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Abstract

The paper describes and evaluates three methods of modelling earthquake accelerograms using artificial neural net-
works and linear predictors. These are a radial-Gaussian neural networking system, a linear predictor, and a hybrid of
these two. Two methods of using these models to predict ground acceleration are adopted. The first is based on a direct
prediction of ground acceleration at some point in time in the future from a series of ground accelerations that occurred
earlier in the earthquake event. The second is a recursive approach whereby a model predicts a sequence of future
ground accelerations by feeding back its predictions to its inputs. The performances of the models are tested using the
1985 Mexico earthquake and aftershock. The linear predictor and hybrid models perform best at direct prediction while
none of the models perform particularly well at recursive prediction. The paper concludes with an outline of some areas
for future work.

Keywords: Earthquake Accelerograms, Hybrid Models, Linear Predictors, Radial-Gaussian Neural Networks,
Recursive Neural Networks

1. INTRODUCTION

The strong ground motion from earthquakes are a potential
cause of human injury and property damage. In the past 15
years, studies have focused on developing methods of pre-
dicting such forces by understanding certain fundamental
characteristics of these earthquakes, including the source of
the seismic waves, the medium through which the waves
propagate, the local geology of the site, and the structures
located at the site~EERI, 1988!. Some site-specific models
of strong ground motion are developed with a set of record-
ings when available~Hanks & McGuire, 1981!. For other
sites, predictive models referred to as attenuation relations,
are used to hypothesize for analysis~Campbell, 1985!. In
the attenuation relations, the independent variables must be
easily estimated from available seismotectonic characteris-

tics of the region. Peak ground acceleration is the most com-
monly used dependent variable.

The acceleration time history describes the ground mo-
tion with all its features, and can be used for elastic and
inelastic analyses of any structure. In practice, design engi-
neers have used response spectra with standard shapes, which
are related to peak ground acceleration. The peak displace-
ment, velocity, and acceleration are determined for a spe-
cific natural frequency and damping ratio of the structure of
interest.

Ground motions are recorded on three orthogonal com-
ponents. Figures 1 and 2 show as an example the accelera-
tion records of the 1985 Mexico earthquake and aftershock,
respectively, recorded on the l9th and 21st of September at
Papanoa station. These data were made available by the In-
stitute of Geophysics and Planetary Physics of the Univer-
sity of California, San Diego, and the Instituto de Ingeniera
at the Universidad Nacional Autonoma de Mexico, Mexico
City. The ability to provide quick and accurate predictions
of such ground accelerations at specific points in time in
the future during an earthquake is important to many prob-
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lems, including the success of active structural systems.
These are structures that incorporate some mechanical means
of responding to loading, providing greater structural sta-
bility, and possibly lower construction costs than conven-

tional nonactive systems~when the approach is estab-
lished!. Examples include active bracing systems~Riley
et al., 1992! and friction controllable sliding isolation sys-
tems~Nagarajaiah et al.,1992!.

Fig. 1. Three plots showing, respectively, the east–west, north–south, and vertical components of ground acceleration measured
during an earthquake event. The plots represent normalized ground acceleration versus time from the start of the earthquake. The
shaded bar indicates the portion of the readings used to develop the various models~data set E1!.

Fig. 2. Three plots showing, respectively, the east–west, north–south, and vertical components of ground acceleration measured
during an aftershock event. The plots represent normalized ground acceleration versus time from the start of the aftershock. The
shaded bar indicates the high amplitude portion of the readings used as the main basis for validating the models~data set A1!.
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Most methods of predicting ground accelerations are based
on linear predictor models; see for example Safak~1988!.
However, recent interest has been shown in the application of
artificial neural network technology to earthquake analysis.
Wong et al.~1992!, for example, have used this method for
predicting the spatial distribution of Modified Mercalli In-
tensity values. In the present study, the authors consider ar-
tificial neural networks as an alternative to linear predictors
to model ground acceleration records. Specifically, a radial-
Gaussian neural network architecture and complementary
training scheme are adopted, having demonstrated excellent
learning capabilities in other engineering applications~Gagar-
in et al., 1992!.Alinear predictor model is developed and used
as a benchmark for evaluating the performance of the neural
network. Also, in an attempt to exploit the potential advan-
tages of both the neural network and linear predictor, a hy-
brid of the two systems is developed and evaluated.

2. NEURAL NETWORKS AND THE RGIN
SYSTEM

The radial-Gaussian with Incremental Learning Network sys-
tem~RGIN! ~Flood, 1991! was adopted for this study since
it has demonstrated excellent learning capabilities in com-
plex engineering problems~Gagarin et al., 1992!. In partic-
ular, unlike many other neural networking systems, it does
not get stuck in local error-minima during training, it learns
rapidly, and it determines automatically how many hidden
neurons to incorporate in the network to achieve a given
level of accuracy. The details of the RGIN system, as rele-
vant to this paper, are presented in the following.

2.1. Mapping functions

RGIN networks comprise three layers of neurons~each neu-
ron is indicated by a circle! connected in a feedforward man-
ner, as illustrated in Figure 3. These networks, in their
simplest form, provide a mapping function from a vector of
inputs~representing the problem to be solved! to a vector of

outputs~representing the neural network’s solution to the
problem!. They operate by passing information through the
network in a forward direction only. As the information
passes through the network, it is subject to simple process-
ing both along the links and within the neurons.

Consider, for example, the use of this type of network to
predict ground acceleration at some point in time in the fu-
ture from the ground accelerations that occurred at earlier
points in time during an earthquake event. The network may
be developed to perform this function using ground accel-
eration data measured at a specific site and resulting from
movement at a particular section of a geological fault.

