\ SOCIETY |
S .

Indian Geotechnical
Conference

IGC 2022
Kochi Chapter 15 — 17t December, 2022, Kochi

Development of Correlations between SPT-CPT Data for
Liquefaction Assessment using R

Ankit Kumar Guptat, Vamsi Alla?, G Suneel Kumar® and Rabi Narayan Behera*

1 PG Student, Department of Civil Engineering, National Institute of Technology, Rourkela
2 PhD Student, Department of Civil Engineering, National Institute of Technology, Rourkela
3 PhD Student, Department of Civil Engineering, National Institute of Technology, Rourkela
4 Assistant Professor, Department of Civil Engineering, National Institute of Technology,
Rourkela
lguptaankitkumarl2@gmail.?comvamsiallal47@gmail.com
Ssunilicon9@gmail.com, “‘beherarabin@nitrkl.ac.in

Abstract. This paper presents a method for selecting and processing the field
data for correlation and comparison of standard penetration test — cone
penetration test (SPT-CPT). The correlations of SPT-CPT were done using
traditional and statistical methods. SPT, CPT field tests were used in conjunction
with variety of borehole seismic testing for a number of locations to adapt
traditional site research approaches to geotechnical earthquake engineering. The
correlations between Neo of SPT and cone tip resistance qc and other parameters
of CPT data under liquefaction conditions, were developed using regression
modelling. In this paper, the SPT-CPT correlations have been developed using
different type of regression methods namely linear regression (LR), locally
estimated  scatterplot ~ smoothing  (LOESS), multivariate  adaptive
regression splines (MARS) and support vector machine (SVM). Correlation
between Neo and qc which was developed using support vector regression (SVR)
model is giving 90.53% efficiency. Correlation which was developed between
Neo and qc taking other parameters of CPT data such as fines content and mean
particle size Dso in SVR model is giving 99.99% efficiency. By using the above
theses correlations, SPT N-value may be evaluated using CPT data. Predicted Neo
values from these correlations are compared with measured Neo values from
existing literature and seismic tests and it was found to be good.

Keywords: Liquefaction; Seismic; SPT-CPT data; Regression.

1 Introduction

Correlations are prevalent in the geotechnical engineering practice. This paper
presents the application of machine learning for developing geotechnical correlations.
In the realm of machine learning, multiple input variables of significance can be readily
and coherently incorporated into the model. The methodology is presented in a general
form to facilitate adaptation to other geotechnical correlations.

Empirical correlations are often utilized in geotechnical engineering to estimate
the different engineering features of soils. In most cases, correlations are derived using
statistics and data collected from field and laboratory tests bearing high importance.
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Analysis of linear regression (LR), multivariate adaptive regression splines (MARS),
support vector machine (SVM), artificial neural network (ANN) and locally estimated
scatterplot smoothing (LOESS) are some of the techniques used in machine learning.
Machine learning has the ability to create a model from the data and learn from the
experience. Therefore, machine learning is more superior than the traditional modeling
techniques.

SPT test is the better for the site investigation because its results are reliable and
it costs less to carry out the tests. Many works have done in the advancement of CPT
and various field tests as an alternative to SPT. CPT and SPT are destructive in-situ
tests but CPT is less time taking test when compared with SPT and error percentage is
more in SPT. Therefore, there is still a progressive need to develop more acceptable
and highly reliable correlations between SPT-CPT data in order to use reliable and more
acceptable CPT test data. To correlate the SPT N- value to static cone tip resistance
(9c), there have been ample number of empirically developed correlations.

In the present study, new SPT-CPT correlations were developed using various
regression methods. A comparative analysis is presented among the used regression
analysis techniques, namely Simple linear regression (SLR), Locally estimated
scatterplot smoothing (LOESS), Multiple linear regression (MLR), Multivariate
adaptive regression splines (MARS), Stepwise linear regression (SLR), and Support
vector machine (SVM). The best method is suggested on the basis of the statistical
study.

2 Review of literature

The soil liquefaction resistance can be estimated in laboratory. CPT and SPT are field
methods for geotechnical design and investigation. Seed and Idriss (1971) had given
the simplified procedure to estimate the soil liquefaction which depends on the cyclic
stress ratio (CSR) which in turn depends on SPT blow numbers.

2.1  Existing SPT-CPT correlation works

There are some already proposed correlations having K. ratio as (qc¢/Nser) given by
Schmertmann (1970), Lacroix (1971), Folque (1988), Danziger (1982), Ramaswami et
al. (1982), Burland & Burbidge (1984), Viana da Fonseca (1996), Acka (2003), Mayne
(2006), Ahmed et al. (2014), Shahri et al. (2014), Lingwanda et al. (2015).

