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Abstract. In this paper, assessment of liquefaction of soils by various
approaches have been reviewed and presented in chronological order. The study
focuses on procedural requirements and assessment for conventional and
computational methods. Simplified method given by Seed, Tokimatsu-Y oshimi
(T-Y) and Idriss & Boulanger methods of liquefaction assessmenthave been
analyzed. Computational methods like artificial neural network (ANN) and
neuro-fuzzy technique (NF) is also discussed as capable in liquefaction
assessment using database either from SPT or CPT results. Feed forward
network with back propagation learningalgorithm for ANN and TSK reliant NF
has been evaluated. Conventional methods with extended application using
concept of correction factors were induced in the analysis. Taking on familiarity
from past literatures all methods were critically reviewed and measures are
established.
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1Introduction

Liquefactionis a phenomenon refers to the loss of strength in saturated, cohesion-less
soils due to the buildup of pore water pressures under dynamic loading. Soil
liquefaction generally occurs due to strong earthquake ground shaking where
saturated cohesionless granular soil is transformed from a solid to a nearly liquid
state. Soil liquefaction is generally occurs in sand, silty sand and sandy silt soil [1].
Following conditions are required for liquefaction to occur:

The soils must be submerged below the water table.

The soil must be loose/soft to moderately dense/stiff.

The ground shaking must be intense

The duration of ground shaking must be sufficient for the soils to lose their
shearing resistance.

Majority of cohesive soil do not liquefy during earthquakes. In order to liquefy
cohesive soil, it must meet the following criteria [2]:
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Percentage finer than 0.005mm should be <15%.
The soil must have a liquid limit (LL) that is less than 35.

e  The water content of the soil must be greater than 0.9 of the liquid limit i.e.
w> 0.9w; .

If the cohesive soil does not meet above three criteria, then it is usually considerednot
susceptible for liquefaction.

Cyclic laboratory and penetration tests on test models is used to determine
potential for liquefaction for a given earthquake moment magnitude. Other than
model tests state of art of liquefaction analysis envisages penetration test data and in-
situ shear wave velocity for some of the semi-empirical procedures to estimate
liquefaction potential. In view of involving test results along with analytical
procedures the discussion is limited to renowned methods for creation of standard
liquefaction charts.

2 Historical Development
2.1 SPT-N based analysis

The concept of critical SPT-N value (based on Nigata earthquake of 1964) for
liquefaction assessment of sandy soil was first proposed by Koizumi (1966) and
Kishida (1966) [3].

Owing to devastation from Japan earthquake Seed and Idriss [4] proposed
frameworks for SPT-N-based assessments of liquefaction potential in simplified way.
This procedure is time to time modified and improved by the researchers [2,4& 5]. An
expert committee from National Research Council (NRC) of United States under the
headship of Professor Robert V. Whitman evaluated the then existing methods of
liquefaction assessment in 1985.Later National Centre for Earthquake Engineering
Research(NCEER) issued a report in 1997 but review continued till Youd and Idriss
in 2001 published final recommendation on behalf of the committee which then
became standard for liquefaction assessment. Other than councils, individual’s efforts
on state of art for evaluating liquefaction by own methods or for appraising
limitations of existing methods continued, some of them are discussed in ongoing
literature.

Tokimatsu and Yoshimi [6] carried out a study on sandy soil on past Niigata
earthquake. Along with the developments of own charts he also used Seed’s method.

Trifunac [7] carried out a study on fully saturated sand on the basis of five
empirical equations developed from 90 case histories of liquefaction. Developed
equation helped relating earthquake magnitude. Epicentral distance, site based motion
of energy, peak ground velocity, Fourier amplitude of velocity and duration of motion
with pore pressure.

Kayabali [8]and Andrus &Stokoe [9] carried out study on granular soil and
soil ranging from fine sand to sandy gravel from 26 earthquakes on more than 70 sites
respectively. They used Seed’s and Seed’s & Idriss method respectively, in addition
new charts based on shear wave velocity data were developed for various earthquake
magnitudes.
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Lai et al [10] carried out a study on discriminant models from SPT of 592
datasets. He used two models which allowed calculated result to be compared to the
empirical curves.

Rao and Satyam [11] prepared a liquefaction map of Delhi, India with the
help of three empirical methods namely Seed and Idriss method; Seed and Peacock
Method and Iwasaki method from 1200 boreholes at various locations along with
geological and seismological details.

