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Abstract

Saturated, cohesionless soils can temporarily lose their
shear strength due to increased pore-water pressure under
the effect of repetitive dynamic loads such as earthquakes.
This event is defined as soil liquefaction and causes
significant damage to structures. The liquefaction potential
of soils depends on many soil parameters obtained in the
field and from laboratory tests. In this study new models
have been developed to estimate the liquefaction potential
of cohesionless soils. For this purpose, 837 soil data sets
were collected to calculate the liquefaction potential with
nonlinear multiple regression and artificial intelligence in
the cities of Kayseri and Erzincan. The models based on
Nonlinear Multiple Regression Analysis, Artificial Neural
Networks, and Adaptive Neuro-Fuzzy-Inference System
techniques were compared with the results of the simplified
method. Determination coefficients (R?) and various error
rates were calculated for the performance-evaluation
criteria of the models. The proposed ANN model effectively
found the complex relationship between the soil and the
input parameters and predicts the liquefaction potential
more accurately than other methods. It has an overall
success rate of 90 percent and the lowest mean absolute
error rate of 0.024. With the improvement of existing
methods, new models have been introduced to estimate the
liquefaction probability of soils.

Kljuéne besede

utekodinjenje, standardni penetracijski preizkus (SPT),
ANN, ANFIS, NMRA

lzvleéek

Zasicene nekoherentne zemljine lahko zaradi povecanega
pritiska vode v porah pod vplivom ponavljajocih se dina-
micnih obremenitev, kot so potresi, zacasno izgubijo svojo
strizno trdnost. Ta primer je opredeljen kot utekocinjenje
zemljine in povzroci znatno skodo na konstrukcijah. Poten-
cial utekocinjanja zemljin je odvisen od Stevilnih parame-
trov zemljin, pridobljenih s terenskimi in laboratorijskimi
preiskavami. V pricujoci Studiji so bili razviti novi modeli
za oceno potenciala utekocinjenja nekoherentnih zemljin. V
mestih Kayseri in Erzincan je bilo zbranih 837 nizov podat-
kov o zemljinah za izracun potenciala utekocinjenja z neli-
nearno multiplo regresijo in umetno inteligenco. Modele,

ki temeljijo na tehnikah nelinearne multiple regresijske
analize (NMRA), umetnih nevronskih mrez (ANN) in
sistema prilagodljivega nevro-mehkega sklepanja (ANFIS),
smo primerijali z rezultati poenostavljene metode. Za
kriterije ocenjevanja uspesnosti modelov so bili izracunani
determinacijski koeficienti (R?) in razli¢ne stopnje napak.

S predlaganim modelom ANN smo nasli kompleksno
razmerje med zemljino in vhodnimi parametri ter napo-
vedali potencial utekocinjenja natancneje kot z drugimi
metodami. Model ANN ima skupno stopnjo uspesnosti 90
odstotkov in najnizjo srednjo absolutno stopnjo napake
0,024. Z izboljsanjem obstojecih metod so bili uvedeni novi
modeli za oceno verjetnosti utekocinjenja zemljin.
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1 INTRODUCTION

When natural disasters are evaluated in terms of loss of
life and property, earthquakes come first. An earthquake
has negative effects on building structures. In particular,
when the saturated sandy and silty soils are liquefied,
they cannot bear the weight of the structures standing
on them, which causes the structures to sink and tilt [1].

The liquefaction of soils can be expressed as the liquid-
like behaviors of saturated, cohesionless or low-cohesive
soils that lose their shear strength because of the vibra-
tions of cyclic, earthquake shock waves. Liquefaction

is the increase of the pressure of the water in the soil
void spaces (pores) and the deterioration of the soil’s
structure under repeated loads from the effect of the
earthquake. The increase in pore-water pressure reduces
the effective stress in the soil and then leads to a loss of
shear strength and the soil starts to act like a liquid.

When earthquakes with a moment magnitude (M,,)
greater than 5 are examined, liquefaction occurs most
frequently on loose, saturated sandy and silty soils. These
deformations caused buildings to collapse or be severely
damaged. For example, in the Niigata, Japan earthquake
with a moment magnitude of 7.5 occurred in 1964,
concrete buildings sank and tilted laterally. In 1995, in
the 7.2 magnitude earthquake in Kobe, Japan, bridges,
buried pipelines, port facilities, the retaining walls on the
coasts were damaged by tilting and the buildings sank
due to liquefaction. Similarly, a 7.5 magnitude earthquake
occurred in Golciik-Marmara, Turkey in 1999. Many
structures sank into the soil or tilted to one side [1-3].
Assessments of liquefaction risk started with the 1964
Niagata earthquake and became much more important
for the 1971 San Fernando, 1985 Mexico City, 1989 Loma
Prieta, 1995 Kobe and 1999 Marmara earthquakes.

