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A B S T R A C T

U-shaped steel damper (USSD), as an energy dissipation device, has been recommended in the literature for
using in the isolation systems. This type of damper is capable of appropriately dissipating the input energy which
a structure imparts from an earthquake. The capability is provided through a large range of plastic deformations
occurred in the USSD. This paper aimed at presenting a methodology structured in the framework of a shape
optimization problem to enhance the seismic energy dissipation and deformation capability of the USSD under
cyclic loading. To achieve this goal, the straight part, thickness and height of the USSD were considered as the
design variables of the optimization problem and optimized through maximizing the ratio of energy dissipation
through plastic deformation to the maximum equivalent plastic strain. In order to find the optimum shape of the
USSD under cyclic loading, a hybrid approach consisted of two phases was applied. In the first phase, as an
alternative for the time-consuming finite element analysis, a support vector machine (SVM) approach was
trained, tested and used to predict the inelastic responses of the USSD. In the second phase, a modified particle
swarm optimization (PSO) algorithm was adopted to find the optimum shape of the USSD subjected to two
critical directions of cyclic loading. After finding the optimum shape of the USSD, the energy dissipation and
deformation capability of the optimum shaped-USSD were assessed. Results demonstrate that the proposed
shape optimization methodology renders an optimum-shaped USSD with significantly improved energy dis-
sipation and deformation capability compared with those of available in the literature.

1. Introduction

Conventional seismic design approaches of structures rely on the
strength, stiffness, and inelastic deformation capacity so that the
structures can withstand a given level of design earthquake. However,
mitigating the structural damage with economic considerations is the
main goal of the modern seismic design methodologies. One of their
solutions is to mitigate the seismic input energy before dissipating it by
means of the structural elements [1,2]. In this regard, some devices
including Added Damping and Stiffness (ADAS) and Triangular Added
Damping and Stiffness (TADAS) elements [3–5], Shear panels [6–11],
Shear panels with openings [12–16], Buckling-Restrained Braces
(BRBs) [17–20] and U-shaped steel dampers (USSDs) [21–23] have
been produced and their efficiency have been demonstrated based on
theoretical studies and experiments.

As one of the first metallic dampers, the USSD was proposed in
order to dissipate the seismic input energy through creating its post-
elastic deformations. The first idea for using the USSD in the design of

structures was proposed by Kelly et al. [24] in 1972 and investigated in
the framework of a conceptual and experimental work. After two dec-
ades, Aguirre and Sánchez [25] implemented a set of experiments in
order to investigate and confirm the energy absorbing capability and
determine the properties of energy dissipation of the USSD. Dolce et al.
[26] proposed a type of the USSD which was arranged in a radial
pattern. The proposed passive device using its elasto-plastic biaxial
behavior can protect and control structures. They implemented the
experimental tests and the numerical simulation in order to prove the
potential application of this device for the seismic control of en-
gineering structures. Furthermore, this device as a seismic isolator in
bridge piers was proposed and used in Italy [27].

The satisfactory performance of the USSD enabled it to use in con-
junction with rubber bearings to improve the overall damping of the
system (see Fig. 1). Moreover, this device has been separately set up at
various locations of an isolation system. Hence, after 1995 Kobe
earthquake, the application of this device widely increased to protect
hospitals, plants and residential buildings in Japan [22]. In addition,
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more studies for the assessment of this device have been carried out by
researchers which some of them are presented herein. Deng et al. [28]
developed a novel crawler steel damper which was used in the isolation
layer of bridges. The new device consists of two USSDs and two con-
nection plates. The plates located in the top and bottom of USSDs are
bolted to them. Bagheri et al. [29] proposed and assessed the use of
USSD with inverted V-braces in steel buildings. The results of their
seismic evaluation revealed that the maximum base shear and roof
displacement are significantly reduced by adding this damper in in-
verted V-braces. Jiao et al. [22] implemented the experimental study on
full-scale U-dampers in order to investigate and demonstrate their
hysteretic behavior and low-cycle fatigue characteristics subjected to
various loading directions, loading speeds and temperatures. Ene et al.
[23] investigated the fatigue behavior of the USSD subjected to bidir-
ectional loading. For this purpose, full-scale specimens were selected
and experimented for two sets of loading tests consisting of quasi-static
tests with simple histories and dynamic tests with realistic loading
histories.

