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ABSTRACT

In this study, a fuzzy adaptive network “Fuzz-ART”, based on
adaptive resonance theory (ART) combined with fuzzy set theory is
developed to evaluate liquefaction potentials induced by Chi-Chi
earthquake in Yuan-Lin area.  The proposed system combines the
backpropagation algorithm for parameter learning and the fuzzy ART
algorithm for structure learning.  With the help of case studies, it is
shown that the “Fuzz-ART” network is able to predict liquefaction
potentials much more satisfactorily than conventional artificial neu-
ral network methods.  If more data are collected, it may well evaluate
liquefaction potentials induced by Chi-Chi earthquake.

INTRODUCTION

There are hundreds of recent cases of ground fail-
ure and damage to structures due to liquefaction during
earthquake in Taiwan, Japan, Yugaslavia, Chile, China,
Central America and the United States. During the 1964
and 1995 earthquakes in Niigata and Kobe, Japan, many
structures settled several feet and suffered up to 80
degrees of tilting (Oshaki, 1970; Yomamuro et al.,
1997).  The same year of Niigata earthquake, in Valdez,
Alaska, extensive flow slides washed entire sections of
the waterfront into the sea.  Recently in 1999, liquefac-
tion caused a considerable amount of damage in the
central part of Taiwan during Chi-Chi earthquake
(NCREE, 2000).

Numerous studies have been conducted to under-
stand the behavior of cohesionless soil under earth-
quake loading.  Many of these studies have been based
on the principle of subjecting representative soil ele-
ments to the same loading conditions in the laboratory,
as they would encounter in the field, and assessing the
probable field performance from the resulting behavior

of the laboratory test specimens.  Considerable amount
of theoretical and empirical methods have also been
developed for liquefaction evaluation.

Many of the existing assessment methods are de-
veloped from observations of the performance of sites
during earthquakes (Seed et al., 1974; Tokimatsu et al.,
1983; Robertson et al., 1992).  Using field records like
Standard Penetration Test blowcount SPT-N or Cone
Penetration Test resistance CPT-qc, empirical correla-
tions are established between the soil and the seismic
properties and the occurrence or nonoccurrence of liq-
uefaction at the site.

The feasibility of using neural networks for as-
sessing liquefaction potential from actual field records
have been examined by many researchers (Goh, 1994;
Juang, 2000; Wu, 1995).  Neural networks are computer
models whose architectures essentially mimic the bio-
logical system of the brain.  Neural networks have been
found to be useful for analyzing complex relationships
involving a multitude of variables, in place of a conven-
tional mathematical model.  In neural networks, the
mathematical relationship between the variables does
not have to be specified.  Instead, they learn from the
examples and fed to them.  An overview of neural
network is presented, followed by a description of the
proposed Fuzz-ART neural network model.

OVERVIEW  OF  NEURAL  NETWORKS

A neural network consists of a number of intercon-
nected proceeding units commonly referred to as
neurodes or neurons.  Each neuron receives an input
signal from neurons to which it is connected.  Each of
these connections has numerical weights associated
with it.  These weights determine the nature and strength
of the influence between the interconnected neurons.
The signals from each input are then processed through
a weighted sum of the inputs, and the processed output
signal is then transmitted to another neuron via a trans-
fer or activation function.  A typical transfer function is
the sigmoid transfer function.  The sigmoid function
modulates the weight sum of the inputs so that the
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output approaches unity when the input gets larger and
approaches zero when the input gets smaller.

Fig. 1 shows the architecture of a typical neural
network consisting of conventional three layers of in-
terconnected neurons.  Each neuron is connected to all
the neurons in the next layer.  There is an input layer that
holds the response of the network to the input.  It is the
intermediate layers, also known as hidden layers that
enable these networks to respect and compute compli-
cated associations between patterns.  A single hidden
layer is common used in most conventional neural
networks.

Training of the neural network is essentially car-
ried out through the presentation of a series of example
patterns of associated input and output values.  The
neural network learns what it is to compute through the
modification of the weight of the interconnected neurons.
Among many learning systems, back-propagation model
is the most commonly used one.  The learning algorithm
processes the patterns in two stages.  In the first stage,
the input pattern generates a forward flow of signals
from the input layer to the output layer.  The error of
each output neuron is then computed from the differ-
ence between the computed and the desired output.  The
second stage involves the readjustment of the weights in
hidden and output layers to reduce the difference be-
tween the actual and desired output.  Training is carried
out iteratively until the average sum squared errors over
all training patterns are minimized.

Once the training phase is computed satisfactorily,
verification of the performance of the neural network is
then carried out using patterns that were not included in
the training set.  This determines the quality of the
predictions in comparison to the desired outputs.  This
is often called the testing phase.  No additional learning

occurs during this phase.
Before presenting the input patterns to the neural

network, some preprocessing of the data is necessary.
This usually involves scaling or normalization of the
input patterns to values in the range 0 to 1.  This is
required because the sigmoid transfer function modu-
lates the output to values between 0 and 1.

