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Abstract: After the occurrence of an earthquake, the issues such as making decision promptly on building 
safety, making possibility to keep on utilizing from a building, locating the ruined place and the rate of the 
destruction is crucial. Today a new technique is the application of evolutionary artificial neural network 
models based on artificial intelligence, which is widely used in various scientific fields, especially in 
structure and earthquake engineering. In this article, a wall concrete frame with 4-stories and 4-bays, is 
studied in nonlinear dynamic analysis by software IDARC2D (ver.6.0) for 30 records of 0.1g to 1.5 g 
acceleration and the rate of total damage of the frame in each records and each accelerations are calculated, 
then the rate of damage are determined by using evolutionary artificial neural network models. To 
determine the number of effective lag times and input data of earthquake in the artificial neural network 
model, it is used Cross-Correlation of time series. Using genetic algorithm, the structure of the artificial 
neural network model were optimized in terms of cases such as number of layers and number of nodes
through the hidden layer, type of transfer function and the learning algorithm of the network. All stages of 
training, validity and testing models were conducted by using NeuroSolutions Software. The results 
indicated that the number of effective lag times and input data were determined by applying Cross-
Correlation method. Additionally, comparing outputs of MLP (MultiLayer perceptron) model as the best 
nonlinear regression model with the values of damage indicator for Park-Ang, it can be concluded that
MLP model has more suitable abilities, accuracy and flexibility, than others.
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INTRODUCTION

Concrete buildings can be generally damaged due 
to different factors such as improper executive
management and maintenance, excess-extra loading,
exposure   to   chemical  agents-elements-conditions
and atmospheric factors-elements-conditions and
tremendous loading like an earthquake. Amo ng these 
factors, an earthquake is the most destructive and its 
damaging-devastating  mechanism  is  different  from 
the  other  mentioned  factors. Because an earthquake 
can  damage  structures  during  a  very  short time 
(during  a  few  seconds), it required special attention. 
In recent years, to identify the rate of damages, the 
interest in the application of evolutionary artificial
neural networks has rapidly grown more than before, 
because identifying the rate of destruction essentially 
has in essence a pattern and the evolutionary artificial 
neural networks are powerful tool in this regard.

Besides, by entering imprecise data and information, 
the evolutionary artificial neural networks do not
involve disturbance and confusion. To detect the rate of 
damage  in  a  steel  frame with 5 stories and to 
determine its dynamic nature, Huwang et al. applied
recurrent propagation neural networks, hereby, they 
applied acceleration responses of a structure and the 
input of an earthquake stimuli-seismic focuse to
organize the network, as well as by comparing a
structure  responses  against  a  severe  earthquake  and 
a weak earthquake, they specified the rate of
destruction in the structure. Cheng Wu Cheng applied 
artificial neural networks to model and control the
nonlinear  systems  used  in  structures[1]. On the other 
hand, Akira Mita & Yuyin Qian tried to determine an 
damage indicator for concrete buildings by using
artificial neural networks; they also used parameters 
such  as  displacement, velocity and acceleration as 
input parameters[2].
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The main purpose of this research is to study the 
ability of evolutionary artificial neural networks in
simulating proper patterns and to determine the rate of 
damage in concrete wall frame of wall type-bending
type with 4-stories and 4-bays. For this purpose, by 
applying time series techniques, lag times in
acceleration of earthquake input are determined, thus 
the obtained results are used as input parameters; 
ultimately the optimized structure of models such as 
MLP, FF (FeedForward) and RBF (Radial Basic
Function) is specified by using genetic algorithm
technique. Moreover, to validate the best model in the 
artificial neural networks, the best model is compared 
with the nonlinear regression.