In the past decades, the subject of structural optimization as an
interesting area of research has attracted considerable attention among
researchers. The structural optimization could be used to enhance the
structural characteristics such as reducing stress concentration, struc-
tural weight, and maximum displacements [30]. As a general classifi-
cation, the structural optimization includes sizing, shape and topology
optimization. The main purpose of the shape optimization is to find the
optimum geometry of a design domain with known loading and
boundary conditions [31,32]. Reviews of early studies on the shape
optimization could be found in Olhoff and Rozvany [33], and Munk
et al. [34]. Recently, Deng et al. [35] proposed an optimum shape for
the USSD to improve its hysteretic behavior under cyclic loading. In
their study, the length and width of the USSD straight part were only
considered as the optimization variables while the effect of other
parameters including the thickness and height of the USSD were not
investigated on the optimum shape of the USSD. Moreover, since the
least squares method was used to solve the optimization problem, it is
expected that their presented optimum shape of the USSD is not ne-
cessarily a global optimum solution.

Previously, gradient based algorithms have been widely used to
solve many engineering optimization problems. Concerning the com-
plex problems, finding the global optima of their governing function
with the large number of local optima could not be easily obtained by a
gradient based algorithm. In fact, as they solve the optimization pro-
blems by computing derivations, they are not reliable and tend to get
trapped in local optima [36]. In the last decades, many new gradient-
free based algorithms have been developed and used in solving the
large number of engineering optimization problems. Contrary to gra-
dient based algorithms, these optimization algorithms have stochastic
basis providing a condition for them to escape from local optima. Al-
though these optimization algorithms are computationally expensive
leading to slower convergence rate, they have been widely used to find
near global optimum solution. Among them, a nature-inspired sto-
chastic optimization algorithm, namely particle swarm optimization

(PSO), has successfully been used by researchers. Because of its efficient
exploration mechanism, few needed parameters and simplicity, PSO has
been extensively used to find the near optimum solution in the last
years. These features leads to lower computational cost compared with
other heuristic algorithms.

The main contribution of this paper is to improve the energy dis-
sipation and deformation capability of the USSD subjected to cyclic
loading applied in two critical directions of 90° and 45°. This aim was
structured in the framework of a shape optimization problem. In this
study, a single objective function was adopted for the shape optimiza-
tion problem such that it results in an improvement in the energy dis-
sipation and deformation capability of the USSD. The straight part,
thickness, width and height of the USSD were considered as the opti-
mization variables. An efficient hybrid approach was used to find the
optimum shape of the USSD. It employs a modified PSO algorithm
based on the passive congregation called (PSOPC) [37] and a weighted
least squares support vector machine (WLS-SVM) [38]. The PSOPC al-
gorithm, as an efficient algorithm, was adopted to solve the defined
shape optimization problem. The inelastic finite element analysis of the
USSD needs an expensive computational burden particularly when it is
subjected to cyclic loading. This computational burden is accentuated
when an iterative procedure is used to find the optimum solution.
Motivated by this crucial need, accurately predicting the inelastic re-
sponses of the USSD is of great importance resulting in substantially
reducing the computational burden. Since, the feasibility of the op-
timum design greatly depends on the accuracy of the predicted re-
sponses, the WLS-SVM approach, as an efficient computational tool,
was used in this study. The formulations, assumptions, procedure and
findings are described in the next sections.

2. Shape optimization problem of USSD

One of the important steps of structural design problems is the
process of determining the structural shape dimensions that could be
structured in the framework of an optimization process. This process is
called as structural shape optimization in which the exterior and in-
terior boundaries of a structure is determined [33]. In this study, this
process is used to determine the optimum shape of the USSD subjected
to cyclic loading. An experimental study was carried out by Deng et al.
[35] in order to find the effect of the straight parts of this damper on its
behavior. Based on their work, it can be concluded that the engineering
design of these parts could prevent the plastic strain concentration and
unrecoverable deformations resulting in an efficient performance. In
effect, the main influential dimensions of the USSD are the width and
the length of the straight part, and its thickness and height. Hence, in
this study, these dimensions were considered as the design variables of
a single-objective shape optimization problem (see Fig. 2). In order to
improve the energy dissipation and deformation capability of the USSD
subjected to cyclic loading, maximizing the ratio of energy dissipation
through plastic deformation (ALLPD) to maximum equivalent plastic strain
(PEEQmax) was adopted as the objective function of the shape optimi-
zation problem which could be defined as follows:

=
=

X
X
b L H t

F
Finde: { , , , }

Maximize: ( ) ALLPD
PEEQ

2

max (1)

The parameters b2, L, H and t respectively are the width of second
end of the straight part (at the first of curved part), the length of the
straight part, and thickness and height of the USSD and are shown in
Fig. 2. In this study, two directions of 90 and 45 were used to apply the
cyclic loading on the USSD.

