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Magnetorheological elastomer (
control device for structural vib:

ator has been proved as a promising semi-active
rol. For its engineering application, developing an
necessary and also a challenging task. Most of the
present models, belonging trlc models, need to identify various model parameters and
ly capturing the unique characteristics of the device. In this
work, a nove ic model is proposed to characterize the inherent dynamics of the

g tures of hysteresis and nonlinearity. Initially, dynamic tests are

imental resultsj@phybrid learning method is designed to forecast the nonlinear responses of the
device with known external inputs. In this method, a type of single hidden layer feed-forward
network, called extreme learning machine (ELM), is developed to forecast the nonlinear
responses (shear force) of the device with captured velocity, displacement, and current level. To
obtain optimal performance of the developed model, an improved binary-coded discrete cat
swarm optimization (BCDCSO) method is adopted to select optimal inputs and neuron number
in the hidden layer for the network development. The performance of the proposed method is
verified through the comparison between experimental results and model predictions. Due to the
noise influence in the practical condition, the robustness of the proposed method is also vali-
dated via adding noise disturbance into the supplying currents. The results show that the
proposed method outperforms the standard ELM in terms of characterization of the MRE
isolator, even though the captured responses are polluted with external measurement noises.

Keywords: MRE isolator; nonlinear dynamics; extreme learning machine; cat swarm optimization.
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1. Introduction

Magnetorheological elastomer (MRE) is a type of intelligent material, the mechan-
ical properties of which are continuously, quickly, and reversibly controlled via ex-
ternal applied magnetic fields.'™ Based on this merit, MRE has been widely applied
to design semi-active devices to realize stiffness and damping variability for vibration
control of engineering structures against hazard external vibrations.*> Hoang et al.
developed a tuned vibration absorber (TVA) based on MRE for powertrain vibration
suppression.®” Ginder et al. utilized MREs to develop an adjustable automotive
bushing for vibration reduction on the rotational and translational movements of
vehicle wheels.® Du et al. proposed a novel isolator based on MRE, which is employed
for seat vibration control in vehicles, and the developed MRE isolat
in both compressive and shear modes.” Sun et al. also devel e multi-layer

is able to work

MRE isolators, with the feature of negative changing stiffness e horizontal
vibration reduction of the vehicle seats.'” In the applicatiq ngineering,
Li et al. prototyped the first adaptive seismic isolator_fo nake mitigation of
building structures using MREs.!! In this design, structure with 47
layers of MRE sheets and 46 layers of stee pted. The experimental

results indicated that under the applied ma, rom 0 to 0.3 T, the increases
of the shear force, lateral stiffness, and dam f the device can be up to 45%,
38%, and 11.2%, respectively. The achie igher MR effect on MRE-based
isolator, Li et al. developed another a ive base isolator using soft MREs, which is
able to contribute to 1630% sti i se and 1480% force increase when the
device is supplied with the elect rents from 0 to 3 A.!? This amazing result
validated the potential an of development of intelligent base isolation
system using MRE isol
Although MREgi
bration contrg

s ignificantly promising in the field of structural vi-
ajo oria that affects their practical implementations is the
que dynamics with high nonlinearity and inherent hysteresis. To
isolator models have been reported in the literatures based on
e models gained via the conclusive method belongs to the
parametric models, including Kelvin—Voigt model, Bouc—Wen hysteresis-based
models, strain stiffening model, simplified hysteresis model, etc. Yang et al. adopted
the Kelvin—Voigt model to portray the nonlinear responses of a MRE isolator in the
mixed mode of shear and compression.’? To improve the Kelvin—Voigt model, Li
et al. developed a strain stiffening model for characterizing MRE isolator, consisting
of a standard three-parameter solid model and a modified Maxwell model connected
in parallel.'2 Based on the same device, Yang et al. utilized the classical Bouc—Wen
hysteresis-based model to illustrate the shear force response of the device, in which a
highly nonlinear differential equation is employed to express the hysteresis with
extravagant complexity.'* They also analyzed the effects of model parameters on the
shape of the hysteretic force-displacement loops. Behrooz et al. developed a modified
Bouc—Wen hysteresis model for MRE-based variable stiffness and damping isolator,