THE DAMAGE INDICATOR FOR PARK-ANG

One of the most valid methods suggested for
calculating the quantity of damages in concrete
buildings has been a model known as Park-Ang (1984). 
In this model, it was considered Seismic damage in a 
building as a linear combination of destruction due to 
deformation of each member and the effects of repeated 
loading, as it is shown in equation (1):[3]

mD dE
h.Pu u y

δ β
= + ∫
δ δ

(1)

Where D = damage indicator, dm = maximum responses 
of deformation due to loading of earthquake, PY = 
resistance of calculated yielding limit, du = ultimate 
deformation due to uniform loading, ∫dE = absorbed 
hysteretic energy, ß = parameter of resistance reduction 
based on hysteretic energy. [3]

TIME SERIES AND LINEAR REGRESSION

Since 1970, analysis  of time series has been
rapidly developed theoretically and practically to
predict and to control This analysis typically depends 
on independent data which successively correlated to 
each other. The correlation between successive
observations is considered important because it has 
applied in the prediction very much. For set of data 
which are acquired successively, Time series functions 
are indicated in equ. (2), as follow:[4]

1 2 n
t 0 1 2 ny T T ... T= α + α + α + + α (2)

By using statistical software like MINITAB,
coefficients of a0, a1, a2… an can be calculated based 
on Auto Correlation Function (ACF). In order to detect 
the effect of a time series on another time series, Cross 
Correlation   Function  (CCF)  should  be  applied,  thus 

efficient time reachs are calculated according to equ 
(3), as follow:[5]

(10 n) K (10 n )− + ≤ ≤ + + (3)

where K = efficient lag time in time series obtained 
from output data, n = number of observed data in time 
series.[5]

ARTIFICIAL NEURAL NETWORKS

Artificial neural networks are one of the most 
dynamic research areas during the contemporary
period, which has attracted the attention of many
experts of various scientific fields. Recent research
activities regarding to the artificial neural networks
indicated that this method is a very powerful tool to 
solve  complicated  problems  under  consideration  in 
all  engineering  fields.  Neural  network,  similar  to 
real human brain, has the required ability for learning 
and are able to utilize the acquired new experiences 
from new and similar affairs. Although  ANNs  are  not
comparable  to the real human brain system, these
networks equipped special features which make them 
privileged in some applications-abilities  such  as
separation  of patterns and  its  amenability  to  learn
the  networks by linear and nonlinear mapping
wherever the learning is required.  Among  the
artificial  neural  networks’ features  and  abilities,  it
can  be  referred  to some cases including its
amenability  to learning and its adaptability (very well 
to changing or new levels of information)  to  available
information, the capacities of generalization, massively 
parallel  processing  the network inputs, consequently 
to accelerate processing time,  high  fault  (noise)
tolerance  and  so  on. [6]

The configuration of the whole network changes 
frequently and adapts very well to changing or new 
levels of information. Moreover, this network is
massively parallel, robust, fault tolerant and amenable 
to learning [6].

Artificial neural networks is a system equipped 
with parallel processor of accumulation-mass-massive
information and they function similar to a real human 
brain. The following principles represent the ANNs 
basics:

• Data are processed in the singular units named
“node”.

• The signals are transferred between nodes through 
connection lines.

• The weight attributed to each connection lines 
indicated  the  communication  capacity of that 
line.
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• Each node typically has activation and transfer 
functions, in order to specify output signals from 
input data of the network.

The structure of artificial neural networks is
introduced by connection patterns between nodes, a 
method determining the connection weights and
activation function. The typical structure of a artificial
neural network has been usually formed by input layers, 
middle (hidden) layers and output layers (Fig. 1). Input 
layer is a transfer layer, a means for providing data. The 
last layer (output layer) includes the predicted values by 
the network, whereby it represents the output of the 
model. Middle (hidden) layers consist of some
processing nodes, where data is processed. The number 
of hidden layers also the number of nodes in each 
hidden layer are typically specified by using trial and 
error method or the genetic algorithm method. The
nodes in adjacent layers in the network are completely 
connected to each other. Inputs of-in-to each node may 
be resulted from the input variables or the output of the 
nodes. Each node contains a transfer function. The 
input appears in the form of a vector X(x1, x2… xn),
each input are connected to the processing nodes by a 
weight and ultimately a set of the weights appears in the 
form of vector W (w1, w2…, wn), are connected to the 
considered nodes. W indicated a connection weight
from the node of the considered layer to the one in the 
prior layer. Output node named y is calculated
according to equation (4):

( )y f x.w b= − (4)

where χ = input data, w = vector of weight, b = 
threshold value or Bias. Within each node, the
processor of the transfer function is considered as the 
outputs of that node.

