit a higher maximum force and faster strength
degradation, indicating a potential departure between the numer-
ical model and the actual system. The concern about such depar-
ture can result in erroneous results for the desirable seismic
design of building-damper systems, since the design-oriented
geometry parameters of the dampers may not correlate well with
mechanical-oriented parameters. In addition to the inherent dis-
crepancy between the numerical model and actual system, it is
time-consuming for either the tune-up of the numerical model in
OpenSees or constructing a 3D model in ABAQUS.

To eliminate the weakness of numerical models, a physics-
informed DNN framework was proposed to explore a surrogate
model that is able to simulate the hysteretic behaviors of dampers
Output 

, , , 

Out

t

element-wise add operation
element-wise product operation

(b) LSTM cell

(a) RNN cell

Fig. 4. Graphical representation
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by directly incorporating the effect of design-oriented geometry
parameters, which will be introduced in the following section.
3. Physics-informed DNNs

3.1. Bouc-Wen model

The Bouc-Wen model uses differential equations to describe
hysteretic characteristics and is widely utilized in approximating
the nonlinear behaviors of passive energy dissipation devices
[34–36]. However, the numerical simulation based on the Bouc-
Wen model requires laborious tune-up of mechanical-oriented
parameters and shape parameters that control the hysteretic
behaviors. The restoring force F is expressed as a format of Eqs.
(1)–(2).

F ¼ Fe þ Fh ¼ a0kxþ 1� a0ð Þkz ð1Þ
_z ¼ b1 _x tð Þ � b2 _x tð Þ z tð Þj jn � b3j _x tð Þjz tð Þjz tð Þjn�1 ð2Þ
In which Fe and Fh are the elastic and hysteretic components of

the restoring force, respectively; k is the stiffness coefficient; a0 is
the ratio of post-yield stiffness to the initial tangent stiffness;z is
the hysteretic displacement represented by a set of differential
equations; x and _x are the horizontal displacement and velocity
of dampers, respectively, and b1, b2, b3, n are shape parameters
controlling the hysteric behaviors of the Bouc-Wen model.

To have a better understanding of the surrogate model, the
Bouc-Wen model will be encoded into the direct graph of the
physics-informed DNNs to approximate the hysteretic behaviors
of S-shaped steel dampers. The nonlinear behavior of the Bouc-
Wen model is mainly determined by the hysteretic parameter z.
where f 

f
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= 
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However, z is a non-measurable parameter, which is intractable to
be extracted from the experiment. Previous studies on the param-
eter identification of the Bouc-Wen model have shown that z can
be approximated using the linear least square method [37–38]
using the following equations.Z ti

t0

_z tð Þdt ¼ b1

Z ti

t0

_x tð Þdt � b2

Z ti

t0

_x tð Þjz tð Þjndt � b3

�
Z ti

t0

j _x tð Þjz tð Þjz tð Þjn�1dt ð3Þ

Letting D ¼
Z ti

ti�1

_z tð Þdt ¼ z tið Þ � z t0ð Þ ð4Þ

_Ai ¼ x tið Þ z tið Þj jn; Bi ¼ j _x tið Þjz tið Þ z tið Þj jn�1
�

ð5Þ

The velocity _x can be obtained based on the central difference
method, which is expressed as:

_xi ¼ xiþ1 � xi�1ð Þ=2Dt ð6Þ

I1 ¼
Z ti

t0

_x tð Þdt ¼ x tið Þ � x t0ð Þ ð7aÞ

I2 ¼ �
Z ti

t0

_x tð Þjz tð Þjndt ¼ �1
2

Xi�1

i¼0

Ai þ Aiþ1ð ÞDt ð7bÞ

I3 ¼ �
Z ti

t0

j _x tð Þjz tð Þjz tð Þjn�1dt ¼ �1
2

Xi�1

i¼0

Bi þ Biþ1ð ÞDt ð7cÞ

D ¼ b1I1 þ b2I2 þ b3I3; Zi ¼ Z0 þ D ð8Þ
It can be seen in Eq. (8) that the hysteretic variable D is a func-

tion of shape parameters represented as a form of the matrix
hf g ¼ b1; b2; b3f gT . To obtain the hysteretic variable D, the shape
parameter n with regard to I2 and I3 can be predetermined as the
sensitivity analysis [37] on shape parameters has shown that the
integer n mainly affects the smoothness of hysteretic curves and
has a minor influence on the restoring force value. Name
Ii ¼ I1; I2; I3f gT , and the hysteric variable Di at the time i can be esti-
mated on a basis of the linear least square method:

MinE hð Þ ¼
Xm
i¼1

ITi h� Di

� �2
ð9Þ

The approximation equations above have been successfully
applied to parameter identification of the Bouc-Wen model for
mild steel dampers and rubber bearing [38]. With the advance in
deep neural networks, the success in incorporating nonlinear par-
tial differential equations in DNNs makes it possible to facilitate
the potential feature learning and nonlinear regression [17–
18,39]. The boost in physics-informed DNNs offers an opportunity
to explore a surrogate model that can capture the nonlinear behav-
iors of metallic dampers with satisfactory accuracy and computa-
tional efficiency. To investigate this, a physics-informed neural
network based on the Bouc-Wen model is constructed in the next
section, which is expected to model the nonlinear behaviors of S-
shaped steel dampers.

3.2. Physics-informed neural network architecture

The recurrent neural networks (RNN) are well known to deal
with time-varying and sequential data [40], as illustrated in
Fig. 4(a). Feathered by the feedback loops with recurrent connec-
tions, the RNN possesses an impressive capability of processing
6

sequential data by transferring information from the last hidden
state to the next state. The internal state ht can be dynamically
updated by the flow of information at the previous time ht�1 and
the current input information xt . The output byt of the RNN cell
can be regularized by activation functions such as tanh and Soft-
Max units, which endows the RNN with the capacity of learning
nonlinear features. However, due to the simple form, the RNN com-
monly comes with the possible gradient vanishing and exploding
issues, making it incapable of coping with long-term sequence
issues. To overcome such weakness, the long short-term network
(LSTM), as a variant of RNN, has been developed to solve long-
term dependence problems [41], as shown in Fig. 4(b). Each LSTM
cell is composed of an internal cell ct and three gates including a
forget gate f t , an input gate it and an output gate ot . The state of
internal cell ct relies primarily on the forget gate and input gate.
The forget gate updates the internal cell state by deciding what
information should be forgotten or retained; the input gate con-
trols the flow of input information into the current cell state via
a tanh layer ect; the output gate determines the flow of information
into the output of the LSTM cell. The three gates are all regularized
via the sigmoid function ranging from 0 to 1, reflecting the differ-
ent degrees of information retention. Finally, the information of ct
is updated by the element-wise product of forget gate and the cell
state at the previous time step ct�1 and supplemented with added
information from the input gate via a tanh layer; the output byt and
hidden layer output ht of LSTM cell are obtained by the element-
wise product of the output gate ot and the updated cell state ct
through a tanh layer, in which xt 2 Rm and ht 2 Rn are the input
and hidden state at the time step; Wx;Wxf ;Wxi;Wxc;Wxo

� � 2 Rn

�mand Wh;Wo;Whf ;Whi;Whc;Who

� � 2 Rn�n denote the weight
matrix for the current input and recurrent input, respectively,
and bx; bf ; bi; bc; bo

� � 2 Rn represents the bias vector of neurons.
Physics-informed neural network architecture is constructed as

shown in Fig. 5, consisting of RNNs and LSTM networks and a ten-
sor differentiator based on the central finite-difference method.
The available physics law based on the Bouc-Wen model in Sec-
tion 3.1 is encoded into the direct graph to drive the training pro-
cess. Firstly, the tensor differentiator based on central finite
difference is used to obtain the velocity _x as the input data based
on Eq. (6). The RNNs are used to develop the nonlinear mapping

from the input data d ¼ I1; _x; _xj jf gT to the state space variables

S ¼ bI1;bI2; bI3n oT
, and then map S to z, as expressed in Eq. (10).

The physics loss function of RNNs based on Mean Squared Error
(MSE) can be written as a format of Eq. (11).

z ¼ f RNNs S;WR2; bR2ð Þ; S ¼ f RNNs d;WR1; bR1ð Þ ð10Þ
Js h1ð Þ ¼
Xnm
i¼1

jjbI1 � I1jj
2

2 þ
Xnm
i¼1

jjbI2 � I2 z; _xð Þjj22

þ
Xnm
i¼1

jjbI3 � I3 z; _xð Þjj22 ð11Þ

In which h1 ¼ WR1; bR1;WR2; bR2f g, WR1;WR2 and bR1; bR2 denote
the trainable weights and bias parameters of the RNNs, respec-
tively. nm is the number of data samples, all variables have the
same number of n sample points ranging from t1 to tn; I1; I2 and
I3 can be obtained by Eq. (7).

