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Abstract Precisely investigating subsurface conditions is a
major concern for both geotechnical and geological engineers.
In recent years, growing urbanization and construction of
high-rise buildings in Mashhad City, Iran, have increased the
demand for 3D models as a basis for subsurface characteriza-
tion. In this regard, this study deals with the development of a
3D geological engineering model for standard penetration test
(SPT) results on Mashhad City sedimentary deposits using
sequential indicator simulation (SIS) and sequential
Gaussian simulation (SGS) approaches. Reliable estimation
of SPT values can be helpful in prediction of other geotechni-
cal properties such as soil strength parameters and bearing
capacity. The intense variability of the Mashhad sedimentary
basin gives rise to complex and challenging ground conditions
for civil engineering work. A better understanding of these

deposits is crucial for many current and future civil engineer-
ing projects. Since design parameters in the study area are
usually determined based on SPT results, 12,440 SPT data
collected from 1380 boreholes were employed as the input
data. After variability analysis, the SIS procedure was applied
to coded data to determine areas with very dense sediments
(areas with SPT > 50). Then, data with SPT values < 50 were
transformed into normal scores in order for them to be appli-
cable as input data in SGS. Finally, coupled maps showing the
results of these two approaches were provided for different
depths.

Keywords Subsurface characterization . SPT data .

Sequential Gaussian Simulation . Sequential Indicator
Simulation .Mashhad City

Introduction

The standard penetration test (SPT) was introduced in the
United States (US) in 1902 by the Raymond Pile Company.
The test was not standardized in the US until 1958. It is cur-
rently covered by ASTM D1586–99, and by many other stan-
dards around the world (Robertson 2006). The SPT value
shows the density of ground, and it is used in many geotech-
nical formulas. Due to its simplicity and low cost, SPT is one
of the most widely used in situ tests (Nixon 1982; Décourt
1990; Sivrikaya and Togrol 2006) for soil exploration in en-
gineering projects. Therefore, many researchers have conduct-
ed studies to correlate SPTwith soil properties such as internal
friction angle, relative density, bearing capacity, shear wave
velocity and the settlement of coarse grained soil
(Esfehanizadeh et al. 2015; Hettiarachchi and Brown 2009;
Ulugergerli and Uyanik 2007). Although SPT was originally
developed for coarse grained soil, it can also be used for
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estimating the properties of fine grained soil such as undrained
compressive strength, undrained shear strength, and coeffi-
cient of volume compressibility (Sivrikaya and Togrol
2006). In addition, Price (2009) classified soil layers based
on SPT values. His classification, which has been used in this
study to define meaningful class boundaries in the resulted
maps, is presented in Table 1.

In the SPT test procedure, a thick walled sample tube, with
an outside diameter of 50 mm, an inside diameter of 35 mm, a
length of 650 mm and a slide hammer with a weight of 63.5
kg, are used. The sample tube is driven into ground at the
bottom by blows from a slide hammer falling through a dis-
tance of 760 mm. The number of blows needed to drive the
sample tube for each 150 mm up to a depth of 450 mm is
recorded. The sum of blows for the last two 150 mm penetra-
tion is called the standard penetration resistance of soil or SPT
value. If 50 blows are insufficient to advance it through
150 mm (6 inches), the case is recorded as R (Refused).
Similarly SPT value is recorded as R when the sum of blows
for the last two 150 mm of penetration exceeds 100.

