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SUMMARY

Control algorithm is one of the most important aspects in successful control of buildings against earthquake. In
recent years, because of their capabilities, soft computing methods, stemmed from human brain abilities, have
become of particular interest to researchers. In this paper, a wavelet neural network-based semi-active control
model is proposed in order to provide accurately computed input voltage to the magneto rheological dampers to
generate the optimum control force of structures. This model is optimized by a localized genetic algorithm and
then applied to a nine-story benchmark structure subjected to 1.5× El Centro earthquake. The results show an
average of 43% reduction of maximum drift in the controlled structure versus the uncontrolled one. The capability
of the controller is also validated by applying other far-field and near-field earthquakes. The capability and effi-
ciency of the proposed model are demonstrated in terms of drift, acceleration and base shear reduction. The pro-
posed wavelet neural network is also compared with a tangent hyperbolic-based feed forward neural network,
linear quadratic Gaussian, clipped optimal controller, and genetic algorithm-based fuzzy inference systems to
show the superiority of the proposed controller. Copyright © 2016 John Wiley & Sons, Ltd.

Received 14 April 2015; Revised 1 September 2015; Accepted 18 November 2015

KEYWORDS: semi-active control; 9-story benchmark building; MR damper; wavelet neural network; localized ge-
netic algorithm
1. INTRODUCTION

Protection of buildings against earthquake is of particular interest to structural engineers. Until
recently, this protection was only based on the ability of the structure itself, e.g. its ability to dissipate
the energy generated by earthquake. Controlling structures against earthquake has received consider-
able attention from researchers over the past few decades. Structural vibrations generated by earth-
quake or wind can be controlled by various strategies including passive, active, and semi-active
[1,2]. Because semi-active control combines the reliability associated with passive control and the
adaptability associated with active control, it has generated great interest among researchers.

A key element in the successful implementation of structural control is an effective control algo-
rithm to compute the magnitude of control forces to be applied to the structure. Early attempts in struc-
tural control were based on the use of existing control algorithms, such as the linear quadratic regulator
and linear quadratic Gaussian (LQG) controllers developed in other fields, such as aerospace engineer-
ing [3–6]. However, in recent years, researches have shifted towards modifying the existing control
algorithms or developing new algorithms like soft computing methods.

Soft computing methods stem from human brain abilities. In comparison with conventional
methods, soft computing methods are capable of solving nonlinear problems that have no mathematical
model. Also, they can deal better with uncertainty and imprecision. Some components of soft
*Correspondence to: Hassan Haji Kazemi, Department of Civil Engineering, Ferdowsi University of Mashhad, Mashhad, Iran.
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computing methods are neural networks (NNs) and fuzzy logic and optimization methods as genetic
algorithms (GAs) [7].

Neural networks are known as a powerful algorithm in structural control. Ghaboussi and Joghataie
[8] used NN in structural seismic control for the first time. The most useful property of NNs is their
learning ability, which enables them to approximate any function with any degree of accuracy. They
have been proven to be useful for solving certain types of problems that are complex and poorly
understood. The application of NN to the area of structural control has grown rapidly through system
identification, system inverse identification, or controller replication [8–15].

In recent years, a number of studies have been conducted on the applications of wavelet neural
networks (WNNs), which combine the learning ability of NNs and the capability of wavelet decompo-
sition. Unlike the sigmoidal functions used in conventional NNs, wavelet functions are spatially local-
ized. Therefore, the learning capability of WNN for system identification and control is more efficient
than that of the conventional sigmoidal function NN. The training algorithms for WNN typically
converge more rapidly than those of conventional NNs. Thus, WNN has been proved to be superior
to the Gaussian-type NN in that the structure can provide more potential to enrich the mapping rela-
tionship between inputs and outputs. In structural control, WNNs are only used in few researches
including Adeli and Kim [16,17] and Adeli and Jiang [18].