In Figure 3, there are five input neurons, each of which
receives a different value representing the ground acceler-
ation at a given point in time, say~t 2 d!, ~t 2 2d!, ~t 2 3d!,
~t 2 4d!, and~t 2 5d!, respectively, wheret is the current
time andd is a small time increment~maybe 10 ms!. Given
this information, the network would generate values at the
output neuron representing an estimate of ground accelera-
tion at timest and t 1 6d. The RGIN could be trained to
make predictions at other times in the future if required. The
ground acceleration values,at2id, presented to the input neu-
rons are passed along the links to the neurons in the hidden
layer. Each of these input links has an associated offsetoi, j

which is subtracted from values passed along the link, fol-
lowing which the residual value is squared. All such values
arriving at a hidden neuron are then summed. Formally, these
operations can be summarized as follows:

tj 5 (
i51

N

~at2id 2 oi, j !
2, ~1!

wheretj is the summed input to thej th hidden neuron,at2id

is a measured ground acceleration presented to thei th input
neuron, andoi, j is the offset on the connection between the
i th input neuron and thej th hidden neuron.

The summed input at each hidden neuron is then put
through a Gaussian activation function:

hj 5 e2sj tj, ~2!

Table 1. Effect of varying number of inputs to RGINa

No. of
Inputs Theil’s Test Correlation Factor Average Error

1 — Unable to train satisfactorily —
2 0.145 0.922 0.01264
3 0.141 0.932 0.01229
4 0.138 0.965 0.01167
5 0.106 0.960 0.00666
6 0.101 0.966 0.00617
7 0.098 0.961 0.00579
8 0.099 0.961 0.00575
9 0.099 0.961 0.00571

10 0.101 0.956 0.00594

aUsing 100 hidden neurons, predicting one point in time ahead, and test-
ing on complete earthquake data.

Fig. 3. RGIN ground acceleration predictor.
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wherehj is the level of activation generated at thej th hid-
den neuron, andsj is a squeezing parameter associated with
that hidden neuron.

The resultant activations generated at the hidden neurons
are then transmitted across the links connecting with the out-
put neurons. Each of these output links has an associated
weight which is used to multiply values passed along the
link. All such weighted values arriving at the output neuron
are then summed to produce an output from the network.
These operations can be summarized as follows:

yn 5 (
j51

L

wj,nhj , ~3!

whereyn is the value generated at thenth output neuron,
and wj,n is the weight on the connection between thej th
hidden neuron and thenth output neuron.

This basic mode of operation is the same for all RGIN
networks, irrespective of the number of input neurons, hid-
den neurons, and output neurons they comprise. The spe-
cific function performed by a network, however, is dependent
on the values of the offsets on its input links, the squeezing
parameters at its hidden neurons, and the weights on its out-
puts links. A primary problem is to determine an appropri-
ate set of values for these parameters that results in a network
that performs the required mapping function. These values
are derived through a process of training, whereby the net-
work is presented with a set of examples of known input

vector to output vector mappings which it attempts to learn.
An error-gradient descent technique is adopted for this pur-
pose, where error is measured as the sum of the absolute
differences between the actual output from the network and
that targeted, over all training patterns:

E 5 S(
p51

P

(
n51

M

6yp,n 2 rp,n6DYp, ~4!

whererp,n is the targeted output for thepth training pattern
at thenth output.

A more detailed description of the structure of these net-
works and the complementary training algorithm is pro-
vided in Flood~1991!.

2.2. Simulation using a recursive neural network
architecture

The use of a neural network, as described above, is limited
in the sense that it can only be used to make predictions at
steps in time into the future that were planned for during
training. In the example illustrated in Figure 3, it would not
be possible to predict ground acceleration at say time~t 1
3d! without retraining the network.

This limitation could be alleviated by modifying the net-
work to operate recursively. Figure 4 is an example of a
neural network that works in this manner. In this instance,
the network receives ground acceleration data at five input

Table 2a. Average error for RGIN

Time Steps in Future

Data Set
No. of

Hidden Neurons 1 5 10 50 100

E1
1 0.02971 0.06943 0.07018 0.06890 0.07152
5 0.02119 0.06370 0.06433 0.06206 0.06394

10 0.01774 0.05902 0.05847 0.05679 0.05906
50 0.00969 0.03864 0.03832 0.03818 0.03813

100 0.0610 0.02636 0.02611 0.02748 0.02623
E2

1 0.00429 0.00804 0.00860 0.00869 0.01220
5 0.00431 0.00805 0.00859 0.00885 0.01307

10 0.00415 0.00806 0.00859 0.00945 0.01361
50 0.00372 0.00921 0.00975 0.01015 0.01662

100 0.00377 0.00948 0.01000 0.01014 0.01761
A1

1 0.01760 0.02596 0.02690 0.02617 0.03001
5 0.01354 0.02608 0.02712 0.02634 0.03010

10 0.01339 0.02608 0.02553 0.02649 0.03004
50 0.01273 0.02708 0.02590 0.02537 0.03032

100 0.01276 0.02689 0.02591 0.02559 0.03059
A2

1 0.06634 0.09981 0.10233 0.09987 0.10059
5 0.04807 0.10038 0.10332 0.10065 0.10097

10 0.04745 0.10038 0.09616 0.10112 0.10062
50 0.04402 0.10258 0.09642 0.09431 0.09769