FUZZ-ART  NEURAL  NETWORK

Based on adaptive resonance theory (ART) com-
bined with fuzzy set theory, an adaptive network Fuzz-
ART is proposed to evaluate liquefaction potential.  A
five-layer consists of input, output and 3 hidden layers
network topology, as shown in Fig. 2 is adopted in this
study.

The Structure of Fuzz-ART

In the Fuzz-ART model, the technique of comple-
ment coding used in the fuzzy ART is adopted to nor-
malize the input and output training vectors.  This
technique rescales an n-dimensional vector in Rn, x =
(x1, x2, ..., xn)t, to its 2n-dimensional form in [0, 1]2n such
that x '  = (x ' 1,  (x ' 1) c,  x ' 2,  (x ' 2) c,  . . . ,  x 'n,  (x 'n) c) t ≡

  x = ( x 1, x 2, x n)t
, where   x = ( x 1, x 2, x n)t

 = x
/ ||x||, and t denotes the transpose operation of a vector
or a matrix; all training vectors are transformed to their
complement coded forms in the preprocessing process.

The functions of the nodes in each layer of the
Fuzz-ART model are described as follows.
Layer 1:

There are two output values xi and  x i
c  = 1 − xi due

Fig. 1.  Typical neural-network architecture. Fig. 2.  Fuzz-ART neural-network architecture.
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to the complement coding for each input node i.  The
nodes in this layer transmit input signals to the next
layer directly.
Layer 2:

Each node in this layer acts as membership function.
The generalized bell membership function is used here.
We denote the two weights on the link from input node
as uij and  v ij

c  that define the membership function.
Layer3:

Each node in this layer represents one fuzzy logic
rule and the links are used to perform precondition
matching of fuzzy logic rules.  This forms a multi-
dimensional generalized bell membership function.
Layer 4:

In this layer, each node has two operating modes,
i.e. down-up transmission and up-down transmission
modes.  In down-up transmission mode, the links in
Layer 4 perform the fuzzy OR operation.  While in up-
down transmission mode, the nodes here and the links in
Layer 5 function are the same as those in Layer 2.  In
other words, there are also two weighs on each up-down
transmission links in Layer 5 to define hyperboxes in
the output space.
Layer 5:

There are also two kinds of nodes in Layer 5.  One
is up-down transmission for training data to feed into
the networks acting like Layer 1.  The other is down-up
transmission for decision signal output.  These nodes
and the Layer 5 down-up transmission links attached to
them act as a defuzzifier.

Input Clustering Algorithm

We use the fuzzy ART fast-learning algorithm to
find the input membership function parameter.
1. Input vector:

Each input I is an n-dimensional vector, where
each component Ii is in the interval [0,1].
2. Choice function:

   
T j(I) =

I ∧ w

α + w j

,  where the fuzzy AND operator ∧

is defined by (x ∧  y)i ≡ min(xi, yi) and where the norm

| | is defined by    x = x iΣ
i = 1

M

The category choice is indexed by J, where Tj =
max{Tj: j = 1 ... N}
3. Match function:

If 
   I ∧ w

I
≥ ρ ,  resonance will occur and if 

   I ∧ w j

I

< ρ, mismatch reset will occur.
Where ρ is a vigilance parameter.

4. Weight update rule equation:

The weight vector is updated according to the
equation

   w j
new = β(I ∧ w j

old) + (1 – β)w j
old

Fast learning corresponds to setting β = 1.

Case Studies

Comparison with existing neural network methods,
two liquefaction examples taken from Goh (1994) and
Wu (1995) where parameters of total and effective
overburden pressure σ0 and σ0’, depth to groundwater
table Hw, relative density of sand Dr, fine content FC,
maximum surface acceleration amax, SPT-N modifica-
tion coefficient Cn, magnitude of earthquake M, earth-
quake induced shear stress τav, and stress reduction
factor γd are used to compare the present Fuzz-ART
results with conventional three layer network results.
The same training and testing data as used in Goh and
Wu’s networks are used for the proposed Fuzz-ART
network.  First the case records from Goh (1994) are
evaluated using the Fuzz-ART neural networks.  A total
of 85 case records are considered.  The data consists of
73 case records from Japan and 12 case records from the
United States and Pan America, taken from 13 earth-
quakes that occurred in the period 1891-1980.  This
represented 42 sites that liquefied and 43 sites that did
not liquefy.  59 of these case records are used for the
training phase, and 26 for the testing phase.  Details are
shown in Table 1 and 2, respectively.