SPT provides information related to a specific location but a
project engineer must have information about the unsampled
locations. In this case, a commonly adopted method is to in-
terpolate available points to support a reliable surface construc-
tion. Many interpolation techniques are available, but they are
often not able to assess the prediction errors because most of

these techniques, such as polynomial trend surface, Fourier
series, and inverse distance weighted method (Negreiros
et al. 2008), are purely deterministic. Geostatistical Kriging
estimation has been used extensively to interpolate the sampled
points on the nodes of a gridded network based on the analysis
of spatial variability via variogram or semivariogram
(Bourgine et al. 2006). Kriging interpolation is an optimal
and unbiased interpolation based on regression against ob-
served values of surrounding data points, which are weighted
according to spatial covariance values (Krige 1951; Matheron
1963). But the most important negative characteristic of mov-
ing average estimators such as kriging is the smoothing effect.
Geostatistical simulation is widely used to overcome this prob-
lem (Chilès and Delfiner 2012). Geostatistical stochastic sim-
ulations can not only estimate the spatial distribution of the
regionalized variable but also assess both local uncertainty
and spatial uncertainty about the estimates (Deutsch and
Journel 1998; Goovaerts 1997). Conditional stochastic simu-
lation is designed initially to overcome the smoothing effect of
kriging estimator especially when mapping sharp or extreme
spatial discontinuities are to be found (Deutsch and Journel
1998; Leuangthong et al. 2004). The simulation algorithms
take into account both the spatial variation of actual data at
sampled locations and the variation of estimates at unsampled
locations (Delbari et al. 2009). It means that stochastic simula-
tion reproduces the sample statistics (histogram and variogram
model) and honors the sample data at their original locations.
Therefore, a stochastic simulation map represents the spatial
distribution more realistically than a kriged map can (Asghari
and Madani Esfahani 2013; Rezaee et al. 2013). Thus, in this
research, sequential indicator simulation (SIS) and sequential
Gaussian simulation (SGS) were used to characterize subsur-
face soil in all 13 municipality districts of Mashhad City, Iran.
In the study area, a reliable estimation of SPT values is

Table 1 Description of standard penetration test (SPT) values (Price
2009)

Descriptive term for
soil

Very
loose

Loose Medium
dense

Dense Very
dense

SPT value 0–4 4–10 10–30 30–50 >50

Fig. 1 Location of the study area
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extremely significant since design parameters in the region are
usually determined based on SPT results.

Study area

Mashhad is the second largest city of Iran and is located in the
northeast of the country (Fig. 1). The intensity of development

inMashhad coupled with the size of population drive the need
for establishing a geological engineering model upon which
urban planners, developers, and engineers can rely.

Mashhad is situated in an arid to semiarid area. The
average depth of the ground water table is between 10 m
and 100 m in the city. The minimum depth is observed in
the northeastern and central areas, while the maximum

Fig. 2 Sedimentary
environments map of the study
area (Ghazi et al. 2015)

Fig. 3 Locations of boreholes in
the study area
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depth is noticed in the south, southeast and northwest. The
recharge of the aquifer by municipal waste water has led to
a high groundwater level in the center of the city
(Nikpeyman 2014). The sediments below the city originate
from different sources: Kashaf Rood River, alluvial and fan
sediments originating from the north slopes, and alluvial
fans originating from Binalood Mountain in the south and
southwest. Binalood, which is located in the south and
southwest of the city, consists mostly of ultrabasic and
metamorphic rocks, such as schist and phyllite. The

majority of recent deposits that originate from Binalood
are flaky due to the dominant rock type of Binalood
Mountain. Figure 2 shows the different sedimentary envi-
ronments in the study area (Ghazi et al. 2015).

Data set

In this study, all 13 municipality districts of Mashhad City
were geostatistically simulated to assess the uncertainty asso-
ciated with the spatial variability of SPT test results. To meet

Fig. 4 Standard penetration test (SPT) data versus depth along with the frequency of SPT data ranges in the study area

Fig. 5 Two examples of the SPT
data logs representative for the
study area
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this aim, 1380 geotechnical borehole logs and reports cover-
ing the modeling area were collected and 12,440 SPT data
were extracted. The distribution of the boreholes is indicated
in Fig. 3. The majority of the boreholes are located in the
downtown, western, and southern parts of the city, while few-
er investigations have been carried out in the northeastern part.
The northeastern part ofMashhad City mostly consists of very
old buildings and few new construction projects. On the other
hand, in the last decade, new high-rise buildings including
residential complexes, hotels, shoppingmalls and government
buildings have been centralized in western and northwestern
parts of the city.