modeling of theix
date, several MR¥
various methods.
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in which a current dependent three-parameter solid model is combined with the
standard Bouc-Wen model.'> However, this improved model has a total of 14
parameters to be identified, which is hard to implement in practice. To avoid a large
number of parameters and differential equations in existing models, Yu et al. utilized
the hyperbolic sine function (HSF) to substitute for differential equations to depict
the hysteresis, making the model easy to be identified. However, the HSF is not able
to accurately describe the phenomenon of stiffness hardening when the device is
supplied with higher currents. In short, because of large number of parameters and
highly nonlinear differential equations, the correspondent models for demonstrating
inverse dynamics of MRE isolators are challenging to obtain. As a result, existing
parametric models of MRE isolators are difficult to emerge into present control
configurations.
On the other hand, the soft computing techniques contrib
of nonparametric models for MRE isolators, in which the %
[

estigated. The only model
N), which are used
ip between dependent and

e development

sed a nonlinear auto-regressive

tures of a MRE isolator in shear-
three-layer configuration, in whi
their historical values, and th cal force are used as inputs and the present
force is the network outp

ression mode. The proposed network has a
isplacement, velocity, command current and

tion in Ref. 1648 based on the fixed excitation frequency. However, in practice, the
loading frequencydis always changeable. Consequently, the performance of the pro-
posed NARX network to model the MRE isolator with variable excitation frequen-
cies should be further investigated. Furthermore, when the MRE isolators are used
for the protection of the civil structures, the measured information is unavoidably
polluted with environmental and measurement noises. If the captured noisy data is
directly used for the model training, the generalization ability of the obtained net-
work will be greatly affected. Although noise filters are effective tools to eliminate the
influences caused by noises, they are out of operation when the noises have the same
frequency range as the measurement signals. Accordingly, it is also significant to
investigate the influence of noises on the prediction capacity of the trained model.
In this paper, a hybrid modeling method is proposed to characterise the nonlinear
dynamics of MRE isolators. First of all, the dynamical performance of a prototype of
MRE isolator is evaluated under various loading conditions, including sinusoidal,
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random and seismic excitations, and different electricity current inputs. Then, based
on measured responses of the device and current levels applied to the device, an
ELM-based model is built to portray the complex input—output relationship of the
network, in which the network inputs are displacement, velocity and electricity
current at current and previous time instants, and previous force instants and the
network output is the current shear force. Since the over-fitting problem may occur
due to a large number of network inputs, it is preferable to logically select the
network inputs prior to the model training. In this work, a novel binary-coded cat
swarm optimization algorithm (BCDCSO) algorithm is proposed to optimize the
input subsets of the ELM. Then, the performance of this optimal ELM is evaluated
via the comparison between experimental data and network predictions. Moreover,
the noise disturbances are added to the applied current, which is uSed to assess the
robustness of the proposed model. The results show that the
optimized inputs and hidden neurons outperforms the an
(ELM) in terms of model accuracy.

2. Preliminaries

2.1. MRE isolator

enefits oth MR material and elastomer,
i.e. quick response, controllable and feversible mechanical property. Generally, the
MRE is made of three principle edi : elastomer matrix, polarized magnetic
particles, and silicon oils. When the is supplied with external magnetic field, its
ity modulus and damping, will be greatly
problems of poor stability, sedimentation, and
fluid. Because of this inherent feature, the MRE
ity in the field of vibration and shock mitigation of

As a novel smart material, MRE has

improved. It is able to
particle wearingexXisti
exhibits the l
mechanical or ¢
Based on the 3
developed by Li et al. using a traditional laminated configuration of rubber bear-
ing.1%12 To realize a high performance of MR effect, the soft MRE material was
employed in the design of the device. Fig. 1(a) shows the design schematic of the
MRE isolator while Fig. 1(b) is the corresponding photo of real-product. It is seen
from the figure that the device design is achieved via the replacement of conventional
rubbers with MRESs. The core part of the device is the formation of the laminated

frastructure.
vantages of the MRE material, a new adaptive isolator was

configuration via alternative vulcanization of MRE sheets and steel plates. There are
a total of 25 layers of MRE sheet and 26 layers of steel plate in the design with the
uniform 1 mm thickness. In the core, the steel plate provides the loading capacity to
the isolator in the vertical direction while the MRE sheet provides high horizontal
flexibility to the device. Besides, an electromagnetic coil is installed surrounding the
core with certain gap (allowing lateral deformation) to produce uniform magnetic
flux running through the MRE sheet. As a consequence, the stiffness property of the
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Top plate

