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Abstract— Adaptive neuro fuzzy inference system (ANFIS)
and Genetic algorithm (GA) was proposed in this study to
reduce dynamic responses of a seismically excited building.
A multi-abjective genetic algorithm (MOGA) was used to
optimize the ANFIS+ GA controller. Two MR dampers were
used as multiple control devices and a scaled five-story
building model was selected as an example structure. A
fuzzy control algorithm was compared with the proposed
ANFIS and ANFIS+ GA controller.

Adaptive neuro-fuzzy inference system (ANFIS) and Ganetic
algorithm with several outputs was proposed. In case study,
after numerical simulation, it has been verified that the
ANFIS control algorithm can present better control
performance compared to the fuzzy control algorithm in
reducing both displacement and accel eration responses.
Keywords—Adaptive Neuro Fuzzy Inference System
(ANFIS), Earthquake loads, Vibration control, Multi
objective optimization using MOGA, Ganetic algorith
(GA).

[. INTRODUCTION

Although significant studies have been conducteteaent
years toward development and application of ser@c
control schemes for vibration control of buildingustures

in seismic zones, the application of intelligennirollers,
including ANFIS controllers, has not been addressed
extensively. As an alternative to classical contiaory,
ANFIS controller allows the resolution of imprecise
uncertain information. Because of the inherent sthess
and ability to handle nonlinearities and uncertast
Although ANFIS controller has been used to contzol
number of structural systems, selection of accépthlzzy
membership functions has been subjective and time-
consuming. To overcome this difficulty, a multi-ebjive
genetic algorithm (MOGA) was used to optimize fuzzy
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rules and membership functions of ANFIS controllr.
order to compare the control efficiency of the mregd
MOGA-optimized ANFIS controller, a fuzzy control
algorithm was considered as the baseline in thidyst

A neuro-fuzzy system is based on an inference syste
formed by a training algorithm derived from the radu
theory. There exists several approaches to integudficial
neuron systems and the fuzzy logic, and very often
choice depends on the application. Jang and Stodinted
the adaptive network-based fuzzy inference syst®NRIS.
ANFIS was later extended to generalize ANHIB the
modeling of a multivariable system. The proposedFiN

is used to obtain peak or maximum responce of three
functions i.e. displacement, drift and acceleratimrt our
study is concentrated to only two parameters i.e
displacement and acceleration.

II. ANFISCONTROLLER
2.1 Adaptive Neuro-fuzzy I nference System
ANFIS is a neuro-fuzzy system whose structure msusti-
layer ANN see fig.4. It consists of three majortpare. IF-
part, Rules + Norm-part and THEN-part for rule @mesing.
It embeds fuzzy rules with the ANN and use a back-
propagation-like algorithm to fine-tune the paraenstof
single-output, Sugeno-type fuzzy inference systdie
learning algorithm combines least-squares and back-
propagation (BP) gradient descent methods. Thisiosec
introduces the basics of ANFIS network architectamd its
hybrid learning rule.
Adaptive Neuro-Fuzzy Inference System is a feedvdod
adaptive neural network which implies a fuzzy iefere
system through its structure and neurons. Jangomeasof
the first to introduce ANFIS[Jang et all (1993)k Ireported
that the ANFIS architecture can be employed to rhode
nonlinear functions, identify nonlinear componeatsline
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in a control system, and predict a chaotic timéeserlt is €
hybrid neurofuzzy technique that ings learning
capabilities of neural networks to fuzzy inferersystems
The learning algorithm tunes the membership funstiof a
Sugenotype Fuzzy Inference System using the trair
input-output data. For a first order Sugeno type of hdse
with two inputs x, y and one output, the structure of A8
is shown in Fig.1

As we have already seen, fuzzy systems preseritylari
problems to a developer:

. Rules:-The ifthen rules have to be determir
somehow. This is usually done by ‘knowlec
acquisiton’ from an expert. It is a time consumi
process that is fraught with proble:

. Membership functions& fuzzy set is fully
determined by its membership function. This
to be determined. If it's Gaussian then what
the parameters?