The results of the predications using this Fuzz-
ART would have been tabulated in Table 1 and 2 along-
side the actual field performance and Goh’s three layer
neural network results.  Altogether there is only one
error in the training data also one error in testing data.
In comparison, the Seed et al. (1985) procedure gave 14
errors or a 84% success rate (Goh, 1994), the Goh
(1994) model gave 2 errors in the training data and 2
errors in testing data.  This indicates that the present
Fuzz-ART network approach has a much higher success
rate (98.3% success rate in training and 96.2% success
rate in testing, overall 97.6%) for evaluating liquefac-
tion potential.  Fig. 3 and 4 show variations of the
magnitude of the errors at different stages of the Goh’s
conventional and the present Fuzz-ART neural network
training phase.  The difference in the average sum
squared errors are minimal after about 20,000 cycles for
Goh’s model; however, they are minimal after only 100
cycles in the present Fuzz-ART model.  It is found that
the present Fuzz-ART model converges much quicker
than Goh’s model.  The case records from Wu (1995) are
listed in Table 3 and 4.  The results of the predications
made by Wu (1995) and by using the present Fuzz-ART
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Table 1.  The result of prediction for training set (Goh, 1994)

Field The result of prediction

M σ0 σ'0 N a/g    τ av / σ0
' F D50 Reference Proposed

behavior neural network Fuzz-ART

7.9 186.4 96.1 20 0.32 0.36 0 0.46 Yes Yes Yes
7.9 130.5 81.4 10 0.32 0.32 5 0.28 Yes Yes Yes
7.9 111.8 71.6 17 0.28 0.28 3 0.80 Yes Yes Yes
7.9 93.2 67.7 13 0.28 0.25 4 0.60 Yes Yes Yes
7.9 122.6 93.2 10 0.20 0.16 10 0.25 Yes Yes Yes
7.9 141.3 102.0 1 0.20 0.17 14 0.25 Yes Yes Yes
7.9 71.6 69.7 2.2 0.20 0.13 22 0.18 Yes Yes Yes
7.9 149.1 80.4 16.5 0.20 0.23 1 0.28 Yes Yes Yes
7.9 93.2 63.8 11.9 0.20 0.19 5 0.30 Yes Yes Yes
7.9 93.2 73.6 5.7 0.20 0.16 20 0.20 No No No
7.9 149.1 100.1 2 0.20 0.18 33 0.15 No No No
8 89.3 59.8 8 0.20 0.19 10 0.40 Yes Yes Yes
8 64.7 35.3 1 0.20 0.24 27 0.20 Yes Yes Yes
8 50.0 45.1 2 0.20 0.15 30 0.15 Yes Yes Yes
8 130.5 81.4 10 0.16 0.16 5 0.28 Yes Yes Yes
7.3 66.7 35.3 7 0.35 0.39 35 0.13 No No No
7.3 141.3 70.6 29 0.35 0.39 2 0.80 No No No
7.3 123.6 91.2 19 0.35 0.27 4 0.65 Yes Yes Yes
7.3 74.6 47.1 8 0.40 0.38 0 0.45 Yes Yes Yes
7.3 100.1 51.0 8 0.40 0.45 21 0.10 No No No
7.3 128.5 63.8 20 0.40 0.45 0 0.45 No No No
7.5 130.5 71.6 8 0.16 0.17 2 0.30 Yes Yes Yes
7.5 130.5 71.6 12 0.16 0.17 2 0.30 No No No
7.5 128.5 79.5 18 0.16 0.15 2 0.30 No No No
7.5 186.4 98.1 10 0.16 0.17 2 0.30 Yes Yes Yes
7.5 186.4 98.1 16 0.16 0.17 2 0.30 No No No
7.5 186.4 105.9 20 0.16 0.15 2 0.30 No No No
7.5 80.4 38.3 4 0.16 0.21 10 0.40 Yes Yes Yes
7.5 111.8 65.7 27 0.16 0.16 0 0.30 No No No
7.5 93.2 68.7 12 0.16 0.13 0 0.36 No No No
7.5 84.4 46.1 6 0.16 0.18 0 0.40 Yes Yes Yes
7.9 74.6 45.1 5 0.20 0.21 20 0.12 Yes Yes Yes
7.9 111.8 72.6 28 0.23 0.22 5 0.25 No No No
7.9 74.6 41.2 6 0.23 0.27 5 0.25 Yes Yes Yes
7.9 74.6 45.1 16 0.23 0.25 5 0.25 No No No
6.7 118.7 66.7 10 0.10 0.09 0 0.60 No No No
6.7 61.8 34.3 5 0.12 0.12 5 0.70 Yes Yes Yes
6.7 61.8 41.2 7 0.12 0.1 4 0.28 No No No
6.7 80.4 47.1 11 0.12 0.11 0 0.40 No No No
6.7 80.4 54.9 4 0.12 0.09 10 0.40 No No No
6.7 61.8 41.2 13 0.12 0.10 7 1.60 No No No
6.7 80.4 41.2 9 0.12 0.13 12 1.20 No No No
6.7 103.0 83.4 9 0.14 0.09 5 0.34 No No No
6.7 108.9 70.6 8 0.14 0.11 4 0.36 No No No
6.7 59.8 56.9 11 0.14 0.08 5.0 0.53 No No No
6.7 74.6 59.8 6 0.14 0.09 10 0.25 No No No
6.7 93.2 68.7 9 0.14 0.10 20 0.15 No No No
6.7 111.8 77.5 12 0.14 0.11 3 0.35 No No No
6.7 74.6 49.1 4 0.12 0.10 10 0.15 No No No
5.5 111.8 48.1 6 0.19 0.10 3 0.20 No No No
8.3 56.9 53.0 10 0.16 0.22 10 0.20 Yes Yes Yes
6.6 72.6 86.3 9 0.45 0.29 20 0.10 Yes Yes Yes
7.5 72.6 28.4 8 0.14 0.17 3 1.00 Yes Yes Yes
7.5 93.2 34.3 8 0.14 0.14 3 1.00 Yes Yes Yes
7.5 58.9 62.8 14 0.14 0.13 3 1.00 No Yes Yes
6.6 107.9 51.0 31 0.60 0.45 11 0.12 No No No
6.6 58.9 51.0 4 0.60 0.45 25 0.12 No No No
6.6 686.7 51.0 11 0.60 0.45 19 0.10 Yes Yes Yes
6.6 72.6 46.1 7 0.20 0.21 34 0.09 No No No
7.4 118.7 66.7 10 0.20 0.21 0 0.60 Yes No Yes