Frequency

Normal(dis)

Acc

Acc-0.1

Acc-0.2

Damage

Input Time

PGA

n=14

Fig. 1: An example of artificial neural networks with 
three layers

In the structure of the artificial neural network, it 
can applied various transfer (stimulation-stimulated)
functions such as BiasAxon, LinearAxon, TanhaAxon, 
Sigmohid Axon, Linear Tanha Axon, Linear Sigmohid 
Axon and the learning rules such as Momentum,
Quickprop, DeltaBarDelta and Step  One of the
important functions is Sigmohid function:

1
f( t)

1 exp( tn)
=

+ −
(5)

where f(t) = transfer function, n = net input of neuron, 
t = an approximation representing the length of linear 
part of transfer function diagram, so that if ‘t’ value is
high, the linear part of the function will change to 
vertical, indeed, the function will become a limit
function with two values, on the other hand, if ‘t’ value 
is low, the function will change to a extended 's -shaped'
diagram, along the horizontal axis . To estimate the
accuracy of the artificial neural network model, it is 
typically  applied  two  different  criteria  such  as
Mean Square Errors (MSE) and ‘r’. MSE is calculated 
by equ. (6):[7]

( )
P N 2

ij ij
j 0 i 0

d y
MSE

N P
= =

−
=

×
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(6)

NMSE = Normalized Mean Square Errors, which is 
expressed by equ. (7):[7]
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2

ij ijP
i 0 i 0

j 0

P N MSE
NMSE

N d d

N
= =

=

× ×
=

 − 
 

∑ ∑
∑

(7)

In this equation,
P = number of processed output elements,

N = number of samples in a set of data, yij = output of 
the network for sample i in processed element of j,
dij = the considered output for sample of i in processed 
element of j. MSE = difference between observed
values and calculated values. MSE with the least value 
represents the high accuracy of the prediction, as well
as r represents the rate of network frequency, which 
expressed in equ. (8) as follow: [7]
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Table 1: Information related to wall concrete frames
Frame Special reinforced concrete Loading of structure Standard 519-2800, third edition
Bays in each frame 5 m Height of each story 3.2 m
Death load in the roof 600 Kg/m 2 Death load of the stories 500 Kg/m 2

Live load in the roof 175 Kg/m 2 Live load of the stories 200 Kg/m 2

Ratio of steel (p) in Concrete Building 0.015≤ρ≤0.035 28-day resistance of concrete Fc = 240 Kg/cm2

sample in concrete pillar
Flown tension of steel Fy = 3000 Kg/cm2

Where
Xi = the output of the network, d i = the considered 

output, x  = mean output of the network, d  = the 
considered mean output. The best response for this 
model is when MSE and r are near to 1 and 0,
respectively.

INTRODUCING THE FRAME 
AND THE STUDIED EARTHQUAKE

In  order  to  determine  damage  indicator  for 
Park-Ang, at  first  a  wall concrete frame with 4-stories
and 4-bays are selected, then lateral loading of the 
structure are calculated according to principles written 
in regulations of building design when occurring
earthquake (standard 2800-third edition) and in the next 
stage, the building is evaluated according to the
regulations of designing reinforced concrete buildings. 
Considering the effect of the process of initial design on 
the obtained results from final analysis, the following 
points are considered during analyzing and designing 
the considered frame.  Table  1  is  indicated  these 
points [8].

Structures are analyzed and designed based on 
Elastic limits by using ETABS2000 Software.
However, to study the building behavior based on 
nonlinear limits, to calculate input and hysteric energies 
and to study the vulnerability of the studied buildings, it 
has been applied the newest version of nonlinear
dynamic analysis software (IDARC software-ver6.0).
One of the most efficient parameters on the input 
energies to structures is the earthquake accelerogram
applied in a seismic analysis. The rate of input energy 
imposed to structures is affected more by input
accelerogram than by structure characteristics. For this 
reason, in order to select accelerograms, addition to
consider the hypothesis of limiting adaption to
conditions of structures the variety of features of the 
accelerogram are taken into account. Therefore, in this 
research, to conduct nonlinear dynamic analyzing,
thirty earthquakes which happened in other countries
and their features are indicated in Table 2, has been 
used [8].