100 0.04405 0.10120 0.09569 0.09510 0.09671
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neurons, in the manner described above. The output gener-
ated by the network is limited to a single prediction of the
ground acceleration at timet. This predicted value is then
fed back to input neuronx1 ~the one receiving data repre-

senting ground acceleration at timet 2 d!. Simultaneously
with this, the previous value presented tox1 is fed across to
x2 @the one receiving ground accelerations at time~t 2 2d!#,
the value previously presented tox2 is fed across tox3, and
so on across all input neurons. Note that the value previ-
ously input tox5 is discarded. The network then processes
this new set of input data and makes a prediction of the
ground acceleration at what is in effect time~t 1 d!. This
entire procedure can be repeated as many times as desired,
each occasion generating a prediction at an additional in-
crement,d, of time in the future. For this network, after five
iterations through this process, all input to the network is
data it has generated itself at an earlier step.

Using this approach, it is possible to simulate the ground
accelerations generated by an earthquake at a specific loca-
tion, as far into the future as necessary. Nevertheless, for
any prediction it would be expected that the network would
introduce some error. Using the network in a recursive man-
ner as such, these errors might compound rapidly until the
predictions it generates are, within a few iterations, com-
pletely inaccurate. This is most likely where the function
being simulated demonstrates chaotic and0or stochastic be-
havior, as is the case for ground accelerations during an earth-
quake. The question is how far into the future could a neural
network, operating recursively as such, make accurate ground
acceleration predictions.

3. LINEAR PREDICTION MODEL

Linear predictor models~LPCs! have been used in seismic
analysis in the past few decades~Safak, 1988!. Makhoul
~1975! describes LPCs as follows:

“Linear prediction is an autocorrelation-domain analy-
sis. Therefore, it can be approached from either the time
or frequency domain. The least squares error criterion in
the time domain translates into a spectral matching cri-
terion in the frequency domain.”

Applications reported in the literature have concentrated on
predicting ground accelerations one time step in the future

Table 2b. Correlation factor for RGIN

Time Steps in Future

Data Set
No. of

Hidden Neurons 1 5 10 50 100

E1
1 0.78 0.37 0.36 0.38 0.34
5 0.84 0.45 0.44 0.46 0.44

10 0.87 0.51 0.51 0.52 0.50
50 0.93 0.69 0.69 0.70 0.70

100 0.96 0.80 0.80 0.79 0.80
E2

1 0.86 0.69 0.67 0.67 0.64
5 0.86 0.69 0.67 0.66 0.61

10 0.87 0.69 0.67 0.66 0.61
50 0.89 0.68 0.66 0.65 0.59

100 0.90 0.68 0.66 0.65 0.59
A1

1 0.85 0.77 0.76 0.76 0.75
5 0.88 0.77 0.75 0.76 0.75

10 0.89 0.76 0.77 0.75 0.75
50 0.90 0.75 0.76 0.77 0.74

100 0.90 0.75 0.76 0.76 0.74
A2

1 0.66 0.42 0.39 0.41 0.37
5 0.75 0.41 0.38 0.39 0.36

10 0.76 0.41 0.43 0.37 0.36
50 0.78 0.35 0.40 0.41 0.36

100 0.78 0.35 0.40 0.40 0.37

Table 2c. Theil’s test for RGIN

Time Steps in Future

Data Set
No. of

Hidden Neurons 1 5 10 50 100

E1 1 0.16 0.25 0.25 0.25 0.26
5 0.13 0.24 0.24 0.24 0.24

10 0.12 0.23 0.23 0.22 0.23
50 0.09 0.18 0.18 0.18 0.18

100 0.07 0.15 0.14 0.15 0.14
E2 1 0.18 0.24 0.25 0.25 0.28

5 0.18 0.24 0.25 0.25 0.28
10 0.17 0.24 0.25 0.25 0.29
50 0.16 0.25 0.25 0.26 0.30

100 0.16 0.25 0.26 0.26 0.31
A1 1 0.24 0.30 0.30 0.30 0.31

5 0.20 0.30 0.30 0.30 0.31
10 0.20 0.30 0.29 0.30 0.31
50 0.19 0.30 0.29 0.29 0.30

100 0.19 0.30 0.29 0.29 0.30
A2 1 0.24 0.30 0.31 0.30 0.30

5 0.19 0.31 0.31 0.30 0.30
10 0.19 0.30 0.29 0.30 0.30
50 0.18 0.30 0.29 0.29 0.29

100 0.18 0.30 0.29 0.29 0.28

Fig. 4. RGIN used recursively.
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from a series of past measurements. In this study, however,
consideration is given to predicting more than one time step
ahead. This generalization of the application of LPCs is out-
lined in the following paragraphs.

The generalized approach is based on a time domain for-
mulation of the all-pole method, also known as the autocor-
relation method described by Makhoul~1975!. Figure 5 is a
flowchart of the linear prediction method based on the least-
squares minimum criteria using Burg’s approach~Burg, 1967,
1968!. This involves the assembly and inversion of a Toeplitz
matrix to determine the linear prediction coefficients. The
Yule–Walker formulation is an alternative to Burg’s. It uses
a specialized procedure, known as the Levinson algorithm,
to reach efficiently a solution for the linear prediction co-
efficients. A complete description of both methods is avail-
able in Marple~1987!.

The basic hypothesis of the all-pole method is that a sig-
nal, at , ~an acceleration signal! sampled at a constant rate,
is predicted by taking a linear combination of past outputs:

at1nd 5 2(
k51

N

akat2kd 1 Gut , ~5!

whereak are the linear prediction coefficients,G is the gain,
andut is an input in the underlying process.