2.2 Observation data used in SPT-CPT correlations

In this research, the site data of Hstina Power Plant in Taiwan is used (Chin et al. 1990).
In order to prepare the preliminary design for two generator units, seven boreholes were
drilled and eighteen CPTs were conducted. The level of water in ground is typically at
2.5m below the ground surface. Split spoon sampler is used and soil classified as SM.
SPT tests were conducted by using a rope and cathead assembly to raise and drop donut
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type hammer having hammer efficiency of 55% while comparing kinetic energy
computed from impact velocity to the theoretical free fall energy.

Table 1. Summary of correction factor used for computation of Nss in Taiwan

Corrections to account  Hammer Energy Rod Length  Sampler Borehole

for Ratio (Cr) (Cr) (Cs) Diameter (Cg)

Parameter Donut type 10-30m Standard 65-115mm
hammer sampler

Correction factor 1.0 1.0 1.0 1.0

Energy correction for SPT was considered for field SPT N-values (Nwm) as:
Nss = Nm*Cx*Cs*Cp*Cr
Neo = (0.55*N55)/0.60

Cone penetration soundings were made using a Hogentogler type electronic cone.
Tip resistance (qc), skin fraction (fs) and cone inclination were continuously recoded
during penetration. A total of 35 data points of sand deposits were selected from this
investigation. A summary of these field measurements and laboratory tests results are
tabulated in Table 2, where FR is friction ratio and FC is fines content in %, depth of
soil in meters, Nss SPT blow count for 55% hammer efficiency, Neo for 60% hammer
efficiency.

Table 2. Summary of test results for SPT and CPT in Taiwan

Parameters Depth Nss  (c Dso FR s FC Neo
(m) (kg/lcm?)  (mm) (kglcm?) (%)
Minimum value 1.00 500 13.46 0.077  0.02 1.083 13.00 4.58

Maximum value 48.50 77.07 208.08 0.290 1.82 336.573 48.00 70.64

3  Methodology
3.1 SPT-CPT Correlation for Liquefaction Assessment

In this paper, the correlations of SPT-CPT have been developed using SPT data and
CPT data for identical location. This site data has 35 data points of sand deposits. This
database has a parameter named as SPT blow count having 55% hammer efficiency
(Nss). Standard value of SPT blow count Ngo (having 60% hammer efficiency is used)
is used in civil engineering applications. Sleeve friction (fs) is an independent parameter
of CPT. So, the developed correlations in this study contains Neo, cone tip resistance
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(gc) using some independent parameters of CPT like sleeve friction (fs), fines content,
mean particle size with respect to depth of soil.

The assessment and prediction of correlations of SPT-CPT are widely classified
into two categories, first one is traditional methods, and another one is statistical
machine learning techniques or Artificial Intelligence Techniques.

3.2  Regression Analysis

In the 19th century, a term ‘regression” was conceived by Francis Galton for description
of biological phenomenon. Regression analysis is a collection of procedures related to
statistics to determine the relationships among one or more dependent and an
independent variable (response variable) in statistical modelling. Y;is assumed to be a
function of X;in most regression models, with e; signifying an additive error component
that could represent modeled Y; determinants:

Yi=f(Xi, ) tei 1)

The researcher's goal is to determine which function f (Xi, £ is fitting best to the data.
In order to perform regression analysis, the form of the function f must be provided.

Simple Linear Regression (SLR). The below mentioned two variables are linked with
the help of an equation in Linear Regression where 1 is the exponent (power) in both
the cases. The line joining the predicted values getting from this regression method
gives the shape of straight line in mathematical form. The mathematical equation for a
SLR in general form is as shown below where ‘y’ is response variable, ‘X’ is predictor
variable and (a & b) are coefficients:

Y=aX+b @)

Multiple Linear Regression (MLR). Linear regression is extended into multiple
regression. In multiple linear regression, an equation connects more than two variables.
Multiple linear regression has only one response variable and more than one predictor
variable. The general mathematical equation for multiple regression is:

y =a+ bixs+ baxe +...... bnXn (3)

Here, y is the outcome variable, (a, b1, b,.... by) coefficients and (X1, Xo..... Xn) predictor
variables in this equation.