Arman and Kutanis [12] analyzed four well known methods namely
simplified procedure, Tokimatsu and Yoshimi method, Seed-Dealba method and
Japan Road Association method for Marmara earthquake in Turkey occurred on 17
august 1999 measuring 7.4 magnitudes.

2.2 Foundation of computational methods

To estimate liquefaction potential Goh, [13] developed a back propagation artificial
neural network models with a typical transfer function i.e. “Sigmoid transfer
function”. Consequently in 2002 [14] Goh worked on probabilistic neural network
(PNN) approach based on the well-established Bayesian classifier method, to evaluate
seismic liquefaction potential. This paper demonstrate the usefulness of the PNN to
model the complex relationship between the seismic and soil parameters, and the
liquefaction potential using in situ measurements based on the CPT and the shear
wave velocity.

Wang and Rahman [15] developed fuzzy artificial neural networks (FANN)
for evaluation of liquefaction based on SPT-N value. He used two different databases
in which M,a,, 0,8, cyclic shear stress ratio, median grain diameter of the soil Ds;
critical depth of liquefaction D, depth of water table D,,. were common parameters
whereas SPT & CPT was exceptions, rather first database included fine content.
Though numerous literatures are available but few significant parametric studies are
discussed.

Hanna et al [16,17] explored GRNN methods to address collective
knowledge from simplified procedures to assess nonlinear liquefaction potential. To
meet this objective SPT and CPT results from 1999 Turkey and Taiwan earthquake
were used. Further liquefaction decision was validated by the SPT, confirming the
viability of the SPT to CPT data conversion which is the main limitation of most of
the simplified methods.

Hsu et al [18] reported that high fines content (FC) and high cyclic stress
ratio is the two main characteristics of the liquefied and non-liquefied cases in
Taiwan. Field performance data generated from several earthquakes in Taiwan and
gathered with previous records were used for SPT based models of neural networks.

Cha et al [19] established and compared single-artificial neural network
(SANN) and multi-artificial neural network (MANN) models, and applied these
models to predict wave induced liquefaction potential in a porous seabed. The results
indicated accuracy of MANN model in the prediction of the wave-induced maximum
liquefaction depth.
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3 Estimation of Liquefaction Potential by Empirical Methods

Geotechnical professionals generally investigate subsurface to evaluate the potential
for liquefaction. The most common techniques using standard penetration test (SPT)
blow count (commonly referred as to the “N-value”) follows certain protocols:
1. Estimation of the cyclic stress ratio (CSR) induced at various depths within
the soil by the earthquake.
2. Estimation of the cyclic resistance ratio (CRR) of the soil, i.e. the cyclic
shear stress ratio which is required to cause initial liquefaction of the soil.
3. Evaluation of factor of safety against liquefaction potential of in situ soils.

3.1 Evaluation of Cyclic Stress Ratio (CSR)
3.1.1 Simplified procedure

After the disastrous earthquake in Alaska and Nigata (Japan) in 1964, Seed
and Idriss [1] developed and published the basic, “simplified procedure”. The
procedure is modified and improved periodically since the time, primarily through
landmark papers by the researchers [5-6 & 20-21]. After 3 decades Youd et al. [22]
again modified Seed’s method in laboratory held by NCEER and NSF. In this study
these simplified procedures have been discussed below:

As per Newton’s 2" law of motion, the horizontal earthquake force ‘F’
acting on the soil column has a unit width and length i.e.

F=ma= (W/g)a = (Yz/g)amax = Gv(amax/g) (1)

Where, F = horizontal earthquake force acting on soil column.
m = total mass of soil columni.e. (W/g).

y = total unit weight of soil

z = depth from the ground level

a = acceleration which in this case is maximum horizontal ground acceleration caused
by the earthquake i.e. @ = @p,,y.

o,= total vertical stress at bottom of soil column.

g = acceleration due to gravity.

The force F acting on the rigid soil element is equal to the maximum shear
force at the base on the soil element. Since the element is assumed to have a unit base
width and length, the maximum shear force F is equal to the maximum shear stress as
shown in fig 1.

“ Tmax = F= (amax/g)y Z (2)

Since the soil column act as a deformable material rather than rigid body
during the earthquake Seed and Idriss [4] incorporated a depth (or stress) reduction
factor ry in the right side, then the equation becomes
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Tmax

Fig. 1.Conditions assumed for evaluation of the CSR.

