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1. Introduction 

 
In general, the structural design is a trade-off between 

minimizing the construction cost and maximizing the 
structural safety (Gharehbaghi 2018). In recent years, civil 
engineers have conducted many efforts for the design of 
resilient structures. To this end, one way is to increase the 
robustness and the recovery time of a structure after 
occurring a natural hazard such as earthquake. To achieve 
this goal, the dissipative devices, the capable of dissipating 
seismic energy and avoiding damage to main structural 
elements, can be used to improve the seismic performance 
of the structural systems (Wong 2008, Xu et al. 2017, 
Bilondi et al. 2018, Khatibinia et al. 2019). This idea results 
in increasing the structural robustness and, indeed, 
mitigating or even removing the damage of main structural 
elements. In addition, the dissipative devices can be 
replaced quickly for early recovering of the structural 
functionality. One type of the devices is metallic dampers 
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such as added damping and stiffness (ADAS) and triangular 
added damping and stiffness (TADAS) elements 
(Mahmoudi and Abdi 2012, Saeedi et al. 2016, Sorace et al. 
2016), U-shaped steel dampers (USSDs) (Kishiki et al. 
2008, Jiao et al. 2015, Ene et al. 2016), shear panel dampers 
(SPDs) (De Matteis et al. 2009, Kang et al. 2013, Jain et al. 
2008, Hamed and Mofid 2015, Akbari and Mofid 2015, 
Zhang et al. 2016) and SPDs with openings (Vian et al. 
2009, Valizadeh et al. 2012, Chan et al. 2013, Egorova et 
al. 2014, De Matteis et al. 2016). In recent decades, the 
effectiveness of the devices has been proved in enhancing 
the structural safety of buildings and bridges subjected to 
large earthquakes. It is worth mentioning that they are 
required to be optimally designed and located at a zone to 
dissipate the seismic input energy, as well as they should be 
replaceable. 

The SPDs as the passive damping devices are typically 
made of low yield steel material. The advantages of the 
SPDs include their  suitable cost and energy dissipation 
capacity. Hence, the devices have been extensively utilized 
for the seismic performance improvement of structures 
(Hossain et al. 2011, Choi and Park 2010). The typical 
application of the SPDs in a bridge and a framed building is 
shown in Fig. 1. 

In addition, the SPDs should show excellent plastic 
deformations due to the possible shear deformations during 
a strong earthquake. To enhance the large demand of shear 
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Abstract.  The low-cycle fatigue performance of shear panel damper (SPD) highly depends on the geometry of its shape and 
the criterion considered for its design. The main contribution of the current study is to find the optimum shape of the SPD 
subjected to cyclic loading by considering two different objective functions. The maximum equivalent plastic strain and the ratio 
of energy dissipation through plastic deformation to the maximum equivalent plastic strain are selected as the first and second 
objective functions, respectively. Since the optimization procedure requires high computational efforts, a hybrid computational 
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problem. In the first phase, as an  alternative for the time-consuming finite element analysis of the SPD, a  weighted-support 
vector machine model is developed to  predict the inelastic responses of the SPDs during the optimization process. In the second 
phase, the optimum shape of the SPD is found by using the whale optimization algorithm  (WOA). The results indicate that both 
design criteria lead to the optimum-shaped SPDs with a significant improvement in their low cycle fatigue performance in 
comparing with the initial rectangular shape while a slight reduction in their energy dissipation capacity. Moreover, the second 
design criterion is slightly better in the performance improvement of the optimum-shaped SPDs compared with the first one. In 
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deformation in the design of bridge and building structures 
under severe earthquakes, the proper design of the SPDs is 
necessary to guarantee its deformation and energy 
dissipation capability (Liu et al. 2007). The plastic strain 
concentration can be observed because of an inappropriate 
design which results in initiating cracks on edges or corners 
of the SPDs during a severe earthquake (Liu et al. 2007). 