Support Vector Regression (SVR). Support vector machine (SVM) is a simple
supervised machine learning algorithm for regression and classification. SVM
generally, splits data points into groups (classes) by using optimal decision boundary
and then guesses the class of observed values by using that decision function.
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Figure 1. Support Vector Regression

The distinct groups may be distinguished by a regular linear line or a non-linear
boundary line, depending on the circumstances. Both linear and non-linear class borders
are handled using support vector machine algorithms. It may be used to solve issues
with two or more classes.

Multivariate Adaptive Regression Spline (MARS). Multi-variate adaptive regression
splines is an algorithm which is non-parametric in nature that creates a piecewise linear
model to capture non-linearity and interaction effects. A weighted sum
of basis functions Bi(x) is the outcome of resulting model:

y = Y¥i=1 WiBi(x) (4)

The basis functions are either a hinge function of the form max (0, X-X,), max (0, Xo-X)
or products of two or more hinge functions (for interactions) or constant (for the
intercept).

Locally Estimated Scatterplot Smoothing (LOESS). A non-parametric technique for
fitting various regressions in a tiny geographic space is identified as local regression,
or Loess. This could come in quite effective if you are mindful knowing your X
variables are restricted within a specific range. On a numerical vector, the loess ()
function may be used to smooth it out and estimate the Y locally (i.e., within the trained
values of X).

3.3 Evaluation Metrics in Regression Analysis
Any model of machine learning cannot give 100% efficiency; otherwise, that model is
referred to be a biased model. This also encompasses the concepts of overfitting and

underfitting. Some of the evaluation metrics are used in this study to compare the
efficiency and reliability of correlations as given below.
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Root Mean Squared Error (RMSE). Another name of RMSE is Root Mean Square
Deviation. It is used for evaluating the performance of the model in the regression
analysis approach, given by equation (5), where the absolute value of y is Y;, and the
mean value of y is Y.

RMSE = (5)

Z?:l Yi-Y
n
R-Squared (R?). In a regression model, another name of R-squared (R?) is coefficient
of determination. R? tells about the amount of variation of one variable with respect to
the other and performance of relationship among number of independent variables is
given by equation (6), where Y; is absolute value, Y is predicted value and Y is mean

value of y.

R2 =1 sumof squares of errors of regression
total sum of squares of errors
Z(Yi-v)2
Re=1-20Y) (6)
Z(Yi-¥)2

4  Results and Discussions

The correlations between SPT-CPT have been developed between Ngo and g along with
combinations of parameters of CPT data using regression analysis. There are 35 data
points taken from the site data of Hstina Power Plant in Taiwan (Chin et al. 1990) used
in SPT-CPT correlations.

4.1  SPT-CPT correlation using Neo and gc only

First, by taking Neo and . only, the correlations obtained by using different regression
methods with R? and RMSE values are given in Table 3. The correlation obtained from
support vector regression is giving higher efficiency when compared to other methods,
as R? = 0.9053 and a lower RMSE value of 5.6021.

The plots of the correlation curve of Neo and gc using different regression models
are shown in Figure 2. It can be seen that the support vector regression Ngo-Qc correlation
curve in green color is covering almost all the data points. That’s why the support vector
regression model is giving higher accuracy when compared to other regression models.
The correlations developed by using Ne and gc only, is not giving more reliable
efficiency. So, further parameters of CPT data have been used for correlations to
increase the efficiency.
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Table 3. Correlations using different regression methods between Neo and qc

Correlation name  Correlation R value RMSE value Remarks
SLR model N,,=0.346q -2.41  0.8848 6.1776 NA
Power Regression N =0149q "~ 0.8747 6.1021 NA
model ®0 ¢
SVR model Ng,~, 0.9009 5.7293 before tuning:
kernel=radial
Ng,~ 0, 0.9053 5.6021 after tuning:
kernel=radial
epsilon=(0:0.1:1)
cost=2
MARS model Ng,~ 0, 0.8944 5.9142 NA
LOESS model N~ a, 0.8977 5.8198 surface=direct
Plot of N60 vs qc with developed regression model curve
'C\> —|=— SLR °
—A— Pow er regression
—— SVR
—#— MARS -
o© _|™® LOESS
(=)
8 —
8 ¥
=
8 2
R =0.9053
8 —
S —
T T
50 100 150
qc (kg/sq. cm)

Figure 2. Plot of Neo-qc correlation curves for SLR, Power regression, SVR, MARS and

LOESS model

4.2  SPT-CPT correlation using Neo and gc along with other parameters

In this study, Neo is the response variable and all other parameters of CPT data are
predictor variables. The correlations obtained by taking combinations of all the

parameters of CPT data are as shown in Table 4 with R? and RMSE values.

