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Abstract

Building damage level due to earthquake is widely related to the features of the record which consist of many parameters.
Although it is difficult to realize the ground motion parameters that have high influence on building performance, the vital
parameters that may cause building damage may be considered as PGA, PGV, PGD, PGA/PGV, PGA/PGD, PGV/PGD, fre-
quency content, effective time duration, fault line distance of the earthquake. In this study, these parameters were selected
in order to determine more effective parameter on the building performance. For this aim, a model of Artificial Neural
Network (ANN) algorithm was used as an efficient tool consisting of the obtained results of nonlinear time history analysis
of samples. The 200 records, produced by strike-slip fault mechanism, were selected for the soil type C (Z3) according to
the Turkish Earthquake Code [1]. A six story R/C frame building, with three various spans were analyzed via IDARC-2D
software. The Park and Ang damage index was used in order to evaluate the vulnerability of buildings. The results showed
that the ANN can be able to determine the effective parameters of ground motions with sufficient correlation. Also the most
and least significant parameters of earthquake are discussed based on the results of the analysis.
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1. Introduction and Background

One of the most important objectives of seismology is to
identify structural damage indices related to ground-motion
parameters. In the recent decade, some earthquake such as
Tohoku in Japan (Mw 9.0, 2011), Maule in Chile (Mw 8.8,
2010), and Sumatra in Indonesia? were occurred with vari-
ous seismic duration. Newmark et al.® used peak ground
velocity (PGV), peak ground acceleration (PGA) and peak
ground displacement (PGD) in order to draw the elastic
response spectra. Extensive research has been conducted
on the PGA/PGV ratio, for measure the frequency content
of the strong ground motions®. In these studies, the best
parameters among the various constraints were determined
using mathematical function and regression analysis. Riddell
and Garcia® used a set of 52 earthquake records, in order
to establish the correlation between twenty-three intensity
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parameters of earthquake and four response variables
including hysteretic energy, input energy, elastic and inelas-
tic spectral ordinates. The results showed that no parameter
could be singly satisfied over the entire frequency range.
Indeed, they found that each ground acceleration, ground
velocity and ground displacement indices were occurred in
the acceleration sensitive region, velocity sensitive region
and displacement-controlled region, respectively. Recently,
ANNs were used in many fields of sciences such as engineer-
ing, mathematics, physics, medical science and etc. Lautour
and Omenzetter® studied thirteen structural and six ground
motion parameters in order to predict the seismic structural
damage of 2D reinforced concrete frames using ANNs. In
that study, an acceptable mapping between the structural
and ground motion characteristics (input indices) and the
damage values (output index) was established. Caglar et
al.” used a multi-layer perceptron (MLP) neural network in
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order to determine the base shear force, fundamental peri-
ods, base bending moments and top-floor displacement of
165 reinforced concrete buildings in two directions under
Marmara earthquake record. The results demonstrated
that the MLP neural network successfully determined the
response of buildings under the earthquake. Three meth-
ods, global approximation of a deterministic database, local
interpolation of database and artificial neural networks
were used for evaluation of seismic reliability of a 5 story
reinforced concrete building by Moller et al.® The obtained
results expressed good agreement between the two applied
methods and ANN. For evaluating the damage detection of
a railway bridge, a model of simply supported beam with
one-span was considered and the obtained values of numer-
ical solution were compared with a MLP neural network’.
The results showed that the high validity and efliciency of
the proposed network.

The propose of this study is to determine the effec-
tive ground motion characteristics using ANNs. For this
aim, a sample of 2D reinforced concrete building with six
levels was considered and analyzed based on 200 differ-
ent ground motion records via IDARC-2D V7.0 software
and the amount of damages were considered as targets of
network. The network was run for nine times and in each
time, one of the ground motion parameters was ignored
in order to evaluate the sensitivity of network toward the
eliminated parameter and finally, the obtained results
from the networks were compared together.

2. Modeling Approach

2.1 Sample Frames and Material Properties

In this study, a 2D R/C frame having6-storieswas
considered as a sample of mid-rise frame. For designing
the sample, 2007 version of Turkish Earthquake Code
"and TS-500 '° were used as seismic load and structural

components design instructions, respectively. The com-
pressive strength of concrete was considered 21MPa. Also
for steel material properties, 3000MPa and 4000MPa were
selected as yield and ultimate strength of steel, respectively.
The properties of soil type III (C) was considered based on
TEC 2007". Figure 1 depicts the plan view of this model.
The properties of the sample frame are shown in Table 1.

2.2 Damage Identification Index

In recent years, many researches have been done for evalu-
ating the vulnerability of buildings under seismic excitation
and the amount of damages often were calculated based
on theoretical definition, mathematical probability and
practical tests. These indices commonly used in dimen-
sionless case and are limited between zero for the elastic
state (undamaged) and one for collapsed state. Also they
can be applied for estimation of the building’s imposed
damage under the earthquakes and able to prepare the
suitable retrofitting plan. In this investigation, Park &Ang
damage index was selected among the improved indices
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Figure 1. Column and beam’s support cross sections and

plan view of sample frame.