Several studies have been conducted for the 
performance improvement of the low cycle fatigue in the 
SPDs. The effects of material type, the arrangement of 
stiffeners and the shape of the SPDs are the main topics of 
the conducted studies. Nakashima et al. (1994) investigated 
the cyclic behavior of the SPDs made of the low-yield steel 
material. The results of their study proved that the low cycle 
fatigue performance of the SPDs is significantly enhanced 
by using the low yield steel in comparison with the ordinary 
steel material. Other studies (Rai et al. 2013, De Matteis et 
al. 2008, 2011, Sahoo and Rai 2013, Brando and De Matteis 
2014) demonstrated the effectiveness of low yield steel or 
aluminum alloy in the construction of the SPDs. Ohsaki and 
Nakajima (2012) found an optimum arrangement for the 
stiffeners of a SPD to maximize its energy dissipation 
capacity. By this way, the maximum equivalent plastic 
strain was significantly reduced, and the low cycle fatigue 
performance was increased. The effect of the SPDs shape 
on their cyclic performance was investigated using a set of 
experimental tests (Zhang et al. 2012a, b). Their results 
showed that weakening the center of a SPD could improve 
its deformation capacity and low cycle fatigue performance 
compared with that of the conventional one. Liu and 
Shimoda (2013) presented the optimum shape of the SPDs 
using the response surface methodology. In their study, the 
edge of the SPD was shaped based on the cubic Bezier 
curve, and the maximum energy dissipation through plastic 
deformation was considered as the objective function to be 
minimized. Although their idea was resulted in the 
performance improvement of the SPDs, the methodology 
presented in this study was not necessarily reached a global 
optimum solution and required much computational burden 
as well. Deng et al. (2014) presented a study on the shape 
optimization of the SPDs using a simulated annealing 
algorithm. The results of this study indicated that the 
equivalent plastic strain of the optimum shape design for 
the SPD was distributed more uniformly in comparing with 
that of the conventional rectangular SPD. In their work, the 
energy dissipation capability of the SPD was not considered 
as a main factor of the optimization problem defined. 

 

By taking a glance at literature, it seems that further 
studies are required to enhance the seismic performance of 
the SPDs. One solution is to reach a global optimum shape 
for these dampers. For this purpose, defining a performance 
criterion is of crucial importance. The main contributions of 
this study include: (1) assessing the effect of two 
performance criteria in finding the optimum shape of the 
SPDs under cyclic loading, (2) presenting an efficient 
hybrid approach to reduce the computational efforts 
required for implementing the shape optimization process. 
To achieve this end, two performance criteria are proposed 
as the objective functions of the shape optimization 
problem. The maximum equivalent plastic strain is selected 
as the first objective function to be minimized, and the ratio 
of energy dissipation through plastic deformation to the 
maximum equivalent plastic strain is considered as the 
second objective function to be maximized. To find the 
optimum solution, an efficient computational approach 
including a meta-heuristic optimization algorithm and a soft 
computing-based response predictive tool is adopted. The 
whale optimization algorithm  (WOA) (Mirjalili and Lewis 
2016) is used for finding the optimum shape of the SPD. 
Determining the inelastic cyclic responses of a finite 
element model (FEM) of the SPDs subjected to cyclic 
loading requires an expensive computational effort. This 
issue is accentuated because of using an iterative 
optimization process. To eliminate the problem, a weighted 
least squares support vector machine (WLS-SVM) 
(Suykens et al. 2002), as a robust predictive tool, is 
employed for the precise prediction of the inelastic 
responses of the SPD model under cyclic loading. The 
combination of WOA and WLS-SVM not only results in an 
optimum shape for the SPDs with the improved 
performance but also reduces the computational cost of the 
optimization procedure. The shape optimization problem, 
the hybrid computational approach, numerical examples 
and findings are described in the next sections. 

 
 

2. Shape optimization of SPD 
 
Shape optimization is one of the main steps of structural 

design problems which, in turn, can significantly affect the 
performance of the final design solution. The shape 
optimization design deals with the determining the exterior 
and interior boundaries of a structure (Olhoff 1995). In the 
current work, the optimum dimensions of the SPDs 

 

 

 
Fig. 1 Application of SPD for (a) a girder bridge as bearing; (b) the brace frame 
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Fig. 2 Shape parameterization of the SPD using the Bezier 
curve 

 
 

subjected to cyclic loading were determined. 
 
2.1 Geometry of SPD shape 
 
In the experimental studies carried out by Liu et al. 

(2007) and Aoki et al. (2007), it was demonstrated that the 
arc-shaped free edges on the left and right sides of the SPDs 
substantially affect their deformation capacity (i.e., the low 
cycle fatigue performance). Accordingly, in the current 
study, the geometry of these edges was considered as the 
variable of the shape optimization problem. A geometry 
conformed to a cubic Bezier curve (Faux and Pratt 2003) 
was considered to be found optimally. The cubic Bezier 
curve is consisted of a set of control points including the 
anchor points as P0, P3 and the handle points as P1, P2. As 
shown in Fig. 2, the explicit form of the cubic Bezier curve 
represented by B(t) can be expressed by the control points 
as follow (Liu and Shimoda 2013) 

 𝐵(𝑡) = (1 − 𝑡)ଷ𝑃଴ + 3(1 − 𝑡)ଶ𝑡𝑃ଵ               +3(1 − 𝑡)𝑡ଶ𝑃ଶ + 𝑡ଷ𝑃ଷ (1)

 
where t is an intermediate point ranging from 0 to 1. Since 
the equivalent plastic strain distribution on the upper and 
lower half of the SPD is symmetry, the coordinates of the 
control points P0, P1, P2, P3 are defined as (0,0), (L,h), (L,H-
h) and (0,H), respectively (see Fig. 2). 