Tmax = F = (amax/g)y zrq(3)

Average value of Stress reduction factor r4is given as:

r=1.0-0.00765z;forz<9.15m (4a)
r=1.174-0.0267 z;for 9.15m<z<23 m (4b)
r= 0.744-0.008 z; for 23 m<z<30m (4c)

ry~= 0.50; for z>30 m (4d)
As depth (z) increases ryalso increases. The mean value of rycalculated from

above equation is shown in figure below.

Stress Reduction Coefficient, r;
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Fig. 2.ry versus depth curves (Youd and Idriss 2001).

For ease of computation, the mean value curve plotted in Fig 2 may be
approximated by the following equation [22]:

39



International Journal of Structural and Civil Engineering
ISSN : 2277-7032 Volume 1 Issue 2 (February 2012)
http://www.ijsce.com/ https://sites.google.com/site/ijscejournal

_ (1.000-041132°540.040522+0.0017532%5)
(1.000—0.41772%340.057292-0.006205z%5+0.001210z%)

T (%)

For simplified method Seed et al [23] considered the soil in the field to
undergo by average stress T,,,, Which is 0.65 of 1,,,c. Subsequently the average shear
stress is normalized by the vertical effective stress to obtain CSR induced by the
earthquake given in Eqn. (6):

CSR = Tavg/o_’V =065 (amax/g) (Uv/o_,v)rd (6)

Where o, = total vertical stress
o , = total vertical effective stress (o,-u)
u = pore water pressure.

3.1.2 Tokimatsu& Yoshimi (T-Y) method

On the basis of extensive laboratory test results of liquefaction on saturated sands,
effects of seismic ground motions causing liquefaction may be represented by two
quantities: horizontal ground acceleration and number of cycles of significant ground
motions [6]. The finding is incorporated in the following equation for dynamic shear
stress ratio for a given depth

Tan/O_V, = (amax/g) X (O-V/le)rdrn @)

Where t,,,~ amplitude of uniform shear stress cycles equivalent to actual seismic
shear stress time history.

Amax= The maximum horizontal acceleration at ground surface

o, '= initial effective vertical stress.

o,= Initial vertical stress contribution to the shear stress, defined by

o, = fozy dz (8)

Where y = unit weight of soil

And z= depth below the ground surface.

ry and r, are correction factors in terms of depth in and earthquake magnitude
respectively and may be calculated as

rg=1-0.015z (9a)

r,=0.1(M-1) (9b)

On comparison of field behavior during earthquake of different magnitudes,

the factor r, in eq. (9b) is introduced so that a given number of cycles, N, of 0.65

times the maximum shear stress.Putting value of rq and r,, in equation (7), CSR now
defined as:
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Table 1. Relationship among earthquake magnitude, number of cycles and r,,

Earthquake magnitude No. of cycles I,
5.5 3 0.47
6.5 6 0.54
7.0 10 0.60
7.5 15 0.65
8.3 25 0.72

T
¢/, =01(M~ 1)(amax/g)(°v/gv,)(1 —0.0152) (10)

Where M = magnitude of earthquake.

3.1.3 Idriss & Boulanger’s method

Modus operandi by Idriss & Boulanger [24] for evaluation of CSR is same as
simplified method. Right after CSR calculated from the eqn. (6), value of CSR is
adjusted for the moment magnitude M = 7.5. Accordingly the value of CSR is given
as

(CSR)yy—rs = CSR /s = 0.65 ("v“mx/aé) ZL(11)

A new parameter rqwhich could be adequately expressed as a function of depth and
earthquake magnitude (M)was introduced and may be explain from following
relations:

In(ry) =« (2) + B(z2)M (12)
o (z) = —=1.012 — 1.126sin(?/11 73 + 5.133) (13a)
B(z) = 0.106 + 0.118sin(?/11 og + 5.142) (13b)

Where z is the depth in meters and M is moment magnitude. These equations were
approximated for depth z < 34 m however for depth z > 34m; the following
expression may be used:

rq = 0.12exp(0.22M) (14)
3.2. Evaluation of Liquefaction Resistance (CRR)
The cyclic resistance ratio (CRR) has been estimated by various researchers

to estimate the liquefaction potential. The following well known methods have been
described to adopt proper evaluation of CRR.
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3.2.1 Youd’sMethod

Youd et al. [1] approximated the simplified base curve on fig. 3 using the following
equation:

_ (@a+ cx+ex?+gx3)
CRR75 = (1+bx + dx? + fx3 + hx*) (15)

Above equation is valid for (N;)so >30 where x = (N;)go > 30and is fixed at 1.20;a=
0.048;b=-0.1248;¢c=-0.004721;d=0.009578;e=0.0006136; f=-0.0003285; g= -
1.673E-05 and h=3.714E-06.
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Fig. 3.CRR from SPT data along with empirical liquefaction data (Youd et al. 2001).