In this study, a wall concrete frame is studied in 
nonlinear  dynamic  analysis  for  accelerations  of 0.1g, 

0.2g…, 1.4g, 1.5 g. Then, the number of analysis based 
on the studied frame equals to 450, which is calculated 
by equ. (9) as follow [8]:

Number of analysis on wall concrete frame 
              = one frame × 30 records of earthquake 
                                  × 15 accelerations 
              = 450 (9)

After each analysis, it is computed the total
damage of the frame by IDARC Software. After editing 
and extracting the data related to 1971 Sanfernando 
earthquake, to determine the validation of the studied 
model [8].

USE OF TIME SERIES TO 
DETERMINE OPTIMAL INPUT DATA

Among  the  input parameters, only the
acceleration parameters imposed to a building and the 
maximum displacement of the stories are important to 
estimate the total damage. By increasing the mentioned 
parameters in earthquake and the frame, the rate of
damage will be increased; and the remaining
parameters have constant and common quantities
among other earthquake characteristics, thus for this 
purpose, time series are applied, to study and to
consider  the impacts of parameter of the acceleration 
of earthquake input. In order to establish a linear
interaction between time series resulted from increasing 
earthquake acceleration (as an input data) and the
damage produced (as an output data), it is applied the 
pierson coefficient. Pierson coefficient for earthquake
acceleration (as input data)  and  the  total  damage of 
the  frame  (as output  data) is calculated by  using 
SPSS software and the obtained results are indicated in 
Table 3.

In  view  of  Table 3,  the  pierson  coefficient 
values are close to number one, therefore it can be 
concluded that in all 30 earthquakes, there are a linear 
correlation between time series for earthquake
acceleration  and  the  total  damage  of  the  frame. 
Using Cross-Correlation Function (CCF), the effective 
time lag between time series can be calculated.
Considering that each
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Table 2: Seismic features of the selected accelerogram

PGA Station Name of abroad earthquake Number

0.254 Chihuahua Imperial Valley 1979 num1
0.270 Chihuahua Imperial Valley 1979 num2
0.231 Hollywood Storage Northridge 1994 num3
0.145 Lake Hughes #1 San Fernando 1971 num4
0.210 Hollywood Stor Lot San Fernando 1971 num5
0.134 Wildlife Liquefaction Arrey Super Stition Hills 1987 num6
0.134 Wildlife Liquefaction Arrey Super Stition Hills 1987 num7
0.119 Salton Sea Wildlife Refuge Super Stition Hills 1987 num8
0.186 Plaster City Super Stition Hills 1987 num9
0.247 Calipatria Fire Station Super Stition Hills 1987 num10
0.135 Barstow Landers 1992 num11
0.385 Rio Dell Overpass Cape Mendocino 1992 num12
0.549 Rio Dell Overpass Cape Mendocino 1992 num13
0.164 Parkfield-Fault Zone 3 Coalinga 1983 num14
0.126 Beverly Hills Whittier Narrows 1987 num15
0.239 LA, Baldwin Hills Northridge, 1994 num16
0.143 El Centro Array #12 Imperial Valley, 1979 num17
0.240 Anderson Dam Downstream Loma Prieta, 1989 num18
0.247 Anderson Dam Downstream Loma Prieta, 1989 num19
0.159 Agnews State Hospital Loma Prieta, 1989 num20
0.244 Anderson Dam Downstream Loma Prieta, 1989 num21
0.179 Coyote Lake Dam Downstream Loma Prieta, 1989 num22
0.309 Cucapah Imperial Valley, 1979 num23
0.207 Sunnyvale Colton Ave Loma Prieta, 1989 num24
0.117 El Centro Array #13 Imperial Valley, 1979 num25
0.074 Westmoreland Fire Station Imperial Valley, 1979 num26
0.209 Sunnyvale Colton Ave Loma Prieta, 1989 num27
0.139 El Centro Array #13 Imperial Valley, 1979 num28
0.110 Westmoreland Fire Station Imperial Valley, 1979 num29
0.269 Hollister Diff. Array Loma Prieta, 1989 num30