Laminated
MRE and
steel layers

A

(a) (b)

Fig. 1. Structure of the MRE isolator (a) cross-sectional view and (b) realfobject photo.

of solenoid. The gap

between the coil and core offers the device with the_maxis ear deformation of
15 mm. The core and coil are incorporated with the hich is the outer layer
of the device. The core is fixed to both top, tes of the device while the

inimal axial loading capacity of
without the applied current.!?
oad carrying capacity will be in-

coil and steel yoke is fixed to the bottom
the device is 50 kg under maximal shear
With increase of the applied cur the
creased simultaneously. When theshear deformation is less than 15 mm, the axial
load carrying capacity of the de so be improved significantly. Because it is
the function of shear modulus ¢ aterial and the thickness of the cross-sectional
thickness, the axial loadi ¥ can be designed based on the practical appli-
cation requirement.

2.2. Extre arnin, achine

ELM is a kind%t single-hidden layer feed-forward network (SLFN). Compared with
traditional learning theories, ELM adopts the stochastic strategy to assign the input
weights and thresholds of the network and the regularization calculation to obtain
the network output weights.'”1® The network in such a model is still capable of
approximating any continuous system and simultaneously avoiding the adjustment
of all the network parameters. Accordingly, ELM has faster training speed, fewer
training error, and stronger generalization capacity than conventional neural
network. The basic principle of ELM can be summarized as follows.

Suppose that the SLFN has [ input neurons, m hidden neurons, and a linear
output neuron, shown in Fig. 2. The following equation can be used to depict the
relationship between network inputs and output:

Fol@) = > Lo, o), 1)
k=1

1840007-5
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o
X1 w
X2 2
y
Xi
ﬁ m

where oy, and 3;, denote the input weights
hidden layer, respectively; w;, denotes the
the hidden layer and output neuron; L(oy,
hidden layer using the stochastic pafameter v

In ELM, suppose that there i roup of training samples (x;, y;) (i =
1,2,..., M, M is the total numb ining samples) and the output model of
ELM can be represented using the ing equation:

Fm(ZIT (almﬁk’xi)? 1= 1,2,7M (2)
During the m ing@parameters w, «, and ( should satisfy the relationship as
follows:
Zka(amﬂka ;) = y; (3)
k=1
Equation (3) could be represented using the form of matrix:
Gw=Y, (4)
where G denotes the network output matrix in the hidden layer and
L(alaﬁlaml) L(amaﬁnwml)
L(alvﬁlaxZ) L(amaﬂmv-TQ)
L(alaﬁlaxM> L(am7ﬁm7xM)
w = [wy, W, ..., w,]T, Y denotes the model targets and Y = [y, ys, - - -, yas] -

1840007-6
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To calculate the unknown output vector w, an error function Err of ELM is first
defined as follows:

M
Err(w) = Z Y, — uil . (5)

The training objective of ELM is to search for the optimal vector w to guarantee
the minimum value of error between network outputs and real values of training
samples, and the corresponding optimization problem is provided as:

min Err(w) = min||Y — ||, = min||Gw — Y, (6)

ed values, respec-

where Y and Y denote the network outputs and practical meas
tively. In accordance with Ref. 17, when the activation function i

randomly assigned. Hence, it is unnecessary to adjust
matrix G is also constant during the network traini

network will approximate to the traiming samplés without any error for arbitrary a;,
idden layer is smaller than that of training

e to an arbitrarily small positive constant

and ;. If the neuron number in
samples, the training error will &
€. In this case, the matrix G is
satisfied with suitable

solution w is utilised t© S e for w in the linear system:
9 K e ¥

where G* is oore Penrose pseudo-inverse of G.

quare matrix and the linear system cannot be
. Accordingly, the smallest norm least square

2.3. Cat swarm optimization

CSO is a newly developed swarm optimization algorithm that simulates the food
hunting behavior of cats. Different from other homogeneous animals, the cat spends
most of its time on resting and observing the target, which can be defined as
searching behavior.!? After the cat detects the prey, it will rapidly move and chase it,
which can be depicted as tracking behavior. In CSO, two modes of operations are
mathematically demonstrated to deal with the complicated optimization problem.

2.3.1. Searching mode

In the searching mode, there are four elements that should be introduced first:

(1) Searching memory pool (SMP). SMP is defined as the size of searching memory
of each cat, which indicates the location point searched by each cat.