CRR; 5 is the cyclic resistance ratio for magnitude of 7.5 earthquakes,
magnitude smaller or larger than 7.5, introduces a correction factor namely magnitude
scaling factor MSF defined by the following equation given by [1]:

2.24
MSF = 1077/ 1o 56 (16)

The appropriate cyclic strength obtained is:

CRR = (CRR, ;) X MSF (17)

3.2.2 Tokimatsu and Yoshimi (T-Y) method

CRR specified by Tokimatsu and Yoshimiis;
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n
T, _ 16,/N/ 16,/N/
CRR="1/ . =aC, %100 |+ I, (18)

v

Where 1, = shear stress on horizontal plane; C,, a & n are correction factors
and may be taken as 0.57, 14 & 0.45 respectively.N,ineqn. (18) and subsequently N,
may be calculated from the following pairs of equations;

N, = /N, +AN; (19a)

N, =CyN=—_N (19b)

a,+0.7

Where AN is correction factor for SPT-N value and a, is effective vertical
stress. Tokimatsu and Yoshimi assumed AN;=0 for clean sands and AN,=5 for silty
sands. Firat et al. [13] gave the value of AN, as shown in table 2.

Table 2. Relation between fine content and correction factor for SPT-N value

Fines Content FC (%) ANy
0-5 0
5-10 mnterpolate
>10 0.1X FC +4

3.2.3 Idriss and Boulanger method

Idriss and Boulanger [22] adjusted the equation of CRR for clean sands as follows

CRR = exp {(Nl)GOCS + ((Nl)GOCS)Z _ ((N1)60cs)3 + ((N1)6065)4 _ 2.8} (20)

14.1 126 23.6 25.4

Subsequent expressions describes the way parameters in the above equation
is calculated

(N1)gocs =(N1)go + (AN1)go (21a)
(aNy)go = exp (163 +97/pc = (157/5c)) - 21b)

(N1)60 = CN(N)eo (21c¢)

The variation of (AN;)e, with FC, calculated using the eqn. (19¢) is
presented in fig. (3).The use of above equations provides a convenient means for
evaluating the cyclic stress ratio required to estimate liquefaction for cohesion-less
soils with varying fines content.
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Fig. 4. variation of(AN; )¢, with fines content

3.3 Influence of MSF

According to Arango [24] MSFs are independent of acceleration, and are only
dependent on the equivalent uniform number of stress cycles selected to represent
different earthquake magnitude. According to Youd et al. [22], the magnitude scaling
factors are commonly applied to CRR and equals 1.0 for earthquake with a magnitude
of 7.5 for magnitudes other than 7.5 is shown in fig. 3.

3.3.1 Seed’s scaling factor

In most cases, the magnitude scaling factors are commonly applied to CRR. The CRR
curves in figure 3 apply only to magnitude 7.5 earthquakes. To adjust the CRR curves
to magnitudes smaller and larger than 7.5, Seed and Idriss [20] introduced correction
factors termed Magnitude Scaling Factors (MSF).This MSF is calculated from
average number of loading cycles from various earthquake magnitudes. Further Seed
et al. in 1984 revised set of MSF on based on laboratory shear test data as provided
below in table 4.

3.3.2 Revised Idriss scaling factor
Presents magnitude scaling factors developed by various investigators. The 1996

NCEER workshop (Youd et al. 1997) recommended a range of factors that can be
represented by

MSF = (Mw/7'5)n (22)
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Where M,, = moment magnitude;
and n = exponent.

Moment magnitude is the scale most commonly used for engineering
applications and is preferred for liquefaction resistance calculations [1]. The lower
bound for the range of MSF’s recommended by the 1996 NCEER workshop is
defined with n = -2.56. The upper bound of the recommended range is defined with n
= -3.3[9] for earthquakes with magnitude <7.5. Magnitude scaling factor is defined by
above equation and average ry values originally proposed by Seed and Idriss [4]
should be used together when evaluate CSR and CRR.