From the table 4, again support vector regression model is giving higher
efficiency as R? =0.999 and RMSE value of 0.0045 when compared to other models.
This support vector regression model takes predictor variables as qc, zc, FC, and Dsxo.
This support vector regression model can be considered as an accurate model due to R?
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=0.9999. On using other parameters of CPT data as g, zc, FC, and Dsy, the efficiency
of getting more reliable and accurate result is increased compared to that of by using
Neo and gc only. This developed SPT-CPT correlation may be used to evaluate Ngo using
CPT data.

Table 4. Correlations using different regression models between Neo and qc along with
depending parameters

Correlation name  Correlation R value RMSE Remarks
value

Multiple Linear ~ N, =0.28q +0.28z -281 09098 54659 NA

Regression model

SVR Model-1 Ng,~0a. +z +FC+D_+f 09466  4.2029 before tuning:

model kernel=radial
N,~0d,+z +FC+D_+f 09991 05224 after tuning

epsilon=(0:0.1:1)
27

cost =2
Model-2 Ng,~0,+z +FC+D 0.9271  4.9119 before tuning
kernel=radial
Ng,~0, +z +FC+ D 0.9999  0.0045 after tuning
epsilon=(0:0.1:1)
(2:7)
cost=2
MARS model N~ 0,2, 09138  5.3414 NA
LOESS Model-1 Ng,~q +z +FC+f 0.9964  1.0828 surface=direct
model  Model-2 Ng,~d, +2z +f 0.9708  3.1061 surface=direct
Model-3 Ng,~d, +f, 0.9245  4.9995 surface=direct

The above developed highly efficient correlations can be used only when all the
required parameters other than Neo and g are known.

4.3  Comparison of developed model with existing models

The dataset of 35 data points used in this study has been taken. A simple correlation
between Nss and gc was established based on available data. The correlation is given as:

qe/Nss = 4.70 — 0.05 X FC (%) @

On the basis of available data, Nss is evaluated and further converted into Neo. The
predicted value of Neo is evaluated based on available data. The developed SVR model
(named as model-2) is giving R? value of 0.9999. Figure 3 shows the scatter plot of
observed and predicted Ngo values by correlation developed by Chin et al. (1990) and
the present study.

In Figure 3, It can be seen that all predicted Ngo values obtained from this study is
lying near the line of equality representing as predicting approximately same values
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with respect to original and some predicted values obtained from correlation developed
by Chin et al. (1990) are outside of the 10% and -10% line of equality line.

Scatter Plot of Observed and Predicted N,
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(1988)
o 60 .
= O  This study
> 50
.§ 40 — | ine oOf
g 30 equality
a 20 ....... 10%

=
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0 10 20 30 40 50 60 70 80
Observed N,

Figure 3. Scatter plot of observed and predicted Neo

There are numerous numbers of SPT-CPT correlations exist in the literature,
most of which are given in the form of (ge/Neo). The R? and RMSE values are evaluated
and shown in Table 5 for these previously developed correlations of the given datasets.
On taking into the table, the maximum value of R? of 0.7335 is obtained for the
Lingwanda et al. (2015) correlation, which is lower than the R? value obtained from this
study.

Plot of N60 vs gc with existing and developed model curvg

—— This study SVR model curve
—v— Lingwanda et al. (2015)

—&—  Schmertmann (1970)

—&—  Acka (2003)

70
I

o Ahmed et al. (2014)

© Shabri et al. (2014)

—#— Ramaswami et al.(1982) for ratio 0.5
Ramaswanmi et al.(1982) for ratio 0.7 *

—5— Danziger (1982) *

NGO
30 40
!

20
|

10
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Figure 4. Plot of existing and developed SPT-CPT correlation curves
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In table 5, some of the previously developed correlations shown in ‘*’ are giving

the negative value of R? for the present data set. Here, the negative value of R? indicates

that the predicted values are far away from their original values. The previously
developed Danziger (1982) “** correlation curve, shown in purple with a circle marker
in Figure 4, does not cover any data points in the plot. That’s why this previously

developed correlation is giving a ‘— ve value of R? with these data points.

Taking into account Figure 4, this study support vector regression SPT-CPT
correlation curve with a R? of 0.9053 covers almost all of the points, whereas the
previously developed Lingwanda et al. (2015) correlation with an R? of 0.7335 covers
almost all of the points. So, the correlation developed from this study is giving more
efficient and reliable results than the previously developed correlations.