The ANFIS appoach learns the rules and member:
functions from data.

ANFIS is anadaptive network. An adaptive network i
network of nodes and directional links. Associatstth the
network is a learning rulefor example back propagatiol
It's called adaptivebecause some, or all, of the nodes t
parameters which affect the output of the node.esé
networks are learning a relationship between inprtd
outputs.

An adaptive network covers a number of differ
approaches but for our purposes we will inigate in some
detail the method proposed by Jang known as Al

The ANFIS architecture is shown below. The circi
nodes represent nodes that are fixed whereas thare
nodes are nodes that have parameters to be

A Two Rule Sugeno ANFIS has ad of the forn

If xisA andyisB THENf, =px+qy+r,

If xisA andyisB, THENf, =p,x+q,y+r,

For the training of the network, there is a forwpess and
backward pass. We now look at each layer in torrte
forward pass. The forward pass propagates the irgmior
through the niavork layer by layer. In the backward pe
the error is sent back through the network in ailair

manner to back-propagation.
Layer 1: The output of each node is:

01,1‘ = HAI(X) fOT' S R, (1)
01, = g, (¥) fori=34 .o (2)

So, theOLi (X) is essentially the membership grade X
andy.
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The memberspi functions could be anything but 1
illustration purposes we will use the bell shapadction
given by:
1
X—6
a;

ua(x) = |2bi SO <))

1+|

Where & ,b.,C, are parameters to be learnt. These ar:

premise parameters.
Layer 2: Every node in this layer is fixed. This is where
t-norm is used to ‘AND’ th\ membership grades - for
example the product:

02 = w; = pg, (g, (y), i=12 i (d)
Layer 3: Layer 3 contains fixed nod which calculate the

ratio of the firing strengths of the rul
Wi
3,0 wi w, +W2 ( )
Layer 4: The nodes in this layer are adaptive and peri

the consequent of the rul
O =Wifi =W(pix + @iy +77) v vv e e e (6)
The parameters in this layer D;,(;,[;) are to be

determined and are referred to as the conset
parameters.

Layer 5: There is a single node here that computes
overall output:

051 = Wify = Zzwwf e (7)

13
This then is how, typically, the input vector igifthrough
the network layer by layer. We now consider how
ANFIS learns the premise and consequent paramfie
the membership functions and rules.

art

Rules + Norm part

IF-p
s = THEN-part
‘--...H -
Fey

N TR

Wy

'/ Laper2 Layer3 Layerd

Fig.1: Sructure of ANFIS

\/\

2.1.1 Operation of training

The MISO-ANFIS training paradigm uses a gradi
descent algorithm to optimize the antecedent patens)
and a least squares algorithm to solve for the expunsnt
parameters. The consent parameters are updated first
using a least squares algorithm, and the antec
parameters are then updated by l-propagating the errors
that still exist.
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2.1.2 The back-propagation of the gradient

In the stage of bacgropagation, the signal of or is back
propagated and local parameters are updated hyetisod
of gradient descent. For the neduzzy system to an alor

outputy, we have:
p Oajj
(13)
h: the training rate fora,
p : number of data of x (o),
The following rule is used to calculate partial idatives,
employed to update of the parameters of membe

functiong. (Zhenminget al. 2001).
JE _ 0E 9y 0y; 0w; 0g

o 14)
E=>(y=ya)
E: the quadratic cost function,
ANFIS system forthree outputs as shown by Fi
possesses similar entry weights to these of ANRk$em
for an alone output (therefore similar local parters (g
b, ¢, d). The difference resides in consequent parame
For MISO-ANFIS of singleoutputs, each output posses
these clean consequent parametersdqpr;fory., p’, q’,
r; for y, and g’ , q” , r’; for y). To make the loce
parameter correction, MISO-ANFIS sfngle outputs uses
the sum of the gradient of the two errors of the bumtputs