Let [at be an approximation ofat defined as follows:

[at1nd 5 2(
k51

N

akat2kd . ~6!

The error,et , is the difference between the actual and the
predicted values. The total error,E, is defined as

Fig. 5. The all-poles model.
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Table 3a. Average error for LPC

Time Steps in Future

Data Set
No. of
Inputs 1 5 10 50 100

E1
2 0.02230 0.08839 0.08773 0.09377 0.09582
5 0.01551 0.0732 0.06877 0.07614 0.08011

10 0.01478 0.06187 0.05806 0.06363 0.07265
15 0.01432 0.05626 0.05689 0.06124 0.07115
20 0.01394 0.05578 0.05595 0.06045 0.07013

E2
2 0.00250 0.00727 0.00738 0.00716 0.00708
5 0.00214 0.00585 0.00616 0.00585 0.00600

10 0.00207 0.00539 0.00513 0.00522 0.00544
15 0.00203 0.00480 0.00486 0.00497 0.00522
20 0.00198 0.00467 0.00470 0.00478 0.00503

A1
2 0.00909 0.01548 0.01671 0.01811 0.02047
5 0.00737 0.01293 0.01358 0.01503 0.01779

10 0.00724 0.01187 0.01251 0.01389 0.01652
15 0.00717 0.01166 0.01208 0.01385 0.01635
20 0.00706 0.01152 0.01193 0.01353 0.01628

A2
2 0.04731 0.08233 0.08999 0.09512 0.10806
5 0.03619 0.06928 0.07161 0.07855 0.09482

10 0.03665 0.06221 0.0666 0.07322 0.08712
15 0.03521 0.06247 0.06472 0.07321 0.08622
20 0.03559 0.06134 0.06331 0.07199 0.08659

Table 3b. Correlation factor for LPC

Time Steps in Future

Data Set
No. of
Inputs 1 5 10 50 100

E1
2 0.86 0.34 0.36 0.40 0.47
5 0.89 0.40 0.45 0.48 0.53

10 0.90 0.49 0.54 0.56 0.57
15 0.90 0.54 0.55 0.58 0.58
20 0.91 0.55 0.57 0.59 0.59

E2
2 0.90 0.68 0.67 0.61 0.58
5 0.91 0.74 0.72 0.67 0.63

10 0.92 0.75 0.76 0.70 0.65
15 0.92 0.77 0.76 0.71 0.66
20 0.91 0.77 0.76 0.72 0.67

A1
2 0.90 0.81 0.80 0.78 0.76
5 0.92 0.85 0.84 0.82 0.79

10 0.92 0.86 0.85 0.84 0.81
15 0.92 0.86 0.86 0.83 0.81
20 0.92 0.86 0.86 0.84 0.81

A2
2 0.90 0.81 0.80 0.78 0.75
5 0.92 0.84 0.84 0.82 0.78

10 0.93 0.86 0.85 0.84 0.80
15 0.93 0.86 0.86 0.83 0.80
20 0.93 0.86 0.86 0.84 0.80

Table 3c. Theil’s test for LPC

Time Steps in Future

Data Set
No. of
Inputs 1 5 10 50 100

E1
2 0.13 0.28 0.28 0.30 0.31
5 0.11 0.25 0.24 0.26 0.27

10 0.11 0.23 0.22 0.24 0.26
15 0.11 0.22 0.22 0.23 0.26
20 0.11 0.22 0.22 0.23 0.26

E2
2 0.15 0.27 0.27 0.29 0.31
5 0.14 0.24 0.24 0.26 0.27

10 0.13 0.22 0.22 0.24 0.26
15 0.13 0.22 0.22 0.23 0.25
20 0.13 0.21 0.22 0.23 0.25

A1
2 0.19 0.27 0.28 0.29 0.31
5 0.17 0.24 0.24 0.26 0.29

10 0.17 0.23 0.23 0.25 0.27
15 0.17 0.22 0.23 0.25 0.27
20 0.16 0.22 0.23 0.24 0.27

A2
2 0.19 0.26 0.28 0.29 0.31
5 0.16 0.24 0.24 0.26 0.29

10 0.16 0.23 0.23 0.24 0.27
15 0.16 0.22 0.23 0.24 0.27
20 0.16 0.22 0.22 0.24 0.27
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E 5 (
t

et
2 5 (

t
Sat1nd 1 (

k51

N

akat2kdD2

~7!

The linear prediction coefficients,ak, are determined by min-
imizing the total error,E. For this purpose, the partial de-
rivatives ofE with respect toak are set to zero, for 1# k #
N. Equation~7!, for 1 # i # N, becomes

(
k51

N

ak(
t

at2kd at2id 5 2(
t

at1nd at2id . ~8!

Equation~8! represents a set ofN linear equations withN
unknowns, the linear prediction coefficients. The minimum
total error,EN, is obtained from Eqs.~7! and~8!:

EN 5 (
t

at1nd
2 1 (

k51

N

ak(
t

at1nd at2kd . ~9!

If the total error is minimized over an infinite segment of
data, the autocorrelation function,R~i !, is substituted in
Eqs.~8! and~9!

R~i ! 5 (
t52`

`

at at1id 5 (
t52`

`

at at2id

(
k51

N

ak R~i 2 k! 5 2R~i 1 n!, ;1 # i # N

EN 5 R~n! 1 (
k51

N

ak R~k!. ~10!