Laboratory and field tests are used in the liquefaction
assessment based on the simplified method. Competent
people should prepare the samples representing the field
conditions to obtain the correct results from laboratory
experiments. It is a challenging and laborious job in
practice. Damage often occurs during the collection of
the samples from the field and the transportation and
preparation for the experiment. Therefore, a determina-
tion of the liquefaction potential according to just the
results of a laboratory experiment causes errors. Instead,
the results of the Standard Penetration Test (SPT)
carried out in the field are often used to estimate a soil's
liquefaction resistance [4].

Some factors affecting liquefaction include ground water,
earthquake moment size, soil type, corrected soil SPT
penetration resistance (Ngg) value, relative density (D,),
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depth of the obtaining SPT N, value (d), fines content
(FC), which is defined as the ratio of soils passing a

No. 200 (75 pm) sieve, average grain diameter (Ds),
unit weight (UW), groundwater level (GWL), effective
stress (0”,,), total stress (0,,), peak ground acceleration
(amax) and depth of the earthquake from the surface
[1,2,5-10]. Seed and Idriss [4] carried out the first stud-
ies on liquefaction based on SPT data. They suggested
that liquefaction could be estimated with graphs and
equations, depending on SPT. A liquefaction assessment
using SPT data, which was developed by Seed and Idriss,
is referred to as the “simplified method”[4]. Versions of
this method improved by other authors are used world-
wide [11],[12],[13]. The Turkish Building Earthquake
Code (TBEC-2018) accepts the "simplified method",
which consists of the empirical equations dependent on
the SPT published by Seed and Idriss[4] as the standard
method for soil-liquefaction analyses.

The cyclic stress approach is used to evaluate the lique-
faction potential. In this approach, the Cyclic Stress Ratio
(CSR) represents the earthquake load, i.e., the earth-
quake's soil liquefaction effect or demand. Depending
on the results of the SPT test in the field, the resistance
of the soil to liquefaction is represented by the Cyclic
Resistance Ratio (CRR). The fact that the liquefaction
factor of safety, i.e., the CRR over CSR ratio, is less than
1.10 usually means that soil will liquefy according to
TBEC-2018 [38]. The cyclic-stress approach in assessing
the liquefaction potential expresses both the earthquake
effect (CSR) and the soil-liquefaction resistance (CRR) in
cyclical stresses. The cycle number for the CSR, which is
a function of the duration of the earthquake movement,
is proportional to the magnitude of the earthquake. The
cyclic liquefaction resistance (CRR) is obtained in the
laboratory by cyclic triaxial and simple shear tests or
most often in the field by the SPT. The CRR is expressed
in terms of the number of cycles required for the occur-
rence of collapsing in a soil exposed to cyclic shear

stress at a certain level. However, the CRR is affected

by the stress and unit deformation history, age, and soil
texture, which are disturbed during sampling and are
very difficult to simulate in the laboratory. Therefore,
field tests are preferred for a liquefaction assessment. The
SPT is a widely used field test used to calculate the CRR
of the soil.

In recent years the number of scientific studies using
numerical methods based on statistical and artificial
intelligence techniques for estimating the liquefaction
of soils has increased [9, 10, 14-23]. Finn, Dowling

and Ventura[22] developed methods that estimate the
liquefaction potential and lateral expansion displace-
ments. Boulanger and Idriss[13] studied the probability
of triggering liquefaction based on SPT. In their study,
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they obtained the maximum probability approach and
the liquefaction trigger correlation related to SPT. Kera-
matikerman, Chegenizadeh, and Nikraz [24] conducted
a series of repeated triaxial experiments to determine the
effect of fly ash on the liquefaction resistance of sands,
and they observed that the resistance to liquefaction
increases with the increasing ash ratio and time.

Yang et al. developed an SPT-based empirical equation
to assess sand liquefaction [19]. Rahman and Siddiqua
[21] estimated the liquefaction resistance of soils using
the standard penetration test, cone penetration test,

and shear wave velocity data for the cities of Dhaka,
Chittagong and Sylhet in Bangladesh. The effects of

FC on the liquefaction of soils were also investigated
[25]. Anwar et al. obtained a model to find the CRR for
MRA-based soil-liquefaction analysis using SPSS and
the MATLAB program [26]. Fei-hong[27] investigated
the statistical relationship between the liquefaction index
and the depth using SPT data to assess soil liquefac-
tion in the port area of Tianjin city, and they showed a
significant relationship between the liquefaction index,
the depth, and the SPT N-value. Another study claimed
that liquefaction is a complex ground-degradation
problem involving soil and earthquake parameters, and
ground deformations caused by liquefaction should be
investigated by nonlinear methods [28]. In a study inves-
tigating fuzzy neural network models for the prediction
of liquefaction, integrated fuzzy neural network models
were developed to evaluate the liquefaction potential [5].
Muduli and Das developed an empirical model using
multi-gene genetic programming (MGGP), which is an
SPT-based artificial intelligence technique, to determine
the CRR of the soil [23]. In a study estimating the safety
coeflicient against liquefaction with artificial neural
networks, the liquefaction potential of the soils in the
adjacent area of Giimiisler-Denizli province was evalu-
ated, and the safety coefficient against liquefaction was
estimated with the help of ANN [29].