The maximum depth of SPT boreholes is 60 m, but
the majority of the boreholes have a depth of < 30 m.
Moreover, most of the SPT data in the study area have
a value in the range of 10–30, which is representative
of medium-dense soils (Fig. 4). Two examples of the
SPT data logs representative of the study area are
shown in Fig. 5. A histogram of raw SPT data (SPT
values < 50) is given in Fig. 6; 9401 out of 12,440 data
have SPT values < 50.

Methodology

Geotechnical models have been developed as a tool to predict
subsurface conditions. In recent decades, many researchers,
along with different geological survey organizations, have
drawn much attention to 3D modeling of geotechnical and
geological properties (Mathers et al. 2014; Touch et al.
2014; Tame et al. 2013; de Beer et al. 2012a; de Rienzo
et al. 2008; Royse et al. 2008; Tonini et al. 2008).
Improvements in computing speed and capacity and increas-
ing up-to-date geodatabases allow geoscientists to produce
meaningful 3D spatial models of the shallow subsurface in
many urban areas (De Beer et al. 2012b; Stafleu et al. 2011;
Royse 2010; Kessler et al. 2009; Royse et al. 2009). In many
such studies, geostatistics has been used to estimate the values
of variables at unsampled locations based on spatial statistics
methods where they cannot be determined from conventional
statistical approaches. Many researchers have used
geostatistical approaches in geotechnical and site investigation
studies (Ozturk and Simdi 2014; Lee et al. 2011; Marache
et al. 2009; Marinoni 2003).

Fig. 6 Histogram of raw data
related to SPT values less than 50

Fig. 7 A histogram showing the
proportion of SPT values > 50 to
values < 50; 24% of the data fell
into the first group while 76%
belonged to the second one.
Number 1 has been allocated to
the SPT values > 50, while
number 0 represents SPT values <
50
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Spatial correlation analyses using variograms

Variogram describes the continuity of a variable as a function
of the distance between two locations. To model a regionali-
zation, variogram inference generates a set of experimental
values γ(h) for a finite number of lags and directions. The
variogram, γ(h), measures the average dissimilarity between
the values of a parameter (x) at location u and at a location u +
h. Assuming stationarity, the variogram γ [z(u), z(u + h)] de-
pends on a lag vector h: γ (h). The experimental variogram is
calculated based on the following equation:

y hð Þ ¼ 1

2n
∑N

a¼1 z uað Þ−z ua þ hð Þ½ �2 ð1Þ

Where z(u) is the value of the parameter at location u, andN
is the number of data pairs separated by vector h.

Analytical functions (called theoretical variograms) are
used to model the experimental variograms to meet three
main purposes: (1) they guarantee unique solutions; (2)
they allow for the calculation of a variogram value, γ
(h), for any given lag vector, h; and (3) they allow for
the filtering of the noise that is usually a result of either
imperfect measurements or a lack of data.

Since geological data often display some degree of an-
isotropy, it is always beneficial to assess the possible

effect of anisotropy on variograms in multiple directions.
In this study, variogram modeling was performed on the
normal score transformed data. Experimental variograms
of normal scores were searched in various directions.
Attention was given to find a model which would best
fit each of the variograms. The number of lags, lag sepa-
ration distances, and lag tolerance were different in each
case, depending on the nature of data and the spatial cor-
relations they showed.

Variography validation using cross-validation

The cross-validation technique is applied to choose the
best variogram model among different models and to se-
lect the search radius and lag distance that minimizes the
kriging variance. For cross-validation, interpolation is per-
formed at all the data points, ignoring, in turn, each of
them one by one. Then the estimated and true values are
compared. Cross-validation checks how well the
variogram model estimates the value of soil properties at
unsampled locations.