3. Particle swarm optimization algorithm

In this study, the optimum shape of the USSD was found using a
modified particle swarm optimization (PSO) algorithm. In the recent

Fig. 1. U-shaped steel dampers (USSDs) installed around an isolation bearing.
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years, PSO as a heuristic global optimization method have been suc-
cessfully used in the optimization problems of engineering structures
[39–41]. This method introduced by Kennedy and Eberhart [42] in the
mid-1990s has been simulated based on the movement of bird swarm or
fish school. In the PSO, each bird is considered as a possible solution in
the search space of optimization problem and is recognized as a par-
ticle. At first, a group of particles as swarm is randomly generated and
located in the search space. Then, the search procedure begins to reach
the most suitable responses using an iterative procedure. In each
iteration, the particles move towards the most proper locations. The
movement direction of each one depends on three parameters including
its velocity, its best known position (pbest) and the best known position
of the bird swarm (gbest) that the birds have obtained since the first
iteration [42]. This iterative procedure continues until the velocity of
the birds' movement is equal to zero or the number of iterations reaches
a maximum reasonable number of iterations.

In tth iteration of the PSO, the ith particle has a position vector, Xi
t ,

and a velocity vector, Vi
t , that are presented as follow:
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where N is the dimension of the problem space. In (t + 1)th itera-
tion of the PSO, the ith particle can fly in the solution space of opti-
mization problem and its position is updated as [42]:
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where r1 and r2 are the uniform random number in interval [0, 1]; c1 and
c2 are the cognitive and social scaling factor, respectively; and t is
considered as the inertia weight factor which has an important role in
the PSO and prevents quick convergence of the PSO as follows [43]:

=
t

tmax
max min

max (5)

where max and min are the maximum and minimum values of ω, re-
spectively; and tmax is the maximum number of optimization iteration.

In order to overcome the shortcoming of trapping local optimum in
the PSO, He et al. [37] presented a modified PSO based on the passive
congregation, called (PSOPC). It was demonstrated that this modifica-
tion efficiently improve the convergence rate and accuracy of PSO al-
gorithm. In the proposed PSOPC, the velocity of the ith particle is
modified as:
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where R is the position vector of a particle which is randomly selected
from the swarm in the tth iteration, c3 the passive congregation factor,
and r3 is a uniform random number in interval (0, 1).

4. Finite element model and analysis of USSD

In this paper, finite element (FE) method was adopted to model and
analysis of the USSD. The assumptions and verification of FE method
for modeling the USSD are explained in this section.

4.1. FE modeling of USSD

The FE modeling and analysis of the USSD were accomplished by a
Python script in the FE package ABAQUS [44]. The brick element
(named as C3D8R), which is an 8-node element with reduced integra-
tion and hourglass control, was used for modeling the behavior of the
USSD. The combined isotropic/kinematic hardening as the constitutive
law was employed to explain the cyclic behavior of the USSD material.
In the numerical material law, the nonlinear kinematic hardening
component is obtained by superimposing two or more nonlinear kine-
matic hardening models as [45]:

=
=

( )C e1
k

n
k

k1

¯k
pl

(7)

where n is the number of back-stresses; C and are the material
parameters that are calibrated from cyclic test data. C is the initial ki-
nematic hardening module, determines the rate at which the kine-
matic hardening module decreases with increasing plastic deformation.
¯ pl is considered as the equivalent plastic strain, called PEEQ.

The yield surface size of material is evaluated by the isotropic
hardening component, which is expressed by a function of PEEQ as
following [46]:

= + ( )Q e1 b0
0

¯pl
(8)

where σ0 is the initial yield stress at zero plastic strain; Q∞ and b are the
material parameters. Q∞ is the maximum change in the size of the yield
surface.

The total energy dissipation through plastic deformations, denoted
by ALLPD, is obtained by performing a post-processing on the ABAQUS
outputs and is defined as follows [44]:

=ALLPD dt dV: ¯V
t pl

0

¯

(9)

where σ and pl are the stress tensor and the incremental plastic strains,
respectively; V is the total volume of the USSD; and t̄ is the duration of
the loading applied.

Since the connection parts of the USSD including bolts, steel plates
and heads are designed for staying in the elastic state during loading,
herein, only the second part (straight part) and the curved part of the
USSD (see Fig. 2) were considered in the FE modeling.