 
2.2 Shape definition of optimization problem 
 
The definition of the cubic Bezier curve depends on the 

parameters of L and h which are seen in Fig. 2. In this study, 
these parameters were selected as the design variables of 
the shape optimization problem. Mathematically, the shape 
optimization formulation of the SPD can be expressed as 

 Find:   𝒙 = {𝐿, ℎ} Minimize or Maximize:   𝐹(𝒙) Subjected to:   𝐿௠௜௡ ≤ 𝐿 ≤ 𝐿௠௔௫                            ℎ௠௜௡ ≤ ℎ ≤ ℎ௠௔௫ 

(2)

 
where F is the objective function. Lmin and Lmax are the 
lower and upper bonds of L parameter; hmin and hmax are the 
lower and upper bonds of h parameter. 

The efficiency and performance of the SPD highly 
depends not only on its shape (i.e., L and h), but also on the 
inelastic response of the SPD which is selected as the 
design criterion (i.e., as the objective function in this study). 
As such, this study assesses the suitability of two objective 
functions for finding the optimum shape of the SPD under 
cyclic loading. The objective functions include: (1) The 
maximum equivalent plastic strain (denoted hereinafter as 
PEEQmax) is considered as the first objective function to be 
minimized, and (2) the ratio of energy dissipation through 
plastic deformation (denoted hereinafter as ALLPD) to 
PEEQmax is considered as the second objective function to 
be maximized. For simplicity, the first and second objective 
functions are abbreviated as F1 and F2. Finally, the objective 
functions can be expressed as 

 Minimize: 𝐹ଵ(𝒙) = 𝑃𝐸𝐸𝑄௠௔௫ (3)
 Maximize: 𝐹ଶ(𝒙) = 𝐴𝐿𝐿𝑃𝐷𝑃𝐸𝐸𝑄௠௔௫ (4)

 
 

3. Whale optimization algorithm 
 
The Whale Optimization Algorithm  (WOA) as a novel 

meta-heuristic algorithm was proposed by Mirjalili and 
Lewis (2016), which was simulated based on the social 
behavior in humpback whales. This algorithm is 
implemented based on the spiral bubble-net feeding 
maneuver. For updating the position of the whales during 
the optimization procedure, the shrinking encircling 
mechanism and the spiral bubble-net feeding maneuver are 
used. In the basic WOA, it is assumed that the current best 
solution candidate can be considered as the optimum or 
near optimum. Hence, the position of other search agents is 
updated towards the best search agent (Mirjalili and Lewis 
2016). 

The WOA includes two phases of exploitation and 
exploration, and also transits between them smoothly. The 
transition is implemented by the value variation of A vector. 
The value of A vector is decreased in each iteration, and in 
half of the iterations it is assigned to exploration phase 
when |A| ≥ 1 and the rest is dedicated to exploitation when 
|A| < 1. Herein, the sign | | is considered as the absolute 
value. The vector A is computed as follow 

 𝑨 = 2𝒂𝒓 − 𝒂 (5)
 

where a is linearly decreased from 2 to 0 during the 
optimization procedure, and r is a random vector in [0,1]. 

 
3.1 Bubble-net attacking method 

(exploitation phase) 
 
For modeling the bubble-net behavior of humpback 

whales, two schemes including shrinking encircling 
mechanism and spiral updating position were proposed 
(Mirjalili and Lewis 2016). Since the humpback whales 
simultaneously can swim around the prey through a 
shrinking circle and along a spiral-shaped way, it is 
assumed in WOA that a probability of 50% is selected 
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between the two behaviors. The shrinking encircling 
mechanism is simulated as follow 

 𝑪ሜ = 2𝒓 (6)
 𝑫 = |𝑪 𝑿∗(𝑙) − 𝑿(𝑙)| (7)
 𝑿(𝑙 + 1) = 𝑿∗(𝑙) − 𝑨 𝑫 (8)
 

where 𝑿 is the position of whales, and 𝑿∗ is the position 
vector of the best solution obtained from the first iteration 
to current iteration. Moreover, the spiral-shape movement 
of whales is simulated as following formulas 

 𝑫′ = |𝑿∗ − 𝑿(𝑙)| (9)
 𝑿(𝑙 + 1) = 𝑫′𝑒௕௣cos (2𝜋𝑝) + 𝑿∗ (10)
 

where b is a constant that define the spiral shape of 
movement. p is a random number in [–1,1]. 