A window is applied to the signal so that all values before
and after the sample of data are equal to zero. The autocor-
relation function is then equal to

R~i ! 5 (
t50

~N212i !d

at at1id . ~11!

The generalization to predicting multiple steps ahead does
not violate requirements of the frequency domain formula-
tion. Figure 6 is a flowchart of spectral matching using lin-
ear prediction coefficients. The signal spectrum,P~v!, of
signalat is equal to the square magnitude of itsz-transform:

P~v! 5 6S~eiv!62 ~12!

The z-transform of the error in prediction expressed in
Eq. ~7! is equal to

E~z! 5 S11 (
k51

N

akz2kDS~z! 5 A~z!S~z!, ~13!

whereA~z! is the inverse filter. Note thatz5 eiv .
Dividing both sides of Eq.~13! by A~z! and substituting

the newly defined expression forS~z! into Eq.~12!, the power

spectrum is equal to the ratio of the squared magnitudes of
E~z! andA~z!:

P~v! 5
6E~eiv!62

6A~eiv!62
. ~14!

The power spectrum is approximated using the all-poles
model:

ZP~eiv! 5 6H~eiv!62

5
G2

*11 (
k51

P

ake2ikv*
2

5
G2

6A~eiv!62
. ~15!

The error term,E~z!, may be expressed in terms of the ap-
proximation and exact power spectrums by manipulation of
Eqs.~14! and~15!:

Fig. 6. Spectral matching with all-poles model.
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6E~eiv!62 5 G2
P~v!

ZP~v!
. ~16!

Assuming a deterministic signalat , the total error is ob-
tained by applying Parseval’s theorem, and substituting
Eq. ~16!:

E 5 (
t

et
2 5

1

2p
E

2p

p

6E~eiv!62dv

5
G2

2p
E

2p

p P~v!

ZP~v!
dv. ~17!

Minimizing the total error, as described above, is equiva-
lent to the minimization of the integrated ratio of the signal
spectrum and its approximation.

An estimate of the power spectrum is found by comput-
ing the autocorrelation coefficients,R~i !, and solving for
the linear prediction coefficients,ak, using Eq.~10!. The
gain, G, is equal to the square root of the minimum total
squared error,Ep, as shown in Makhoul~1975!. Then, based
on Eq.~15!, the estimate of the power spectrum is equal to
G2 divided by the magnitude squared of thez-transform of
the sequence@1, a1, a2, . . . , aN#.

3.1. Optimal number of linear prediction
coefficients

In practice, the optimal number of linear prediction coeffi-
cients is found by a process of iteration. The value of the
first expression in Eq.~18!, written in terms of the normal-
ized minimum total error,VN, is computed recursively until
its value becomes less than a preset error threshold,n, for
two or three consecutive iterations.

12
VN11

VN
, n

VN 5
EN

R~0!
. ~18!

Note that the LPC can be used to provide both direct and
recursive predictions of future ground accelerations in pre-
cisely the same manner described for the RGIN models.

4. HYBRID NEURAL NETWORK-LINEAR
PREDICTOR SYSTEM

Artificial neural networks~ANNs! are generally not suited
to solving problems that fall outside the training domain~the
region of the input space that embraces the training pat-
terns! ~Flood & Kartam, 1994!. This is illustrated in Fig-
ure 7a for a problem comprising one input variable. Linear
models, on the other hand, can often provide valid results
when extrapolating since they model trends in the data that
may continue, at least some way, outside the region where

the training data resides. This is illustrated in Figure 7b,
which shows a linear model of the same problem presented
in Figure 7a. In the case of modelling earthquake accelero-
grams, this suggests that the LPC could perform better than
RGIN when the input ground accelerations are generally
smaller, or larger, than those used for training.

RGINs, as with most types of ANNs, are nonlinear mod-
els. Consequently, if the nonlinearities in the function map-
ping past ground accelerations to future ground accelerations
are significant, an RGIN might be expected to perform bet-
ter than an LPC for points within the training domain~see
Figure 7b!. For many problems, this closer correspondence
with the training data could correspond to a more accurate
generalization of the trend of the function being modeled,
though only within the training domain.

Arguably, therefore, both types of models have their own
merits: LPCs provide the potential for extrapolation while
RGINs provide the potential for greater accuracy at inter-
polation. Clearly, these advantages, if realized, are comple-
mentary and could possibly both be captured within a hybrid
combining an LPC with an RGIN. One approach to devel-
oping such a hybrid would be to first set up an LPC on the
training data and then to develop an RGIN model of the
difference between the LPC’s output and that required ac-
cording to the training data. The result would be a function

Fig. 7. RGIN, LPC, and hybrid models of data points.
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Table 4a. Average error for hybrid

Time Steps in Future

Data Set
No. of

Hidden Neurons 1 5 10 50 100

E1
1 0.01344 0.05446 0.05485 0.06024 0.07113
5 0.01248 0.05077 0.05128 0.05568 0.06446

10 0.01145 0.04722 0.04878 0.05227 0.05864
50 0.00757 0.03311 0.03266 0.03690 0.04098

100 0.00515 0.02433 0.02353 0.02715 0.02870
E2

1 0.00198 0.00466 0.00472 0.00499 0.00554
5 0.00198 0.00466 0.00471 0.00509 0.00687

10 0.00199 0.00470 0.00475 0.00568 0.01184
50 0.00196 0.00514 0.00751 0.00872 0.01336

100 0.00201 0.00532 0.00765 0.00904 0.01307
A1

1 0.00710 0.01554 0.01197 0.01344 0.01604
5 0.00703 0.01554 0.01203 0.01345 0.01626

