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1 INTRODUCTION 

The purpose of site characterization is to perform a 
geological, quantitative assessment of the project 
site to develop an idealized representation of the 
subsurface conditions and engineering properties 
that will be used for geotechnical analysis and de-
sign. The challenge in this task is the insufficiency 
of available data for describing site conditions (typi-
cally limited by cost and schedule) and the often 
complex nature of a site’s geology. As a result, when
selecting representative properties for design and 
analysis of geosystems it is important to understand 
the nature of spatial variability and how that spatial 
variability may influence or alter the performance 
mechanisms. Selection of representative properties 
relies on engineering judgement and assumptions for 
estimation of the subsurface properties and their var-
iability (Duncan 2000). 

An integrated site characterization methodology, 
such as the one presented in Figure 1, is useful to 
understand and assess the role of spatial variability 
in design and analysis of geosystems to better inform 
engineering judgement. This paper highlights some 

of the geostatistical techniques that are currently 
available to quantify spatial variability, including a 
transition probability approach originally developed 
in the field of hydrology. An example case is pre-
sented where geostatistical techniques are imple-
mented to identify depositional variations, capture 
the lateral extent and continuity of potentially lique-
fiable deposits, and highlight the usefulness of this 
approach.  

2 GEOSTATISTICS FOR INFORMING SITE 
CHARACTERIZATION 

Geostatistics can be used to supplement traditional 
site characterization techniques, providing quantita-
tive assessment of site variability to compliment typ-
ical judgement-based estimation of the subsurface 
variability. The role of geostatistics is to extend what 
is known from the geologic setting and from soil 
borings and in-situ tests to provide insights regard-
ing both site conditions and the expected system per-
formance at unsampled locations. 

The application of geostatistical techniques to ge-
otechnical applications are well documented where 
researchers have applied geostatistical methods to 
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develop random field models of subsurface variabil-
ity (e.g. Fenton and Vanmarcke 1990), analyze the 
role of spatial variability on performance of geosys-
tems (e.g. Fenton and Vanmarcke 1990, Griffiths et 
al. 2002, Elkateb et al. 2003, Al-Bittar and Soubra 
2014, Li et al. 2015a) and analyze real data sets to 
develop representative models for spatially variable 
deposits (e.g. Fenton 1999, Lloret-Cabot et al. 2012, 
Lloret-Cabot et al. 2014, Li et al. 2015b).  

These techniques can be used to quantify the vari-
ability of design parameters used in analysis, reduc-
ing reliance on qualitative judgements and assump-
tions in practice. Li et al. (2015a) investigated the 
failure mechanisms and bearing capacity of footings 
buried at various depths within simulated spatially 
variable soil and found that failure planes seek out 
and develop in weaker zones, resulting in the devel-
opment of multiple failure planes not predicted in a 
typical analysis with uniform properties. This result-
ed in a range of bearing capacity factors of 60% to 
120% of the uniform bearing capacity factor. Bou-
langer and Montgomery (2015) suggested that 30th to 
50th percentile normalized SPT blow count values 
may be representative of spatially variable deposits 
for evaluating liquefaction induced deformations in 
an alluvial deposit beneath a large embankment dam. 
Munter et al. (2016) used a geostatistical approach to 
model the role of spatially variable mixtures of sand 
and clay on infinite slope lateral spreading analyses. 
They found that failure paths tended to concentrate 
within connected liquefiable sand pockets. Defor-
mations were minimal when these sand pockets were 
sufficiently discontinuous and the clay sufficiently 
strong. 

These studies demonstrate the benefit of an im-
proved quantitative understanding of the geologic 
setting via geostatistical techniques. This under-
standing is particularly useful in fluvial environ-
ments where fluctuations in the depositional process 
produce heterogeneous deposits where both the soil 
type and soil properties often vary over lateral dis-
tances of even a few meters.  The distance over 
which the soil type is similar can be described using 
different length scale terms, such as a correlation 
length.  

Estimating the vertical correlation length tends to 
be more straightforward than estimating the horizon-
tal correlation length in fluvial depositional envi-
ronments. This is because in-situ tests, which obtain 
measurements versus depth at a high sampling fre-
quency (e.g., CPT data every 50 mm, DMT every 
0.3 m, SPT every 1.5 m, sonic coring is continuous), 
enable detailed characterization of the vertical varia-
bility of soil type and engineering properties. Meth-
ods for estimating the horizontal correlation length 
are less robust because the distance between data 
points (i.e. the distance between soundings or bor-
ings) is typically large to obtain coverage of the pro-
ject site. In practice, it is rare that the spacing of 

soundings or borings for a project are selected with 
determination of the lateral variability being a priori-
ty.  Nonetheless, DeGroot and Baecher (1992) did 
show that alteration of boring layout schemes can 
improve estimation of the horizontal correlation 
length.  