The shadow determinates the error of prediction
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model are tabulated in Table 3 alongside the actual field
performance.  The success rates of the Wu’s and Fuzz-
ART neural networks are summarized in Table 5.  The
results indicate that the Fuzz-ART neural network is

Table 2.  The result of prediction for testing set (Goh, 1994)

Field The result of prediction

M σ0 σ'0 N a/g    τ av / σ0
' F D50 Reference Proposed

behavior neural network Fuzz-ART

7.4 118.7 66.7 10 0.20 0.21 0 0.60 Yes Yes Yes
7.4 61.8 38.3 19 0.32 0.31 4 0.28 No No No
7.4 61.8 34.3 5 0.32 0.35 5 0.70 Yes Yes Yes
7.4 61.8 41.2 7 0.32 0.29 4 0.28 Yes Yes Yes
7.4 80.4 47.1 11 0.24 0.25 0 0.40 Yes Yes Yes
7.4 97.1 66.7 20 0.24 0.21 0 0.60 No No No
7.4 80.4 54.9 4 0.24 0.21 10 0.40 Yes Yes Yes
7.4 61.8 41.2 13 0.24 0.22 7 1.60 Yes Yes Yes
7.4 80.4 41.2 8 0.24 0.28 12 1.20 Yes Yes Yes
7.4 136.4 77.5 17 0.24 0.24 17 0.35 No No No
7.4 103.0 83.4 9 0.24 0.17 5 0.34 Yes Yes Yes
7.4 108.9 70.6 8 0.24 0.21 4 0.36 Yes Yes Yes
7.4 9.8 56.9 11 0.28 0.18 5 0.53 Yes Yes Yes
7.4 109.9 80.4 23 0.28 0.22 0 0.41 No No No
7.4 111.8 77.5 10 0.24 0.20 10 0.30 No Yes Yes
7.4 74.6 59.8 6 0.24 0.18 10 0.25 Yes Yes Yes
7.4 130.5 86.3 21 0.24 0.21 5 0.35 No No No
7.4 93.2 68.7 9 0.24 0.19 20 0.15 Yes No Yes
7.4 83.4 63.8 10 0.24 0.19 26 0.12 No No No
7.4 111.8 77.5 12 0.24 0.20 3 0.35 Yes Yes Yes
7.4 106.9 71.6 15 0.24 0.21 11 0.30 No No No
7.4 124.6 91.2 17 0.24 0.19 12 0.30 No No No
7.4 74.6 49.1 4 0.20 0.18 10 0.15 Yes Yes Yes
7.4 111.8 66.7 15 0.20 0.20 10 0.18 No No No
6.1 105.9 56.9 5 0.10 0.09 13 0.18 No No No
6.1 247.2 105.9 4 0.10 0.09 27 0.17 No No No

The shadow determinates the error of prediction

Fig. 3.  Learning curve of reference neural network (Goh, 1994).
Fig. 4.  Learning curve of Fuzz-ART.

more successful in learning the relationship between the
input and output data than Wu’s conventional 3 layer
neural network model.  The results from the testing
phase suggest that the Fuzz-ART neural network gives
more reasonable predications than conventional one.
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Table 3.  Field behavior data for training set (Wu, 1995)

(1: liquefaction    0: no liquefaction)