In this paper, a WNN algorithm is proposed for seismic semi-active control of a benchmark building
that is equipped with the magneto rheological (MR) damper. The constructed WNN should be able to
provide computed input voltage to the MR dampers so that they can generate the optimum control
force of structures. In order to enhance the optimum value of building response, the parameters of
WNN are optimized using a localized GA. The optimized network is then applied to the nine-story
benchmark building subjected to several earthquakes, and the efficiency of the proposed combination
of WNN and localized GA is evaluated. Furthermore, a feedforward neural network (FFNN) is
designed and optimized by the proposed GA as the comparative controller. The efficiency of the
WNN controller is evaluated in comparison with FFNN, a designed LQG controller, a clipped optimal
controller (COC), and GA-based fuzzy inference systems.
2. PROPOSED CONTROLLER

2.1. Structure of the wavelet neural network

Taking advantage of the localization property of wavelets and the generalization ability of the WNN, a
WNN was developed. The proposed structure of the WNN is assumed to be a three-layer network com-

prising an input layer with D nodes, a hidden layer with bD nodes (each of them having a wavelet

activation function), and an output layer with λ nodes with linear transfer function. A bD�D dimension

weight matrix and a bD�1 dimension bias vector are applied to the outputs of the first layer. A weight

matrix of dimension λ�bD will then be applied to outputs of the second layer, and the row summation
will be outputted for each node of the third layer. The mathematical operation of the network is
described as follows.

Assume the input vector of ΧD
η as the ηth array set of dimension D taken from the original set Γ.

Then the input to the second layer is

Il2 ¼ wbD�D
:ΧD

η þ bbD�1
(1)

where

wbD�D
¼ wij

� �
i¼1:bD; j¼1:D

(2a)

and

bbD�1
¼ bi

� �
i¼1:bD (2b)

in which wbD�D
and bbD�1

are weights matrix and bias vector of first to second layer transition, respec-

tively, and bD is the number of neurons in the second layer. Outputs of the second layer are as
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Ol2 ¼ φ
Il2 � c1

c2

� �
(3)

while

c1 ¼ c1
i

� �
i¼1:bD (4a)

and

c2 ¼ c2
i

� �
i¼1:bD (4b)

in which Ol2 is the output vector of the second layer and φ(.) is the wavelet function. The Mexican hat
function is used as the wavelet function in the network structure as follows:

φ tð Þ ¼ 2� t2
� �

exp � t2

2

� �
t ¼ Il2 � c1

c2
(5)

c1 and c2 are the shift and scale parameters of the wavelet function, respectively. The outputs of the
third layer can be calculated as

Ol3 ¼ ∑bD
i¼1

w
′
λ�bD:Ol2 (6)

wherew’

λ�bD is the second to third layer weight matrix. Figure 1 shows the structure of the WNN used in

this paper. Values of bD and λ will be found in Section 4 of this paper.

In addition, an FFNN is used in the numerical investigation, where its architecture is similar to
Figure 1. The activation function of used FFNN is tangent hyperbolic in the hidden layer instead of
Mexican hat function. In other words, in the used FFNN, Equation 3 of the WNN structure is
substituted with Equation 7 as follows:

Ol2 ¼ eX � e�X

eX þ e�X
X ¼ Il2 (7)

2.2. Localized genetic algorithm for optimization

The architecture of the model is presented in Figure 2. In this model, an earthquake is applied to the
structure, and the response of the structure is monitored. The inputs of WNN are the structure’s
responses, and its outputs specify the required voltage for MR dampers so that they will be able to
provide optimum control force for the structure. A modified GA is used to optimize the structure
parameters of the WNN including network weights, biases, and wavelet function (i.e., Mexican hat)
Figure 1. Architecture of wavelet neural network.
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Figure 2. Architecture of the model. WNN, wavelet neural network; MR, magneto rheological.
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parameters. The main motivation to use a localized GA is to attain the global and local search capabil-
ities of the optimization algorithm simultaneously. Conventional genetic algorithms yield the advan-
tage of searching a solution space globally while lack the capability of fast convergence. However,
several works can be found in the literature that use the GAs in connection with a local search tool,
for example, particle swarm optimization [19]. In this paper, some modifications have been made to
the conventional genetic algorithm to make it capable of both global search and fast convergence
through introducing the localization operations and updating the operation probability values. The
proposed localized GA is described in the succeeding texts.