10 0.00705 0.01164 0.01204 0.01361 0.01783
50 0.00702 0.01298 0.01293 0.01547 0.01825

100 0.00709 0.01320 0.01314 0.01568 0.01819
A2

1 0.03523 0.06113 0.06326 0.07076 0.08531
5 0.03481 0.06113 0.06357 0.07080 0.08591

10 0.03498 0.06160 0.06354 0.07140 0.08653
50 0.03522 0.06879 0.06666 0.07811 0.08794

100 0.03561 0.06987 0.06796 0.07894 0.08793

Table 4b. Correlation factor for hybrid

Time Steps in Future

Data Set
No. of

Neurons 1 5 10 50 100

E1 1 0.88 0.50 0.50 0.44 0.33
5 0.89 0.54 0.54 0.49 0.41

10 0.89 0.58 0.57 0.52 0.44
50 0.92 0.72 0.72 0.67 0.63

100 0.94 0.79 0.80 0.76 0.75
E2 1 0.81 0.67 0.67 0.63 0.59

5 0.81 0.67 0.67 0.62 0.54
10 0.81 0.67 0.67 0.61 0.51
50 0.81 0.66 0.60 0.60 0.52

100 0.81 0.65 0.60 0.60 0.52
A1 1 0.40 0.31 0.30 0.28 0.24

5 0.40 0.31 0.30 0.28 0.23
10 0.40 0.31 0.30 0.28 0.23
50 0.40 0.28 0.29 0.25 0.22

100 0.40 0.28 0.29 0.25 0.22
A2 1 0.33 0.31 0.30 0.30 0.28

5 0.33 0.31 0.30 0.29 0.28
10 0.33 0.30 0.30 0.29 0.27
50 0.33 0.30 0.30 0.28 0.27

100 0.33 0.30 0.30 0.28 0.27

Table 4c. Theil’s test for hybrid

Time Steps in Future

Data Set
No. of

Hidden Neurons 1 5 10 50 100

E1 1 0.10 0.21 0.21 0.22 0.24
5 0.09 0.20 0.20 0.21 0.23

10 0.09 0.19 0.19 0.20 0.21
50 0.07 0.16 0.15 0.16 0.17

100 0.06 0.13 0.13 0.14 0.14
E2 1 0.11 0.19 0.19 0.20 0.22

5 0.11 0.19 0.19 0.20 0.23
10 0.12 0.19 0.19 0.21 0.26
50 0.11 0.19 0.22 0.21 0.27

100 0.11 0.19 0.22 0.23 0.27
A1 1 0.05 0.07 0.08 0.08 0.09

5 0.05 0.07 0.08 0.08 0.09
10 0.05 0.07 0.08 0.08 0.09
50 0.05 0.08 0.08 0.09 0.10

100 0.05 0.08 0.08 0.09 0.10
A2 1 0.07 0.10 0.10 0.11 0.13

5 0.07 0.10 0.10 0.11 0.13
10 0.07 0.10 0.10 0.11 0.13
50 0.07 0.11 0.11 0.12 0.13

100 0.07 0.11 0.11 0.12 0.13
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that is essentially linear in form outside the training domain
and distinctly nonlinear inside the training domain, such as
illustrated in Figure 7c. The output from the hybrid network
can be expressed as

at1nd 5 (
i51

N1

~ai at2id! 1 (
j51

L

wj,ne
2sj (

i51

N2

~at2id2oi, j !
2

, ~19!

whereN1 is the number of inputs used by the linear com-
ponent of the model andN2 is the number of inputs used by
the nonlinear component of the model.

5. EXPERIMENTAL DATA

The accelerogram data, plotted in Figures 1 and 2, is digi-
tized at 100-Hz sampling rate~time step equal 0.01 s!. It
was divided into four sets for the development and evalua-
tion of the models:

1. Data set E1. This is the data used to train the RGIN
and develop the coefficients for the LPC. It embraces
1000 consecutive measurements from the earthquake,
from 15.01 s through to 25.00 s, as indicated by the
shaded region of Figure 1. This portion of the accel-
erogram was chosen to ensure the models were pro-
vided with information about the behavior of the high
amplitude region of the accelerogram~arguably the
most critical in terms of causing damage to structures!.

2. Data set E2. This is the remaining data from the earth-
quake accelerogram not used for developing the mod-
els ~i.e., the earthquake data excluding data set E1!.
This data set was established to test the performances
of the models on the lower amplitude regions of the
event on which they were developed.

3. Data set A1. This includes the complete record of the
aftershock, and was established to test if the models
could predict ground accelerations for an event not used
to develop the models~though measured at the same
recording station!.

4. Data set A2. This is a partial record of the aftershock
comprising 1000 consecutive points from 13.01 s to
23.00 s during the event. It focuses on the high am-
plitude region of the aftershock~indicated by the
shaded region of Figure 2! to test the predictive capa-
bilities of the models during the most critical portion
of the event.

To reduce the number of input variables required in the mod-
els, the experiments reported in this paper combined the three
components of ground acceleration, measured at each point
in time, into their vectors:

ai 5 % avertical
2 1 aeast–west

2 1 anorth–south
2 . ~20!

Three indicators were computed to evaluate different char-
acteristics of the performances of the models for each of the
four data sets:

1. Average error, measuring the mean absolute differ-
ence between the predicted and actual values in a data
set:

E 5
(
i51

P

6 [ai 2 ai 6

P
. ~21!