1840007-7
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(2) Change rate of selected dimensions (CRD). CRD is defined as the change rate of
selected area. In this mode, change range of each dimension is determined by CRD.

(3) Change number of dimensions (CND). CND is designed to indicate the number
of dimensions that will be mutated in future, the value of which is randomly
selected between 0 and maximum dimension.

(4) Self-location judgment (SLJ). SLJ is defined as the Boolean flag, which represents
whether the location of the cat moving to is one of the previous locations or not.

The procedure of search mode can be summarized as the following five steps:

Step 1. Duplicate np (np = SMP) copies of present location of each cat in SMP, i.e.
np is the size of SMP. If the flag of SLJ is true, set np = SMP —1 and
consider the current location of each cat as one of the can

Step 2. For each copy in SMP, randomly add or subtract CRD%

ates.

ent values as

Step 3. Calculate the fitness values of all the candidates.
Step 4. If all the fitness values of candidates are no @ etely same, evaluate the
e fo

9)

b =
where Fit; denotes the fit value of ith candidate and 0 <4 < np.
Fit, = Fit,,,, for the minimum opsimization problem and Fit, = Fit;, for the
maximum optimization else, assign the selection probability of

each candidate as 1.
Step 5. Adopt the roulettef
selection for th

od to select one candidate and substitute the
cation.

2.3.2. Trackin

g

a
& ‘ leveloped for simulating the cat in tracking the target. In this
of each cat is set according to the velocity of each dimension

Tracking mod:
mode, the moveme
and the optimal location explored by the cat swarm. The procedure of tracking mode
can be illustrated as follows:

Step 1. Update the velocity of each dimension using the following equation:

Vka = Upa + 71 C1 - (Topta — Tpg), d=1,2,..., Ny, (10)
where x4 is the optimal location of the cat swarm; z; ; denotes the loca-
tion of kth cat in dth dimension and N is the total number of the dimen-
sions; ¢; denote the constant; r; denotes a random number between 0 and 1.

Step 2. Check whether the current velocity is out of range. If so, assign the velocity
as the limitation value.
Step 3. Update the location of ith cat in dth dimension using the following equation:

Tpa = Thd T Vkd (11)

1840007-8



Fage riool

December 6, 2017 8:13:17pm WSPC/165-1JSSD 1840007 ISSN: 0219-4554

© 00 g O O s W N

AR R LW W W W W W W W W NN DN DNDNDNDNDNDNDLN e e e e e e
N P O © 00 3O Ui WNEFEF O O©WOOWNOUJUikx W HFHFOO© WO Ut ik whhH+—=OoO

Nonlinear Characterization of the MRE Isolator

2.3.3. Procedure of CSO

CSO combines the searching mode and tracking mode to solve the global optimi-
zation problem. First, a mixture probability (MP) is defined to determine the per-
centages of the cat swarm in both modes. Because the cats spend most of their time
on observing (searching mode) rather than capturing the food (tracking mode), the
MP is always set as a small value to satisfy the real situation. The detailed algorithm
procedure is provided as follows (also shown in Fig. 3):

Step 1. Generate N, cats in the swarm.
Step 2. N, cats are randomly placed into N -dimensional solution space and are
assigned with the random values in the velocity range. Then, according to

Randomly initialise N,,, cats as cat swarm g
assigned with random location and

Tracking mode operation

[ I
v

Calculate the fitness value of each cat. If the current optimal
solution is better than pervious one, update the optimal
solution

Satisfy stopping criterion?
Yes

Output the optimal solution

Fig. 3. Flowchart of CSO algorithm.

1840007-9



Fage riool

December 6, 2017 8:13:17pm WSPC/165-1JSSD 1840007 ISSN: 0219-4554

© 00 g O O s W N

AR R LW W W W W W W W W NN DN DNDNDNDNDNDNDLN e e e e e e
N P O © 00 3O Ui WNEFEF O O©WOOWNOUJUikx W HFHFOO© WO Ut ik whhH+—=OoO

Y. Yu et al.

the MP, part of cats will turn into the tracking model and the rest will be in
the searching mode.

Step 3. Calculate the fitness value of each cat and find out the optimal one. If the
current optimal location is better than previous ones, record it into the
memory. Otherwise, keep the previous optimal value.