Binary coding has been used here for chromosome representation. The binarization resolution is
assumed to be rb so that all parameters are converted to binary strings each one with rb bits. It should
be noted that the parameters are originally in the unit interval. A sequence of binarized parameters
forms a chromosome (or an individual) of the proposed localized GA. The total number of parameters
as weights, biases, and wavelet function parameters and then the length of chromosomes can be calcu-
lated as

K ¼ bD�Dþ bD þ 2bD þ λ�bD ¼ Dþ λþ 3ð ÞbD (8a)

Lchr ¼ K:rb ¼ Dþ λþ 3ð ÞbDrb (8b)

The objective function is the J1 criterion that is shown as J in the following equations. The aim is to
minimize the objective function

Jopt ¼ min Jf gPopt
(9)

where Popt refers to the optimum parameter set in the network structure. To achieve the minimum
objective value, optimum structure of the network should be found. Optimum structure is subject to
the optimum parameter set, which is considered as the chromosomes after they are converted to binary
format. A chromosome can be represented as

Cj
i ¼ Gk½ �k¼1:K; i¼1:Population&j¼1:Generation

Gk ¼ binarized pk
� � (10)

Problems in which more precise structure identification is desired require more efficient structure
optimization algorithms. Operations of the localized GA are defined as follows. Reproduction opera-
tion selects a chromosome with the probability of Ps where for chromosome Cl

i, it is defined as
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Ps
i nsð Þ ¼ J̇ lð Þ

J Cl
i

� � : J̈ lð Þ
J Cl

i

� � :2� ns�1ð Þ (11)

in which J̇ and J̈ are the best network outputs (minimum objective values) gained in lth generation and
the total generations, respectively. It can be shown that for the best chromosome in each population
Ps
i =1. Ps

i(ns) refers to the nth-selected chromosome through this operation, and for the second selec-
tion, the last term in Equation 11 shows the coefficient of 1

2. This term constrains the number of chro-
mosomes that are reproduced through this operation independent of their respective objectives.

Second operation is defined as crossing over two or more qualified parents to create an intelligent
offspring with inheritable features. In this operation, two schemes of diversity preservation and good
inheritance are embedded. Two or more parents, far from together, share their appropriate features to
create a crossover offspring as

Cl ncð Þ ¼ Ω Cl
icp

n o
icp¼randint 1;Populationð Þ

� �
(12)

where

∀nc; Pc
i ncð Þ ¼ J̇ lð Þ

J Ω Cl
icp

n o� 	 :
J̈ Cl

icp

� 	
J Ω Cl

icp

n o� 	 :α� nc�1ð Þ (13)

in which 1<α<2 and Ω() is the embedding function. Subscript cp determines the number of crossing
parents, and this parameter is chosen according to the dimension of the solution space. Parameter cp is

initially set as cp ¼ integer
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Dþ λþ 3ð ÞbDq� �

. Pc
i (nc) refers to the probability of creation of the

offspring Cl(nc) for the next generation. Smaller values of α result in higher probability of the crossover
operation and vice versa. Equation 13 applies higher probability of creation for the offspring, which is
better than the average of its parents and also respective to the best chromosome in the lth generation.

The third operation is defined as the mutation operation, which mainly explores distinct offspring
around superior chromosomes in the generation. A mutated offspring is created as

Cl nmð Þ ¼ Ψ Cl
i

� �
i¼randint 1;Populationð Þ

� 	
(14)

where

∀nm; Pm
i nmð Þ ¼ J̇ jð Þ

J Ψ Cl
i

� �� � : J̈ Cl
i

� �
J Ω Cl

i

� �� � :β� nc�1ð Þ (15)

in which Ψ() is the mutating function and α< β<2 because the probability of mutation operator is
preferred to be lower than the probability of crossover operation. Some newly created chromosomes
are transferred to the next generation according to their probability of creation. Some other chromo-
somes are also created to enroll the local search around the local optimum values. To fulfill this aim,
two operations are defined to trace the gradient of objective function in a discrete manner.