Table 3: Pierson coefficient between time series of the imposed-inflicted acceleration in earthquake and the total damage of the frame, for each earthquake record

Earthquake Pierson Earthquake Pierson Earthquake Pierson Earthquake Pierson Earthquake Pierson

name coefficient Lag name coefficient Lag name coefficient Lag name coefficient Lag name coefficient Lag

Num1 0.998 2 Num7 0.997 3 Num13 0.998 2 Num19 0.997 2 Num25 0.987 2

Num2 0.996 2 Num8 0.996 2 Num14 0.967 2 Num20 0.986 2 Num26 0.929 2

Num3 0.981 2 Num9 0.985 2 Num15 0.989 2 Num21 0.998 2 Num27 0.894 2

Num4 0.997 2 Num10 0.993 3 Num16 0.994 1 Num22 0.984 2 Num28 0.984 2
Num5 0.998 2 Num11 0.992 3 Num17 0.994 2 Num23 0.995 2 Num29 0.979 2

Num6 0.98 2 Num12 0.997 3 Num18 0.994 2 Num24 0.983 3 Num30 0.998 2

Earthquake have 15 acceleration on the average, 
thus in equation (3), variable n is equal to 14 and it is 
shown in equ. (10):[9]

14 K 14− ≤ ≤ + (10)

Therefore, in each earthquake, there are 14
accelerations and the acceleration is considered-
important that its correlation coefficient is more than 

0.5. In Table 3 and Fig. 2, the obtained results from
cross-correlation between data are shown.

By drawing the histogram of data frequency
related  to  effective  time  series over the statistical 
period  in  Fig. 2, it  can  be  calculated  that  the time 
serie related to second acceleration has the most
frequency. In  each  earthquake, the  total  damage  of 
the frame is resulted from acceleration, up to two
previous accelerations. 
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Fig. 2: Histogram of frequency related to the Lags 
related to acceleration parameter

So for determining the imposed acceleration to a 
structure in artificial neural network, up to two previous 
accelerations before, that is, Acc, Acc-0.1 and Acc-0.2
should be taken into account.

Among the all input parameters, the maximum
displacement of the stories, in spite of the remaining 
parameters, is not in the range of zero to one, so by 
using different methods, the maximum displacement of 
the stories can be made dimensionless. One of those 
methods is indicated in equ. (11):

x min(x)
normal(dis)

stdev(x)
−

= (11)

Where
x = the maximum displacement of the stories,

min(x) = minimum of the total data, stdev(x) = standard 
deviation of the total data. Considering the total data, so 
min (x) = 19.9334 and stdev (x) = 209.0301. After
putting all data related to the displacement in the above 
equation, the input parameter of the displacement can 
be defined in artificial neural networks.

Therefore, in this research, the input parameters 
includes input acceleration to a structure (Acc, Acc-0.1,
Acc-0.2), the maximum earthquake acceleration (PGA), 
Input Time of the earthquake to a structure, Frequency, 
the normalized maximum displacement of the stories as 
normalized (Normal Dis), as well as the output
parameters includes the total damage to the frame.

DETERMINING THE OPTIMUM STRUCTURE 
IN MODELS OF ARTIFICIAL NEURAL 

NETWORKS

In this research, in artificial neural networks, the 
number   of   input   data   includes  7  parameters  such 
as PGA, (Acc, Acc-0.1, Acc-0.2), Normal (dis),
Frequency, Input Time and the output parameter named 

Table 4a: The optimum structure of FF, RBF and MLP models

Learning Transfer Name
rule function Node Layer model Num

Momentum TanhAxon 14 1 MLP 1
Momentum TanhAxon 8_4 2 FF 2
Momentum SigmoidAxon 8 1 RBF 3