 
3.2 Search for prey (exploration phase) 
 
In the exploration phase of WOA, the position of a 

whale is updated based on a randomly chosen whale instead 
of the best search whale. Thus, the new position of whales 
is obtained as 

 𝑫 = |𝑪 𝑿∗(𝑙) − 𝑿(𝑙)| (11)
 𝑿(𝑙 + 1) = 𝑿∗(𝑙) − 𝑨 𝑫 (12)
 
 

4. Modeling and verification of SPD 
 
In this study, modeling and analyzing of the SPD was 

implemented by using the finite element (FE) method. The 
process and verification of modeling the SPD are briefly 
expressed in this section. 

 
4.1 FE modeling procedure of SPD 
 
In this paper, ABAQUS software package (ABAQUS 

2003) was used for modeling and analyzing the FE model 
of the SPD. For this purpose, the 4-node shell element with 
reduced integration and hourglass control (so-called S4R in 
ABAQUS) was selected for meshing the FE model of the 
SPD. The cyclic behavior of the SPD material was 
simulated by the combination of the isotropic and kinematic 
hardening. In the numerical scheme of the material law, the 
kinematic hardening as a nonlinear component is explained 
by superimposing two or more nonlinear models of the 
kinematic hardening as (Jirasek and Bazant 2001) 

 𝛼 = ෍ 𝐶௞𝛾௞ (1 − 𝑒ିఊೖఌ೛೗)௡
௞ୀଵ  (13)

 
which n is the number of back-stresses; C and 𝛾  are 
considered as the material parameters, which should be 
calibrated by using the data of a cyclic test.  C is the initial 

module of the kinematic hardening. The module of the 
kinematic hardening with increasing plastic deformation is 
decreased by a rate which is determined by 𝛾. 𝜀௣௟ is the 
equivalent plastic strain (i.e., PEEQ). 

The size of the yield surface material is assessed by the 
component of the isotropic hardening, which is obtained as 
follows (Lemaitre and Chaboche 1994) 

 𝜎଴ = 𝜎଴ + 𝑄∞(1 − 𝑒ି௕ఌ೛೗) (14)
 

where 𝜎଴ is the initial yield stress which is occurred at zero 
plastic strain; Q∞ and b are considered as the material 
parameters. Q∞ is the maximum change in the yield surface 
size. 

In order to obtain ALLPD, a post-processing is 
implemented on the ABAQUS outputs. Thus, ALLPD is 
calculated as follows (ABAQUS 2003) 

 𝐴𝐿𝐿𝑃𝐷 = න න 𝝈௧ሜ
଴௏ : 𝜺ሶ ௣௟𝑑𝑡̄𝑑𝑉 (15)

 
where 𝝈 and 𝜺ሶ ௣௟ respectively are the tensor of the stress 
and the incremental plastic strain; V is the total volume of 
the SPD; and 𝑡̄ is the loading duration. 

 
4.2 Model verification 
 
To verify the FE model of the SPD used in this study, 

this model was compared with the FE model presented in 
the study by Deng et al. (2014). The dimensions of the SPD 
model are shown in Fig. 3(a). The SPD is a 200 × 200 mm 
square plate and is made of a low yield steel which is 
known as LY255. The SPD thickness is also equal to 12 
mm. In order to prevent the low cycle fatigue failure in the 
welded zone of the top and bottom SPD, the width of these 
zones was increased by 60 mm. The material properties of 
the SPD model are shown in Table 1. 

In the nonlinear analysis of the SPD FE model, the best 
balance between accuracy and computational cost depends 

 
 

Table 1 Parameters of numerical material law (MPa) 
(Deng et al. 2014) 

C1 𝛾ଵ C2 𝛾ଶ C3 𝛾ଷ 𝜎଴ 
20,000 400 18,000 500 1200 2 235 

 
 

Fig. 3 (a) Dimensions of the SPD in mm; (b) meshing 
configuration of the FE model of the SPD
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Fig. 4 Cyclic loading protocol for the FE analysis of the 
SPD (Deng et al. 2014)

 
 

on the size of meshes. As recommended by Deng et al. 
(2014), the size of mesh elements was assumed to be 5 mm. 
The dimensions and mesh configuration of the FE model 
for the SPD is shown in Fig. 3. 

A cyclic loading pattern shown in Fig. 4 (Deng et al. 
2014) was considered to be exerted on the SPD. The cyclic 
loading was applied at the upper edge of the top welded 
zone of the SPD. 