In this study, standard penetration tests were carried out
in 63 drill holes in Erzincan and 60 drill holes in Kayseri.
Seed and Idriss’s simplified liquefaction analysis [4] was
used to determine the liquefaction safety coefficient and
the effects of various soil parameters on calculating the
CRR were investigated.

A data set containing these parameters and the liquefac-
tion safety coefficients was prepared. First, a quadratic
nonlinear multiple regression model (NMRA) that
predicts the soil liquefaction and reflects the nonlinear
behavior of the soil was developed with this data set.
Consequently, models that predict the liquefaction of
the soils were created with Artificial Neural Networks
(ANN) and then with the Adaptive Neuro-Fuzzy Infer-

ence System (ANFIS) using the same training and test
data. Randomly selected training and test data were

used in the development of the NMRA, ANN, and
ANFIS models. To develop the best model, CRR,; values
obtained as a result of a simplified liquefaction analysis
were compared with the predicted CRR,, values

using the NMRA, ANN, and ANFIS models. This study
examines the estimation methods against the liquefaction
hazard that an earthquake can cause. By determining the
liquefaction potentials and comparing the estimation
methods, the soil improvements and geotechnical designs
will be more secure. They can help to prevent the devas-
tating consequences of earthquake-induced liquefaction.

2 METHOD OF MODELLING

The standard penetration test is widely used in the calcu-
lation of liquefaction analysis. SPT is a simple and rela-
tively low-cost field test for the evaluation of liquefaction
potential due to easy data acquisition, the presence of a
database prepared from the data obtained in previous
earthquakes, and revealing a good correlation of these
data with new earthquakes. Ref [4] proposed equation
(1) for the liquefaction analysis.

CSR = (T,‘“’) — 065 (M> (ﬂ) ()

!
O-UO g g vo

where

Amax = peak horizontal ground acceleration on the soil
surface (m/s?)

g = acceleration due to gravity (m/ %)

a,, = total vertical soil stress (kPa)

a',, = effective vertical soil stress (kPa)

14 = stress-reduction coefficient from equations (2) and (3)

The largest (CSR) in the formula is the ratio of the mean
shear stress (7,, = 0.65 * 7,,,,) to the effective vertical
stress. The effective stress-reduction coefficient r;is a
value that considers the flexibility of the soil column
(e.g., 4= 1 corresponds to rigid mass behavior).

rg = 1.0 —0.00765z z<9.15m; @)
rg = 1174 - 0.0267z 915 m<z<23m

ry = 0.744 — 0.008z 23m<z<30m; 3)
;=05 z>30m

Ref [12] proposed equation (4) for calculating the recur-
rent resistance ratio (CRRy 5) for clean sands with an
FC of less than 5 % and earthquakes with a magnitude
of M,, = 7.5. The next step is to find the dynamic cyclic
resistance ratio (CRR) for the ground, based on the
calculated clean sand equivalent.
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CRRy75 =

CRRy7 5 = cyclic resistance ratio to soil liquefaction for
M, =7.5 earthquake

Considering the effect of the FC on the liquefaction
resistance, the corrected SPT-N values used in the lique-
faction analysis are suggested to be corrected as follows.
Ref [12] proposed using the (N)4 value after converting
to the clean-sand equivalent (N)g0,, . They wanted to
reduce the impact of FC on the soil on the CRR. Equa-
tion (5) is given as follows.

(N1 6ocs = o+ B(N1)eo (5)

Where « and 3 are the fines-content correction coet-
ficients.

The (N)gocs value is calculated using equations (6), (7)
and (8) according to the FC ratio.

forFC<5% a=0andf =10 (6)

190
for5%< FC <35% a = exp [1.76 - (m)]

a p=|o099+(EE 7
and =099+ (m)]

forFC>=35% a=5and =12 (8)

where SPT-Nggq is the value adjusted to 60 % of

the energy ratio and (Nj)gp,; is the number of SPT
blow-count values with the fines-content correction.
Liquefaction occurs when the CRR, which shows the
soil's resistance to liquefaction, exceeds the liquefaction
resistance (CSR) caused by earthquakes. If this situation
is explained in terms of safety factor, the Safety Coef-
ficient (Fy) is given by equation (9).