Geostatistical simulation

In many investigations, the soil properties are assumed
constant throughout the chosen layer. In other words, the
layer is considered homogeneous. But soil properties have
in fact heterogeneous characteristics. Geostatistical simu-
lation generates a more realistic image of spatial variabil-
ity for the property under consideration. Geostatistical
simulation provides a set of values that conform to the
following criteria (Dowd 1993):

Table 2 Variogram parameters for sequential indicator simulation (SIS)

Variable Model C0 C Ranges Angles

Max Med Min Azimuth Dip Rake

SPT Spherical 0.08 0.05 750 375 50 0 0 0

Spherical 0.05 8625 6625 50 0 0 0

Spherical 0.04 11,625 9750 50 0 0 0

Fig. 8 Variogram in the major axis of anisotropy direction used in the
sequential indicator simulation (SIS) method

Table 3 Results of jackknife method

Estimate

0 1

True 0 10.7% 89.33%

1 70.7% 29.3%
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(5 m) 

(15 m) 

(25 m) 

Fig. 9 Simulated SPT values
using SIS method for one of the
realizations for three depths
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(5 m) 

(15 m) 

(25 m) 

Fig. 10 Probability of SPT
values > 50 for three depths
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(1) At all sampled locations they honor the true values.
(2) They have the same spatial dispersion, (i.e., the same

variogram), as the true values.
(3) They have the same distribution as the true value.
(4) They are co-regionalized with any other simulated vari-

able in the same way as the true values.

A set of values conforming to these criteria is called a
conditional simulation, i.e., a simulation that is conditional
on the simulated values coinciding with the true values at
the sampled locations. A non-conditional simulation has attri-
butes (2), (3) and (4), but not (1). Conditional simulation does
not create data; it simply provides one possibility (among an
infinite number) of what may actually be present at unsampled
locations. Estimation and simulation are two separate and dis-
tinct procedures with different objectives and different results.
The objective of estimation is to provide the best (however
defined) estimate of a variable at any location. The objective
of simulation is to provide a set of values that conform to the
criteria listed above, i.e., values that reproduce the character-
istics, or behavior, of the property as observed in the available
data.

Sequential simulation is a kind of simulation in
which conditioning is extended to include all data with-
in a neighborhood that includes the original data and all
previously simulated values (Journel 1989). Sequential
simulation is a stochastic modeling algorithm that

obtains multiple realizations based on the same input
data (Geboy et al. 2013; Journel 1993). These data
could be either continuous or categorical. Considering
the data type, sequential indicator simulation, SGS
(Isaaks and Srivastava 1989; Qu et al. 2013) or direct
sequential simulation will be chosen.

Sequential indicator simulation

In SIS, the sequential paradigm is combined with the in-
dicator formalism in order to simulate non-parametric
continuous or categorical distributions. For the categorical
case that has been implemented in this study, the proba-
bility for each category to occur is estimated by indicator
kriging. SIS allows constructing realizations of categorical
variables by taking these two subsequent principals into
account (Chilès and Delfiner 2012; Deutsch and Journel
1998): (1) sequential simulation, the already simulated
indicators, and original data are incorporated as condition-
ing data for the subsequent locations, and the target loca-
tions are visited one after the other in a random path; (2)
indicator kriging, constructing conditional distribution
needs an interpolation methodology appropriate for indi-
cator data.

Sequential Gaussian simulation

The most straightforward algorithm for generating reali-
zations of a multivariate Gaussian field is presented by the
sequential principle (Leuangthong et al. 2004; Manchuk
and Deutsch 2012a, b). In the SGS method, data are trans-
formed to be Gaussian through a quantile transformation
because it employs standard Gaussian data, i.e., those
with zero mean and unit variance (Chilès and Delfiner
2012). Then each variable is simulated sequentially based
on its normal complementary cumulative distribution
function (CCDF) using simple kriging (SK) estimation.
The conditioning data consist of all original data and all
previously simulated values found within a neighborhood
of the location being simulated (Leuangthong et al. 2004;
Manchuk and Deutsch 2012a, b).