A sacked input layer with the geometry parameters

G ¼ t;b; a; rf gT , the displacement x, and hysteretic displacement z

as the input data is used to map the external force bF , which is
achieved by the deep LSTM networks. The data loss function is
expressed as follows:



x
Central finite 

difference

Total loss
= + 

G

LSTM networks

RNN networks

(a) Physics-informed deep neural networks 

(b) RNNs
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Fig. 5. The physics-informed DNN architecture.
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bF ¼ f LSTMs x;bz;G;xL; bL
� � ð12Þ

Jf h2ð Þ ¼
Xnm
i¼1

jjbF � Ftruejj
2

2 ð13Þ
7

in which h2 ¼ bL;WLf g indicates the trainable weights and bias
parameters for the LSTM networks; The total loss function that
combines the data loss and physics loss by different weight coeffi-
cients is minimized to achieve the training process of the physics-
informed DNNs, as shown in Eq. (14)–(15).



Table 4
The selection of hyperparameters for the physics-informed DNNs.

Hyperparameter tuning for model training and network design

Hyperparameter
for training

Adam/RMSprop Learning
rate

Weight
coefficient
(k1; k2)

RNNs Hidden layers and
Neutrons for each layer

Activation
function

Dropout ratio

LSTM networks Hidden layers and
Neutrons for each layer

Activation
function

Dropout ratio
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J h1; h2ð Þ ¼ k1Js h1ð Þ þ k2Jf h2ð Þ ð14Þ

bh1; bh2

n o
¼ argminJ h1; h2ð Þ ð15Þ

where k1; k2 are the user-defined weight coefficients for controlling
the update of model, and the selection of the two hyperparameters
will be discussed in the following section.

4. Hyperparameter tuning

4.1. Grid search

To optimize the physics-informed DNNs, hyperparameters that
are used for model training and network design in Table 4 need to
(a) Adam algorithm

(c) Model accuracy of different 

Fig. 6. Model performance considering diffe

Case 1 Case 9

Fig. 7. The influence of different we

8

be tuned and determined. Hyperparameter tuning is a grand chal-
lenge since there is no explicit rule of thumb on how to well con-
figure different interacting hyperparameters. Grid search can be
regarded as a heuristic optimization method in setting different
combinations of different hyperparameters[42]. Although grid
search performs an exhaustive search on the hyperparameter sets
specified by users and is limited to a small-scale dataset, it is appli-
cable for selecting hyperparameters of the proposed physics-
informed DNNs. Considering the computational resource, the strat-
egy is using grid search to explore the best configurations of more
important hyperparameters in the model training, and the less
important hyperparameters are generally set as default values or
based on experience knowledge from the previous studies at the
beginning and will be elaborately adjusted after the physics-
informed DNNs are devised.

For the model training, much importance should be attached to
the selection of optimization algorithms such as stochastic gradi-
ent descent [43], AdaGrad [44], RMSProp [45], and Adam [46].
Referring to the previous research, Adam is commonly used as it
has the merits of AdaGrad dealing with sparse gradients and the
ability of RMSProp to handle non-stationary objectives. Particu-
larly, most default values for hyperparameters of Adam are
believed sufficient to achieve reliable and good results on most
neural network architectures [47–48]. To validate this, the opti-
mization algorithms that include the Adam and RMSProp are con-
(b) RMSProp algorithm

LSTM network complexity

rent combinations of hyperparameters.

Case 

ight coefficients on loss curves.
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sidered in the grid search. For the design of neural network struc-
ture, choosing appropriate numbers of layers and neutrons is chal-
lenging as the physics-informed DNNs are composed of two
different networks which both play a critical role in the model per-
formance. From the perspective of computing efficiency and learn-
ing capacity, it is observed that RNNs consisting of two RNN layers
of ten neurons are sufficient. For brevity, only the number of layers
and neurons for LSTM networks are investigated using grid search.
Additionally, to eliminate the occurrence of overfitting and
enhance the model robustness, a set of dropout ratios that is
applied to hidden layers of LSTM networks is involved in the grid
search. Therefore, a combination of hyperparameters that include
the optimization algorithm, the number of hidden layers and neu-
tron for LSTM networks and the dropout ratio are investigated
using grid search as these hyperparameters are more influential
in determining the model training and performance. For other
hyperparameters, the rectified linear function (ReLU) is used as
the activation function as it can effectively eliminate the vanishing
of the gradient [49]. The learning rate and weight coefficients will
be elaborately tuned once the hyperparameters for controlling the
model training and structure is well configurated. Moreover, con-
sidering the inherent randomness induced by the initialization,
the optimization process is independently performed three times
for each hyperparameter tuning.
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Table 5
The influence of different weight coefficients on model performance.