CRR

S =TSR 9)

Fg<1.1is considered as there being a liquefaction
potential and Fg > 1.1 is considered as there being no
liquefaction potential [38]. The equations and curves
given for the calculation of CRR are valid for an
earthquake with a moment magnitude M = 7.5. The

Figure 1. Site layout and borehole location plan in Kayseri province.
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earthquake-magnitude correction factor specified in
equations (10) and (11) is proposed to use in different
earthquake magnitudes.

_CRR
" CSR

MDF = earthquakmagnitude correction factor

F; * MDF

(10)

2.24

MDF (11)

= 256

M = earthquake moment magnitude

2.1 Study Area Description

The analysis was performed using data from two
different cities (Kayseri and Erzincan). In Kayseri,
there are generally sand and silt soil layers in the area
under investigation (approximately 1.5 million square

meters) (Figure 1). However, the soil properties of the
region have variable soil conditions, and it is silty sand
in some places and silty clay with sand inter bands

at some other sites. The 60 borehole drillings, shown

in Figure 1, were performed in the study area, and

SPT was achieved every 1.5 m in drillings between
SK1-SK48 and SK49-SK60. The peak horizontal ground
acceleration at the ground surface (a,,,,) value can be
expressed in gravitational acceleration (g). In the study
area of Kayseri, the a,,,, value changes between 0.190 g
and 0.200 g (TBEC-2018). The earthquake that is
thought to affect Kayseri Province and its surroundings
is the movement that might occur in the Ecemis fault,
which is a strike slip fault. The second study area is in
the Erzincan plain in the city center of Erzincan. The
soil types in Erzincan are generally non-plastic, silty
sand and clayey sand. The peak ground acceleration,
Amax value changes between 0.600 ¢ and 0.615 g in the
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Figure 2. Bore holes in the study area in Erzincan province[33]. Note: SK = Borehole
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study area in Erzincan. This region is located on the
KAFZ (North Anatolian Fault Zone), which is the most
effective fault zone of Turkey.

The earthquake parameters were calculated separately
using the geographical location data entry for Erzincan
and Kayseri with the interactive web application
(https://deprem.afad.gov.tr). According to the soil class in
the study areas, the earthquake ground-motion level with
a probability of exceeding 10 % in 50 years (recurrence
period of 475 years) was taken into account (this is called
DD-2, TBEC-2018). According to the earthquake ground-
motion level, the peak acceleration values varied between
0.600 g and 0.615 gand 0.190 g and 0.200 g in the study
area of Erzincan and Kayseri, respectively (TBEC-2018).
According to these acceleration values, it was estimated as
M,, 7.5 for Erzincan and M,, 6 for Kayseri. In the estima-
tion of these moment-magnitude values, the approaches
given in the literature were used [39].

In the city of Erzincan, 63 borehole drillings with depths
of 1.5 m to 20 m, shown in Figure 2, were made. The soil
parameters and SPT data were collected, and soil profiles
were created for these drillings.

3 PROCESSING AND ANALYSIS OF DATA

This study explains the CRR values obtained from
Simplified Liquefaction Analysis [4], NMRA, ANFIS, and
ANN methods for Kayseri and Erzincan. Groundwater
levels varied between 1.7 and 2.8 m in the study area

in Kayseri. The Unit Weight Test to determine the

mass properties of the soil, the Water Content Test to
determine the amount of water in the unit volume of the
ground, the Liquid Limit and Plastic Limit Tests to deter-
mine the consistency characteristics, the Sieve Analysis
Test to determine the grain diameter and distribution of
the soil and Hydrometer test to determine the FC were
carried out in the samples taken from the investigated
area. As the result of the tests, it was observed that the
unit-weight values varied between 15 and 20 kN/m?,

the FC ranged from 12 to 45 %, and the water contents
ranged between 13 % and 47 %. The soils’ liquid limit
(LL) values varied between 30 % and 47 %, and the plas-
tic limit (PL) values ranged from 20 % to 27 %.