Field Reference Fuzz-ARTDcr Hw    τ av / σ0
' γd D50 N Dr Cn amax

behavior model model*

10.1 0.9 1.90 0.90 0.46 20 72.61 0.98 0.32 1 0.758 0.096
7 2.1 1.57 0.95 0.28 10 60.12 1.06 0.32 1 1.004 0.551
6.1 1.8 1.57 0.96 0.80 17 70.14 1.13 0.32 1 1.010 0.768
5.2 2.4 1.37 0.96 0.60 13 65.04 1.15 0.32 1 0.931 0.851
7 4.0 1.32 0.95 0.25 10 59.50 1.00 0.20 1 0.681 0.884
4.3 4.0 1.04 0.97 0.18 2 47.35 1.14 0.20 1 0.768 1.030
8.2 0.9 1.86 0.93 0.28 16 68.42 1.07 0.20 1 0.575 1.080
5.2 0.9 1.74 0.96 0.30 12 64.44 1.28 0.20 1 0.729 1.090
5.2 3.0 1.28 0.96 0.20 6 54.26 1.1 0.20 0 0.649 0.184
8.2 1.8 1.68 0.93 0.11 8 56.82 1.03 0.20 0 1.151 0.273
6.1 1.8 1.56 0.95 0.44 7 56.30 1.16 0.16 0 0.526 0.251
5.2 2.1 1.44 0.96 0.40 8 57.98 1.17 0.20 1 0.533 0.904
3.7 0.9 1.76 0.98 0.20 1 47.68 1.49 0.20 1 0.964 1.070
3 2.4 1.12 0.98 0.15 2 49.00 1.37 0.20 1 1.078 1.050
7 2.1 1.57 0.95 0.28 10 60.12 1.06 0.16 1 0.327 0.858
8.2 0.9 1.88 0.93 0.80 29 83.27 1.08 0.35 0 -0.173 0.096
7 3.7 1.33 0.95 0.65 19 71.45 0.98 0.35 1 1.036 0.729
4 1.2 1.56 0.97 0.45 8 59.10 1.37 0.40 1 1.213 0.909
7.6 0.9 1.89 0.94 0.45 20 73.74 1.12 0.40 0 0.364 0.096
3 2.4 1.13 0.98 0.34 5 54.48 1.40 0.19 1 0.829 0.977
7 0.9 1.83 0.95 0.30 8 57.74 1.14 0.16 1 0.812 0.878
7 0.9 1.83 0.95 0.30 12 63.62 1.14 0.16 0 0.475 0.097
7 1.8 1.62 0.95 0.30 18 71.01 1.00 0.18 0 -0.144 0.096

10.1 0.9 1.90 0.91 0.30 10 59.26 0.98 0.16 1 0.789 0.834
10.1 0.9 1.90 0.91 0.30 16 67.63 0.98 0.16 0 0.292 0.096
10.1 1.8 1.74 0.91 0.30 20 72.24 0.94 0.18 0 -0.129 0.096
4.3 0.0 2.07 0.97 0.40 4 53.20 1.50 0.18 1 0.768 1.090
6.1 1.2 1.71 0.96 0.30 27 81.76 1.18 0.18 0 -0.214 0.096
6.1 2.4 1.46 0.96 0.30 12 63.28 1.09 0.18 0 0.034 0.096
4.6 0.6 1.82 0.97 0.40 6 56.00 1.38 0.16 1 0.964 1.090
0.9 0.9 1.00 0.99 0.15 3 52.91 1.98 0.13 1 1.040 1.090
4 0.9 1.66 0.97 0.12 5 54.50 1.41 0.2 1 0.936 1.090
6.1 2.1 1.51 0.96 0.25 28 82.46 1.10 0.23 0 -0.204 0.096
4 0.6 1.79 0.97 0.25 6 56.34 1.47 0.23 1 1.134 0.950
4 0.9 1.66 0.97 0.25 16 70.17 1.41 0.23 0 0.149 0.096
6.1 3.0 1.25 0.95 0.10 9 58.51 1.05 0.45 1 0.778 1.090
6.1 4.6 1.17 0.95 0.08 2 45.56 1.00 0.45 1 1.153 1.010
6 2.0 1.55 0.96 0.10 9.5 60.40 1.14 0.10 0 0.152 0.096

13 2.0 1.74 0.83 0.10 14.5 63.40 0.81 0.10 0 0.066 0.096
6.2 1.5 1.62 0.96 0.12 6 54.40 1.12 0.10 1 0.399 1.060
3 2.0 1.20 0.98 0.12 6 56.03 1.40 0.13 1 0.337 1.090

10 2.0 1.68 0.91 0.12 9 56.82 0.91 0.20 1 1.171 1.010
10.3 2.0 1.69 0.90 0.12 9 56.66 0.89 0.20 1 1.172 1.000
9.1 1.5 1.74 0.92 0.06 8 56.07 0.98 0.13 1 0.871 1.090
8.2 1.5 1.71 0.93 0.09 11 61.16 1.02 0.20 1 1.127 1.090
8.2 1.5 1.71 0.93 0.08 13 63.99 1.02 0.20 1 1.077 1.090
8.2 1.5 1.71 0.93 0.08 9 58.16 1.02 0.10 0 0.462 0.096
2.3 1.4 1.28 0.98 0.12 11 64.22 1.62 0.20 1 0.645 1.090
7 1.0 1.82 0.94 0.12 4 51.05 1.14 0.35 1 1.203 0.958
5.3 3.0 1.30 0.96 0.20 30 84.54 1.12 0.50 0 -0.031 0.096
5.3 0.9 1.73 0.96 0.14 17 70.79 1.25 0.35 1 0.696 1.090
5.4 3.7 1.21 0.96 0.17 20 73.48 1.09 0.22 1 0.559 1.090
2 1.5 1.16 0.99 0.22 10 62.90 1.65 0.20 1 0.920 1.090
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Table 3.  Field behavior data for training set (Wu, 1995) (Continue)