€1= Ya— Y1, & =Yb — Yo, &=Yc — Yz

Such that

- _h (0B  0E, , 0Fs
ay(t+1) = ay(t+1) =~ (aaij o 6aij) (15)
Where:
OE B g o OFg o
Fja_,.j_-frr” Eia_.-,-_ffe'ﬂ aﬂu__ftcu_i

2.2 Application of ANFIS systems
To show the eftiency of the proposed ANFIlwe consider
the approximation of the three follovgriunctions

Yai= 2"sinf 3%x) (16)

Y= 2¥stef- 3%x); 17)

Yar=. 2% cas{ 3%%); (18)

The precisin of ANFIS increases with thnumber of
weight of inputs. For ANFIS of threeutputs, it concern
three errors of estimation (fgs; , Yo andygs ). To make the
approximation of these three fuimms, we have used

ANFIS of three weights in the paut (in first layer). Ther
and so as to have bestsudis of approximation, we ha
used a ANFIS withsix weights in the input. Thewe have
made the emparison of the results of tlapproximation for
the two ANFIS systemd.ocal paramete are initialed to
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small values thatwe have chosen tcaccelerate the
convergence. Theype of membeship function of ANFIS
that wehave used is the trapezoidal funct

2.2.1 Scaled Building M odél

In order to develop an ISO semi-active ANFIS for
effective control of multiple MR dampers, a-story
example bilding structure shown in Fig. is employed.
This example structure is developed based on &&c¢-
story shear building modesed in the literature. As shown
in this figure2 two MR dampers are iidly connected to
the first floor and the second floor of the struet
respectively.

Ml > i} ~..o.my i
| :
-'IT_'I o5 ks |
M K

{ b -
i i
|-IT_ v b =5 a—’g
| I
L Az e E-E i E
| MR dgmpar] !
ZIE ke 3 .
=t AomEhanpai
| b ! E I ko of i - WA A NPT
A
'_Ia_m_s'u:-a
Hechmcal ey '\:'.m'-l'h narg2
[t QCHEITENRAICS | Wubdobimdive
oF Wit durger 1 =X Funs v Ahywiillin i
PES TP

Fig.2: 5-story example building model

The first five natural frequencies che example structure
model are 4.12, 1172 17.74, 23.02 and 26.31 Hz,
respectively. In this stugdyhe modified Bou-Wen model [

] is used to describe how the damping force isedl#o the
velocity and applied command voltage. The meché
model for the MR damper based on the E-Wen
hyseresis model is shown in Fig.. The detailed
desciption and the parameter values of the MR dan
model are presented in Dylet al.’'s work [ ]. This MR
damper model has a nimum generated force of about
1600 N depending on the relative velocity across e
damperwith a saturation voltage of 2. V. In numerical
analysis, the model of the exam structure is subjected to
the SEcomponent of the 199Gadha Jabalpur earthquake.
Because the system under consideration is a soabei,
the earthquake has been reproduced at five time:
recoded rate

Genetic Algorithm (GA)

The algorithm begins with a set of solutions (chosomes’
that are called the population. Solutions from
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population are reproduced to create a new genaratithe
population. Mutations occur randomly in each popoia
ANFIS is applied for optimization of the premise
parameters (input membership functions) and the
consequent parameters (output membership functi®a),
algorithm will search for the best ANFIS configuoat
based on minimizing the least mean square errovdmsst
the expected and real output of the network. Theo$e
possible input membership function is {trimf, trajpm
gbellmf, gaussmf}, output membership function is
{constant (z=@, linear (z=pX+q;Y+r)}, the number of
membership functions for each input is in rangenfdto 6.
Two groups of randomly selected chromosomes are
generated and the chromosome with the best fitness
function is picked up from each group. Then these t
chromosomes with the offspring produced by crossove
operator are sent to next generation. This processnues

to fill the next generation completely.