The main advantages and disadvantages of this method are
as follows (Dowd 1992):

Fig. 11 Variogram of the normal score transformed SPT values in the
major axis of anisotropy direction

Table 4 Variogram parameters of normal score transformed data for sequential Gaussian simulation (SGS)

Variable Model C0 C Ranges Angles

Max Med Min Azimuth Dip Rake

SPT Exponential 0.3 0.3 1280 1000 64 150 0 0

Spherical 0.4 320 200 40 150 0 0
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Advantages:

(1) SGS ensures that data are meant to be kept untouched at
their locations since kriging is an exact interpolator and,
as a result, yields a zero kriging variance when a datum is
estimated. The simulated value is accordingly derived
from a normal distribution with zero variance and amean
equal to the datum itself. As the conditioning is an inte-
gral part of the simulation, it is not necessary to take any
further steps.

(2) Anisotropies can be considered automatically as part of
the kriging process. Kriging with an anisotropic
variogram guarantees that the anisotropies are imparted
to the kriged values, which are then imparted to the sim-
ulated values drawn from distributions with means equal
to the kriged values.

(3) Any covariance function can be implemented.

Disadvantages:

(1) The main drawback is related to the assumption of using
the intermediary Gaussian distribution. Practically, it is
not possible to ensure a multivariate normal distribution.

(2) There is some evidence implying that SGS produces
less variation between successive simulations than
other methods such as turning bands. The selection
of application parameters, such as the use of ordinary
kriging versus SK, the maximum number of simulat-
ed nodes retained for kriging, the octant search
parameters, and the upper and lower extrapolation
values, can profoundly affect the procedure.
Nonstationarity is taken into consideration by using
kriging with a trend model instead of simple kriging.
Chilés and Delfiner (1999) reported that in case the
mean is known, a Gaussian stochastic process with
an exponential covariance model can be applied ef-
fortlessly without any approximation for any set of
data or simulated points.

In this study, the appropriate approaches were chosen
based on ASTM D5924–96 (Reapproved 2010), standard
guide for select ion of simulation approaches in
geostatistical site investigations.

Results and discussion

SIS of SPT values

In order to determine the very dense areas (SPT > 50) in
Mashhad City, the SIS method was applied. As mentioned
in section Data set, since the SPT values > 50 are not
specified by certain numeric values in geotechnical re-
ports, it is not possible to simulate them by the SGS

Fig. 13 A 3D model of
combined sequential Gaussian
simulation (SGS) and SIS results
(average values) in oblique view
with vertical exaggeration coeffi-
cient equals 10

Fig. 12 Cross-validation result
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 (5 m) 

 (15 m) 

(25 m) 

Fig. 14 Results of SGS coupled
with the results of SIS for three
depths
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method. Therefore, the SPT data were coded and catego-
rized into two different groups, SPT values > 50 and
values < 50. A histogram showing the proportion of
SPT values > 50 to the values < 50 is presented in Fig.
7. Then, variability analysis was carried out. In order to
identify variogram parameters for the studied variable,
theoretical variogram functions were determined based
on experimental ones for SPT values. The variogram
model, nugget effect (C0), contribution (C), ranges, and
angles were determined as variogram parameters resulting
from theoretical variograms (Table 2). Figure 8 shows the
resulting variogram in the major axis of anisotropy
direction.

Then, in order to validate the variogram, the jackknife
method was applied. The results are presented in Table 3.

In order to simulate the under-study parameter, 100
realizations were generated on 100 × 100 × 10 (m3) grid
cells covering the study area. The voxel size was chosen
based on the distribution and investigation of similarities
in the data logs. Moreover, because of the vastness of the
study area, the large number of data, and the power and
speed of the available computing systems, these dimen-
sions were selected. The SIS results related to one of the
realizations for three depths are demonstrated in Fig. 9. In
addition, the maps showing the probability of SPT values
exceeding 50 for three depths are illustrated in Fig. 10.
The probabilities were determined by calculating the pro-
portion of the number of the realizations which were es-
timated 1 (> 50) to the total number of realizations in a spe-
cific point.