Step 4. The cats move based on the value of their flags. If the cat is in the searching
mode, it will be applied to the searching mode procedure; if the cat is in the
tracking mode, it will be applied to the tracking mode procedure.

Step 5. Re-assign the cats into the tracking mode or searching mode.

Step 6. Evaluate the stopping criterion. If the stopping criterion is met, the algorithm

will be terminated. Or else, go to Step 3 and repeat Steps 3-5 until the
criterion is met. &
3. Proposed Method for Modeling MRE Isolator

0 a hybrid model to
oposed model, the

configuration should be determined @@uring t el training, before it is used to
predict the shear force of the MRE is r in application. Generally, the numbers of

ignificant parameters that are directly
y of the ELM. If the numbers of network
560 small, the training time is relatively short
but the trained network, i t to capture the effective information from the
samples, which mea theuétwork could not summarize the feature patterns of
if%he network input and hidden layer neuron are set to the
rom the long training time, the network may be heavily de-
pendent on someWmputs or hidden neurons, which will lead to the problem of over-
fitting and low gené
model should be optimized to realise the optimal performance. In this work, opti-

alization capacity. Accordingly, these parameters of the ELM

mizing the inputs and the neuron number in the hidden layer can be regarded as
solving a discrete optimization problem. The network input selection can be
expressed as the assignment of a binary string with the bit values of 0 and 1, and the
length of the string is consistent with the total number of the network inputs. If kth
(k=1,2,..., Nypy) input is selected by the optimization algorithm, the value of
corresponding bit will be set as 1. Or else, it will be set as 0. Apart from the network
inputs, the neuron number in the hidden layer is another important parameter that
should also be considered to be encoded in the string. As a result, in this work, the
location of the cat in CSO is defined as a binary string, shown in Fig. 4, in which
Ly is the bit length that is employed to encode all the possible inputs and Lyqqen

1840007-10
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Linpus Liidden

Fig. 4. Binary encoding scheme for the input and hidden layer neuron number of ELM.

denotes the bit length that is employed to encode the neuron number in the hidden
layer between minimal and maximal values, with the following relationship.

Lhidden = |—10g2 (N}?ilg()i(en - Nfllil(iir(lien)—'? (12)

where NJi2% and N2 denote the maximal and minimal valueg of neuron number

in the hidden layer, respectively; the symbol [-] denote the ceil fungtion that returns
the number value rounded to the smallest integer.
Furthermore, to solve this discrete optimization prob

ork, the stan-

dard CSO should be converted to the binary-cod ; (BCDCSO).
Compared with standard CSO, the BCDCSO sligh egin the searching mode
Because the values of cat locations in B 0, a binary mutation is

defined to show the variation of the presént location of the cat. Consequently, the
mutation operation probability (MOP) is stitute for the CRD in standard
CSO. In the searching mode, for €ach cop P, choose CND dimensions and
mutate them randomly in accord with MOP and substitute for the previous
ones. In the tracking mode of he velocity vy, 4, different from that in the
standard CSO, is defined as t . ion probability of the cat at each dimension.
And its mathematical ex;

0
v , Tpg=1
k,d k,d (13)

kd —

1 Y
Uk,da Zpg =0

where the v o denotes the probabilities of the bits that change from 1 to 0 and
the vector vj, otes the probabilities of the bits that change from 0 to 1. The
location of kth cat at dth dimension is updated as:

. o 07 T Z Sigm(ﬂk,d) (14)
kd 1, 1y <sigm(vy,)’
. _ 1
sigm(vy,q) = Tt e v’ (15)

where ry denotes the random numbers between 0 and 1; sigm denotes the sigmoid
function, the curve of which is shown in Fig. 5. It is shown that the value of the
function approximates to 1 with the higher velocity, and the function value is close to
0 when the velocity is assigned with a lower value.