In Erzincan, 63 boreholes were drilled in 16 different
locations with depths ranging from 1.5 to 20 m. The soil
types are SM (silty sands), SC (clayey sands), and CL
(inorganic clay of low plasticity), which are character-
ized as primarily coarse-grained soils. Therefore, tests
were made on the samples and the following results
were obtained; the unit-weight values varied between
16.93 and 19.96 kN/m?, FC ranged from 12 to 77 %,
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and the water-content (w) value varied between 10 and
30 %. The soil types in the study area were generally
non-plastic (NP) according to the PL and LL test results.
According to the results of the SPT obtained from both
regions and the laboratory experiments, 837 data sets
were obtained. The reason for choosing these data is that
the groundwater table is close to the ground surface and
the soil properties also show the liquefaction potential
in both regions. These data were randomly divided into
two groups: a training group composed of 70 % (586)
and a test group consisting of 30 % (251) of the data.
Data of the parameters used in CRR calculation were the
earthquake magnitude (M,,), depth (d), corrected soil
SPT penetration resistance (Ng), saturated Unit Weight
(UW), peak ground acceleration (a,,,,), fines content
(FC), cyclic stress ratio (CSR), groundwater level (GWL),
total stress (0,,) and average grain diameter (Ds). There
are the effects of 9 different independent variables on the
calculation of CRR.

In liquefaction, the groundwater level is generally

crucial up to the first 3 m from the surface. Although
liquefaction rarely occurs in environments where the
groundwater level is deeper than 10 m from the surface,
liquefaction is not expected in environments where

the groundwater level is deeper than 20 m, in general
[36].In a complex hydrogeological environment, the
groundwater level is variable due to hydraulic transitions
that affect the hydraulic properties of the soil. Moss et al.
(2017) investigated the effect of the groundwater level on
the liquefaction potential and the effect of changing the
depth of the water table on the liquefaction according to
seasonal variations. The water level rises to its maximum
during the rainy season due to rain. The study highlights
the need for seasonal liquefaction-sensitivity studies [37].

The groundwater levels varied between 1 and 2.7 m
and 1.7 and 2.8 m in the study area of Erzincan and
Kayseri, respectively. The groundwater table is assumed
to be at the surface for the worst-possible scenario for
both regions in determining the liquefaction hazard

by considering seasonal and global climate change.
Besides, since the groundwater-depth values measured
in the field show minor local variations according to
the regions, these parameters did not make a significant
difference in the training of the prediction models
compared to the effect of other parameters. For this
reason, it was not preferable to use the groundwater-level
depth parameters as variables in the models.

In estimating the CRR, Ny, d, FC, D5y, UW, GWL, effec-
tive stress (0',), and total stress (0,,) parameters were
considered. The soils are completely saturated below
the water table since the groundwater layer is assumed
to be at the surface. Saturated unit weights were used



M. C. Acar and T. Hakan: SPT-based soil-liquefaction models using nonlinear regression analysis and artificial intelligence techniques

for a point below the groundwater table to calculate the
effective unit weight. However, since the soil depth and
UW are used to calculate the total stress values, only the
depth and saturated unit weight represent the total stress
to avoid over-learning in the estimation methods.

In addition, a Variance Influence Factor (VIF) analysis
was performed to see the effect of independent variables
on CRR. All the estimation models used in this study
are based on the five most influential variables for the
saturated condition of the soils as a result of a VIF
analysis. These are, namely, the SPT value (Ng), fines
content (FC), saturated unit weight (UW), depth from
which SPT is obtained (d), and average grain diameter
(Dsp) parameters.

Regression analysis coefficients, T-test values, and VIF
values, which were obtained with the analysis performed
to determine the relationship between the dependent
and independent variables, are given in Table 1. In
Table 1, the Ngo, UW, D5, d, and FC parameters are
preferred as independent variables, since the VIF values
were less than 5. It is clear that the f values obtained
were not within the range -1.645 < t < 1.645, which
were determined for ;.o = 1.645. Thus, the Ny, UW,
Dsy, d, and FC parameters were significant in the CRR
estimation and were used in the analysis.

Table 1. Results of regression analysis according to
t test and VIF analysis.

Independent Regression ; VIF
variables coefficients
Constant 2.7806 6.88
Neo 0.0212426 26.39 1.581
FC 0.17645 2.03 1.268
uw -0.16398 -7.08 1.795
d 0.0018631 2.24 1.112
Ds 0.6052 2.78 1.257
teritical = 1.645
Table 2. Data statistics.

Parameters n Min Max Mean gzi?i?éi
Ngo 837 2 53 16.86 9.873
FC 837  0.12 0.77 0.36 0.076015
uw 837 16.93 19.96 18.16 0.36116

d 837 1.50 40.50 11.23 7.86592
Ds, 837  0.01 0.334 0.042 0.023233
CRR 837  0.084 1.24 0.30 0.1426768

It was reported that the test performance of fuzzy logic-
based models such as ANFIS decreases with an increase
in the number of independent variables [5]. Therefore,
the number of independent variables was limited to 5
in this study. Table 2 shows the statistical data of this
dependent (CRR) and the independent variables.