The progressive operation is proposed as the fourth operation, which is defined as follows:

Cl np
� � ¼ Δ Cl

i

� �
i¼1:ns

� 	
(16)

where

Δ Cl
i

� � ¼ Cl np
� �þ δ Gkð Þk¼1:K (17)

subject to

J Δ Cl
i

� �� �
≤J Cl np

� �� �
(18)

while δ(Gk) is the minimum possible parameter gradient regarding the conversion to binary. The prob-
ability of the progressive operation is the unit value, which means for a preset of τ trial Equations.
Equations 16–18 are retried iteratively to find a possible Cl(np). If the search is not successful, subscript
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k changes to its next value to do the search for another genome. Binary step size for the trials is a
relatively short walk in the solution space randomly in all directions.

The shareholder operation as the fifth operation is another localized search operation that creates a
number of offspring by contributing, randomly selecting a genome from K chromosomes and produc-
ing a chromosome from the selected genomes as

Cl nshð Þ ¼ Ω Gi
k

� �
i¼randint 1;Populationð Þ&k¼1:K

� 	
(19)

where Ω() is the embedding function for the K genomes randomly selected from K individuals in the
lth generation. An assessment can be added to this operation to make it directional shareholder opera-
tions as

for k ¼ 1 : K; if J Cl nshð ÞGi
k

� 	
< J Cl nsð ÞGi

k

� 	
→select Gi

k; otherwise change i (20)

The conditional term in Equation 20 implies the genome assessment of both created shareholder
offspring and the best chromosome with this genome. Assessment is performed by comparing the
created offspring with the best chromosome when the corresponding genome of the best chromosome
is replaced with the genome under investment. Equation 19 determines whether the selected genome is
selected appropriately or not with some level of confidence.

The flow diagram of the structure identification and optimization procedure is given in Figure 3 in
which the proposed GA has been illustrated step by step. Yellow parts show the proposed modifica-
tions to the conventional GA.
3. BENCHMARK BUILDING

In this study, a nine-story benchmark building is selected for numerical investigation, which is defined
by Ohtori et al. [20]. This benchmark structure is 45.73m by 45.73m in plan and 37.19m in elevation.
Figure 3. Flow diagram of localized genetic algorithm.
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The bays are 9.15 on center, in both directions, with five bays in the north–south direction and east–
west direction. The lateral load-resisting system of the building consists of steel perimeter moment-
resisting frames with simple framing on the furthest south east–west frame. The interior bays of the
structure contain simple framing with composite floors. Figure 4 depicts the details of the benchmark
model.

In the evaluation model, plane frame elements are employed to model the beams and columns of
the structure, and a bilinear hysteresis model is used to represent plastic hinges. These are assumed
to occur at the moment-resisting column–beam and column–column connections. The damping
matrix is determined based on the Rayleigh damping formulation with 2% damping ratio for the first
and fifth modes. A detailed description and mathematical modeling of the benchmark building can be
found in [20].

Two far-field and two near-field historical ground motion records are selected for evaluating the
performance of proposed algorithms including El Centro 1940, Hachinohe 1968, Northridge 1994,
and Kobe 1995 earthquakes. In the benchmark study, various levels of each of the earthquake records
are utilized including 0.5, 1.0, and 1.5 times the magnitude of El Centro and Hachinohe and 0.5 and 1.0
times the magnitude of Northridge and Kobe.
3.1. Magneto rheological damper

The MR damper is a smart semi-active control device that generates force in response to velocity and
applied voltage. The MR damper is filled with a special fluid that includes very small polarizable
particles that can change its viscosity rapidly from liquid to semi-solid and vice versa by adjusting
the magnetic field produced by a coil wrapped around the piston head of the damper. The magnetic
field can be tuned by varying the electrical current sent into the coil. When no current is supplied,
the MR damper behaves similar to an ordinary viscous damper, whereas its fluid starts to change to
semi-solid as the current is gradually sent through the coil. Thus, semi-active controls using MR
dampers are powerful devices that enjoy the advantages of passive devices with the benefits of active
control. MR dampers require little activation power. Additionally, they are inherently stable, reliable,
and relatively cost-effective.
Figure 4. Nine-story benchmark building N–S moment resisting frame. MR, magneto rheological.
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Appropriate modeling of MR damper is necessary for precise prediction of its behavior. It was dem-
onstrated [21] that the simple mechanical model represented in Figure 5, which is based on a phenom-
enological Bouce Wen model, predicts the behavior of MR damper accurately over a wide range of
inputs. The model is characterized by the following equations [21]:

f ¼ c0 ẋþ α z (21)