Then, based on the BCDCSO and ELM, the proposed hybrid learning approach is
employed for the nonlinear characterization of the MRE isolator. Here, the Bayesian
Information Criterion (BIC) is adopted as the fitness function for the Pareto-based

1840007-11
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1.0

x

= 05|
el

IS

8o

>

0.0

OWSQOI

(16)

(17)

errors (MSE) between the experimental
fes the total number of data for model training;
F and F denote the ex ‘ esult and model prediction, respectively; p is an
exponent parametes, t is uSéd to provide different penalties to the model com-
plexity, and i @ is e than 1 for the nonlinear regression; A represents the
complexity of the mdodel structure, which is defined as the total parameter number of
input and hidden

ers. In this study, the designed ELM just has one output neuron,
so the value of \ cail be calculated as:

A= (1 + Ninput) : ]Vinput + Nhiddem (18)

where Ny, and Nyjqqen denote the neuron numbers in the input and hidden layers,
respectively. The function of BIC is to add the penalty to the model complexity so as
to get the parsimonious model. Since the fitness value is decreased during the al-
gorithm iteration, the optimal ELM model is selected corresponding to the cat with
lowest fitness value.

4. Dynamical Performance and Network Model Identification of MRE
Base Isolator

To characterize the dynamic performance of the MRE isolator, several groups
of experimental testing are conducted in the laboratory under various loading

1840007-12
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act on the dynamic
| for the testing of the

vibration table. The displacement

acement responses of the device. A
force sensor, connected with the f the isolator, is used to measure the force

e loyed to energize the magnetic coils of the
@ tricity currents from 0 A to 3 A with the
ith®%PD A Q) system is used to record both loading and

the vibration system, is used to o

device, which is able to offer
increment of 1 A. A des
response signals.
To fully postma e n ear dynamics of the MRE isolator, three types of
C @ ATe sidered in this study: sinusoid loading, random loading,
lading. For the sinusoid loading, the loading amplitude ranges from
2mm to 8 mm with the frequency of [1, 4] Hz. For the random loading, the maximal
amplitude is set as’> mm and the varied loading frequency is in the range of [1, 20] Hz.

For the seismic loading, El-Centro earthquake records are used as excitation inputs

and seismic

to drive the device. In this earthquake, the N-S component recorded at the Imperial
Valley Irrigation District substation in El-Centro, California, during the earthquake
on May 19, 1940. To avoid the deformation of the isolator under critical level, the
seismic inputs are scaled with the maximal amplitude of 4 mm. The sampling rate is
set as 256 Hz. To guarantee the stable performance of the device, more than two
cycles of responses will be captured for each loading condition. Table 1 summarizes
the testing conditions for the MRE isolator.

The overall structure for model identification of the MRE isolator is shown in
Fig. 7. As mentioned in the previous section, the current and previous displacement
and velocity responses, present current level and previous force responses are sug-
gested as the network inputs while the generated shear force is selected as the
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Table 1. Summary of testing conditions (C: Case).
Loading condition
Sin
1Hz 2Hz 4Hz

Cur 2mm 4mm 8mm 2mm 4mm 8mm 2mm 4mm 8mm Ran Sei
0A C1 Ch (OR] c13 C17 C21 C 25 c29 €33 C37 C41
1A C2 C6 c1i0 C14 C18 C22 (C26 C30 C3¢4 C38 (C42
2A C3 crT C11 cl C19 €23 C21 C31 Cc3 C39 C43
3A C4 C8 C12 Cc16 C20 C24 C28 (C32 C36 C40 C44

x(

Displacement / mm

Note: Cur (Current), Sin (Sinusoid), Ran (Random), Sei (Seismic).

1) >
W(0) Device (MRE
isolator)
1)
Fig. 7. ation, scheme of the BCDCSO-ELM model for the MRE isolator.
°r i 100
or :
3 i & i
#0008
S A i ;
0 i < 0 : :
z skl
g : (1
3F G i B
> S0 §0 R
oF il
ol -100
1 1 1 1 1 1 1 1
0 1000 2000 3000 4000 0 1000 2000 3000 4000
Data points Data points
(a) (b)

Fig. 8. Example of training data: (a) displacement, (b) velocity, (¢) current, and (d) shear force.
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Fig. 8. (Continued)

to fwo groups: one group
data from Cases 1 to 24 are used as traifiing samplesgho set up the MRE isolator
model; the other group of data from Cases 25 to 44 @re used as the validation samples
to test the performance of the trained mod i

gire 8 gives the example of training
data of displacement, velocity, cu and shear force of the MRE isolator.