Damage, which they are shown in Fig. 1. In this study, 
three models of the network including FF, RBF and 
MLP are used for training, also genetic algorithm are 
used to optimize the structure and topology each 
network. Among 416 patterns of data, 70% patterns 
(292 patterns) for training, 15% patterns (62 patterns) 
for cross-validating, 15% selected patterns (62 patterns) 
for   testing   the   network   are   used.  Different 
stimuli functions  including LinearSigmohidAxon,
BiasAxon, LinearAxon, TanhAxon, SigmohidAxon,
LinearTanhAxon, as well as different training
algorithms including Momentum, Quickprop, Delta Bar 
Delta, Step were considered to determine the optimum 
structure of artificial neural network models. In order to 
specify the number of nodes in hidden layer, the
following empirical equation (12) was applied [9].

H IN 2N 1≤ + (12)

Where
NH = number of nodes in hidden layer, NI =

numb er of inputs. Considering that the number of the 
obtained effective inputs is equal to 7, so the maximum 
number of the nodes in the hidden layer will be 15,
(NH≤15)

To determine the optimal structure for each models 
of artificial neural networks such as FF, RBF and MLP
in terms of the number of the hidden layers, the number 
of the nodes in the hidden layers, it were used the 
learning algorithm of the network and transfer function, 
the capacities of the optimizing genetic algorithm
available in NeuroSolutions Software. In Table 4, the 
optimized structure of each mentioned model with their 
different characteristics obtained from the genetic
algorithm are indicated. It's notable that in all the
models, the quantities of inputs and outputs are 7 and 1, 
respectively.[9]

In order to evaluate the performance of the models 
and to specify the best model, the NMSE and r
indicators are compared to each other based on test data 
in the models. As it is indicated in Table 4, in the stage 
of testing data, MLP model have the highest cross 
correlation (r) and the lowest error (NMSE) for Damage 
data, in comparison with the two other models.
Moreover, in three stages of training, cross validation 
and  test for MLP network, the computational quantities 
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Table 4b:Quantities of NMSE and r for each network in the state of 
training, cross validation and test

Train Cross validation Test
-------------------- --------------------- ----------------------

Num R NMSE R NMSE R NMSE

1 0.993 0.013 0.99 0.02 0.991 0.025
2 0.991 0.018 0.99 0.022 0.986 0.039
3 0.909 0.179 0.843 0.294 0.929 0.140

R2 = 0.9867
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Fig. 3: Comparing the computational values of the
model with observed values in training stage 
for MLP network

R2 = 0.983
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Fig. 4: Comparing the computational values of the
model with observed values in cross validation 
stage for MLP network

of the total damage, comparing to the corresponding 
measured values, are considered as the best state shown 
in Fig. 3-6.

As  it's indicated  in Table 4, the correlation of 
MLP model is higher than of two other models.
Additionally,  the  correlation  of FF  model is higher 
than of RBF model. Thus, to predict the rate of the 
damage, MLP model  is  more  suitable  than  the  two 
other models.

R2 = 0.9821
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Fig. 5: Comparing the computational values of the
model with observed values in test stage for 
MLP network
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Fig. 6: Comparing the obtained results from the
available patterns in testing the network
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Fig. 7: The sensitivity analysis for input parameters in 
MLP network

ANALYZING THE SENSITIVITY OF SELECTED 
INPUT PARAMETERS IN EVOLUTIONARY 

ARTIFICIAL NEURAL NETWORKS

The sensitivity  analysis  technique  is  used to 
study  the  effect  of  the  input parameters on the output
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parameter. This technique was developed to specify the 
output parameter in the network to which input
parameters are more sensitive. In Fig. 7, the sensitivity 
analysis on MLP network is indicated.

With  a  view  of  Fig.  7, the earthquake
frequency, input time of the earthquake and Acc-0.1,
respectively, have the highest impacts on the total
damage of the frame, so that increasing these three 
parameters  will  cause  increasing  the  value  of  the 
input in the model. 