Geostatistical analysis of subsurface conditions 
can aid in the site idealization process if performed 
thoroughly, thereby improving geotechnical engi-
neering analysis and design. The challenge in this 
task is twofold: (1) to identify or estimate the soil 
type at unknown locations and (2) to estimate the 
engineering properties at these unknown spatial lo-
cations. These challenges are addressed in an inte-
grated site characterization approach.  

3 INTEGRATED SITE CHARACTERIZATION  

3.1 General Framework 

The framework for an integrated approach to site 
characterization by DeJong et al. (2016) spans from 
the desk study to observations during the long-term 
performance of the system.  This is accomplished 
through a series of stages as shown in Figure 1: in-
ductive reasoning, scenario assessment, site investi-
gation, site idealization, analysis and design, and the 
observational method.  The approach broadly en-
compasses the geotechnical engineering process, and 
as such extends beyond the single task of site inves-
tigation wherein in situ and laboratory techniques are 
used to obtain measurements of the soil conditions, 
and beyond the approaches described by others 
(Clayton et al. 1995, USACE 2001, Mayne et al. 
2002, Clayton and Smith 2013).  Ultimately, the 
purpose of the integrated site characterization ap-
proach is to develop a geological and performance 
mechanism-based quantitative assessment of site 
conditions for geotechnical engineering analysis and 
design.   

3.2 Development of Idealized Site Conditions 

The development of an idealized representation of 
site conditions requires that the site investigation 
program be guided by a hypothesis of subsurface 
stratigraphy that is based upon geology and the 
length-scale of the potential failure mechanisms. The 
site investigation program should be designed to val-
idate these hypothesized conditions and therefore 
becomes a step of verification and refinement, rather 
than a step of pure discovery (although discovery 
may be a consequence of the investigation).  
 This approach requires development of a hypothe-
sis of geologic conditions and identification of pos-
sible failure mechanisms prior to performing the site 
investigation. The anticipated geologic conditions 
are identified using regional geologic history, surfi-
cial geologic mapping, historical records, soil bor-
ings or soundings, and geophysical studies. Identifi-
cation of possible failure mechanisms, including the 
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length scale over which they act, can be guided by 
past performance at the project (or analogous) site 
and the results of preliminary quantitative analyses 
based on historical data (if available) and the geolog-
ic model hypothesis. These analyses can be used to 
determine the required lateral extent and depth of in-
vestigation, identify the length scale of spatial varia-
bility that is particularly relevant, reveal zones that 
may be of particular concern, and guide balancing 
the characterization of engineering properties and 
mapping of site spatial variability.  In turn this 
guides the work distribution between geological, ge-
ophysical, in situ, laboratory, and hydro-geological 
studies.   
 An idealization of the site condition with its sub-
surface structure, variability, and representative en-
gineering properties, can be developed after or pref-
erably in parallel with the site investigation work.  
As described by DeJong et al. (2016), soil properties 
for particular layers can be effectively evaluated in a 
quantitative manner using analysis of cumulative 
distributions of normalized engineering properties. 
The representative percentile properties can be more 
effectively selected once the length scale of the fail-
ure mechanism relative to the length scale of spatial 
variability has been evaluated (Christian and 
Baecher 2006).  

Identification of soil layers within which repre-
sentative values can be defined requires mapping of 
of the subsurface variability (connectivity of lenses, 
layers, or zones). This is often a subjective process 
based on engineering judgement and conservative 
assumptions. Geostatistical techniques can provide 
an alternate approach to inform the engineer before 
employing engineering judgment in assessing spatial 
variability.  

3.3 Geostatistical Analysis 

The purpose of a geostatistical analysis is to use the 
information obtained from the site investigations to 
model and estimate conditions at unsampled loca-
tions. These geostatistical simulations can be used in 
iterative analysis and design procedures.  

The use of geostatistical techniques generally re-
quires that unique geologic units be identified and 
analyzed separately (e.g. not mixing data from an al-
luvial and colluvium unit together), and therefore be 
implemented after proper development and interpre-
tation of geological site conditions. Quantitative ge-
ostatistics can complement geologic interpretation 
but is not a replacement as it cannot autonomously 
detect and delineate geologic depositional units.  

Decisions must be made about what properties to 
treat geostatistically and if the distribution of those 
properties was fully captured in the site investigation 
program. In many cases, the description of property 
distributions requires supplementing the site investi-
gation data with typical values for similar deposi-
tional environments. These fundamental assump-
tions to the geostatistical approach warrant scrutiny 
as they can dramatically affect the outcome of the 
analysis. Details of preparing a geostatistical analy-
sis are highlighted in the following section.   