(1: liquefaction    0: no liquefaction)

Field Reference Fuzz-ARTDcr Hw    τ av / σ0
' γd D50 N Dr Cn amax

behavior model model*

6.1 1.2 1.69 0.96 0.14 10 60.94 1.10 0.13 1 0.609 1.090
6.1 0.9 1.76 0.90 0.09 9 59.58 1.19 0.20 1 0.871 1.090
9.1 4.0 1.43 0.92 0.30 13 62.62 0.90 0.07 0 -0.198 0.096
7 1.5 1.67 0.94 0.32 11 61.80 1.06 0.20 1 0.813 0.821

10.4 1.5 1.62 0.89 0.80 6 53.67 1.05 0.14 1 0.955 0.907
4.6 2.4 1.63 0.96 0.80 8 59.87 1.60 0.14 0 -0.128 0.097

11.6 2.4 1.73 0.86 0.80 15 66.85 1.03 0.14 0 -0.214 0.096
10.7 4.3 1.92 0.89 0.80 16 68.97 1.14 0.14 0 -0.214 0.096
8.2 4.6 1.34 0.94 0.15 9 57.37 0.95 0.20 1 0.948 1.090

11.9 6.7 1.50 0.85 0.15 12 62.10 0.97 0.20 1 0.977 1.090
3.7 1.2 1.61 0.97 0.39 14 67.90 1.50 0.20 0 0.115 0.097
3 2.1 1.21 0.98 0.24 14 67.70 1.44 0.20 0 -0.122 0.097
5.2 1.8 1.59 0.90 0.08 6 55.47 1.28 0.20 1 0.894 1.090
6.4 0.9 1.80 0.95 0.60 10 61.04 1.18 0.10 0 -0.083 0.098
3.4 0.6 1.74 0.98 0.70 5 55.02 1.55 0.12 1 0.960 1.090
3.4 1.2 1.50 0.98 0.28 7 57.89 1.46 0.12 0 0.189 0.098
5.5 1.8 1.57 0.96 0.04 2 47.96 1.22 0.12 0 0.167 0.096
4.3 0.9 1.70 0.97 0.40 11 63.49 1.38 0.12 0 -0.085 0.096
4.3 1.8 1.42 0.97 0.40 4 52.08 1.27 0.12 0 0.263 0.096
3.4 1.2 1.59 0.98 1.00 13 66.58 1.4 0.12 0 -0.038 0.096
4.3 0.3 1.93 0.97 1.20 8 59.44 1.47 0.12 0 0.032 0.096
6.4 4.3 1.25 0.95 0.34 9 58.56 1.05 0.14 0 0.152 0.096
6.4 2.4 1.51 0.95 0.36 8 57.55 1.11 0.14 0 -0.025 0.104
3.4 3.0 1.05 0.98 0.53 11 62.88 1.24 0.14 0 0.115 0.096
4 2.4 1.25 0.97 0.25 6 55.27 1.24 0.14 0 0.105 0.096
5.2 2.4 1.38 0.96 0.15 9 59.35 1.15 0.14 0 0.195 0.097
6.1 2.4 1.46 0.96 0.35 12 63.28 1.09 0.14 0 -0.144 0.099
4 1.5 1.47 0.97 0.15 4 52.44 1.34 0.12 0 0.288 0.105
6.4 0.9 1.80 0.95 0.60 10 61.04 1.18 0.20 1 1.125 0.911
3.4 0.9 1.61 0.98 0.28 19 74.04 1.49 0.32 0 0.000 0.096
3.4 0.6 1.74 0.98 0.70 5 55.02 1.55 0.32 1 1.214 1.080
3.4 1.2 1.50 0.98 0.28 7 57.89 1.46 0.32 1 1.210 0.962
3.7 1.8 1.36 0.97 0.11 28 83.45 1.35 0.78 0 -0.207 0.096
3.7 1.8 1.36 0.97 0.12 1 46.94 1.35 0.78 1 1.213 1.070
4.3 1.8 1.43 0.96 0.09 13 65.81 1.28 0.78 0 -0.054 0.096
1.8 0.3 1.73 0.99 0.04 3 52.63 1.88 0.24 1 0.828 1.090
4.3 0.3 1.87 0.96 0.15 11 63.63 1.42 0.24 1 0.807 1.090
3.4 2.1 1.25 0.96 0.05 2 48.93 1.36 0.20 1 1.132 1.090
2.3 2.1 1.04 0.98 0.10 11 63.95 1.51 0.20 0 0.240 0.096
2.1 1.5 1.19 0.99 0.11 3 51.86 1.62 0.51 1 1.214 1.090
4.9 0.9 1.70 0.97 0.09 9 60.21 1.29 0.26 1 1.121 1.090
4.3 2.7 1.24 0.97 0.05 5 53.43 1.22 0.32 1 1.089 1.090
1.8 0.3 1.73 0.99 0.04 3 52.63 1.88 0.21 0 0.229 0.101
4.3 0.3 1.87 0.96 0.15 11 63.63 1.42 0.21 0 0.439 0.100
3.4 2.1 1.25 0.94 0.05 2 48.93 1.46 0.2 1 1.081 1.090
2.3 2.1 1.04 0.98 0.10 11 63.95 1.51 0.2 0 0.240 0.096
2.1 1.5 1.19 0.99 0.11 3 51.86 1.62 0.09 0 -0.035 0.098