ż ¼ �γ ẋj jz zj jn�1 � β ẋ zj jn þ Aẋ (22)

where f is the damper fore and z is the evolutionary variable that accounts for the history of the
response. The model parameters depend on the commanded voltage, v, sent to the current driver as
follows:

α ¼ αa þ αbu (23a)

c0 ¼ c0a þ c0bu (23b)

where u is given as output of the first-order filter:

u̇ ¼ �η u� vð Þ (24)

Equation 24 is necessary to model the dynamics involved in reaching rheological equilibrium and in
driving the electromagnet in the MR damper. The parameters of the MR damper model were selected
so that the device has a capacity of 1000 kN, a value that is regarded as reasonable in recent experimen-
tal works. The resulting parameters are as follows: αa=1.0872×105Ncm�1, αb=4.9616×105N
(cmV)�1, c0a=4.40Ns cm

�1, c0b=44.0Ns (cmV)�1, n=1, A=1.2, γ=3 cm�1, β =3 cm�1 and
η=50 s�1

The number of employed MR dampers has been shown in Figure 4. Three dampers are used on the
first floor, two on the second floor, and one damper on each third to ninth floors.

3.2. Evaluation criteria

The benchmark problem [20] defines some evaluation criteria to evaluate the capabilities of each pro-
posed control strategy. The performance criteria, which are used in this study, are specified by J1 to J7.
These criteria, which are briefly presented in Table 1, are calculated as a ratio of the controlled and un-
controlled responses. The norm ‖.‖ is computed using the following equation:

:k k ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
tf
∫
tf

0
:½ �2dt

s
(25)

and tf is a sufficiently large time to allow the response of the structure to attenuate.
Figure 5. Mechanical model of magneto rheological damper.
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Table I. Performance criteria.

Interstory drift ratio

J1 ¼ max
maxt;i

di tð Þj j
hi

δmax

( ) Level acceleration

J2 ¼ max maxt;i ẍai tð Þj j
ẍmax
a

n o Base shear

J3 ¼ max
maxt ∑

i
mi ẍai tð Þ

���� ����
Fmax
b

8>><>>:
9>>=>>;

Normed interstory drift

J4 ¼ max
maxi

di tð Þk k
hi

δmaxk k

( ) Normed level acceleration

J5 ¼ max maxi ẍai tð Þk k
ẍ max

ak k
�  Normed base shear

J6 ¼ max
∑
i
mi ẍai tð Þ

���� ����
Fmax
bk k

8>><>>:
9>>=>>;

Ductility

J7 ¼ max
maxt;j

φj tð Þj j
φyj

φmax

8<:
9=;

Table II. Objective function for different values of bD as a comparison between FFNN and the proposed WNN.bD for FFNN 5 9 11 13 15 17 19
Objective function for FFNN 0.9059 0.8851 0.6222 0.599 0.579 0.8567 0.6456bD for WNN 2 3 5 7 9 11 15
Objective function for WNN 0.8186 0.6017 0.5588 0.5587 0.5558 0.5541 0.5587

FFNN, feedforward neural network; WNN, wavelet neural network.

igure 6. Convergence of objective function during 100 generation of the genetic algorithm optimization process
for (a) feedforward neural network and (b) wavelet neural network and for different values of bD.
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F

4. NUMERICAL RESULTS

In this section, the proposed model and the optimization method in semi-active control of the bench-
mark structure are evaluated. The simulation of nine-story nonlinear benchmark building has been
performed using MATLAB (MathWorks, Natick, MA, USA). In addition, a code is prepared in MATLAB

software that can construct the WNN and optimize the parameters of WNN using the localized GA il-
lustrated in the previous section. In order to evaluate the efficiency of the WNN and localized GA, as
Copyright © 2016 John Wiley & Sons, Ltd. Struct. Control Health Monit. (2016)
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Table III. Performance criteria for WNN, NN, LQG, and COC algorithms (nine-story benchmark building).