Fig. 2. The parameters (dimensions) of the USSD shape optimization.
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4.2. Verification of the FE modeling

The accuracy of FE model used in this study was validated by a
comprehensive experimental test conducted on a USSD type named as

UD40. The experimental data and dimensions of the USSD model is
available in the work by Jiao et al. [22]. The dimensions of the UD40
including the length of the straight part (L), the width of two ends of
straight part (b1) and (b2), the thickness (t) and the height (H) are 185,
60 and 45, 28 and 231 mm, respectively. In the experimental study
[22], the damper was statically loaded with a monotonic deformation
amplitude of 500 mm separately in both 0 and 90 directions. Ac-
cording to the coupon tests [22], the material properties used for the FE
model are listed in Table 1.

In the elastic-plastic analysis of the FE model, the balance between
computational accuracy and efficiency are sensitive to the size of me-
shes. In order to validate the FE model with respect to the experimental
results, the meshing element size was finally selected to be 5 mm. The
geometry and meshing configuration of the FE model of UD40 are
shown in Fig. 3.

In order to validate the FE model of the UD40, the model was
subjected to monotonic loading in two directions of 0 and 90°, and their
pushover curves were derived and compared with those for the ex-
perimental tests reported in the work [22]. The pushover curves are
shown in Fig. 4(a) and (b). As shown, the curves related to the FE model
is in a good agreement with those for the experimental tests [22].

5. WLS-SVM approach

Support vector machines (SVMs) are a proper set of supervised
learning models to solve the complex and time-consuming problems in
which the process and map input to higher-dimensional feature spaces.
SVMs-based approaches could be the best choice to solve the problems

Table 1
The material properties of the UD40 [22].

Yield strength (N/
mm2)

Tensile strength (N/
mm2)

Yield ratio
(%)

Elongation (%)

378 544 69 37

Fig. 3. (a) The geometry and (b) meshing configuration of the UD40 FE model.

Fig. 4. Comparison between the pushover curves for FE analysis (this paper)
and the experimental study [22] for (a) 90 and (b) 45 .
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which require much computational effort in prediction and evaluation
of the actual responses of a complex system. These approaches work
well even by training a restricted set of data where data are not
available or determining them needs a time-consuming process. In re-
cent years, the WLS-SVM approach has shown an excellent performance
in solving many structural problems [47–51]. This approach is briefly
described in this section.

The WLS-SVM approach introduced by Suykens et al. [38] has been
proposed for modeling the highly non-linear systems based on small
samples. The WLS-SVM model has been defined as an optimization
problem in a primal weight space as follows [38]:

= +

= + + =
=

X

J w

y b i n

Minimize ( , )

Subject to ( ) , 1, 2, . . . ,

T

i

n
i i

i
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2
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2
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(10)

which =X y{ , }i i i
n

1 is a training data set, X Rn
i is input data, and y Ri is

output data. R R(.): n d is considered as a function for mapping the
input space into a higher dimensional space. Rd represents a weight
vector in the primal weight space. Ri and b R are the error vari-
able and the bias term, respectively.

The Lagrange multiplier technique is adopted in order to solve the
dual problem (i.e. Eq. (10)) as:

Fig. 5. The structure of the WLS-SVM model.
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Fig. 6. Flowchart of dataset generation.
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Fig. 7. Loading protocol for the FE analysis of the USSD [22].

Table 2
Lower and upper bounds for the dimensions of the USSD.

Parameter Lower bound (mm) Upper bound (mm)

H 200 400
L 200 400
b2 30 70
t 15 30

Table 3
Performance metrics for the WLS-SVM model in the testing mode.

Loading direction MAPE RRMSE R2

45 2.910 0.0435 0.9981
90 3.458 0.0516 0.9973
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According to the Karush-Khun-Tucker conditions, after optimizing
Eq. (10) and eliminating ω and ξ, the solution of the problem is ob-
tained using the following set of linear equations:

+ =V y
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1
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n
T

n (12)

where =V diag v v{1/ ¯ , . . . , 1/ ¯ }n1 ; Ω is n × n Hessian vector and is
defined as = =X X X XK( ), ( ) ( , )i j i j H i j, . K (. , .) is a kernel func-
tion. In this study, the radial basis function is selected as the kernel
function of the WLS-SVM model and is expressed as follows:

=X X
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Therefore, the WLS-SVM model for the prediction of functions is
obtained as follows:

= +
=

X X Xy K b( ) ( , )
i

n

i i
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where α and b are the solutions to the problem expressed by Eq. (12).
The parameters represent the high dimensional feature spaces that are
non-linearly mapped from the input space X. Furthermore, the pre-
dicted value of y is obtained using the model presented in Eq. (14). The
overall structure of the WLS-SVM model is depicted in Fig. 5.