After the elasto-plastic analysis of the SPD subjected to 
the cyclic loading, the distribution of PEEQ obtained in this 
study is compared with that of the model reported in the 
work (Deng et al. 2014) and the results are shown in Fig 5. 
As can be seen from Fig. 5, the PEEQ distribution and its 
maximum value (PEEQmax) of the FE model of this study is 
in a good agreement with that of the model presented by 
Deng et al. (2014). Thus, the results demonstrate the 
accuracy of the FE model used in this study. 

 
 

5. WLS-SVM approach 
 
Support vector machine (SVM)-based models as a type 

of supervised learning techniques have been proposed by 
mapping input data to the higher-dimensional feature 
spaces. Unlike artificial neural networks, SVMs are more 
stable and require much computational effort and a few 
parameters for the construction of a prediction model. 
These techniques can also be trained by a limited number of 
samples when a large number of data is not available, or 
constructing a large number of data requires a time-
consuming process. In recent years, the WLS-SVM method 
has been introduced as a high accurate and robust prediction 
model and its successful applications have been 
demonstrated in solving many structural engineering 
problems (Khatibinia et al. 2013, 2015, Gharehbaghi and 
Khatibinia 2015, Yazdani et al. 2016, Gharehbaghi et al. 
2019). This model is briefly expressed in this section. 

Suykens et al. (2002) proposed the WLS-SVM model 
for solving the highly non-linear and small-
sample problems. This model is described as an 
optimization problem in a primal weight space as follows 
(Suykens et al. 2002) 

 Minimize    𝐽(𝝎, 𝜉) = 12 𝝎்𝝎 + 12 𝛾 ෍ 𝑤௜𝜉௜ଶ௡
௜ୀଵ  Subjest to   𝑦௜ = 𝝎்𝜙(𝒙௜) + 𝑏 + 𝜉௜;      𝑖 = 1,2, . . . , 𝑛 (16)

 

 

Fig. 5 Comparison of the distribution of PEEQ between 
(a) this study; and (b) the study implemented by 
Deng et al. (2014)

 
 

in which {𝒙௜, 𝑦௜}௜ୀଵ௡  is a training data set, xi∈Rn is input 
data, and yi ∈ R is output data. 𝜙(.):Rn → Rd is a function 
which maps the input data into a high-dimensional space. 𝝎 ∈ Rd is expressed as a weight vector in the primal 
weight space. 𝜉௜ ∈ R and b ∈ R are the error variable and 
the bias term, respectively. 

The solution of the dual problem defined in Eq. (16) is 
obtained by the Lagrange multiplier technique as 

 𝐿(𝝎, 𝑏, 𝜉, 𝜶)= 𝐽(𝝎, 𝜉) − ෍ 𝛼௜(𝝎்𝜙(𝒙௜) + 𝑏 + 𝜉௜ − 𝑦௜)௡
௜ୀଵ  (17)

 
The Karush-Kuhn-Tucker (KKT) conditions are used for 

solving the Eq. (17). Hence, by employing the KKT 
condition and eliminating 𝝎  and 𝜉 , the set of linear 
equations is obtained as follows 

 ൤Ω + 𝑽ఊ 𝟏௡்𝟏௡ 𝟎 ൨ ቂ𝜶𝑏ቃ = ቂ𝒚0ቃ (18)

 
where 𝑽ఊ = 𝑑𝑖𝑎𝑔{1/𝛾𝑣̄ଵ, . . . ,1/𝛾𝑣̄௡} ; Ω is n×n Hessian 
vector which is expressed as 𝛺௜,௝ = ൻ𝜙(𝒙௜), 𝜙(𝒙௝)ൿு =𝐾(𝒙௜, 𝒙௝). K(.,.) is considered a kernel function. 𝛼 and b are 
the solutions to the set of linear equations. 

In this study, the radial basis function as a most popular 
kernel function of the WLS-SVM model is selected and is 
defined as 

 𝐾(𝒙௜, 𝒙௝) = 𝑒𝑥𝑝 ൭− ฮ𝒙௜ − 𝒙௝ฮଶ2𝜎ଶ ൱ (19)
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Therefore, the output data is predicted by the WLS-
SVM model as follows 

 𝑦(𝒙) = ෍ 𝛼௜𝐾(𝒙௜, 𝒙) + 𝑏௡
௜ୀଵ  (20)

 
 