Table 1. The properties of the sample frame
Mode Frequency (Hz) Period (Sec) Modalizzz:::patlon (MV\Z: ?;;:NJ:IgIZt) Re‘xletil;;tl\/(l;’()lal
1 1.76485 0.56662 0.3234 1025.899 72.97
2 4.47032 0.2237 0.1523 227.621 16.19
3 8.28723 0.12067 0.0621 37.837 2.691
4 11.03989 0.09058 0.0736 53.172 3.782
5 17.31538 0.05775 0.0699 47.968 3412
6 23.82126 0.04198 0.0370 13.423 0.955
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and is defined as the linear combination of the maximum
displacement and the dissipated energy'. This index is
defined by Equation (1).as:
_om, /L
du  ouP,
where d and d are the maximum and ultimate
deformation of element under cyclic loading, respectively;
P is the yield strength of the structure; [ dE, is the hyster-
etic energy absorbed by the structural element during the
response history; and £ is a constant parameter.

DI

j dEh (1)

3. Effective Ground Motion
Parameters

In order to evaluate the seismic damages of buildings, the
characterization of ground motion records are required
which is directly affect the analysis and also design of
buildings. In the recent decade, selections a set of ground
motion indices have been assessed by many researchers
to find the most effective parameter on performance of
buildings. Probably it is better to use a set of synthetic or
real ground motion records which have proper character-
istic such as effective time duration, appropriate frequency
range, consistency with an intended site and etc. Recorded
events have shown that earthquakes with a very large PGA
may not cause significant structural damage more than
earthquakes with a very low PGA. Indeed, the similar of
parameters seem to influence significantly effective on
level of structural damage. For example, the ratio of PGV
to PGA is indicated by many researchers as being a mea-
sure of destructiveness'>'?. Also the effective duration of
earthquake is defined based on the energy of the record.
Several measures was employed as the accelerogramss total
energy which one of the most important of them is the
Arias Intensity (AI)' is expressed by Equation 2 as:

/4 Tr
Alzgj.o a(t)dt )

Where a(t) is the acceleration history over time, Tr is the
total recorded time of the accelerogram and g is the accel-
eration due to gravity. Then the significant time duration
is employed as the interval between the 5-95% of AI'>¢,
The relation of AI shows that the energy accumulates
of the longer duration for a ground motion is more than
the shorter duration of its. In this investigation, nine
indices include; PGA, PGV, PGD, PGA/PGV, PGA/PGD,
PGV/PGD, frequency content, effective time and fault
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line distance were selected in order to determine more
and least effective parameters on the buildings damages.
For dynamic analysis of structure, 200 ground motion
records with various moment magnitudes (5.2 <M < 8.3)
and different source-to-site distances, site class C and
strike-slip fault mechanism were selected from the Pacific
Earthquake Engineering Research Center (PEER) V. In
Figure 2 (a), the distribution of frequency content for
the records is shown. Furthermore, the ranges of ground
motion parameters are provided in Table 2. Also the
proportion between PGA and effective time duration
of records are shown in Figure 2(b). The relationship
between site epicentral distances versus moment magni-
tude and 5-95% time duration are shown in Figure 2(c)
and Figure 2(d), respectively.

4. Artificial Neural Network

Artificial neural network (ANN) is an intelligent method
which is developed in analogy using a proper modeling
of neurons in the human brain. The method defines the
mathematical functions that lead to simulate the behavior
ofintracellular of brain neurons. The connections between
neurons are established using the neuronal weights which
their performances are similar to the synapses in natural
neurons. In recent century, ANNs were used in many
fields of sciences such as engineering, mathematics, med-
ical sciences, etc., for prediction, function approximation,
clustering and classification of data and etc. In this inves-
tigation, a MLP neural network was used to determine
the effective parameters of ground motions. In this net-
work, all data was normalized between zero and one, then
were shuffled and divided into three parts, i.e. 70 percent
of total data for training process, 15 percent for validating
process and 15 percent for testing process.

4.1 Data Generation, Training and Testing
of ANN

For generation of data, a sample of six story frame were
considered and analyzed under 200 ground motion
records and the amount of damage were obtained based
on Park &Ang damage index. Then all data were nor-
malized using linear normalization method in order to
change the range of data between zero and one. Finally,
the data were shuftled and divided to three parts, 70% of
all data for training process, 15% for validating process
and remained 15% for testing process. For finding the
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Figure 2(a).

The frequency content values of records, 2(b). The effective time duration versus PGA, 2(c). The epicentral

distance values versus moment magnitude and 2(d). The epicenteral distance values versus the effective time duration.

Table 2. The ranges of ground motion parameters
Parameters Definition Range of parameters
PGA Peak Ground 0.01-0.775
Acceleration (g)
Peak Ground
PGV Velocity (cm/s) 1.1-109.8
PGD Peak Ground 0.12-65.89
Displacement (cm)
PGA/PGV Ratio of PGA to PGV~ 0.002155-0.029773
PGA/PGD Ratio of PGA to PGD  0.00211-0.558333
PGV/PGD Ratio of PGV to PGD  0.761548-20
EC Frequency 0.146-9.4238

Content (Hz)

- 0, i
T.D 5-95 % Time 1.98-57.17
Duration (s)

Epicentral

ED Distance (km)

0.5-217.4

best fit of each data set, root mean square error (RMSE),
mean square error (MSE) and correlation coefficient (R)
were applied. These parameters are expressed as:

> (X~ X)) "

n

RMSE =
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where X, is predicted value, X, is actual value
and » is number of data.