3.1 Performance Criteria

In estimating the CRR value, MAE, MSE, RMSE,
MARE, and R? are taken into account to compare the
performance of the models. The model error rate occurs
because it does not fully represent a proper relationship
between the predicted and the actual parameters. As a
result of this incomplete relationship, different error-
rate indices can be expressed. The mean absolute error
(MAE) is the measured difference between two vari-
ables. The MAE is also the average horizontal distance
between each data point and the best-fit line. Since the
MAE value is easily interpretable, it is frequently used
in regression and artificial intelligence techniques. The
MAE value can vary from zero to infinity. The mean
square error (MSE) measures the performance of the
model, the estimator, telling how close the prediction
curve is to a set of points. When the MSE value is zero,
the model has the best-possible performance. The RMSE
(root-mean-square error) is the standard deviation of
the estimation errors. The RMSE is a measure of the
distribution of residues. The RMSE value can range
from zero to infinity. A zero RMSE value means that

the model made no errors. The MARE expresses the
difference between the estimated value and the observed
value. The MARE is a non-negative error rate that can
take a value from zero to infinity. When the MARE
value is zero, the considered model has the best-possible
performance. The performance criteria used for model
evaluation in this study are given in Table 3. These are
(R?), MAE, MARE, MSE and RMSE. Here, the value of
R? indicates the closeness of our model (as a percentage)
to the real values. In Table 3, CRR,; , CRR; , CRRyred »
CRRyeq are the real values of CRR,; , calculated by
simplified liquefaction analysis, the calculated real mean
@m , the predicted CRR, , and the predicted mean
CRRyreq > respectively.

Equation (12) is used to normalize the data to transfer to
the MATLAB program.

(XO - Xmin)

X =——"+“"
" (Xmax - Xmin)

(12)

Here, X, is normalized data, X, is original data, X,,,;, is
minimum data and X,,,,, is maximum data. All data were
scaled between 0 and 1.
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Table 3. Performance-evaluation criteria.

Evaluation

o Definition
criteria

Coefficient

of determi- R’= - -
nation (R?) JZL(CRRM — CRRqcr) \/Z?zl(CRRma — CRRyrea)

Y i(CRRye — m&ct)(CRRpred - mpred)

Mean ab-
solute error
(MAE)

MAE = ~ICRRpyeq — CRRqct!

Mean abso-
lute rela-
tive error
(MARE)

CRRget — CRRpred
CRRpred

1
MARE = EIlOOX

Mean 1 L
square er- MSE = _Z(CRRact — CRRpreq)”
ror (MSE) n i=1

Root mean
square er-
ror (RMSE)

n

2
RMSE_\/E?zl(CRRact_CRRpred )

3.2 Nonlinear Multiple Regression Analysis (NMRA)
model

Nonlinear multiple regression analysis (NMRA) is used
to detect two or more correlations. NMRA is a statistical
method that can reveal the relationship between more
than one independent variable and a single dependent

1.600 -
1 y=079 +0027
J R2=(,7181
1.200 -
0,800 ]
% i
0.400 -
] NMRATraining Data
0.000 -
0.000 0400 0800 1200  1.600

CRR,;

variable, make predictions, and create a mathematical
model. In this study, quadratic regression was used to
estimate the CRR value. The basic equation of the regres-
sion model is relatively simple, as given by Equation 13.
CRR represents the dependent variable; Ny, , FC, UW, d,
and Ds are the independent variables. The ability of the
estimations to give reliable results depends on the coef-
ficient of determination (R?) being the largest value and
the error rates being the smallest value.

Then, with the help of the SPSS program, various func-
tions were tested with these independent variables, and
the best fit for the distribution is the nonlinear quadratic
equation. The quadratic NMRA equation was chosen,
which gave the highest R* and the lowest RMSE values.
The nonlinear regression equation obtained from the
NMRA analysis is shown in Equation 13.

Thus, the R? was 0.718 for the training data and 0.681 for
the test data. Other error statistics of the NMRA model
are shown in Table 6. As shown in Figure 3, the CRR
and CRR,.4 values were close to each other. However,

as shown in Figure 3, the CRR values diverged from

the calculated CRR values after 0.80, which results in a
reduction of the determination coefficient.