*not normalized between 0 and 1

Fig. 5 and 6 show variations of the magnitude of
the errors at different stage of Wu’s conventional and
the proposed Fuzz-ART neural networks.  The differ-

ence in the root mean square errors are minimal after
about 10,000 cycles for Wu’s model; however, they are
minimal after only 8 cycles in the proposed Fuzz-ART
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Table 4.  Field behavior data for testing set (Wu, 1995)

Field Reference Fuzz-ARTDcr Hw    τ av / σ0
' γd D50 N Dr Cn amax

behavior model model*

4.6 2.4 1.32 0.97 0.12 10 61.14 1.20 0.24 0 0.569 0.097
6.1 2.4 1.46 0.96 0.35 12 63.28 1.09 0.24 1 0.289 0.808
6.1 2.4 1.48 0.96 0.30 15 67.51 1.11 0.24 0 0.058 0.115
7.0 3.7 1.35 0.95 0.30 17 69.18 1.00 0.24 0 0.631 0.105
4.0 1.5 1.47 0.97 0.15 4 52.44 1.34 0.20 1 1.122 1.080
6.1 1.5 1.64 0.96 0.18 15 67.76 1.16 0.20 0 0.262 0.096
5.5 1.8 1.57 0.90 0.04 2 48.96 1.22 0.24 1 1.124 1.090
4.3 1.8 1.7 0.97 0.40 11 60.49 1.38 0.24 1 1.132 0.814
5.5 2.1 1.47 0.9 0.60 20 73.89 1.15 0.24 0 -0.147 0.096
4.3 1.8 1.42 0.97 0.40 4 52.08 1.27 0.24 1 1.195 0.511
3.4 1.2 1.50 0.98 1.60 13 66.46 1.46 0.24 1 1.076 0.135
4.3 0.3 1.93 0.97 1.20 8 59.44 1.47 0.24 1 1.195 0.558
7.3 1.2 1.77 0.94 0.35 17 69.92 1.10 0.24 0 0.235 0.121
6.4 4.3 1.25 0.95 0.34 9 58.56 1.05 0.24 1 0.951 0.547
6.1 0.9 1.88 0.96 0.18 5 53.74 1.26 0.10 0 -0.169 0.250
6.1 0.9 1.88 0.96 0.18 5 53.74 1.26 0.11 0 0.127 0.250

14.3 0.9 2.07 0.79 0.17 4 47.62 0.88 0.10 0 -0.160 0.096
14.3 0.9 2.07 0.79 0.17 4 47.62 0.88 0.15 0 -0.003 0.096
6.4 2.4 1.51 0.95 0.36 8 57.55 1.11 0.24 1 0.837 0.546
3.4 3.0 1.05 0.98 0.53 11 62.88 1.24 0.28 1 1.102 0.607
6.1 3.0 1.35 0.96 0.41 23 76.71 1.05 0.24 0 0.068 0.096
6.1 2.4 1.43 0.96 0.30 10 60.33 1.08 0.24 0 0.548 0.138
4.0 2.4 1.25 0.97 0.25 6 59.27 1.24 0.24 1 0.899 0.500
7.0 2.4 1.52 0.95 0.35 21 74.34 1.04 0.24 0 -0.097 0.096
5.2 2.4 1.38 0.96 0.15 9 59.35 1.15 0.24 1 0.801 0.659
2.2 1.6 1.17 0.99 0.22 6 56.69 1.55 0.18 1 0.893 1.050
4.2 1.6 1.48 0.96 0.22 8 58.78 1.33 0.15 0 0.462 0.161
6.2 1.6 1.63 0.96 0.22 5 52.85 1.17 0.15 1 0.821 0.675
8.2 1.6 1.72 0.93 0.22 20 73.05 1.05 0.15 0 -0.182 0.096