Case
studies

Weight coefficient k1 for
physical loss Js

Weight coefficient k2

for data loss Jf

Model
accuracy

case 1 0.5 0.5 0.66
case 2 0.8 0.2 0.73
case 3 0.2 0.8 0.64
case 4 0.7 0.3 0.73
case 5 0.6 0.4 0.74
case 6 1 1 0.74
case 7 10 0.1 0.60
case 8 0 1 0.22
case 9 0.01 100 0.44
case 10 1 10 0.69
case 11 1 20 0.79
case 12 1 100 0.80
case 13 0.5 10 0.82
case 14 0.1 10 0.83
case 15 0.5 20 0.82

9

4.2. Optimization algorithm and network structure

Fig. 6 (a-b) illustrates the test performance that is quantified by
the mean squared error (MSE) for different combinations of hyper-
parameters by performing the three-fold cross-validation to a set
of thirty-five data samples developed by ABAQUS. It can be seen
that the Adam algorithm exhibits better test performance com-
pared to the RMSProp algorithm when the network is not deep.
As the network becomes larger and wider, the improvement of
the algorithm and dropout ratio on model performance gradually
reaches saturation. This indicates that the deep neural network
has sufficient capacity in capturing the potential feature, and the
increase of layers and neutrons for the network is not helpful in
enhancing the model performance. Referring to the evaluation
results based on grid search, the Adam algorithm is adopted for
the model training. Fig. 6(c) compares the model performance of
different LSTM network structures on the test dataset, demonstrat-
ing that LSTM networks have two hidden LSTM layers of forty neu-
rons is appropriate for the model training.
4.3. Weight coefficient

The physics-informed DNNs are trained by minimizing the total
loss function that incorporates the physical loss and data loss. For
this multi-task learning problem, different weight coefficients ki
need to be assigned to the physical loss function and data loss
function so as to balance the joint learning of the RNNs and LSTM
networks, thus avoiding a scenario where one of the tasks domi-
nates the optimization procedure. The most common method in
the previous studies related to multi-task learning problems is to
set the weight coefficient equally [50]. However, a potential risk
is that multi-task learning may suffer from an imbalanced learning
rate [51]. A better strategy to tackle such an issue is to make the
loss gradient reduce equally thus ensuring the multi-learning tasks
are equally updated. To investigate this, a set of different weight
coefficients are studied, including (a) the physical loss k1Js domi-
nates the training process for cases 1–7; (b) the data loss k2Jf con-
trols the model training cases 8–9; (c) Both physical loss and data
loss contribute to the model training with a similar loss magnitude
for cases 10–15, as illustrated in Table 5. For brevity, Fig. 7(a-c)
presents three case studies on the influence of different weight
coefficients on the loss curves for the total loss function, the phys-
ical loss and data loss. Apparently, when one of the learning tasks
dominates the model training, an imbalanced learning process is
observed. By contrast, the balance between the reduction of loss
gradient for multi-task learning can effectively enhance the model
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performance. By comparing the model performance in Table 5,
k1 ¼ 0:1; k2 ¼ 10 is adopted in this paper.
4.4. Learning rate

The learning rate (LR) controls how much the model weights
are updated for each iteration. Generally, it is believed that setting
too small LR will significantly slow the convergence of the net-
work, and too large value may result in an unstable training pro-
cess. A preferable strategy is to conduct an adaptive learning rate
method in the model training, allowing the network to dynami-
cally reduce the learning rate during the training process so as to
improve the model performance. This can be achieved by using
either pre-defined learning rate decay or adaptive learning rate
methods. The learning rate decay require users to set a LR schedule
that changes during the training process, such as the step decay
and exponential decay [48], as expressed in Eqs. (16)–(18), in
which LR and LR0 are the updated and initial learning rates, respec-
tively; kt and ktotal are the current time steps and the total number
of iterations. Alternatively, adaptive learning rate methods can be
achieved by selecting adaptive gradient descent algorithms such
as AdaGrad, RMSProp and Adam. Among these methods, the adap-
tive learning rate methods are found more effective to achieve
higher model performance without having to tune additional
hyperparameters of the learning rate schedules in advance. For
the Adam algorithm, it is believed that the actual learning rate
can be adjusted with the update of estimates of the first and sec-
ond moments of the gradients for each iteration [46]. Basically, it
is sufficient to use the Adam algorithm for achieving a better opti-
mization process. However, the previous study has shown that set-
(a) Loss curves
Fig. 10. Loss curves and model accuracy of RNNs and L