PREDICTING THE RATE OF DAMAGE
BY USING NONLINEAR REGRESSION

In nonlinear regression, two or more independent 
variables have major impacts on dependent variable, 
which it is indicated in equ. (13) as below:

( )1 2 0 1 1 2 2y f x ,x ,... y a a x a x ...= → = + + + (13)

In the above equation, 
y = dependent variable, …,x2, x1 = independent 

variables, …, a3,  a2 a1 = coefficients in equation (13), 
from regression type

In this research, various models of linear and
nonlinear regression are analyzed by SPSS Software, 
for input and output variables. The best model of
nonlinear regression which was more corresponding 
with the data of damage is resulted as follows:

2
1 2y 0.014 0.075x 0.013x= + + (14)

Where
y = the total damage of the frame, x1 = input 

acceleration of earthquake, x2 = normalized
displacement. The value of R2 in equation (14) is 
indicated in Fig. 8.

R2 = 0.90
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Fig. 8: Comparing the computational values by
nonlinear regression and using Park-Ang values

PREDICTING THE RATE OF DAMAGE BY
MLP MODEL AND COMPARING IT WITH 

NONLINEAR REGRESSION TO 
VALIDATE THE MODEL

Evaluating the accuracy the output data obtained 
from evolutionary artificial neural networks, 1971
Sanfernando earthquake in America is studied as an 
example. One of the most important features of this 
earthquake is that it hasn’t been used in none of the 
stages of training, cross validation, test. In Fig. 9 and 
10, it is indicated the obtained results from MLP model 
in comparison with nonlinear regression. In a view to 
Fig. 9, the slope line in MLP model and nonlinear
regression are 1.00 and 0.92, respectively, as well as the 
coefficients of R2

 for each are 0.98 and 0.95,
respectively, concluding that MLP model have higher 
accuracy than nonlinear regression.

Fig. 9: Validation of MLP model in comparison with 
nonlinear regression, 1971 Sanfernando
earthquake
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Fig. 10: Prediction of damage by MLP model and
nonlinear regression, in comparison with the 
damage indicator of Park-Ang, 1971
Sanfernando earthquake
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Figure 10 shows two models, MLP model and 
nonlinear regression, in different accelerations in
comparison with the indicator of Park-Ang.

The Selected MLP model has been optimized
based on input data and topology. The results obtained 
from MLP model is efficiently applicable to predict the 
rate of damage due to an earthquake, even the
earthquakes which occurred out of studied area. This 
model is more accurate and flexible than statistical
methods, including nonlinear regression.

CONCLUSION

Using method of cross-correlation of time series, 
the number of input parameters and their effective lag 
times can be determined in neural network models, so 
that by this method, inefficient and useless parameters 
can be eliminated and a set of input data optimized. In 
this research, the relationship between time series of 
two parameters including input acceleration of an
earthquake and the total damage of the wall concrete 
frame were analyzed by using cross-correlation method, 
consequently it was observed that it had considerable 
impact on output values up to two previous
accelerations, such as Acc, Acc-0.1 and Acc-0.2.

Bu utilizing the capacities of optimization the most 
applicable genetic algorithm, it can be specified the 
optimized structure of each artificial neural network
models in terms of the number of hidden layers, the 
number of nodes in the hidden layer, type of stimulation 
function and the learning algorithm of the network, so 
that the required time to determine the optimum
structure for each model are significantly reduced.

By comprising the results from training, cross
validation synchronized with training and testing
models of evolutionary artificial neural networks with
the indicator values of Park-Ang, it is concluded that 
MLP, FF, RBF models have higher capacity, accuracy 
and flexibility, respectively, in simulating the quantities 
of the total damage in the wall concrete frame with 4-
stories and 4-bays.

In 1971 Sanfernando earthquake, the prediction of 
the total damage in the wall concrete frame has been 
conducted based on different characteristics of the
earthquake. The results obtained from MLP model are 
more suitable than from nonlinear regression and are 
closer to the outputs of the Park-Ang indicator.

Evolutionary artificial neural networks are
appropriate and efficient tools to evaluate the
vulnerability of the concrete buildings while occurring 
earthquake. After earthquake occurrence, these
networks can specify the condition and the rate of 
damage to structures and they are more effective on the 
relevant decision makings, also It is a proper and
economized replacement-alternative for visual
inspection.
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