10.2 1.6 1.78 0.9 0.22 14 64.59 0.95 0.15 0 0.481 0.096
2.2 0.5 1.68 0.98 0.12 2 50.53 1.74 0.09 0 0.212 0.104
3.7 0.5 1.82 0.98 0.12 11 63.92 1.50 0.09 0 -0.211 0.207
6.2 0.5 1.92 0.96 0.12 11 62.77 1.25 0.09 0 -0.187 0.214
8.2 0.5 1.96 0.93 0.12 5 52.36 1.11 0.09 0 -0.151 0.098
9.2 0.5 1.97 0.91 0.12 18 70.69 1.05 0.09 0 -0.189 0.098
6.0 1.0 1.77 0.96 0.22 8 58.20 1.23 0.20 1 1.028 0.595
6.0 1.0 1.77 0.96 0.22 11 62.63 1.23 0.29 1 1.148 0.526
6.0 1.0 1.77 0.96 0.12 10 61.2 1.23 0.21 1 0.985 0.658
6.0 1.0 1.77 0.96 0.12 8 58.2 1.23 0.21 1 0.738 1.060
6.0 1.0 1.77 0.96 0.12 12 64.03 1.23 0.16 1 0.431 0.100
6.0 1.0 1.77 0.96 0.12 13 64.09 1.23 0.23 1 0.931 0.817
6.0 1.0 1.77 0.96 0.12 14 66.73 1.23 0.21 1 0.726 0.119
6.0 1.0 1.77 0.96 0.22 13 65.39 1.23 0.16 1 0.249 0.545
6.0 1.0 1.77 0.96 0.22 16 69.30 1.23 0.25 1 0.577 0.602
6.0 1.0 1.77 0.96 0.22 12 64.03 1.23 0.33 1 1.145 1.07
6.0 1.0 1.77 0.96 0.22 20 74.15 1.23 0.35 1 0.111 0.109
6.0 1.0 1.77 0.96 0.22 13 65.39 1.23 0.22 1 0.839 0.537
6.0 1.0 1.77 0.96 0.12 14 66.73 1.23 0.12 1 -0.067 0.208
6.0 1.0 1.77 0.96 0.12 14 66.73 1.23 0.09 1 -0.167 0.208

The shadow determinates the error of prediction   *not normalized between 0 and 1
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model.  It shows that besides higher successive rate, the
proposed model converges much quicker than conven-
tional Wu’s 3 layer neural network model.

LIQUEFACTION  EVALUATION  DURING
CHI-CHI  EARTHQUAKE  IN  YUAN-LIN  AREA

After 1999 Chi-Chi earthquake, National Center
for Research on Earthquake Engineering (NCREE) sup-
ported several projects for liquefaction study in areas of
Da Chun, Yuan Lin, Sheh Tou.  Many SPT and CPT
were conducted for evaluation of liquefaction potential
in those areas (Moh and Associated, 1999), several
empirical methods are available in the literature for
evaluation of l iquefaction induced by Chi-Chi
earthquake.  Idriss presented charts (Fig. 7) of observa-
tions regarding liquefaction during 1999 Chi-Chi earth-
quake (Idriss 2000).  As shown in Fig. 7, there are 79
data points in Idriss’s collection.  Among them 4 data
points of liquefaction potential proposed falls in non-
liquefaction zone with successive prediction rate of

Table 5. the error of prediction with reference model (Wu,
1995)

Actual behavior: Actual behavior:
Liquefaction No liquefaction

Model prediction: Model prediction: Average (%)
No liquefaction Liquefaction

(%) (%)

Training set 5.45 6.67 6
Reference (55**  45*)

neural network Testing set 21.43 14.29 18.37
(28**  21*)

Training set 1.82 0 1
Proposed (55**  45*)

Fuzz-ART Testing set 21.43 0 12.24
(28**  21*)

(actual soil behavior: no liquefaction)*  (actual soil behavior: liquefaction)**

Fig. 5.  Learning curve of reference neural network (Wu, 1995).

Fig. 6.  Learning curve of Fuzz-ART.

90.7% and 10 data points of non-liquefaction falls in
liquefaction zone, with successive predication rate of
71.4%.  The data used in the present study are also come
from Moh and Associated’s results of subsurface
exploration; however, they are different from Idriss’.  A
total of 42 boring data in Yuan-Lin area is considered
due to limitation of subsurface explorations.  The re-
sults of predictions using the Fuzz-ART model is shown
in Table 6, there are 6 errors in training data and 2 errors
in testing data (72.7% success rate in training and 90%
success rate in testing).  Due to insufficient data, the
success rate in predicating liquefaction in Yuan-Lin
area by using proposed Fuzz-ART neural network
method is not so satisfied as compared with case studies
presented above, however, the results will be improved
as data provided increases.

CONCLUSION

Fuzz-ART neural network has been used to model
the complex relationship between the seismic and soil
parameters, and the liquefaction potential, using actual
field records.  Comparisons from case studies indicate
that Fuzzy-ART neural network model is more reliable
than the methods of conventional three layer neural
networks.  The results of proposed method will improve
as more input data are provided in Yuan-Lin area.
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