CRRpreq = 0.233 4 0.022-Ngo — 0.322-FC
+0.622-FC* + 0.267-UW — 0.016-UW 2 (13)
—0.035-d + 0.001-d? + 1.633-Dgy — 0.614-Dsp

1.600

And

y=07805x +00272
R*= 06811

L3
[ ]
3
ik

NMRA Test Data

0400 0800 1.200 1.600
CRR

Figure 3. Comparison of predicted and actual CRR values for NMRA model in training
and test data (Nonlinear Multiple Regression Analysis).
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3.3 Artificial Neural Network (ANN) model

The estimation method, called ANN (Artificial Neural
Networks), is the most well-known and widely used
method among the artificial intelligence techniques.
This method estimates the dependent variable by finding
linear or nonlinear relationships between the parameters
that represent many independent variables. In this
technique, the working system imitates the human brain.
ANN makes routing with multi-layer sensor networks
and can learn and generalize between the input and
output layers. The ANN structure consists of an input
layer, an output layer, many hidden layers, and a large
number of neurons corresponding to each independent
variable. An ANN is very successful in finding nonlinear
relationships between independent variables about the
dependent variable. The output layer also corresponds

to the predicted dependent variable. The system updates
the weight values, moving from the output layer to the
input layer, and the error value is minimized [5,10]. The
CRR was estimated with the ANN model. In the predic-
tion model, the input parameters are Ny, FC, UW, d,
Dsq, and the output parameter is the CRR (Figure 4).

The feed-forward ANN model inputs with five variables
consisting of Ny, , FC, UW, d and D5, and a single
output system CRR was obtained, as shown in the
diagram in Figure 4. In the training of the models, a
random selection of 586 parameters was used, and 251
parameters were used to test the prediction model's
performance. First, the most appropriate and widely used
tansig, logsig and purelin functions from 11 member
functions were used in the multi-layered ANN method
in MATLAB [34]. The input data were trained with the

1.600

y=0.9696x + 0,0091
R?2=10.9683

0.800

CRRpred

0400

ANN-Training Data

0.000
0.000 0.400 0.800 1.200 1.600

CRR,;

Levenberg-Marquardt algorithm, due to its ease of use,
convergence rate and predictive success in linear and
nonlinear models. The numbers of neurons in a hidden
layer ranged from 2 to 10, and the numbers of iterations
ranged from 1 to 100. Using a trial-and-error method,

a model was determined from the network structures
obtained. In this model, the input membership function
was logsig, which gives the lowest all error statistic
values and the highest Determination Coefficient (R?)
value, and its output membership function was purelin.

Néeo

CRR

Figure 4. ANN block diagram for the designed system.

Table 4. Best ANN model for predicting CRR.

Membership function  Membership
. Iteration number
Input Output function number
Logsig Purelin 10 95
1.600 -
] y =0.9094x +0,0217
1.200 1 R?=0.9007
2°0.800 |
O ]
0.400 ] &
] ANN-Test Data
0.000 —

0.800 1.200 1.600
CRR

0.000 0.400

Figure 5. Comparison of predicted CRR and actual CRR values for ANN model.
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ANN characteristics of the best ANN model obtained
after various trial-and-error attempts are given in Table
4. All the statistical error values of the best ANN model
are given in Table 6. According to Table 6, the error
statistic values were within acceptable values. As can be
seen in Table 6, and Figure 5, the ANN model revealed
successful results. However, it can be seen in Figure 5
that the predictive CRR values diverged between 1.0 and
1.5 from the calculated CRR values.

3.4 Adaptive neuro-fuzzy inference system (ANFIS)
model

The adaptive ANN-based fuzzy inference system
(ANFIS) is one of the essential artificial intelligence
techniques that can optimize parameters with an infer-
ence system. ANFIS provides for the optimization of
rule-base and membership function values to model
systems with known input and output values with fuzzy
logic. The optimization process involves th learning
methods of ANN. In this way, fuzzy systems, which
normally cannot learn, gain a learning ability for the
data sets to be modeled. ANFIS uses the backpropaga-
tion method, as a learning method, or a combination

of the backpropagation method and the least-squares
estimation method. The ANFIS architecture consists

of six layers. The first layer (input layer) transmits the
incoming input signals to the other layers. The second
layer is called the fuzzy layer, the third layer is the rule
layer, and the fourth layer is the normalization layer. The
fifth layer is the annotation layer, and finally, in the sixth
layer, the values from the annotation layer are aggregated

2.000

y =0.,9059x + 0,0258

1,600 R2=0.9072

1.200

CRRpred

0.800

0.400

ANFIS-Training Data
0.000

CRR,

0.000 0400 0.800 1.200 1,600 2,000

within this layer to obtain the actual output value of the
ANFIS system [5]

In the ANFIS model, since the increase in the member-
ship function numbers, as mentioned above, decreased
the performance of the ANFIS model, the input
membership function numbers 2 and 3 were taken.
After determining the Gaussian membership function
(gaussmf) and the triangular (trimf) membership
function as the input membership functions and the
constant and linear functions as the output functions,
the best ANFIS model was determined by trial and
error in iteration numbers ranging from 1 to 5. Depend-
ing on the type of input and output functions,
Gaussmf-constant, Gaussmf-linear, trimf-constant

and trimf-linear combinations were determined. The
lowest errors criteria and the highest R? are used to
select the best model among the four different ANFIS
combinations. The ANFIS features of the best ANFIS
model obtained from various trial-and-error attempts
are given in Table 5. The input membership function is
Trimf, and the output membership function is linear.
Allthe error-statistics values of the best ANN model
and successful results of the ANFIS model are given in
Table 5, Figure 6 and Table 6.