MSE = RMSE? (4)

o XXX (5T -
-y (n-7)

where X, is actual value, X is mean of actual values,
Y, is predicted value, Y is mean of predicted values
and n is number of data.

4.2 Numerical Results

In this step, the network was trained based on all input
data that are represented by nine neurons in input layer,
optimum neurons in hidden layer and a neuron in out-
put layer. The number of neurons in hidden layer was
determined based on try-and-error. Therefore twenty
neurons were employed for this layer with tansig activa-
tion function. In training process, the network stopped
at 19 iterations with gradient and MSE equal to 0.01871
and 0.00583, respectively. Also the best validation perfor-
mance was 0.05820 and occurred at epoch 13. The values
of RMSE, MSE, R, mean (p) and standard deviation (o) of
errors are presented in Table 3.
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Table 3. The RMSE, MSE, R, p and o values for each set of data
Train Data Validation Data Test Data All Data
RMSE 0.10920 0.24123 0.35997 0.19108
MSE 0.01192 0.05820 0.12958 0.03651
R 0.94892 0.81771 0.66528 0.85220
-0.01521 0.04780 -0.02412 -0.00709
0.10852 0.24049 0.36530 0.19143
Train Data: R=0.94892 Validation Data: R=0.81771
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Figure 3. 'The regression and fit function for each set of data

The Figure 3 shows that the fitting function and regression
for train, validation, test and all data.

In order to find the effective parameters of ground
motion, the training process of network was repeated for
nine times and in each time, one of the ground motion
parameters was eliminated. Therefore, the number of
neurons in input layer was reduced to eight. The results of
this process are shown in Table 4.

Based on extracted results (see Table 4), the minimum
values of R were obtained for PGA/PGYV, frequency content,
PGV/PGD and PGV cases, respectively which is expressed
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the network was sensitive to these parameters. Therefore the
network was run based on these four parameters as input
data (four neurons in input layer), ten hidden layer neu-
rons (optimum neurons) and a neuron in output layer. In
training process, the network stopped at 25 iterations with
gradient and MSE equal to 0.00431 and 0.0332, respec-
tively. Also the best validation performance was 0.01136
and occurred at epoch 19. The values of RMSE, MSE, R,
mean () and standard deviation (6) of errors are presented
in Table 5. Moreover, Figure 4 shows that the fitting func-
tion and regression for train, validation, test and all data.
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Table 4. The RMSE, MSE, R, p and o values for all data

Eliminated Parameter RMSE MSE R n o
PGA 0.19337 0.03739 0.84401 0.00379 0.19382
PGV 0.23130 0.05350 0.80124 -0.08361 0.21620
PGD 0.20957 0.04392 0.82806 -0.01935 0.20920
PGA/PGV 0.23459 0.05503 0.77255 -0.01081 0.23493
PGA/PGD 0.21979 0.04831 0.82541 0.05024 0.21450
PGV/PGD 0.22133 0.04899 0.79408 0.01137 0.22159
Frequency Content 0.24655 0.06079 0.79006 -0.10129 0.22535
Effective Time Duration 0.19903 0.03961 0.83377 0.00186 0.19952
Fault line Distance 0.19532 0.03815 0.84128 -0.01292 0.19538
Table 5. The RMSE, MSE, R, p and o values for each set of data

Train Data Validation Data Test Data All Data
RMSE 0.18401 0.10659 0.27995 0.19277
MSE 0.03386 0.01136 0.07837 0.037161
R 0.87230 0.90892 0.65085 0.84514
u -0.00065 0.000099 -0.02014 -0.00346

0.18467 0.10841 0.28400 0.19323

Train Data: R=0.8723
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Figure 4. The regression and fit function for each set of data.
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5. Conclusion

In this study the effective ground motion parameters
were identified based on ANNG. For this aim, a six story
frame was considered and analyzed under 200 different
ground motion records which were selected due to the
soil type C (Z3) and the amounts of imposed damages
were calculated as an identification index. The observed
result from ANNs showed that the minimum values of
R were obtained for PGA/PGYV, frequency content, PGV/
PGD and PGV cases, respectively which is indicated that
the network is sensitive to these parameters. Moreover,
the ineffective parameters consist of PGA, fault line dis-
tance, effective time duration, PGA/PGD and PGD,
respectively. Also it should be considered that because
the sample frame was in intermediate period region, the
velocity controlled responses is more effective among the
earthquake parameters. The amount of obtained R from
two networks consist all input data (nine parameters)
and four sensitive data (four parameters) were obtained
equal to 0.85220 and 0.84514, respectively which is shown
that around 0.8 % difference between them. Therefore for
buildings in this period range, it is suggested to use the
above effective parameters which are sufficiently enough
for evaluation of vulnerability instead of considering
more ground motion characteristics.
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