Since the aim of GA is to optimize the membership
functions of a predetermined ANFIS structure tochethe
lower error; the fitness function is defined as iimeersion

of the model's MSE (mean square error) betweerd#te
and the model output. Thus trying to upraise theefis
value of the model, GA searches for better paramdte
reduce the model error.

M. THE OPTIMIZATION OF ANFISBASED ON

GA
Traditional genetic algorithm has some inevitabédedts,
for example, the local optimum solution that proglicoo
early can be concentrated and miss the global optim
solution. This paper introduced immune operatorcihis
obtained from immune choice. Immune choice computes
the individual density of some group. Through pagioh
Refreshing based on density and sufficiency tesg t
individual better than the parent generation isseimointo
the next group. Traditional algorithm chromosome is
monolayer and is easily subjected to following defe¢he
probability of actual intercrossing and variatioh short
gene in chromosome is too low if the code of chreomoe
is long.
IF-part

Rule-Norm-part THEN-part

Layerl Layer2 Layar?

Gene unit ANFIS-GAunit ensticunit

Fig.3: Chromosome structure
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This paper proposed a chromosome structure witeethr
layers as shown in Fig.3. The first layer is gené with
Rules-Norm-part of Structure to represent the nunidfe
layer Rules-Norm-part in pre-feed backed genetievaek.
The second layer is ANFIS+GA unit to represent the
number of neure under a Rules-Norm-part. The ge et

of third layer used decimal code to representhatishold of
upper neuron.

V. CASE STUDY

A numerical model of the 5-story example building
structure with two MR dampers is implemented in
SIMULINK and MATLAB. Using this numerical model,
time history analyses of 15 seconds with a time sie
0.005 sec are performed in order to investigatectiverol
performance of MR dampers controlled by the MOGA
optimized MISO ANFIS. The MOGA based optimizatien i
performed with the population size of 100 indivitfuaAn
upper limit on the number of generations is spedifio be
1000. As the number of generations increases, ohéra
performance of the elite (i.e. non-dominated) idlnals is
improved. After optimization run, a set of optinsalutions
is obtained. Optimization results show that twoeghye
function values of every solution in optimal recane less
than 1. It means that the MOGA optimized MISO-AN§&IS
can provide better control performance in reduchugh
displacement and acceleration responses comparéue to
MIMO fuzzy controller.
Consequently, one controller, that can approgyiatentrol
both displacement and acceleration responses, Bes b
selected among the optimal ANFISs. The values af tw
objectives of the selected ANFIS are both 0.75ianteans
that the selected MIMO ANFIS can reduce both thakpe
5th floor displacement and acceleration respongea5po,
compared to the MIMO fuzzy controller. The peak
responses of the MIMO ANFIS, MIMO FLC controllenca
uncontrolled case for the five floors of the seismxcited
example building structure are compared in Table 1.

Table.1: Comparison of peak story responses.

St Displacement Acceleration
or (cm) (cm/sec?)
y Un | fu AN ANFI Uncont | fu | AN | ANFI
co | zz | FIS | S+tGA rolled zz | FI S+GA
nt y y S
rol
led
1 ]1]03]0 | o011 0.1 6206 | 57 | 294 | 2705
40 | 10 5 0. 8
3
2 |06 0 | 018 0.17 7121 | 38| 338 | 3003
01 | 19 1 7. 9
8 5
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3 |07]o0 |025] 023 | 5123 | 40| 251 | 1615
54 | 27| o 1| 6
3 2
4 oo o [o027] o025 | 5888 [ 34271 | 2051
0 |34]| 2 2| 8
5 6
5 o9 o [o28| 026 | 9047 |30 208] 1976
70| 37| 8 8| 5
6 7

The peak displacement of the 5th floor of the utdied
case is 0.970 cm. On the other hand, the peakadispient
of the 5th floor of the MIMO ANFIS is 0.288 cm, vahi is
only 29 % of the uncontrolled case. The peak acattm
of the 5th floor of the MIMO ANFIS is reduced by 74
compared to the uncontrolled case.