(a) Dropout ratio of 0.4 applied to different layers 
of RNNs

Fig. 9. Influence of dropout ratio applied to differ

10
ting a learning rate decay to the Adam algorithm can effectively
improve the model performance, which should not be overlooked
[52]. Based on this, we set the Adam algorithm with a learning
decay by using a function of tf.callbacks.ReduceLROnPlateau in
TensorFlow, which can dynamically control the update of LR with
a decay factor of 0.1 by monitoring the MSE value for every 10
epochs. For better illustration, the model performance by adopting
different learning rate schedules in Eqs. (16)–(18) and a constant
learning rate of 0.005 is investigated and compared with the Adam
algorithm with a learning rate decay, as shown in Fig. 8(a). Com-
pared to other learning rate schedules, the results demonstrate
that the Adam algorithm exhibit more reliable model performance.
To enhance the model performance, Fig. 8(b-c) show the influence
of different learning rate for the Adam algorithm on convergence
and accuracy. From the perspective of test accuracy, LR ranging
from 0.003 to 0.008 shows good effectiveness, and this paper
adopts 0.005 as the LR.

LR ¼ LR0 � floor kt=ktotalð Þ ð16Þ

LR ¼ LR0 � 0:930�kt=ttotal ð17Þ

LR ¼ LR0 � e�0:01kt ð18Þ
4.5. Dropout ratio

A major concern with the training of deep neural networks is
the overfitting, which can lead to complex co-adaptations in
which the network weights collaborate with one another to
memorize the training dataset, thus the neural networks may
(a) Model accuracy
STM networks om training and validation datasets.

(b) Dropout ratio applied to the whole network 
and LSTM network only

ent layers of the physics-informed networks.



Table 6
Different geometry parameters of S-shaped dampers.

S-shaped dampers Thickness t
(mm)

Breadth b
(mm)

Angle a(�) Radius r
(mm)

Group 1 [6:2:24] 55 90 100
Group 2 8 [50:5:100] 90 100
Group 3 8 55 90 [100:10:140]
Group 4 [10:2:30] [55:5:105] 90 100
Group 5 [10:2:28] [105: �5:60] 90 100

Note: [6:2:24] represents the parameter of t varied from 6 to 24 with an increment of 2, t = 6,8,10.
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exhibit excellent model performance but have worse performance
on the test dataset [53–54]. To address this problem, great
research interest has been attracted to the study of dropout in
reducing the overfitting, as this approach is found effective in
compressing the neural network by randomly dropping out part
of cells and connections [55]. To investigate the influence, the
dropout ratio ranging from 0.1 to 0.9 applied to the different lay-
ers of RNNs and LSTM networks is studied. For brevity, Fig. 9(a)
illustrates the convergence of dropout ratio applied to the differ-
ent layers for RNNs, which demonstrates that the application of
dropout ratio to the RNNs (either input layer or hidden layers
or both) performs poorly. Fig. 9(b) compares the influence of dif-
ferent dropout ratios applied to the hidden layers for whole net-
works (both RNNs and LSTMs) and two hidden layers of LSTM
networks only. It can be seen that the application of the dropout
ratio to the RNNs will significantly deteriorate the model perfor-
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mance. This is likely due to the RNNs is not complex enough to
produce the overfitting issues. From the perspective of neural net-
work structure, the hierarchical architecture determines that the
output values of RNNs can be regarded as a part of the input
for LSTM networks. The use of the dropout ratio for RNNs will
harm the capacity of capturing the potential nonlinear feather
due to randomly dropping some connection units, thus causing
the loss of critical information when following the LSTM net-
works. Therefore, as suggested by previous research [11], it is
not recommended to set a dropout ratio to the input layer. On
the other hand, too large dropout ratios will result in poor perfor-
mance. Although the dropout ratio from 0.1 to 0.7 has similar
accuracy, the dropout ratio ranging from 0.4 to 0.6 is more effec-
tive in optimizing the model as it can eliminate the occurrence of
noises resulting from a lower drop ratio. The dropout ratio of 0.5
is adopted for the proposed neural networks.
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5. Case studies