6. Prediction of USSD responses using WLS-SVM

To solve the iterative procedure of shape optimization of the USSD,
a large number of the FE analyses of the USSD subjected to cycle
loading are required to be run in the ABAQUS software. This procedure
is time-consuming and it needs expensive computational burden. To
eliminate this shortcoming, the WLS-SVM approach was used to predict
the inelastic responses of the USSD required during the optimization
procedure. In this regard, WLS-SVM was trained and tested using a
randomly generated database including a required number of USSDs
which are different to each other in terms of the design variables
mentioned. The design variables of the USSD and the ALLPD to PEEQmax

ratio (as the objective function of the defined shape optimization pro-
blem) were considered as the input and output of the WLS-SVM model,
respectively. The inputs and output vectors of the WLS-SVM model
could be represented as follows:

=I X X X{ , , ..., }WLS SVM ns1 2 (15)

=O F F F{ , , ..., }WLS SVM ns1 2 (16)
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Fig. 8. Comparison of actual and predicted ALLPD/PEEQmax for (a) 90 and (b)
45 loading direction.
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Fig. 9. Convergence of optimization process for (a) 90 and (b) 45 loading
direction.

Table 4
The assumed different values of the input parameters of the PSOPC algorithm.

Case c1 c2 c3 max min

1 2 2 0.6 0.4 0.1
2 2 2 0.6 0.9 0.4
3 2 2 0.5 0.4 0.1
4 2 2 0.5 0.9 0.4
5 1.5 2 0.6 0.4 0.1
6 1.5 2 0.6 0.9 0.4
7 1.5 2 0.5 0.4 0.1
8 1.5 2 0.5 0.9 0.4
9 1 2 0.6 0.4 0.1
10 1 2 0.6 0.9 0.4
11 1 2 0.5 0.4 0.1
12 1 2 0.5 0.9 0.4
13 0.5 1.5 0.6 0.4 0.1
14 0.5 1.5 0.6 0.9 0.4
15 0.5 1.5 0.5 0.4 0.1
16 0.5 1.5 0.5 0.9 0.4
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where I and O are the input and output vectors of the WLS-SVM model,
respectively. ns is the number of samples used. It should be noted that,
in order to generate the data required for using the WLS-SVM approach,
a limited number of analyses, approximately 5 percent of those required
without using the approach, needs to be carried out using ABAQUS.

Fig. 6 illustrates the outline of the database generation procedure
for training and testing the WLS-SVM by linking ABAQUS to MatLab
[52]. Each of the elements of the input vectors (X) was firstly

transmitted to the ABAQUS pre-processing module for creating a USSD
FE model. The entire FE analysis of the USSD subjected to cyclic loading
was executed using a program in the framework of Python script. Then,
the ALLPD to PEEQmax ratio of the USSD was extracted from the
ABAQUS output file using its post-processing module.

To validate the performance of the WLS-SVM model, some common
performance metrics including the mean absolute percentage error
(MAPE), the relative root-mean-squared error (RRMSE) and the abso-
lute fraction of variance (R2) are calculated in the testing process of the
WLS-SVM model as:
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Table 5
The optimum results obtained by using PSO algorithm for different cases.

Case 45 90

H (mm) L(mm) b2 (mm) t (mm) F(X) (kN.mm) H (mm) L(mm) b2 (mm) t (mm) F(X) (kN.mm)

1 243.47 370.87 48.68 29.02 205415.250 258.52 278.87 45.98 28.78 148989.589
2 243.47 370.87 48.68 29.02 205415.250 260.45 280.07 48.74 28.09 150784.867
3 246.65 376.02 49.56 29.85 205550.984 258.54 278.89 45.98 28.08 148989.589
4 246.65 376.02 49.56 29.85 205550.984 259.85 280.50 48.90 28.97 150799.759
5 246.62 376.02 49.58 29.83 205548.894 259.58 280.89 49.85 28.51 1507870.857
6 246.65 376.02 49.56 29.85 205550.984 259.58 280.89 49.85 28.51 1507870.857
7 246.57 376.08 49.57 29.75 205547.908 259.85 280.50 48.90 28.97 150799.759
8 246.62 376.02 49.58 29.83 205548.894 259.85 280.50 48.90 28.97 150799.759
9 246.78 376.95 50.83 29.88 205549.749 258.65 279.85 47.88 27.97 150745.598
10 247.75 377.99 51.50 30.00 205550.890 259.85 280.50 48.90 28.97 150799.759
11 248.42 378.40 51.96 30.00 205582.593* 261.49 281.02 49.50 29.30 150830.917*
12 245.56 378.02 50.98 29.98 205489.958 260.84 280.59 48.68 28.84 150798.915
13 248.42 378.40 51.96 30.00 205582.593 261.49 281.02 49.50 29.30 150830.917
14 245.14 377.58 50.51 29.75 205455.598 260.45 280.07 48.74 28.09 150784.867
15 248.42 378.40 51.96 30.00 205582.593 261.49 281.02 49.50 29.30 150830.917
16 243.47 370.87 48.68 29.02 205415.250 258.54 278.89 45.98 28.08 148989.589

* Bold numbers indicate the best solutions.