5. Results and Discussion:

of BCDCSO is given as: swam size (cat population)
tion number N;; = 400, searching memory pool smp = 5,

complexity parameter p = 2, as suggested in 20. To effectively decrease the influence
of multi-dimensional network input on model accuracy, a normalization operation
is conducted on all the experimental data. The equation for data normalization is
given as:

@(Z) = [y(l) - ymin}/[yma,x - ymin]7 (19)

where Y.« and y,;, denote the maximal and minimal values in the experimental
data, and y denotes the normalized result. After this operation, all the elements in
the input vector will be scaled in the range of [0, 1]. Next, the training samples (Cases
1-24) are inputted into the ELM for optimizing the network parameters via
the BCDCSO algorithm. In addition to the network inputs illustrated in the Sec. 3,
the scope of the neuron number in the hidden layer should be determined before the
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network optimization. According to Ref. 21, the scale of optimal hidden layer neuron
number can be calculated as follows:

Nhidden = ]Vinput + Noutput =+ Cv (20)

where Ny, and Ny, denote network input and output numbers, respectively. In
this study, the value of IV, is its maximal possible number, i.e. Ny, = 9. Cis a
constant in the range of [0, 9]. Hence, the scale for optimal hidden layer neuron
number is [4, 12].

The optimal network parameters are gained through the minimization of the
fitness function. The corresponding results are shown in Fig. 9. It is noticeable that
when the input number is small, the BIC error is around 9. Then, the BIC has an
obvious decrease with the adding input number. When the input nwmber exceeds a
specific value (6), the value of BIC tends to be stable and the ch ot apparent.
Similarly, after the neuron number in the hidden layer a t 103the network
has the optimal BIC. This optimal design contributes th ase@ model with
six inputs and 10 hidden neurons with the BIC of 4.76 ] inputs are current
and previous displacement responses z(t) a — ious’velocity responses
v(t — 1) and v(t — 2), current electricity curgent level 8nd previous force response
F(t — 1), respectively.

Then, based on the optimal model€onfigurati e samples from Cases 25 to 44
are employed to make up the vali n set to evaluate the performance of the
trained model. Figures 10 and 11ge the capacity of the proposed model to
predict the hysteresis characteri:
performance to portray the e

demonstrates the model pd @
of the device. It can Seryve

@ e device, in which Fig. 10 shows the model
dependent property of the device and Fig. 11

9 e 9 e . * .
* *
8 8
* . . .
r 3 TF .
2 S
/M [2a}
. .
6 ‘ * 6 * ‘
* .
. .
5 ‘ ‘ 5 iy ¢ : ¢
L . L
¢ § $ $ . . * $ ; $ *
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
1 2 3 4 5 6 7 8 9 4 5 6 7 8 9 10 11 12
Neuron number in input layer Neuron number in hidden layer

(a) (b)

Fig. 9. BIC values of trained network with different parameters: (a) input number and (b) hidden layer
neuron number.
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Fig. 10. Response comparison with different applied current levels: (a
(b) force-velocity response (Exp: experimental; Sim: simulated).

300 Exp-2mm—— Sim-2mm 300
Exp-4mm—— Sim-4mm
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200

Force /N
Force /N
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-300

-200 -100 0 100 200
Velocity / (mm/s)

(b)

Fig. 11. Response comparison with different excitation amplitudes: (a) force-displacement response and
(b) force-velocity response (Exp: experimental; Sim: simulated).

current, the effective stiffness of the isolator will be increased simultaneously, which
is represented by the slope of the force-displacement loop. This phenomenon makes
the MRE isolator more adaptive to be applied in the base isolation system via the
change of the stiffness property. The good match between experimental results and
model predictions validates the effectiveness of the proposed model to characterize
this feature. On the other hand, different from current-dependent property in
Figs. 10 and 11 shows that the stiffness of the device has a slight deterioration with
the increase of the loading amplitude from 2 mm to 8 mm. This phenomenon is also
called Murphy’s effect. The comparison results in Fig. 11 effectively demonstrate the
capacity of the proposed model to predict this characteristic.
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Fig. 12. Response comparison wi domiexcitation and different applied currents.

Figures 12 and 13 displa
model outputs when thefl
and supplied wi electricity currents. The results in both figures show
that the prop @ capable of providing good performance to adapt the
changeable loading'frequency. Even though some obvious deviations (circled in the
figure) appear at thgpeak areas, the model well forecasts the changeable tendency of
the shear force, which indicates the promising application of the BCDCSO-ELM
model in the development of the semi-active controller of the device.