6. Predictive model of SPD responses 
 
Since the shape optimization problem of the SPD 

defined above (see section 3) requires a large number of the 
inelastic FE analyses in the ABAQUS software, expensive 
computational efforts are needed. In order to eliminate the 
drawback, a predictive model based on the WLS-SVM 
approach was employed in the optimization procedure to 
estimate the inelastic responses of the SPD with sufficient 
accuracy. As such, two training and testing sets including a 
number of different SPD samples in term of design 
variables were provided to train and test the WLS-SVM 
model. The SPD samples were randomly generated by Latin 
Hypercube Design (LHD) sampling (McKay et al. 1979) 
method. In these samples, the design variables and the 
objective function defined in Eq. (2) were selected as the 
input and output data set in the WLS-SVM model, 
respectively. The input and output sets of the WLS-SVM 
model are defined as follows 

 𝑰ௐ௅ௌିௌ௏ெ = {𝒙ଵ, 𝒙ଶ, . . . , 𝒙௡௦} (21)
 𝑶ௐ௅ௌିௌ௏ெ = {𝑦ଵ, 𝑦ଶ, . . . , 𝑦௡௦} (22)
 

where I and O are expressed as the input and output vectors 
of the WLS-SVM model, respectively. ns is the number of 
samples. 

The flowchart shown in Fig. 6 depicts the procedure of 
the data generation by linking ABAQUS to MATLAB 
(2018). Each of input vectors (xi) defined based on the 
design variables in Eq. (2) was firstly considered for the 
construction of an SPD FE model in the framework of 

 
 

Fig. 6 Flowchart of dataset generation 

a Python script. This step is called the ABAQUS pre-
processing module. In the next step, the FE analysis of the 
SPD subjected to cyclic loading was also conducted. 
Finally, the value of objective function was obtained 
in ABAQUS post-processing module. 

In order to assess the accuracy of the predicted response 
of the SPD FE analysis by the WLS-SVM model, three 
statistical metrics including the mean absolute percentage 
error (MAPE), the relative root-mean-squared error 
(RRMSE) and the absolute fraction of variance (r2) are 
employed in the testing process of the WLS-SVM model as 

 𝑀𝐴𝑃𝐸 = 1𝑛௧ ෍ 100 × ฬ𝑎௜ − 𝑝௜𝑎௜ ฬ௡೟
௜ୀଵ  (23)

 𝑅𝑅𝑀𝑆𝐸 = ඨ𝑛௧ ∑ (𝑎௜ − 𝑝௜)ଶ௡೟௜ୀଵ(𝑛௧ − 1) ∑ 𝑎௜ଶ௡೟௜ୀଵ  (24)

 𝑟ଶ = 1 − ∑ (𝑎௜ − 𝑝௜)ଶ௡೟௜ୀଵ∑ 𝑝௜ଶ௡೟௜ୀଵ  (25)

 
where a and p are the actual and the predicted value, 
respectively; and nt is the number of samples used for 
performance validation of the model. It is worth mentioning 
that the smaller RRMSE and MAPE and the larger r2 are 
indicative of better performance generality. 

 
 

7. Numerical example 
 
In this section, the optimum shape design of an SPD 

subjected to the cyclic loading is considered as the worked 
example. The cyclic loading used in this study is shown in 
Fig. 4. The SPD is a rectangular plate with the height of 200 
mm, width of 300 mm and a uniform thickness of t equal to 
12 mm. In addition, it is assumed that this plate is made of 
low yield steel as LY255 with the yield and ultimate stress 
of 20 and 30 kPa, respectively. To implement the 
optimization process, the population size (nps) and the 
maximum number of iterations (lmax) of WOA were set to 
30 and 200, respectively. The lower and upper bounds of 
the design variables defined in Eq. (1) are shown in Table 2. 
The optimization process is performed by a Core i5 Duo 3.0 
GHz CPU and the time of all computations is evaluated in 
clock time. 

 
7.1 Training and testing the WLS-SVM model 
 
In order to develop a predictive model of WLS-SVM for 

each of the objective functions, first, a dataset including 200 
samples of the design variables (i.e., the SPDs with 

 
 

Table 2 Lower and upper bounds for the dimensions of the 
SPD 

Parameter Lower bound (mm) Upper bound (mm) 
h 40 130 
L 20 50 
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Table 3 Performance metrics for the WLS-SVM model in 
the testing mode 

Objective function MAPE RRMSE r2 
F1 2.9175 0.0361 0.9987 
F2 3.9472 0.0535 0.9971 

 

 
 

different shapes) was provided using the LHD 
sampling technique. Then, each of these samples was 
subjected to the cyclic loading pattern shown in Fig. 4. The 
samples (randomly generated SPDs) were analyzed in the 
ABAQUS software and their responses including ALLPD 
and PEEQmax were obtained. Based on these responses, the 
actual values of the objective functions defined in Eqs. (3) 
and (4) were computed. The elapsed time of the data 
generation was about 2,000 min (i.e., about 34 hours). 
Finally, 140 (i.e., 70% of total) and 60 (i.e., 30% of total) 
samples were randomly selected to train a WLS-SVM 
model and to test its performance generality. In the training 
phase, the optimum values of 𝛾  and 𝜎  were found by 
using a k-fold cross-validation and the grid searching 
method (Suykens et al. 2002). The results of testing the 
WLS-SVM model are shown in Table 3. 