Table 5. R? and RMSE values for previous existing and developed SPT-CPT correlations

References

K=/ Ng,) Remarks R?value RMSE
(MPa) value
Schmertmann 1970 0.230 Both medium and fine sands ~ 0.5357 12.4017
are used (USA)
Danziger 1982 * 0.600 Rio de Janeiro sandy soils -0.0249 18.4273
Ramaswami et al. 0.500-0.700  For sandy soil 0.3027- 15.1986-
1982* (-0.3038)  20.7840
Acka 2003 0.470 For high cemented sandy 0.4088 13.9945
soils(UAE)
Mayne 2006 0.438 For sandy soils (China, NA NA
Canada, Norway, Japan and
Italy): D= 0.35 + 0.23mm
Ahmed et al. 2014  0.508 For sandy silts and clean 0.4009 13.5321
sands; FC = 3% - 35%
Shahri et al. 2014 0.568 Sweden sands 0.0747 17.508
Lingwanda et al. 0.370 Tanzanian silty sands and 0.7535 9.0352
2015 clayey soils: D, = 0.38mm
Developed Neo~0c Using SVR model after tuning 0.9053 5.5602
correlation

The references shown in ¢ * ’ is giving negative value of R? for the available SPT-CPT data
for predicting under fitting values with respect to mean of absolute values as shown in Figure

4.
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5. Conclusions and Future Scope

5.1. Conclusions

e The correlations between SPT-CPT data have been developed using
regression analysis approach.

e The SPT-CPT developed support vector regression (SVR) model is
giving higher efficiency as R? of 0.9053 on taking Neo and ¢ only.

e On taking Neo and qc with other parameters of CPT data, a SPT-CPT
developed SVR model (named as model-2) is giving higher efficiency as
an R? value of 0.9999.

e SPT-CPT developed correlations are giving higher efficiency and
reliability than that of existing correlations. So, these correlations may
be used to evaluate SPT N-value using CPT and other test data.

e By using Ngo Vvalue, the bearing capacity, settlement, cohesion value,
friction angle, etc. can be estimated.

For both SPT-CPT, if the observation data is available in a large number of locations,
the developed correlation will be more reliable and acceptable for any location provided
the input parameters are within the range of the present dataset.

REFERENCES

1.

Ahmed, S. M., Agaiby, S. W., & Abdel-Rahman, A. H. (2014). A unified CPT-SPT
correlation for non-crushable and crushable cohesionless soils. Ain Shams Engineering
Journal, 5(1), 63-73.

Akca, N. (2003). Correlation of SPT-CPT data from the United Arab Emirates. Engineering
Geology, 67(3-4), 219-231.

Alihudien, A., Suhartinah, & Warnana, D. D. (2018, June). Analysis of soil liquefaction
potential in Puger coastal area, Jember Regency, East Java using CPT data. In AIP
Conference Proceedings (Vol. 1977, No. 1, p. 040004). AIP Publishing LLC.

Alkroosh, I. S., Bahadori, M., Nikraz, H., & Bahadori, A. (2015). Regressive approach for
predicting bearing capacity of bored piles from cone penetration test data. Journal of Rock
Mechanics and Geotechnical Engineering, 7(5), 584-592.

Chen, Q., Wang, C., & Hsein Juang, C. (2016). CPT-based evaluation of liquefaction
potential accounting for soil spatial variability at multiple scales. Journal of Geotechnical
and Geoenvironmental Engineering, 142(2), 04015077.

Cetin, K. O, Seed, R. B., Kayen, R. E., Moss, R. E., Bilge, H. T., llgac, M., & Chowdhury,
K. (2018). Dataset on SPT-based seismic soil liquefaction.

Chin, C. T., Duann, S. W., & Kao, T. C. (1990). SPT-CPT correlations for granular soils.
In International Journal of Rock Mechanics and Mining Sciences and Geomechanics
Abstracts (Vol. 27, No. 2, pp. A91-A91). Elsevier Science.

Dos Santos, M. D., & Bicalho, K. V. (2017). Proposals of SPT-CPT and DPL-CPT
correlations for sandy soils in Brazil. Journal of Rock Mechanics and Geotechnical
Engineering, 9(6), 1152-1158.

Erzin, Y., & Cetin, T. (2013). The prediction of the critical factor of safety of homogeneous
finite slopes using neural networks and multiple regressions. Computers & Geosciences, 51,
305-313.