In the elastoplastic analysis of the structure wMiR
dampers, the frame structure is simulated by thiedar
stiffness degeneration model. The stiffness of embr
changes in the fold line path during the earthqudkee
model structure parameters are the mass vector

m = [3.25 304 288 2.78 2.66] x 104 kg, the initial stiffness
vector

k = [1.82 250 250 2.50 2.50] x 107 N m-1, the story
height

h =[4 35 35 3.5 3.5] m, the inter-story cracking drifts

Ac = [6.3 49 4.2 3.87 3.75] mm, the inter-story yielding
drifts

Ay =[218189 172 14.5 11.8] mm.

In this example, the model of the structure is sci@d to
the south east component of the 1997 Gadha Jabalpur
earthquake with 355 gal acceleration amplitude, trel
sampling time is 0.025 s, i.e. the delay time. \Weaioped

a MATLAB program for the MOGA optimized MIMO-
ANFIS control and elastoplastic analysis of theucture
with MR dampers.

100
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Fig.4: Response comparison of controlled and uncontrolled
structure using MOGA optimized ANFIS+GA.
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Fig.5: The maximum responses comparison of each floor.

The top-floor displacement and acceleration respera
the structure with the MR damper are compared thitise

of the structure without the MR damper, as showfigare

4. Both the displacement and the acceleration resgmof
the controlled structure with the MR damper areuced
effectively. The maximum displacement of the uncolied
structure is 0.970 cm, while the maximum displaceinod
the MIMO fuzzy controlled structure is 0.376 cm aod
proposed MIMO-ANFIS controlled structure is 0.28& c
for fifth storey. The displacement response is ceduby
29%. The maximum acceleration of the uncontrolled
structure is 6.86 m§ while the maximum acceleration of
the controlled structure is 904.7 cif for fifth storey. The
peak acceleration of the 5th floor of the MIMO ANB-is
reduced by 71 % compared to the uncontrolled dasan
also be shown that the displacement responsesduoead
more effectively than the acceleration responsbis i§ due

to the fact that control forces produced by MR darspare
equivalent to increasing stiffness and dampingroicsures:
both are beneficial to decreasing displacementoresgs,
while increasing of stiffness will possibly increas
acceleration responses. Figure 5 compares maximum
displacement and maximum acceleration for the
uncontrolled structure, the MIMO fuzzy controlledusture
and the MIMO-ANFIS controlled structure. Both the
displacement and the acceleration responses areeawd
effectively when MR dampers are used. At the same, it
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can be clearly seen that the MIMO-ANFIS method can
reduce the dynamic responses of the structure more
effectively than the uncontrolled structure, esalégifor the
acceleration responses. Increasing the controkfobtindly

is equal to increasing the stiffness and the dagpinthe
structure blindly, which will lead to increase betdynamic
responses, especially for acceleration responses.

V. CONCLUSIONS
This study investigates the control performance tloé
MIMO ANFIS optimized by an MOGA for control of a 5-
story building subjected to earthquake. For consoari
purpose, a MIMO fuzzy control algorithm is consietras
the baseline. Based on numerical simulations,ritmseen
that the MOGA-optimized MIMO ANFIS+GA can
effectively reduce both displacement and accelanati
responses of the building structure by 30% comptodate
MIMO fuzzy control algorithm. After single optimitian
run using MATLAB Software, an engineer can simply
select another ANFIS that satisfies the desirefbpmance
requirements from among a number of optimal sohstidt
would be important characteristics of the MOGA lohse
optimization compared to other optimization methods
In a numerical example, a five-storey smart stmectuith a
MR damper in the first floor is analyzed. Some dosions
can be drawn from the analysis.
(1) The MR damper is a kind of smart damper, anchit
reduce the responses of structures effectively.
(2) The MOGA-optimized MIMO ANFIS real-time control
method solves the problem of time delay. The respsrmof
the structure with MR dampers by proposed methad ar
smaller than those by the MIMO fuzzy method, esgbci
for the acceleration responses.
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