Table 5. Best ANFIS model for CRR prediction.

Membership function  Membership
. Iteration number
Input Output function number
Trimf Linear 2 4

2.000 1
1 y=0919x+0.0374
1.600 1 R?=0.357
T 1,200 1
g:?‘
®

0.800

0.400

] ANFIS-Test Data
0,000

0.000 0400 0.800 1200 1.600 2.000
CRR,;

Figure 6. Comparison of predicted CRR and actual CRR values for the ANFIS model.
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However, as can be seen in the scatter chart (Figure 6),
the CRR)4 values between 1.0 and 1.5 diverged from
the CRR,, values. This situation, which decreases the R?
coefficient value, indicated that the model failed between
1.0 and 1.5 values.

4 RESULTS AND DISCUSSION

As shown in Table 6, the accuracy of the model's results
was accepted as satisfactory, with a determination coef-
ficient greater than 70 % obtained for all the methods.
However, considering all the error statistics, the ANN
model seems the best among these three methods in
terms of R? value and the lowest MAE, highest MARE,
and MSE ratios. (Table 6).

The results of the models based on the Nonlinear
Multiple Regression Analysis (NMRA), Artificial Neural
Networks (ANN), and Adaptive Neural Fuzzy Inference
System (ANFIS) were compared with simplified analysis
results in order to develop the best model for estimating
the liquefaction of soils. In all models developed using
statistical and artificial intelligence techniques, Ngg , FC,
UW, d, D5, were used as the input parameters, and the
CRR value was estimated as the output parameter.

Table 6. Performance statistics of all models.

ANN ANFIS NMRA
MAE 0.024 0.0350 0.095

%0 MARE 95.214 11.0330 41.900
5 MSE 0.0019 0.0068 0.018
= RMSE 0.0432 0.0822 0.134
R? 0.968 0.885 0.718
MAE 0.034 0.036 0.098
MARE 12.675 10.798 0.441
§ MSE 0.006 0.010 0.021
RMSE 0.0777 0.1002 0.145
R? 0.901 0.838 0.681

The R? and various error ratios were calculated by
comparing the performance of the models created with
the training data. It was concluded that the most suitable
model is the ANN model based on the success rates and
consistency of the models. Liquefaction analysis was
carried out for different drilling depths and soil proper-
ties. The liquefaction status was calculated by loading
data into the Excel spreadsheet. The VIF analysis was
performed to see which parameters influence the CRR

calculation. The numerical studies in the CRR calcula-
tion showed that the Ngy, FC, UW, d, and D5, parameters
affect the CRR estimation after the VIF analysis. Thus,
new models with higher accuracy were produced using
these most influential parameters. The determination
coefficients were 0.681,0.838, and 0.901 in the NMRA,
the ANFIS, and the ANN methods, respectively. These
values show that a desired level of estimation is achieved.
When the error criteria in the NMRA, ANN, and ANFIS
methods were evaluated, it was observed that the ANN
method was superior to the other methods, with an
overall success rate of 90 % and the lowest mean abso-
lute error rate of 0.024.

5 CONCLUSIONS

In this study, a nonlinear multiple regression analysis
was performed between the CRR value and the other soil
parameters. Then, the CRR estimation was made with
fuzzy logic and artificial neural networks for the N,
FC, UW, d and Dsj variables, which gave high correlation
coeficients. The most sensitive parameters to the soil’s
liquefaction are d, FC, and Ny, while the least sensitive
ones are the UW and Ds soil parameters. The ANN
model used in the CRR estimation has more successful
performance criteria when the comparing R? and errors.
The ANN model has lower error values and a higher
correlation than the NMRA and ANFIS models. Improv-
ing the existing methods for predicting the liquefaction
of soils and estimating the probability of liquefaction
with the new models to be developed will enable civil
engineers to take precautions against liquefaction. In
addition, this study has demonstrated the successful and
rapid use of artificial intelligence techniques in solving
geotechnical problems, especially in modeling nonlinear
complex soil behavior, such as liquefaction. This study

is the basis for further studies on liquefaction. In future
studies that can be performed to obtain better results in
the calculation of the CRR, the number of model data
can be increased by adding new data. Also, new models
and higher accuracy results can be obtained using differ-
ent artificial intelligence techniques.
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