3.3.3 Idriss scaling factor

In recently past, Idriss (1999) proposed revised MSFs defined by
MSF = 6.9 exp (‘Mw/4) — 006 (23)

This equation isvalid for M,, > 5.2 for M, < 5.2 take MSF=1.82. In addition, this
equation is used for cyclic resistance ratio on earthquake magnitude 7.5.MSF for
earthquakes to magnitude smaller or larger than 7.5, may be found through equation
given by Youd et al.[22]:

224
MSF = 10 /M2.56 (24)

The appropriate cyclic strength is obtained by:

CRR = (CRR, ) X MSF (25)

3.3.4 Arango (1996) scaling factors

Arango (1996) developed two sets of MSF. The first set as given below was derived
keeping in view the following parameters [25]:

e The farthest measured liquefaction from the seismic energy resources.
e The peak acceleration measured on aforesaid liquefaction site.
e Energy required causing liquefaction.

Table 3.Number of cycles by energy method

Earthquake magnitude = Equivalent uniform

M number of cycles Ny,
8.25 38.4
8 26.7
7.5 15
7 9.6
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6 3.8
5.5 1.7

He gave a relationship between equivalent uniform number of cycles and MSF,

whichis expressed as:
MSF = /15/NM (26)

The second set of MSF (Table 4, column 4) was based on number of cycles
that was proposed by Seed et al. 1985and any field acceleration relationship suffered
by liquefaction site.

3.3.5 Comparison of Magnitude Scaling Factors

Various MSFs values calculated by Seed et al. (1985), Arango (1996), Idriss (1999)
and Youd et al. (2001) isshown below in table 4 consequently comparative graph
between earthquake magnitude scaling factor is depicted in fig (5).

Table 4. Magnitude Scaling Factor Values Defined by Various Investigators

Magnitude Seed et Arango Idriss Youd et
™) al. Based on distant Based on number of al
liquefaction site cycles by Seed etal
1975
1 2 3 4 5 6
5.5 1.43 3.00 2.20 2.21 1.68
6.0 1.32 2.00 1.65 1.77 1.48
6.5 1.19 1.60 1.40 1.44 1.30
7.0 1.08 1.25 1.10 1.19 1.14
7.5 1.00 1.00 1.00 1.00 1.00
8.0 0.94 0.75 0.85 0.85 0.87
8.25 - 0.63 - 0.78 0.82
8.5 0.89 o — 0.73 0.76

3.4 Calculation of factor of safety
If the cyclic stress ratio caused by an earthquake is greater than the cyclic resistance

ratio of the in situ soil, then liquefaction could occur during the earthquake, and vice
versa. The factor of safety (FOS) against liquefaction is defined as:

FSLiquefaction = CRR/CSR (27)

Liquefaction is predicted to occur when FS< 1.0, and liquefaction predicted
not to occur when FS > 1. The higher the factor of safety, the more resistant against
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liquefaction [26], however, soil that has a factor of safety slightly higher than 1.0 may
still liquefy during the earthquake.

35 comparison chart
7
.% 3 ——seed et al.(1984)
g 2.5 .
& —&— arango (Based on distant
®» 5 liguefaction site)
5 arango (based on number of cycles)
%15
(]
3
2 1
=
%
s 0.5
5 5.5 6 6.5 7 7.5 8 8.5 9
Earthquake Magnitude ‘M’

Fig. 5.Magnitude Scaling Factor values by different investigators.

4. Measures of liquefaction potential by computational methods:
4.1. ANN method

Artificial neural networks can be most adequately characterized as ‘computational
models’ with particular properties such as the ability to adapt or learn, to generalize or
to cluster or organize data and in which operation is based on parallel processing.
Task of generalization is achieved by training and testing through division of input
and target vectors into two datasets. An information processing unit may be
understood by following diagram.

Activation
Function

D) > Y«

Xm

Fig.6. A simple neuron in process.
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Where x;, X, ...,X, are input signals; Wy, Wis, ..., Wiy are synaptic weights

of neuron k; u, is the linear combiner output; b, is the bias ;p (.) is the activation
function; v, is the induced local field or activation potential; and y, is the output
signal [27]. The basic models of ANN may be specified by: synaptic interconnections;
training or learning rules and the activation or transformation function. Using the
above characteristics a number of model architecture may be prepared; one of them
(feed forward network) with back propagation learning algorithm is described below.

Input layer Hidden layer Output layer

)

Q
\\

D

s

A
N

%
Y

S
()

Ny
3

.