To further elaborate the effectiveness of BCDCSO to improve the performance of
the ELM model, a comparative study is conducted based on same training and
validation samples. The correlation coefficient C' between the experimental results
and network outputs is employed as the evaluation index. The mathematical ex-

elcomparison results between experimental data and
3 olator is driven by random and seismic excitations

pression of the correlation coefficient is shown as follows?2:
o e [F() = Fu(i)]) - [F() — F(0)
VIR FG) = B S0 1) — Fa()]?

where N, denotes the total number of testing samples; F,, and Fm denote the mean
values of experimental results and corresponding network outputs, respectively. The

: (21)
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Fig. 13. Response comparison with seismic excitation and different app currents.
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ysiSibetween validation samples and network outputs: (a) BCDCSO-ELM and

correlation coefficient is a good indicator to represent the fitting degree between two
sets of data sequences. Generally, a high correlation coefficient indicates good
agreement of two sequences. Figure 14 compares the correlation coefficients between
the experimental results and outputs from two models: BCDCSO optimized ELM
and standard ELM. It can be concluded from the figure that the values of the cor-
relation coefficients are 0.9938 and 0.9760 for BCDCSO-ELM and ELM, respec-
tively. Thus, the optimized ELM has better generalization ability than the ELM
without optimization in terms of nonlinear characterization of the MRE isolator. The
superiority of BCDCSO-ELM over ELM is further verified.

As all we known, in practice the measured responses are inevitably contaminated
with background noises. On this occasion, it is definitely necessary to assess the
robustness of the proposed BCDCSO-ELM model under external noise influence. In
this case, the white Gaussian noise is employed to be added into the current signals
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for the simulation of noisy data measurements. In this work, the effect of three
different levels of noise on the performance of the trained BCDCSO-ELM model is
investigated. In the meantime, a comparative study between the BCDCSO-ELM
model and standard ELM model is conducted to illustrate the noise resist char-
acteristics of the proposed model.

Figure 15, respectively, gives the noisy current signals with three types of signal
to noise (S/N) ratios, i.e. 100, 50 and 20 dB. The MSEs between noisy signals and
the signals without noises are 3.6e-10, 3.5e-5, and 0.0111, respectively. Figures 16—18
provide the correlation results between the BCDCSO-ELM model and standard
model, which are used to indicate the effect of measurement noise on the robustness
of the model. From the results, it is clearly observed that the noise,disturbance has
little impact on the generalization ability of the BCDCSO-ELM modgl, which is able
to maintain the high performance (C' = 0.9702) even if the not can arrive at

vulnerable
ts have an
1 consequence, it is

3=
2
<
~
=
)
=
O
0
| | |
0 10000 15000 20000
Data points
(a)
3=
2+
<
~
=
=
(3]
E
= 1
O
0
| | | |
0 5000 10000 15000 20000
Data points

(b)

Fig. 15. Applied currents with different ratios of white Gaussian noise: (a) 100 dB, (b) 50 dB and (c¢) 20 dB.
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Fig. 17. Correlation analysis between validation samples and network outputs with 50 dB S/N ratio white
Gaussian noises: (a) BCDCSO-ELM and (b) ELM.
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Fig. 18. Correlation analysis between validation samples and network o S dB S/N white
Gaussian noises: (a) BCDCSO-ELM and (b) ELM. Q
summarized that the BCDCSO-ELM model isseapa @ roviding not only good

ess, which well satisfies the

generalization performance but also outstadding rob
requirements in the practical applications.

6. Conclusions

odel to characterize the nonlinear dy-
smart device used in the civil structures for

This paper presents a novel ELM-bas
namics of the MRE isolator, an aj %
the mitigation of hazard vil Em 1) ponses. To achieve the optimal generalization

capacity of the proposed improved CSO algorithm is employed to select
the best network i A giron number in the hidden layer. The performance of
aluated based on the displacement, velocity, shear force,
esponses captured from a prototype of the MRE isolator. The
results show that the ELM with six input neurons and 10 hidden neurons has the best
fitness values (BIC) for modeling the MRE isolator, which is superior to the standard
ELM without optimal parameters in terms of the correlation coefficients between
experimental results and model predictions. Finally, the robustness of the proposed
model is also investigated via evaluating the effect of noisy current signals on
the model accuracy. The analysis results show that the proposed model has strong
noise-abatement property, which is able to improve the control effects of existing
MRE-based isolation systems with noise disturbance.
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