Earthquake El Centro Hachinohe Northridge Kobe

AverageIntensity 0.5 1.0 1.5 0.5 1.0 1.5 0.5 1.0 0.5 1.0

J1 Active 0.8090 0.8690 0.9580 0.8450 0.9410 0.8680 1.0930 1.0490 0.8630 1.0890 0.9384
COC 0.5830 0.8070 0.8530 0.6210 0.7090 0.7860 0.8910 0.9630 0.8050 1.3070 0.8325
GAFLC 0.3420 0.4590 0.5990 0.3030 0.3960 0.5710 0.8410 1.1150 0.4410 0.9130 0.5980
FFNN 0.3210 0.4431 0.5791 0.2945 0.3932 0.5620 0.8393 1.0695 0.4494 0.9605 0.5912
WNN 0.3272 0.4372 0.5588 0.2999 0.3730 0.5292 0.8345 1.1178 0.4329 0.8445 0.5755

J2 Active 0.7390 0.8270 1.0240 0.8820 0.8870 0.9150 1.0130 1.0210 1.0010 0.9840 0.9293
COC 0.7430 0.8560 1.0170 0.8360 0.8130 0.9610 0.9930 1.0640 0.9700 1.0930 0.9346
GAFLC 0.6760 0.5800 0.8200 0.5700 0.5700 0.8160 1.0020 0.8880 0.7790 0.9060 0.7607
FFNN 0.6252 0.5615 0.7935 0.5729 0.5981 0.8181 1.0049 0.9113 0.7740 0.8685 0.7528
WNN 0.6680 0.5407 0.7684 0.5291 0.5714 0.8080 1.0280 0.8611 0.7447 0.8669 0.7386

J3 Active 0.8010 0.9480 0.9530 0.8650 0.9450 0.9540 0.9870 0.9960 0.9790 0.9860 0.9414
COC 0.7160 0.9650 1.0220 0.6350 0.8710 0.9900 1.0560 0.9930 0.8800 1.0290 0.9157
GAFLC 0.3880 0.6240 0.9250 0.4180 0.5050 0.9090 0.9300 1.0420 0.6500 0.8790 0.7270
FFNN 0.3858 0.6060 0.8994 0.4208 0.5097 0.8877 0.9511 1.0124 0.6548 0.8538 0.7182
WNN 0.3749 0.5840 0.9015 0.4168 0.4985 0.8537 0.9239 1.0346 0.6470 0.8514 0.7086

J4 Active 0.8080 0.9450 1.0520 0.9890 0.9900 1.1500 1.0270 1.0710 0.5060 1.0080 0.9546
COC 0.4190 0.6060 0.9810 0.6130 0.7860 0.9170 0.7520 1.0380 0.6600 2.1030 0.8875
GAFLC 0.2280 0.3180 0.5540 0.2910 0.4540 0.4880 0.5900 1.1670 0.1830 1.2770 0.5550
FFNN 0.2244 0.3057 0.5192 0.2827 0.4443 0.4799 0.5554 1.1110 0.1866 1.4151 0.5524
WNN 0.2274 0.2977 0.4528 0.2834 0.4173 0.4570 0.5335 1.1533 0.1738 1.0216 0.5018

J5 Active 0.7280 0.7790 0.7660 0.9100 0.9600 0.9660 0.9790 0.9640 0.8020 0.9520 0.8806
COC 0.5860 0.5710 0.5970 0.8200 0.7870 0.8550 0.7410 0.7770 0.6480 0.8090 0.7191
GAFLC 0.7270 0.4910 0.4960 1.0950 0.7200 0.7260 0.7090 0.7590 0.6970 0.7360 0.7156
FFNN 0.4284 0.3959 0.4630 0.5489 0.5323 0.6808 0.5654 0.7156 0.4563 0.6964 0.5483
WNN 0.4343 0.3889 0.4440 0.5466 0.5116 0.6543 0.5463 0.7072 0.4348 0.6738 0.5342