FQ Q)
P

Fig.7.Back propagation neural network
The output from J node from hidden layer in fig 7.
0j = Xy wix; + b; (28)
Where i& j presents input and hidden nodes respectively
0; is o/p from the j™ hidden node
X; is 1/p introduced to node i

wijis the synaptic weight on the link between i"™ input and "™ o/p node
by is the bias applied at the j"" hidden node

The activation function for the j" hidden node may be determined using the
sigmoid (or any other) function

1
v =[] (29)
The o/p from the k' node is obtained by:
Ok = 2?:1 ijVj + bk (30)

Where w, = is the synaptic weight on the link between j;, hidden and k;;, o/p node
By is the bias applied at the k™ o/p node
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The activation function v, for the o/p node k is:

1
Vi = [1+exp'°k] GD
The error at the k™ o/p node is obtained by
8k = (1 = vid (Y — viv; (32)

Correction to the weight on link between j™ hidden node and k™ o/p node during 1"
iteration is

Vijk= n8yvj + a_p)jk (33)

Where, W (., is weight during (I-1) iteration
n is learning rate which determines the size of weight adjustment.
o is the momentum factor and used to change the weight by speeding up the
convergence
Now updated weight is

Wik = Wa_pjk T Vijk (34)
The correction Vjapplied to the bias b, at o/p node k is

Vik= ndi + abg_qy (35)
Where b,_ is the bias applied at k' o/pnode during (I- 1)th iteration
Updated bias on ' o/p node during 1" iteration

by = ba_1k + Vik (36)
The error value at j'" hidden node is

81 =V a- Vj) R=10k Wik 37
The correction to the weight on link between ithi/p &jth hidden node is

Viij= n8jx; + aw(_yy; (38)
Updated weight on link between i""&j™ o/p node is

Wijj = Wa-ij + Vi) (39)
The correction to bias b; applied at the hidden node j is
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Where, b (1.1 is bias applied at the jth hidden node during (1-1 )™ iteration
Updated bias onj ™ hidden node during 1" iteration is
blj = b(l—l)j + Vl] (41)

This iteration continues until Mean Square Error reaches its minimum value.

4.2. Neuro-fuzzy Inference Method

An adaptive neuro-fuzzy inference system (ANFIS) structure simulates the fuzzy
inference system (FIS). Fuzzy inference systems are mainly composed of a rule base,
a database and a decision making unit [28]. The steps of FIS consist of fuzzification,
allotment of membership grade, rule base development by employing if, then
reasoning and finally defuzzification i.e. fuzzy set into crisp set. This is how an input
variable x is fuzzified to be a partial member of the fuzzy set A by transforming it into
a degree of membership of function x4 4(x) of interval (0, 1) [29]. Though a number of
neuro-fuzzy methods are available now a days, here most commonly used ANFIS
structure containing zero order and first order Takagi-Sugeno-Kang (TSK) model are
discussed with the help of figure 8 a, b.

¥,

Fr=p 1 x+q 34,

[ rxdqaytr,

Fig.8(a).Sugeno method of fuzzy inference system

A typical rule in a Sugeno fuzzy model has the form, if inputx
= A, and input y = B;, then output is given as

fi=pix+qy+n (42)

For a zero-order Sugeno model, the output level f;is a constant (p,;= g, =0).
Likewise, If input x = 4, and input y = B,, then output is given as
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fr =p2x+qy+mn, (43)

layer | layer 4

layer 5

Wil

Fig.8(b).Architecture of ANFIS model in conjunction with Sugeno FIS

Butif outputf;, f, are linear then we have first order TSK fuzzy inference system. The
output level f; of each rule is weighted by the firing strength w; of the rule. For
example, for an AND rule with input x = A4; and input y = B;, the firing strength is

w; = And Method {u Ax), u B,(v)}, i=1,2

where, u A; () and u B; (.) are the membership functions for inputs 1 and 2. The final
output of the system is the weighted average of all rule outputs, computed as shown in
Equation 1 below

Overall output = ¥, w, f; = % (44)

iWi

5 Concluding Remarks

The SPT based liquefaction charts are commonly used for determining liquefaction
potential. In general, advantages and disadvantages are always associated with
discussed methods. Most of the assessment charts take Seed’s method as the basis for
determination of necessary factors. To estimate liquefaction potential gradual
improvements in these methods made it more precise and viable for almost all kind of
soils. Calculation of CSR, CRR and MSF require necessary assumption on early
stages, alternatively computational models may save time by omitting lengthy and
tedious task of calculation of aforementioned parameters. Some pertinent soil
properties along with seismic characteristics may help in modeling and analyzing
liquefaction potential of prone sites. The major advantage of computational methods
is the ability to associate both SPT and CPT indicator properties for better engineering
judgment to evaluate site dependent liquefaction. The rational approach to estimate
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liquefaction potential will be useful for design and construction of civil engineering
structures.
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