TH-4-37 11



Ankit Kumar Gupta, Vamsi Alla, G Suneel Kumar and Rabi Narayan Behera

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

Hanagooduraghavendra, A. (2017). Evaluation and Optimization of Liquefaction Potential
Index using both SPT and CPT (Doctoral dissertation, University of Illinois at Chicago).
Idriss, I. M., & Boulanger, R. W. (2007). SPT-and CPT-based relationships for the residual
shear strength of liquefied soils. In Earthquake geotechnical engineering (pp. 1-22).
Springer, Dordrecht.

K. Onder Cetina, Raymond B. Seed, Robert E. Kayen, Robb E.S. Mossc, H. Tolga Bilged,
Makbule Ilgaca, Khaled Chowdhury. “SPT-based probabilistic and deterministic assessment
of seismic soil liquefaction triggering hazard.” Soil Dynamics and Earthquake Engineering
115 (2018), 698-709.

Kayen, R. E., Mitchell, J. K., Seed, R. B., Lodge, A., Nishio, S. Y., & Coutinho, R. (1992,
May). Evaluation of SPT-, CPT-, and shear wave-based methods for liquefaction potential
assessment using Loma Prieta data. In Proceedings of the 4th Japan-US Workshop on
Earthquake Resistant Design of Lifeline Facilities and Countermeasures for Soil
Liquefaction, Hamada, M. and O’Rourke, TD, eds.

Khan, S., Sasmal, S. K., Kumar, G. S., & Behera, R. N. (2021). Assessment of Liquefaction
Potential Based on SPT Data by Using Machine Learning Approach. In Seismic Hazards
and Risk (pp. 145-156). Springer, Singapore.

Khosravikia, F., & Clayton, P. (2021). Machine learning in ground motion
prediction. Computers & Geosciences, 148, 104700.

Puri, N., Prasad, H. D., & Jain, A. (2018). Prediction of geotechnical parameters using
machine learning techniques. Procedia Computer Science, 125, 509-517.

Rahmanian, S., & Rezaie, F. (2017). Evaluation of liquefaction potential of soil using the
shear wave velocity in Tehran, Iran. Geosciences Journal, 21(1), 81-92.

Rezania, M., Javadi, A. A., & Giustolisi, O. (2010). Evaluation of liquefaction potential
based on CPT results using evolutionary polynomial regression. Computers and
Geotechnics, 37(1-2), 82-92.

Robertson, P. K., & Wride, C. E. (1998). Evaluating cyclic liquefaction potential using the
cone penetration test. Canadian geotechnical journal, 35(3), 442-459.

Robertson, P. K., Campanella, R. G., & Wightman, A. (1983). Spt-Cpt Correlations. journal
of geotechnical engineering, 109(11), 1449-1459.

Samui, P., & Sitharam, T. G. (2011). Machine learning modelling for predicting soil
liquefaction susceptibility. Natural Hazards and Earth System Sciences, 11(1), 1-9.

Seed, H. B., & Idriss, 1. M. (1971). Simplified procedure for evaluating soil liquefaction
potential. Journal of the Soil Mechanics and Foundations division, 97(9), 1249-1273.
Tarawneh, B. (2017). Predicting standard penetration test N-value from cone penetration test
data using artificial neural networks. Geoscience Frontiers, 8(1), 199-204.

Tarawneh, B. (2017). Predicting standard penetration test N-value from cone penetration test
data using artificial neural networks. Geoscience Frontiers, 8(1), 199-204.

Tokimatsu, K., & Yoshimi, Y. (1983). Empirical correlation of soil liquefaction based on
SPT N-value and fines content. Soils and Foundations, 23(4), 56-74.

Tsali, C. C., Kishida, T., & Kuo, C. H. (2019). Unified correlation between SPT-N and shear
wave velocity for a wide range of soil types considering strain-dependent behavior. Soil
Dynamics and Earthquake Engineering, 126, 105783.

Vipin, K. S., Sitharam, T. G., & Anbazhagan, P. (2010). Probabilistic evaluation of seismic
soil liquefaction potential based on SPT data. Natural hazards, 53(3), 547-560.
Wichtmann, T., Kimmig, I., Steller, K., Triantafyllidis, T., Back, M., & Dahmen, D. (2019).
Correlations of the liquefaction resistance of sands in spreader dumps of lignite opencast
mines with CPT tip resistance and shear wave velocity. Soil Dynamics and Earthquake
Engineering, 124, 184-196.

TH-4-37 12