As can be seen from Table 3, the low values of MAPE 
and RRMSE and the high value of r2 demonstrate the high 
accuracy of the WLS-SVM model. Fig. 7 shows the scatter 
diagrams for the actual and predicted values of the two 
objective functions in the testing mode. It can be observed 
from Fig. 7 that the data predicted by the WLS-SVM model 
is closer to the corresponding data obtained from ABQUS. 
Since the predictive models accurately predict the inelastic 
responses of the SPDs for determining the objective 
functions, the WLS-SVM model can be used in the 
optimization procedure instead of ABAQUS software. 
Hence, the WLS-SVM model can effectively reduce the 
overall computational time and cost therefore. It is noted 
that the elapsed time of training and testing the WLS-SVM 
model for objective functions (i.e., F1 and F2) was 1.6 and 
1.63 min, respectively. 

 
 
 

 

Table 4 The dimensions of the optimum shaped-SPD 
obtained for the two objective functions 

Dimensions
(mm) 

Objective function 
100×(F2-F1)/F1 (%) 

F1 F2 
h 90.394 92.330 2.14 
L 44.449 44.271 -0.40 

 
 

Table 5 Comparison of the objective functions for the 
optimum shaped-SPD obtained by FE analysis and 
WLS-SVM 

Objective function FE analysis WLS-SVM Error (%) 
F1 1.685 1.716 1.85 
F2 112.116 102.487 8.60 

 
 
7.2 The results of shape optimization 
 
To find the optimum shape of the SPD, first, 10 

independent runs were conducted for each of the objective 
functions. Then, the best solution corresponding to each 
objective function was adopted as the global (or near 
global) optimal solution. The optimum dimensions 
corresponding to each of the objective functions are listed 
in Table 4. It can be seen from Table 4 that the optimum 
shape of the SPD for both objective functions are different. 
The dimension h for F1 is 2.14% greater than that of F2; and 
L is 0.4% smaller than that of F2. 

In order to evaluate the feasibility and efficiency of the 
optimum-shaped SPDs obtained by the combination of 
WOA and WLS-SVM, the optimum designs presented in 
Table 4 were firstly analyzed subjected to the cyclic loading 
by using ABAQUS. Then, their actual response of the SPD 
(i.e., the objective function) was calculated. The actual and 
predicted responses were compared and shown in Table 5. 

As can be seen from Table 5, the percentage of errors for 
the WOA algorithm is 1.85% and 8.60% respectively for 
the objective functions (i.e., F1 and F2). These low errors 
indicate that the WLS-SVM model could reliably be used in 

 
 

 

(a) (b) 

Fig. 7 Exact versus predicted value of (a) F1 objective function; and (b) F2 objective function in the testing mode
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Table 6 Comparison of the inelastic responses of 
the optimum shaped-SPD corresponding to 
each the objective function 

Inelastic response Initial 
SPD 

Objective function 
F1 F2 

PEEQmax 6.044 1.685 
(-72.12%) 

1.669 
(-72.24%) 

ALLPD (kN.m) 198.171 185.311 
(-6.49%) 

188.083 
(-5.1%) 

ALLPD to PEEQmax 
(kN.m) 32.788 109.792 

(+234.8%) 
112.692 
(+243%) 

 

 
 

the optimization procedure instead of the FE analysis by 
means of ABAQUS as it could accurately predict the 
inelastic responses of the USSD. The convergence history 
of both F1 and F2 objective functions are depicted in Fig. 8. 

 
7.3 Performance evaluation of the optimized SPDs 
 
In order to assess the cyclic behavior of the optimum 

shapes of the SPD determined based on each of the 
objective functions, their performance subjected to the 
cyclic loading shown in Fig. 4 was compared with that of 
the initial one (i.e., the rectangular SPD mentioned before). 
For this purpose, first, the optimum-shaped SPDs 
corresponding to each of the objective functions were 
analyzed by ABAQUS. Then, their inelastic responses 
including ALLPD and PEEQmax were obtained as listed in 
Table 6. As can be seen from Table 6, the PEEQmax of the 
optimized SPDs is 1.685 for objective function F1, and is 
1.669 for objective function F2, which are almost 72.12% 
and 72.24% lower than that of the initial SPD shape. In 
addition, the ALLPD of the optimum-shaped SPDs is 
185.311 kN.m for the objective function F1, and is 188.083 
kN.m for the objective function F2, which are almost 6.49% 
and 5.1% lower than that of the initial SPD shape. These 
reductions are negligible in comparing with the significant 
improvements obtained in PEEQmax. This is also confirmed 
by the results of ALLPD to PEEQmax ratio listed in Table 6. 
As shown in the table, the ratio for F1 and F2 is respectively 
improved almost 234.8 and 242% in comparison with that 