5.1. Numerical validation

To verify the performance of the proposed neural networks, the
elaborate 3D models of S-shaped steel dampers were developed to
extend the dataset. Five groups of FE models that cover different
geometry parameters of t, b, a and r were developed by ABAQUS,
as shown in Table 6. The FE models were firstly calibrated by the
experimental data and were extended to generate a suite of fifty-
four samples of S-shaped steel dampers with different geometry
parameters. For the training dataset, two samples of S-shaped steel
dampers were randomly selected from groups 1–4 separately and
one sample for group 5, and the other nine samples were selected
for the validation. The remaining samples were used for the test
dataset. Fig. 10 demonstrates the loss curves and model accuracy
of the RNNs and LSTM networks on the training and validation
datasets, which indicates that both RNNs and LSTM networks can
converge quickly with good stability and model performance.
Fig. 11 presents comparative results of the test dataset from the
perspective of predicted force F, equivalent stiffness Keff and con-
sumption energy for each loop Eloop. The correlation coefficient R
is used to evaluate the performance of regression, and a higher
value of R represents the better performance. In terms of predicted
force, R are all greater than 0.95, indicating good performance of
proposed physics-informed neural networks in capturing the
force–displacement relationship of S-shaped steel dampers, as
shown in Case 1. The main divergence in case 2 is mainly induced
by the failure of capturing the maximum force value. This is prob-
ably due to the force jump from the loading status to the unloading
status. The small discrepancy in the pinching stage of the curve can
be attributed to the slipping of dampers, which is not considered in
the training. The equivalent stiffness Keff is defined as the
Fþ�� ��þ F�j j� �

= dþ�� ��þ d�j j� �
, in which Fþ and F� are the maximum

and minimum force for each loading cycle, respectively; dþ and
d� are the corresponding maximum and minimum displacement.
It can be seen in Fig. 11(b) that major correlation coefficients for
Keff are more than 0.9 except for the same case 2 for the damper
t30-b105-a 90-r100 with a poor correlation coefficient of 0.55,
indicating a larger discrepancy between the testing results and
the FE model results. This makes sense as the equivalent stiffness
Keff is related to the maximum force. Despite the possible discrep-
ancy in predicting F and Keff , the correlation coefficient for pre-
dicted Eloop is overall high as presented in Fig. 11(c). This shows
that the proposed neural network can simulate the seismic perfor-
mance of dampers with reasonable accuracy.
13
5.2. Experimental validation

To validate the generality of the network, the proposed physics-
informed DNNs were validated by the experimental data. Different
from the numerical dataset, the experimental dataset incorporates
some noises induced by the instability of the loading system and
random error recorded by sensors, which is not as smooth. Due to
the limited availabledatasets, four specimensof dampers in Fig. 12(-
a-d) were used for training and the other five in Fig. 12(e-i) for test-
ing. The comparative results in Fig. 12 show that both the training
and testing results correlatewell with the experimental data. More-
over, compared to the numericalmodel developed by OpenSees, the
proposed physics-informed DNNs can improve the discrepancy at
the stage of strength degradation to some extent. The predicated F
and Eloop have high correlation coefficient values of more than 0.95,
aspresented in Fig. 13(a). A larger discrepancyof equivalent stiffness
Keff is observed between the testing and experimental results for the
damper t6-b55-a90-r100, see case1 in Fig. 13(b). The largerdiscrep-
ancy mainly occurs between the maximum force predicted by the
physics-informed DNNs and experimental data, especially for the
elastic stage. The same phenomenon is also observed in the elastic
stage for case 2. It is found that such discrepancy is mainly resulting
from the noises existing in experimental data. Despite this, the
physics-informed DNNs demonstrate good effectiveness and rea-
sonable accuracy in forecasting the potential nonlinear behaviors
of S-shaped steel dampers even with a small-scale dataset.
6. Conclusion

This paper presents physics-informed deep neural network
(DNN) architecture to simulate the hysteretic behaviors of the
novel S-shaped steel dampers. To train the network, hyperparam-
eter tuning based on grid research and experience knowledge is
elaborately investigated. The optimization model derived from
the proposed physic-informed DNNs is validated numerically and
experimentally, which demonstrates good performance in fore-
casting the nonlinear behaviors of S-shaped steel dampers such
as the displacement force relationship, equivalent stiffness and
energy dissipation capacity. As the proposed physics-informed
DNN architecture incorporates the influence of geometry parame-
ters, it can be taken as an alternative for the calibration of seismic
design of S-shaped steel dampers to avoid the inherent departure
from the actual system due to the numerical simplification and
assumption. In addition, the physics-informed DNNs can be
applied to the parametric study on potential mechanical character-
istics of S-shaped steel dampers promptly and efficiently.
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