The average error provides an indication of how far
individual predictions can be expected to vary from
actual accelerations.

2. Correlation factor which varies between21.0 and 1.0,
measuring the similarity in shape between the pre-
dicted and actual plots of ground acceleration~1.05
perfect correlation, 0.05 no correlation, and21.05
perfect negative correlation!:

r 5

P (
i51

P

[ai ai 2 (
i51

P

[ai (
i51

P

ai

!FP (
i51

P

[ai
2 2 S(

i51

P

[aiD2GFP (
i51

P

ai
2 2 S(

i51

P

aiD2G
.

~22!

The correlation coefficient provides a measure of the
correspondence in the up and down trends in the pre-
dicted and actual ground acceleration plots.

3. Theil’s test which varies between 0.0 and 1.0, measur-
ing the similarity, both in magnitude and shape, be-
tween the plots of predicted and actual ground
accelerations~0.05maximum equality or perfect fore-
cast, and l.05 maximum inequality!:

U 5
!(

i51

P

~ [ai 2 ai !
2

!(
i51

P

[ai
2 1 !(

i51

P

ai
2

. ~23!

Theil’s test, compared to the correlation coefficient, is
more sensitive to the relative magnitudes of actual and
predicted values.

6. RESULTS USING DIRECT PREDICTION

The first set of experiments were designed to evaluate the
ability of the three alternative models~the RGIN, LPC, and
hybrid systems! to predict ground acceleration directly at a
given point in time in the future from earlier ground accel-
erations. Before this could be done, however, there was a
need to determine the optimal number of parameters to in-
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corporate in each model~i.e., the number of input and hid-
den neurons for the neural network, and the number of co-
efficients for the linear predictor!.

6.1. Number of neurons for RGIN

A parametric study was undertaken to determine the num-
ber of input and hidden neurons to include in the RGIN
model. RGINs were trained to predict one time step ahead
of the input data using data set E1, for a range of 1 to 10
input neurons and 1 to 100 hidden neurons. Data sets E1
and E2 were combined for testing performance using the
error measure,E, given in Eq.~4!. In all experiments, no
discernible improvement in performance was attained in the
region of 100 hidden neurons. For the 100 hidden neuron
networks, the errors for different numbers of inputs wereE:
2 5 0.01264, 35 0.01229, 45 0.01167, 55 0.00666, 65
0.00617, 75 0.00579, 85 0.00575, 95 0.00571, and 105
0.00594. From this it can be seen that there is little improve-
ment in performance~measured to an accuracy of 0.0005!
moving beyond five input neurons. It was decided there-
fore, on the basis of these experiments, to use a network
comprising five input neurons and 100 hidden neurons. While
there could be some improvement in the accuracy of pre-
dictions by extending beyond this size, the benefits that may
accrue appeared negligible.

6.2. Number of linear prediction coefficients

The optimum number of linear predictor coefficients~one
for each input! is based on a subjective selection of an error
threshold as described in the section on LPCs. A parametric
study was undertaken, varying the number of inputs in the
LPC from 2 to 10. In each case, the LPCs were developed
using data set E1 and tested on the combined data sets E1
and E2, as for the RGIN model. These experiments yielded
the following error values ofV @see Eq.~18!#: 2 5 0.0707,
3 5 0.2581, 45 20.0017, 55 0.0192, 65 20.0032, 75
0.0262, 85 0.0182, 95 0.0179, and 105 0.0059. Moving
beyond seven inputs resulted in a steady reduction in the
error function. Since the LPC showed a continual improve-
ment with the addition of more inputs, an arbitrary limiting
value had to be selected. A total of 20 inputs was selected
since it was clear that there would be no significant change
in the error~measured to an accuracy of 0.0005! moving
beyond this value.

6.3. Number of input and hidden neurons
for the hybrid

The proposed hybrid system for modelling ground acceler-
ations usedN1 5 20 previous values for the linear compo-
nent andN255 previous values for the nonlinear component
@see Eq.~19!#, being the maximums adopted for the respec-

tive LPC and RGIN models. In other words, the linear com-
ponent was connected to input neuronsi 51 to i 5 20 while
the nonlinear component of the hybrid network was con-
nected to input neuronsi 5 1 to i 5 5.

6.4. Comparative performances

The performances of the three models were compared in
terms of their ability to predict ground accelerations at 1, 5,
10, 50, and 100 time steps in the future from the earlier data.
Data set E1 was used for training0developing the models.
Figure 8 compares the performances of the three types of
model for the average error, correlation factor, and Theil’s
test, respectively, for each of the four data sets. In all cases,
performance is plotted as a function of the number of time
steps into the future for predictions.

As might be expected, these figures indicate that there
was a general reduction in performance~decreasing corre-
lation factor, and increasing average error and Theil’s test!
with an increase in the reach~number of time steps ahead!
of the predictions.

The most important performance experiments were those
using data set A2 since this represents, firstly, an event~the
aftershock! that was not used to develop the models, and sec-
ondly, the high amplitude region of the accelerogram being
the part most likely to cause damage to structures. For the av-
erage error, it can be seen that for data set A2~indicated by
thedash-double-dotted lines! theperformancesof theLPCand
hybrid are almost indistinguishable and markedly better than
that of RGIN. For the correlation factor, the LPC provided the
best performance, followed by RGIN and the hybrid which
both performed poorly. For Theil’s test, the hybrid provided
the best performance followed by the LPC and RGIN which
both performed relatively poorly. In summary, according to
these results, RGIN was consistently a relatively poor per-
former, while the LPC and hybrid systems were comparable
and generally good performers.