Table 6
The optimum results obtained by using SQP algorithm for two cases.

Parameter (mm) Initial values Optimum values

Case 1 Case 2 45 90

Case 1 Case 2 Case 1 Case 2

H 200 300 277.17 255.03 209.27 313.93
L 200 300 369.80 350.95 278.010 390.44
b2 30 50 54.19 51.32 45.63 51.28
t 15 22.5 29.30 29.89 29.46 26.31
F(X) (kN.mm) 180548.687 183887.864* 146253.47 148785.98

* Bold numbers indicate the best solutions

Table 7
Comparison of the ALLPD to PEEQmax for the optimized USSD obtained by FE
analysis and WLS-SVM.

Direction of
loading

Method FE analysis
(kN.mm)

WLS-SVM
(kN.mm)

Error (%)

90 PSOPC 147752.035 150830.917 2.08
SQP 144170.621 148785.98 3.20

45 PSOPC 209399.863 205582.593 −1.82
SQP 186385.430 183887.864 −1.34

Table 8
Comparison of the inelastic responses of the optimum-shaped USSD and UD40 [22].

Inelastic response 45 90

UD40 Optimized USSD UD40 Optimized USSD

PEEQmax 0.2833 0.2224 (21.5%) 0.4183 0.3181 (23.9%)
ALLPD (kN.m) 41496.208 46567.764 (12%) 38068.004 47001.400 (23.5%)
ALLPD/PEEQmax (kN.m) 146502.402 209399.863 (43%)* 78799.428 147752.035 (40.3%)

* The percentage of improvement.
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where F and F̄ are the actual and the predicted value, respectively; and
nt is the number of testing samples. It is noted that the smaller RRMSE
and MAPE and the larger R2 are indicative of better performance gen-
erality.

7. Numerical example

Herein, the shape optimization process of the USSD used in the work
by Jiao et al. [22] was considered as the numerical example. The shape
of the USSD was optimized under a loading protocol shown in Fig. 7
which is separately applied in two directions of 90° and 45°. The as-
sumed lower and upper bounds of the design variables defined in Eq.
(1) are listed in Table 2. It is noted that, b1 is constant and equal to
70 mm. The generation of data and the optimization process is per-
formed by an Intel Core i5 Duo 3.0 GHz CPU and the time of all com-
putations is evaluated in clock time.

7.1. Training and testing the WLS-SVM model

To provide a database for training and testing the WLS-SVM model,
first, a set of combinations of the design variables of the USSD including
200 samples was generated using the Latin Hypercube sam-
pling technique [53] for each of the 90 and 45 loading directions.
These selected USSDs were analysed by the ABAQUS software and their
ALLPD and PEEQmax responses were obtained. The total time spent on
the data generation for the 90° and 45° loading directions was about
18,000 and 17575 min (i.e. about 13 and 12 days), respectively. Then,
the generated samples for both loading directions were randomly di-
vided into the training and testing sets including 140 and 60 samples,
respectively. In the training phase of the WLS-SVM model, the 10-fold
cross-validation and the grid searching method [38] were employed to
find the optimum values of and . Therefore, for the 90° and 45°
loading directions, the results of performance metrics of the WLS-SVM
model in the testing mode are given in Table 3. It can be observed from
Table 3 that the WLS-SVM model provides low MAPE and RRMSE and
high R2 indicating that the predicted responses are in an excellent
agreement with actual ones. The predicted values of ALLPD to PEEQmax

by WLS-SVM are also compared with their corresponding actual ones in
Fig. 8, indicating the accuracy of the predictive model. This can effi-
ciently reduce the overall computational time of the optimization

(a) 

(b) 

PEEQmax = 0.4183 

PEEQmax = 0.3181 

Fig. 10. The distribution of PEEQ for (a) the optimized USSD and (b) the UD40
[22] for 90 loading direction.