 
 

 

 

Fig. 9 The distribution of PEEQmax for the optimized 
SPD obtained based on (a) F1 objective function; 
(b) F2 objective function; and (c) the initial SPD

 
 

of the initial one. The distribution of PEEQmax over the 
optimum-shaped SPDs and initial shape under the cyclic 
loading is depicted in Fig. 9. 

As shown in this figure, the distribution of PEEQmax for 
the optimum-shaped SPD is more uniform than that of the 
initial SPD. This issue is resulted in a smaller PEEQmax for 
the optimum shapes of the SPD compared with that of the 

(a) (b) 

Fig. 8 The convergence history for (a) F1 objective function; (b) F2 objective function 
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Fig. 10 Comparison of the hysteresis curve between the 
optimum shaped-SPD obtained based on F1 and F2 
objective functions and the initial SPD 

 
 
 

Fig. 11 Comparison of the hysteresis curve between the 
optimum shaped-SPD obtained based on F1 and F2 
objective functions and the initial SPD 

 
 
 

initial one. In the other word, the defined shape 
optimization problems render two optimum-shaped SPDs in 
which the damage concentration is avoided. The hysteresis 
curve for both optimum-shaped SPDs by using the objective 
functions of F1 and F2, and the initial SPD are also shown 
and compared in Fig. 10. 

As can be seen from Fig. 10, the hysteretic curves of the 
optimum-shaped SPDs obtained based on both objective 
functions are almost the same, and they are slightly 
different than that of the initial SPD. In addition, the 
cumulative absorbing energy of the optimum-shaped SPDs 
and the initial SPD are shown in Fig. 11. Based on this 
figure, as resulted and discussed before, the cumulative 
absorbed energy through the loading cycles is slightly 
decreased for the optimum-shaped SPDs in comparing with 
the initial one. 

Finally, all the results confirm that  using the ratio of 
ALLPD to PEEQmax as the objective function F2 results in 
an optimum-shape SPD which is more efficient in 
improving the low cycle fatigue performance under  cyclic 
loading whilst a small reduction in its maximum ALLPD in 
comparing with the initial rectangular shaped SPD. 

8. Conclusions 
 
An accurate and low-computational effort framework 

was presented for the shape optimization of steel shear 
panel dampers (SPDs). To this end, an efficient 
computational approach consisting of a nature-inspired 
optimization algorithm and an accurate predictive tool was 
used. The whale optimization algorithm (WOA) was 
considered to implement the optimization process in order 
to find the optimum shape of SPDs. Since several inelastic 
cyclic analyses of SPDs were required during the 
optimization procedure, a weighted-support vector machine 
predictive approach, i.e., WLS-SVM, was adopted to 
develop a model for the prediction of the inelastic responses 
of the SPDs. In addition, to reach a more effective shape of 
SPD, two objective functions including the maximum 
equivalent plastic strain (PEEQmax) and the ratio of energy 
dissipation through plastic deformation (ALLPD) to 
PEEQmax were chosen. To this end, the cubic version of 
Bezier curve was considered for the geometry of arc-shaped  
free edges on the left and right sides of the SPDs. The 
cyclic performance of the optimum-shaped SPDs obtained 
by the mentioned objective functions were compared with 
those of an initial rectangular shaped SPD. The following 
conclusions are obtained from this study: 

 
● The WOA could find the optimum shaped SPDs 

well. In addition, the developed model by using the 
WLSSVM approach could accurately predict the 
required inelastic responses of the SPDs during the 
optimization procedure. Moreover, the elapsed time 
of the shape optimization procedure as a very time-
consuming process was substantially reduced. 

● The optimum shaped SPDs show more uniform 
PEEQ, lower PEEQmax, and trivial reduction of 
maximum ALLPD in comparing with those of the 
initial rectangular shaped SPD. This issue reveals the 
capability of the shape optimization procedure 
implemented in this study. 

● The results of the cyclic performance of the SPD 
optimum shapes confirm that maximizing the ratio 
of ALLPD to PEEQmax could be effectively used as 
the objective function of the shape optimization of 
SPDs rather than only minimizing PEEQmax. 
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