7. RESULTS USING RECURSIVE PREDICTION

A further set of experiments were undertaken to assess the
performances of the three types of model when operating
recursively. The models developed in the previous section
for predicting 1 time step ahead were adopted for this pur-
pose. Each model was presented with a starting sequence of
ground accelerations as input and then allowed to run re-
cursively for 100 iterations, as described earlier. A total of
seven start points were selected, from the earthquake and
aftershock, to provide a range from low to high amplitude
regions in the accelerograms. The start points for each ex-
periment are provided in the keys to the Figures 9 and 10.

In each experiment, the performance of the models was
measured using the correlation factor and Theil’s test for 5,
10, 50, and 100 iterations. Figures 9 and 10 show the results
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of these experiments for starting points taken from the earth-
quake and aftershock accelerograms, respectively, using the
correlation factor, and Theil’s test. Inspecting the results for
Theil’s test, the worst performer was RGIN for both the earth-
quake and aftershock when starting at a point 2.01 min into
ground acceleration readings. In both cases, RGIN is at-
tempting to simulate a low amplitude region of the accel-
erograms and thus is operating outside its training domain.
The LPC and hybrid models show reasonable and similar
performance when starting at these same low amplitude re-
gions of the accelerogram. This is in agreement with the
argument outlined earlier that RGIN, unlike the LPC and
hybrid systems, is not a valid predictor when asked to ex-
trapolate. On the other hand, RGIN was the best performer
when starting in the high amplitude region of the earth-
quake~at 22.01 s into the accelerogram readings! and dem-
onstrated a performance that was comparable to the other
models when started in the high amplitude region of the af-
tershock~at 18.01 s into the accelerogram readings!. In these
cases, RGIN was operating in a region that was largely within
its training domain, and therefore, was expected to provide
a more accurate model than the LPC given that the required
mapping function is nonlinear in form.

According to the correlation factor~Figures 9 and 10!,
the performance of each model appears disappointing. The
only experiment that yielded a good correlation for the first
10 iterations was that of RGIN started at a point 22.01 min
into the earthquake. The reason for this is simply that, in
this case, RGIN was started at a position in the accelero-
gram that was used for its training and in this sense was
really just attempting to reproduce the training data.

Figures 11 and 12 plot the output generated by each model
for the first 100 iterations, for the recursion starting points
located in the high amplitude regions of the earthquake and
aftershock~i.e., at 22.01 s and 18.01 s into the accelero-
gram readings, respectively!. In each case, the simulated out-
put is superimposed on the actual readings. Referring to
Figure 11, it can be seen that the RGIN output follows the
measured ground accelerations for the first 9 iterations be-
fore it starts to deviate. This was the experiment that pro-
vided a good correlation over the first 10 iterations discussed
above. Apart from this, none of the simulation plots follow
the measured plots particularly closely. A visual inspection
of these figures suggests that the LPC is the worst at cap-
turing the characteristic behavior of the accelerogram in
terms of the range of the amplitudes of the peaks and troughs

Fig. 8. Average error, correlation factor, and Theil’s test for direct prediction.
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in the plot. The best performance in this respect is provided
by the hybrid model.

8. CONCLUSIONS

None of the three methods of modelling adopted in this study
consistently outperformed the others. However, for the di-
rect method of predicting ground accelerations, the LPC and
hybrid models performed significantly better than RGIN.
While there was little to distinguish between the LPC and
hybrid models in this regard, the LPC provides a more prac-
tical means of modelling since it is much simpler in form
than the hybrid. The LPC models comprise just 20 coeffi-
cients which are used simply to weight and sum a set of

input ground accelerations. In contrast, the hybrid includes
an additional seven parameters~five offsets, a squeezing pa-
rameter, and an output weight! for every hidden neuron it
incorporates, and requires the application of power func-
tions. Consequently, even if the hybrid was implemented in
parallel operating neural hardware, it would still be compu-
tationally more expensive than the LPC. This is particularly
important when making predictions of ground accelera-
tion at small steps in time in the future since the results are
required early enough to allow for an effective response
decision.

None of the models were capable of providing accurate
predictions of ground acceleration when operating recur-
sively. RGIN, however, showed some promise when oper-

Fig. 9. Correlation factor and Theil’s test for recursive prediction with earth-
quake data.

Fig. 10. Correlation factor and Theil’s test for recursive prediction with
aftershock data.
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ating within its training domain. This suggests that it may
be possible to develop a reasonable recursive model using
RGIN if the training domain is extended to include exam-
ples from low amplitude regions of the earthquake accel-
erogram, or even from a range of different earthquakes. Since
the hybrid model appeared to capture more closely the time-
wise characteristic behavior of the accelerogram, consider-
ation should also be given to developing this model by
extending the training set.

The study was limited to the application of the technique
to the 1985 Mexico earthquake on which the models were
developed and the aftershock. Further work is required, there-
fore, comparing the performances of the alternative models
for a broader range of earthquake events. Finally, consider-
ation should also be given to modelling the individual east–
west, north–south, and vertical components of the ground
acceleration vectors since in many problems, such as active
bracing systems, these would be the values required.

Although the proposed neural approach was shown not
to outperform a linear predictor-based model for this appli-
cation, it is possible that it could offer a more efficient means
of modelling other time-evolving functions. Potential ap-
plications in this regard might include predicting wave in-
duced stresses on off-shore structures~such as oil rigs!, and

extrapolating vibrations monitored in mechanical compo-
nents to provide advanced warning of failure.
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