(a) 

(b) 

PEEQmax = 0.2224 

PEEQmax = 0.2833 

Fig. 11. The distribution of PEEQ for (a) the optimized USSD and (b) the UD40
[22] for 45 loading direction.
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procedure. The elapsed time of training the WLS-SVM model for 90°
and 45° loading directions was 1.8 and 1.65 min, respectively.

It should be noted that the elapsed time to analysis of one FE model
of the USSD subjected to cyclic loading is almost 90 min. Given this
information, assuming 30 populations and 200 iterations for executing
the shape optimization problem of the USSD using PSOPC algorithm,
the required time is approximated as 540,000 min which is very ex-
pensive. This main challenging issue confirms the efficiency of WLS-
SVM model in such computationally expensive optimization problems.
Fig. 9 shows the convergence of the objective function over 200 itera-
tions for both loading directions.

7.2. The results of optimization

To solve the optimization process, the population size (N) and the
maximum number of iterations (tmax) of the PSOPC algorithm were set
to 30 and 200, respectively. In order to investigate the effect of input
user-defined parameters in the PSOPC algorithm on the shape optimum
design of the USSD, different values of the parameters listed in Table 4
were given. These parameters were selected based on the general re-
commendations given in the literature [39–41]. The cognitive, social
scaling and passive congregation factors were selected from the sets c1

= {0.5, 1.0, 1.5, 2.0}, c2 = {1.5, 2.0} and c3 = {0.5, 0.6}, respectively.
The minimum and maximum inertia weights were assumed from the

sets ωmin = {1.5, 2.0} and ωmax = {0.1, 0.4}, respectively. Based on the
stochastic nature of the PSOPC algorithm, 10 independent runs were
first implemented for each case for both 90° and 45° loading directions.
Then, the final obtained design vector corresponding to the maximum
value of the objective function was selected as the best optimum di-
mensions of the optimized USSD. The optimum dimensions of each case
obtained for the 90° and 45° directions of cyclic loading are presented in
Table 5. As can be seen from Table 5, the variation of the user-defined
parameters can affect the performance of the PSOPC algorithm. It re-
veals from Table 5 that the optimum shapes of the USSD for the 90° and
45° loading directions are different. Except for the height H, almost the
remained dimensions of the optimized USSD for 45° loading direction
are greater than those for 90° loading direction.

In order to demonstrate the disability of local search algorithms in
finding the global solution of the shape optimization problem of the
damper, the optimum shape design of the USSD was also found by using
the SQP algorithm [54]. For this purpose, the SQP algorithm was run
from two different starting points on the domain (denoted as Case 1 and
Case 2) for both 90 and 45 loading directions. The results of the SQP
algorithm were obtained and shown in Table 6. It is evident from Tables
5 and 6 that the PSOPC algorithm provides better results than SQP
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Fig. 12. Comparison of the pushover curves of the optimized USSD and UD40
[22] for (a) 90 and (b) 45 loading direction.
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Fig. 13. Comparison of the hysteresis curve between the optimized USSD and
UD40 [22] for (a) 90 and (b) 45 loading direction.
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algorithm in the optimum shape design of the USSD. Therefore, the
PSOPC algorithm could be used as a promising tool for the (near) global
optimization shape of the USSD as the defined problem could be con-
sidered as a multimodal optimization problem.

In order to assess the performance of the WLS-SVM model in the
optimization procedure and to evaluate the behaviour of the optimum
USSDs obtained by the PSOPC and SQP algorithms, they were analysed
under both 90° and 45° loading directions using ABAQUS. The actual
value of the objective function (ALLPD/PEEQmax) for both loading di-
rections was determined using ABAQUS to be compared with the pre-
dicted ones. The results of the comparison are shown in Table 7. As can
be seen from Table 7, the percentage of errors for the PSOPC algorithm
is 2.08% and 1.82% respectively for the 90° and 45° loading directions,
while for the SQP algorithm the value is 3.2% and 1.34% for the 90°
and 45° loading directions, respectively. These low errors indicate that
the WLS-SVM model could reliably be used in the optimization proce-
dure instead of the FE analysis by means of ABAQUS as it could accu-
rately predict the inelastic responses of the USSD.