4 GENERATING CONDITIONAL 
REALIZATIONS BASED ON CPT 
SOUNDINGS 

4.1 Spatial Correlation Model 

Several approaches to geostatistical simulation are 
used in geotechnical practice, with correlation and 
covariance functions tending to be the most com-
mon. While the approaches have different mathe-
matical formulations, all methods serve the same 

Figure 1. Schematic of the integrated site characterization framework.  
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function to model site variability. Subsurface simu-
lations generated via these approaches typically con-
sist of a dataset, a model that describes the variation 
of that property in space, and some form of interpo-
lation (e.g. kriging) technique. A geostatistical mod-
el must be fit to the dataset and serve to describe the 
change in spatial correlation with increased separa-
tion distance. A transition probability approach orig-
inally developed in the field of hydrology (Carle and 
Fogg 1996) is advantageous in that it can capture the 
order of depositional variations (i.e. facies models). 
This ordering is not typically captured in correlation 
or variogram models and as such the transition prob-
ability approach is used in this research (Carle and 
Fogg 1996). 

Transition probability describes the likelihood of 
transitioning from one category (where categories 
are user defined; can be soil type or engineering 
property based) to another over some separation dis-
tance. The main advantage of this approach is the 
ability to model ordered systems (e.g. geologic facies 
environments), where the transition probability from 
category A to category B may not be the same as 
from B to A (i.e. upward fining sequence).  

Scales of fluctuation, correlation length, and mean 
length terminology are specific to the type of model 
used and they describe the similarity or dissimilarity 
of two locations separated in space (Carle and Fogg 
1996, Elkateb et al. 2003). The mean length is used 
in transition probability geostatistics to describe the 
expected length of a specific category across a hori-
zon (horizontal or vertical). Properties that are simi-
lar across large distances have a large scale of fluc-
tuation, correlation length and mean length while 
properties that are similar across smaller distances 
(more dissimilar at larger distances) have a small 
scale of fluctuation, correlation length and mean 
length.  
  The transition probability model is described by 
two parameters, the mean length and the sill for each 
category. The mean length describes the initial decay 
of transition probability and represents the average 
length of a category in a given horizon (X, Y, or Z) 
while the sill describes the global proportion of an 
individual category to the total number of categories 
and occurs at large separation distances.  

A transition probability model is fit to a given da-
taset and used to simulate the subsurface stratigraphy 
using, for example, the software package TPROGS 
(Transition Probability Geostatistical Software; 
Carle 1999). This approach consists of an objective 
function (transition probability model), an algorithm 
to minimize the error of the objective function (se-
quential indicator simulation, SIS), and a quenching 
based algorithm to further reduce error in the objec-
tive function where the SIS and simulated quenching 
algorithms are used in tandem. The SIS kriging pro-
cedure defines the grid with categories that generally 
reflect the desired objective function. Kriging is an 

interpolation technique that honors the given data 
(conditioning points). SIS uses the information at 
known locations to estimate the category of an un-
known location. Once this unknown location is es-
timated, it is used as a known location for the next 
(sequential) simulation.  

Simulated annealing (quenching) can be applied 
iteratively to improve the simulation by eliminating 
“impurities” that throw off the objective function. 
This procedure cycles through each grid node and 
inquires whether a change in the node category will 
reduce the global error. This process continues until 
the global error is minimized or the maximum num-
ber of iterations are reached.  

The successful implementation of SIS and simu-
lated annealing results in a statistically robust simu-
lation that honors conditioning data (if available) 
and the geostatistical model. As with any geostatisti-
cal approach, tuning of the model parameters will 
help improve the accuracy of the geostatistical simu-
lation.  

5 EXAMPLE CASE: LIQUEFACTION IN A 
WIDE ALLUVIAL BASIN 

Site idealization incorporating geostatistical tech-
niques is highlighted in the following example. Con-
struction of a new embankment dam in a seismically 
active region requires site idealization for liquefac-
tion assessment. The proposed dam (approximately 
11 m tall and 550 m wide) is to be constructed in a 
wide alluvial basin where liquefaction of the sandy 
sediments is of concern. Due to the small height of 
the embankment, the zone of liquefiable material 
necessary to propagate large deformations up 
through the embankment is on the order of 15 to 24 
m. CPTs were spaced approximately 15 m apart 
along the dam alignment to identify subsurface stra-
tigraphy and identify the potential connectivity of 
loose, liquefiable zones.  
 