J6 Active 0.9230 1.0230 0.9570 0.9830 1.0060 0.9580 0.9380 0.9210 0.9810 0.9220 0.9612
COC 0.5040 0.7020 0.7680 0.6920 0.8350 0.8990 0.6860 0.7460 0.6520 0.8160 0.7300
GAFLC 0.4740 0.5160 0.6850 0.5290 0.5850 0.7500 0.5170 0.7180 0.5810 0.7830 0.6138
FFNN 0.4521 0.5038 0.6767 0.5011 0.5732 0.7385 0.5618 0.7124 0.5531 0.7755 0.6048
WNNr 0.4657 0.5003 0.6657 0.5070 0.5526 0.7177 0.5449 0.7097 0.5442 0.7706 0.5978

J7 Active 0.8040 0.7150 0.9110 0.8120 0.8110 0.9720 0.9640 1.0300 0.7660 1.0320 0.8817
COC 0.5610 0.6080 0.8250 0.5040 0.4970 0.8920 0.8790 0.9510 0.7210 1.2270 0.7665
GAFLC 0.3390 0.3280 0.4860 0.2910 0.2920 0.5970 0.6470 1.1440 0.3420 0.8770 0.5343
FFNN 0.3225 0.3173 0.4842 0.2818 0.2911 0.5902 0.6222 1.0906 0.3491 0.9471 0.5296
WNN 0.3179 0.3126 0.4355 0.2880 0.2748 0.5220 0.6475 1.1262 0.3371 0.7971 0.5059

WNN, wavelet neural network; NN, neural network; LQG, linear quadratic Gaussian; COC, clipped optimal controller; GAFLC
fuzzy logic controller optimized by genetic algorithm; FFNN, feedforward neural network;
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mentioned before, an FFNN whose activation function is tangent hyperbolic in the mid-layer is also
designed and optimized with localized GA.

The applied WNN has nine inputs that are floor accelerations (D=9). The nine outputs (λ=9) are
the voltage level fed to the MR damper so that it will be able to provide optimum control force for

the structure. The number of nodes in the middle layer (bD) is an important factor in the network capa-
bility. To find the optimum number of the nodes in the hidden layer, different values of this parameter
are considered. Table 2 shows the objective function for both WNN and FFNN versus different values

of bD, while 1.5× El Centro earthquake is applied to the model. Convergence procedures of the objective
function for both networks are also shown in Figure 6. The results given in Table 2 and the conver-
gence process shown in Figure 6 imply that the optimum number of hidden nodes for FFNN and

WNN are bD ¼ 15 and bD ¼ 5 , respectively. This result indicates the modeling capability of the
WNN compared with FFNN because fewer hidden nodes mean less complexity and more compact
structure and then less effort is needed for the training procedure. According to the curves shown in
Figure 6, one can conclude that a number of 100 generations are sufficient for the convergence of
the objective function. Besides, trial-and-error procedure on optimizing the number of individuals in
the population (population size) shows the appropriate population size is 100.
)



igure 7. Time histories of (a) roof displacement for El Centro, (b) base shear for Hachinohe, (c) roof
displacement for Northridge, and (d) base shear for Kobe full-scale earthquake. FFNN, feedforward neural

network; WNN, wavelet neural network.
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F

It must be noted that the optimization has been performed for the 1.5× El Centro earthquake and
other earthquake records have been used for testing the performance of the controllers. Table 3 shows
the results of the proposed model compared with three other controllers for four different types of
earthquakes, while seven criteria of J1 to J7 are considered.

In Table 3, three controllers of Active, COC, and GAFLC have been listed for the comparison.
Active stands for the active LQG controller. In this model, three actuators are utilized on the first floor,
two on the second floor, and one on each third to ninth floors, as shown in Figure 4. COC is a semi-
active controller in which the classical algorithm of clipped optimal is used. GAFLC is a semi-active
control model in which conventional genetic algorithm is used for training the structure of fuzzy sys-
tem [22]. It is noticeable that control devices in the COC and GAFLC are MR dampers and the number
of them is similar to WNN as depicted in Figure 4.