7.3. Performance evaluation of the optimized USSDs

In order to demonstrate the effectiveness of the presented shape
optimization procedure in improving the performance of the USSD, the
performance of the optimized USSD and UD40 [22] subjected to the
cyclic loading (Fig. 7) were evaluated to be compared. For this purpose,
the optimized USSD and UD40 corresponding to 90 and 45 directions
of cyclic loading were analyzed by ABAQUS and their inealstic re-
sponses including ALLPD and PEEQmax were obtained. The inealstic
responses are listed in Table 8. As can be seen from Table 8, the ALLPD
of the optimized USSD for 90 and 45 loading directions is increased to
47001.4 and 46567.764 kN.m which are almost 23.5% and 12% more
than those for UD40, respectively. The PEEQmax of the optimized USSD
for the 90 and 45 loading directions is also decreased to 0.3181 and
0.2224 which are 23.9% and 21.5% less than those for UD40, respec-
tively. Finally, the ratio of ALLPD to PEEQmax is almost 40.3% and 43%
more than those for UD40 respectively for 90 and 45 loading directions
indicating the excellent performance of the proposed optimization
framework.

The distribution of PEEQ for the optimized USSD and UD40 under
cyclic loading is also depicted in Figs. 10 and 11 for the 90 and 45
loading directions, respectively. As shown in these figures, for both
loading directions, the distribution of PEEQ is more uniform than those
for UD40. This is resulted in decreasing in the PEEQmax and residual
deformation of the optimized USSD compared with those for UD40.
This means that the concentration of plastic strain is avoided by the
defined optimization problem, indicating the improvement of de-
formation capability of the optimized USSD compared with UD40.

The pushover curves of the optimized USSD and UD40 are de-
termined for both 90 and 45 loading directions at the same displace-
ment amplitude. As shown in Fig. 12, the defined optimization problem
results in a strengthened USSD rather than UD40. This also would result
in more energy ductility ratio for the optimized USSD compared with
those for UD40.

Next, the energy dissipation capability of the optimized USSD and
UD40 are compared. The hysteresis curve of the optimized USSD for
both 90 and 45 loading directions are shown in Fig. 13. As shown in
this figure, for both loading directions, the hysteretic curves of the
optimized USSD are more stable than those for UD40. As the dis-
placement amplitude of the applied cyclic loading is the same, this
advantage is rooted in the higher strength of the optimum-shaped USSD
compared with UD40. Moreover, as shown in Fig. 14, the cumulative
absorbing energy of the optimized USSD and UD40 are assessed based
on their absorbed energy through the loading cycles exerted in the both
90 and 45 loading directions. Based on this figure, after almost 8 and
11 cycles respectively for 90 and 45 loading directions where the
significant plastic deformations are occurred, the cumulative absorbing
energy of the optimized USSD is more than those for UD40. The max-
imum cumulative absorbing energy of the optimized USSD is almost
17% and 20% more than those for UD40, for 90 and 45 loading di-
rections, respectively.

Finally, the superior performance of the optimized USSD compared
with UD40 validates the efficiency of the shape optimization framework
presented in this paper.

8. Conclusion

In this paper, the shape design of a USSD was proposed in the fra-
mework of an optimization problem in order to improve its energy
dissipation and deformation capability subjected to 90 and 45 direc-
tions of cyclic loading. The ratio of energy dissipation through plastic
deformation to the maximum cumulative equivalent plastic strain (ALLPD/
PEEQmax), as a single objective function of the shape optimization
problem, was maximized through the optimization problem defined.
The influential dimensions of the USSD including the straight part,
thickness, width and height of the USSD were considered as the design
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Fig. 14. Comparison of the cumulative absorbing energy between the opti-
mized USSD and UD40 [22] for (a) 90 and (b) 45 loading direction.
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variables. A soft computing-based approach based on hybridizing the
PSOPC algorithm and the WLS-SVM approach was presented to solve
the optimization problem. In fact, the PSOPC algorithm was adapted to
progress the optimization procedure defined and the WLS-SVM ap-
proach was used to effectively predict the results of the inelastic ana-
lyses needed during the optimization procedure. Several FE models
were created in the ABAQUS software to determine the inelastic be-
havior of the USSD subjected to cyclic loading and to generate the
sample dataset as inputs of the WLS-SVM model. The main conclusions
of this study are as follows:

• The optimum design of the USSD subjected to cyclic loading was
efficiently found by the presented soft computing-based hybrid ap-
proach.

• The WLS-SVM approach accurately predicts the inelastic responses
of the USSD during the optimization process, resulting in reducing
the elapsed time of the optimization procedure.

• The proposed optimum-shaped USSDs show a significant improve-
ment in the energy dissipation and deformation capability in com-
parison with the conventional U-shaped steel damper proposed in
the literature.

Moreover, as the results of the shape optimization technique, the
optimum-shaped USSD shows more strength capacity and energy duc-
tility ratio compared with the conventional U-shaped steel damper
proposed in the literature.

Appendix A. Supplementary material

Supplementary data to this article can be found online at https://
doi.org/10.1016/j.engstruct.2019.02.005.
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