As shown in Fig. 10, the areas with higher probability
of SPT values exceeding 50 increase with depth.

Moreover, the soil density generally increases towards
the western parts of the city.

SGS of SPT values

In this study, the SGS procedure was applied to SPT
values < 50. At first, normal score transformations were
carried out, and then transformed data were employed in
variography and then simulation. In this regard, 100 real-
izations were generated on 100 × 100 × 10 (m3) grids.
Simulation was performed using the SK estimator, and the
variogram model of normal score transformed data.
Figure 11 shows the variogram in the major axis of an-
isotropy direction. The variogram model, nugget effect
(C0), contribution (C), ranges, and angles were deter-
mined as variogram parameters resulting from theoretical
variograms (Table 4).

In order to verify the variography, a cross validation
was performed; according to Fig. 12, there is a reasonable
correlation between the estimated values and the true
ones.

After performing the SGS method on SPT values < 50,
the simulation results belonging to SGS and SIS were
depicted together in order to generate comprehensive
maps appropriate for project engineers in the city. In the
final maps, at first, the areas with the SPT values > 50
were identified. This selection was in a way that the pro-
portion of the SPT values > 50 to the values < 50 is
maintained constant in the raw data and simulated ones.
In other words, the higher 24% of the SIS results were
chosen as the areas with SPT values > 50. In the study
area, 24% of the raw data, have SPT values > 50. Then,

Fig. 15 Allowable bearing
capacity map at a depth of 3 m
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SGS method was used to simulate the SPT values < 50 in
the remained areas. The average of SGS realizations were
used in the final combined maps. The resulting 3D model
and maps for the depths 5 m, 15 m, and 25 m are shown
in Figs. 13 and 14, respectively. The value boundaries in
Fig. 14 were chosen based on the classification presented
in Table 1.

According to Fig. 14, Mashhad City generally consists
of medium to very dense layers. This is good news for
geotechnical engineers involved in different civil projects
in the area; especially those who are working in deep
foundations because, as it can be seen, the areas with
higher values of SPT increase towards the deeper parts.

Estimation of bearing capacity

As a real-life application of simulated SPT values, bearing
capacity, as well as shallow foundation suitability maps,
were also prepared. The allowable bearing capacity map
presented in Fig. 15 was developed based on the equation
of Teng (1962) for a foundation width of 1 m at a depth of

3 m below the surface. Moreover, a shallow foundation
suitability map for 10-storey buildings with ribbed foun-
dations at a depth of 3 m is shown in Fig. 16. The defined
thresholds in this map are given in Table 5.

Conclusions

Because of the ease of the test procedure and the simplicity of
the equipment employed, the SPT is widely used for subsoil
characterization inmany civil engineering projects. Despite its
usefulness and popularity, SPT provides data limited to par-
ticular locations, thus these data should be extended to the
desired extent.

In this study, two geostatistical approaches—SGS and
SIS—were applied in order to model SPT values in
Mashhad City. SIS was applied to determine the areas with
SPT values > 50 while SGS was used to simulate the areas
with SPT values < 50. Based on the results, the SPT values in
most of the study area are representative of medium dense
soils. Since the SPT values can be used for different purposes,
such as foundation design, and estimation of soil strength
parameters, the main aim of this study was to provide SPT
maps for different depths that can be used in various urban
projects in the city. Moreover, as a real-life application of
simulated SPT values, the allowable bearing capacity map
was developed for a foundation width of 1 m at a depth of
3 m below the surface. In addition, shallow foundation suit-
ability map for 10-storey buildings with ribbed foundations at
a depth of 3 m were also prepared.

Table 5 Defined thresholds in the shallow foundation suitability map

Allowable bearing capacity (KN/m2) Value for foundation

<300 Not suitable

300–600 Moderately suitable

>600 Well suitable

Fig. 16 Shallow foundation
suitability map for 10-storey
buildings at a depth of 3 m
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