It is obvious that WNN and FFNN controllers significantly reduce the peak interstory drift ratio (J1)
for all earthquake records, except for Northridge, by up to 70%. Also, the normed interstory drift
criteria (J4) is reduced noticeably on average by about 50% for WNN and 45% for FFNN controller.
Reducing the peak story acceleration (J2) is considerable for almost all earthquake records, although
J2 is slightly increased for 0.5× Northridge by approximately 3%. In addition, the performance of
the proposed controllers is noticeable in decreasing the normed level acceleration criteria (J5), where
about 45% decrease is observed for the average. In terms of peak base shear ratio (J3), the WNN
Copyright © 2016 John Wiley & Sons, Ltd. Struct. Control Health Monit. (2016)
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Figure 8. Profiles of various peak response values for uncontrolled and controlled benchmark structure subjected
to (a) El Centro, (b) Hachinohe, (c) Northridge, and (d) Kobe full-scale earthquakes. FFNN, feedforward neural

network; WNN, wavelet neural network.
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and FFNN controllers produce noticeable reduction, where more than 62% decrease is achieved for
0.5× El Centro earthquake record and about 30% for the average, while J3 is increased for Northridge
by 3.5%. A good performance of proposed controllers is observed in decreasing the normed base shear
criteria (J6) for all earthquake records. The ductility criteria (J7) are reduced considerably on average
by almost 48%. Thus, the damage imposing to the benchmark building is significantly minimized,
and its serviceability improved using proposed controllers. Because the model parameters have been
optimized for El Centro, as a far-field earthquake record, the WNN and FFNN perform better for this
)



Figure 9. (a) Time history of control force produced by magneto rheological (MR) damper installed at fifth floor
for Northridge earthquake; force–velocity curve of MR damper installed at fifth floor for (b) Northridge earthquake

and (c) El Centro earthquake.
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kind of earthquakes. Nevertheless, as can be seen from the results of Table 3, the proposed controllers
work well also for near-field earthquakes. Finally, the WNN outperforms other controllers in almost all
criteria. However, the tangent hyperbolic-based WNN also performs well compared with other
methods. The better performance of WNN and FFNN in comparison with other controllers can prove
the superiority of utilized GA.

Time histories of roof displacement and base shear of the uncontrolled and controlled structure
subjected to different earthquake records are shown in Figure 7. It is observed from the plots that
the proposed strategy can effectively damp out the responses. Profiles of the peak interstory drift
and peak absolute acceleration are presented in Figure 8. It is evident that the peak interstory drift
and the peak acceleration achieve smaller values for most of the floors and most earthquake records.
Regarding Figures 7 and 8, it is obvious that the WNN and FFNN controllers perform very well for
El Centro and Hachinohe earthquakes, as two far-field records. However, the proposed controllers
are effective in reducing the maximum responses of the structure subjected to Northridge and Kobe
earthquakes, as two near-field records.

Figure 9 represents the time history of control force produced by a selected MR damper at fifth floor
of benchmark building, which is subjected to Northridge earthquake and controlled by WNN control-
ler. Also, force–velocity curve of this MR damper has been shown for Northridge and El Centro
ground motion records.

The results of Table 3 and Figures 7 and 8 demonstrate that the WNN controller comparatively
outperforms FFNN. Furthermore, it should be taken cognizance of that the number of nodes in the
mid-layer of FFNN is triple that of WNN. As a result, according to Equation 8a, the number of the
model’s parameters to be optimized is 285 for FFNN as opposed to 105 for WNN, which complicates
the model and learning process and in turn protracts the analysis for FFNN controller. Hence, it may be
concluded that the proposed WNN algorithm is more efficient in terms of performance.
5. CONCLUSION

A WNN-based semi-active control model was proposed in this paper in order to provide accurate
computation of the controller parameters applied to the MR dampers of a structure. The parameters
Copyright © 2016 John Wiley & Sons, Ltd. Struct. Control Health Monit. (2016)
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of the proposed model were optimized by a proposed localized GA, the floors accelerations being the
inputs of the WNN and the output being the voltage level fed to the MR dampers so that they are able
to provide optimum force responses for the structure. The capability and proficiency of the proposed
model were demonstrated in terms of drift, acceleration, and base shear reduction for four types of
the earthquake applied to the structure. The proposed WNN was also compared with a tangent
hyperbolic-based NN, LQG, COC, and a GA-based fuzzy inference system. The results showed that
the proposed model is able to control the structures encountered far-field or near-field earthquakes
superior than the conventional models.
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