5.1 Geologic Setting 

The project site is located in a drainage basin bound-
ed by alluvial fan deposits on the east and west. The 
deposits within the basin consist of Pliocene to Hol-
ocene alluvial fan and active channel deposits over-
lying sedimentary bedrock. These deposits consist of 
sand, silty sand, silt, and minor lenses of clay, silt, 
gravel, and cobbles and are divided into an upper 
and lower alluvial layer based on geologic interpre-
tation and an extensive site investigation program. A 
geostatistical approach is used to identify loose, liq-
uefiable zones in the upper alluvial layer (Zone 1) 
for this example, since liquefaction of the lower al-
luvium (Zone 2) contributes less to the potential for 
large deformations in the embankment dam.  
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5.2 Category Binning Approach 

Screening for selecting transition probability catego-
ry bins is first performed based on soil behavior type 
index (Ic), which indicates primarily sandy soil with 
98% of Ic values between 1.3 to 2.6. Because prelim-
inary analysis indicates prevalent sandy soil deposits 
prone to cyclic liquefaction, category bins are de-
fined based on normalized cone penetration tip re-
sistances (qc1N) rather than Ic, since qc1N is the pa-
rameter used in the liquefaction triggering 
correlations. The anticipated seismic hazard and 
measured qc1N are used to estimate the demand and 
capacity of the deposits for liquefaction potential. A 
design earthquake with a moment magnitude of 7.75 
and an 84th percentile peak ground acceleration 
(PGA) of 0.85g results in cyclic stress ratios of 0.4 
to 0.6 in the Zone 1 alluvium. Ranges of qc1N are se-
lected for each category by overlaying the seismic 
demand on the Boulanger and Idriss (2015) liquefac-
tion triggering relationship as shown in Figure 2. 
Category bins based on qc1N of 0 to 110, 110 to 180, 
and greater than 180 are used to identify zones of 
expected liquefaction (L), possible liquefaction (PL) 
and no liquefaction (NL), respectively.  

5.3 Implementation of Geostatistical Approach 

Transition probabilities were calculated from availa-
ble CPT qc1N in the vertical and horizontal direc-
tions, then a Markov chain transition probability 
model was fit to these measured transition probabili-
ties to use in the conditioning simulation. The transi-
tion probabilities matrix for the vertical direction are 
shown in Figure 3 with the sill calculated from the 
total proportion of each category and model parame-
ters were chosen to ensure the best overall fit to the 
measured transition probabilities.  

The geostatistical simulation in Figure 4 shows 
qc1N values based on the transition probability model 
for the Zone 1 alluvium, conditioned on the CPT 
measured qc1N values. The conditioned simulation 
was performed using a grid size of 100 mm and 620 
mm in the vertical and horizontal directions respec-
tively. The simulations indicate liquefaction in this 
unit is expected to be most prevalent at shallow 
depths, ranging from 1-2 m deep on the west side 
(left side of Figure 4) to 4-6 m deep on the east side 
(right side of Figure 4). In addition, liquefaction is 
also expected at a larger depth (elevation 1134 m) 
along a continuous thin, low tip resistance layer.  

Geostatistical analysis is particularly useful when 
categorical bins are defined based on the engineering 
problem being analyzed; in this case liquefaction 
triggering. Modeling of categorical penetration tip 
resistances based on liquefaction potential allows for 
direct interpretation of the potential liquefaction 
hazard at the site. This example highlights the bene-
fit of geostatistical interpretation of the subsurface 

stratigraphy within the integrated site characteriza-
tion framework.  

6 CONCLUSIONS 

This paper presented an approach to geostatistical 
simulation using an integrated site characterization 
framework. An example was presented, highlighting 
the usefulness of geostatistical techniques in the site 
idealization process.  

The use of a geostatistical model conditioned to 
available CPT data aided in the identification and in-
terpretation of geologic depositional variability, 
helping track the continuity of zones expected to liq-
uefy at different seismic loadings. This was per-

Figure 2. Selection of categories for the conditioned simula-
tion based on the anticipated seismic demand and the Boulan-
ger and Idriss (2015) triggering correlations. 

Figure 3. Calculated transition probabilities for the given CPT 
data (symbols) and the Markov chain transition probability 
model (line) for the vertical direction. Titles (e.g. L-PL) indi-
cate the transition probability from one category (L) to the next 
(PL). 
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formed after geologic interpretation binned the basin 
into primary geologic units. 

Geostatistical analysis can be particularly useful 
when categorical bins are defined based on the engi-
neering problem being analyzed. Modeling of cate-
gorical penetration tip resistances based on liquefac-
tion potential allows for direct interpretation of the 
potential liquefaction hazard at the site. An example 
was presented that highlights the benefit of geosta-
tistical interpretation of the subsurface stratigraphy 
within the integrated site characterization frame-
work.  
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