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ABSTRACT 
The growing availability of subsurface data offers new opportunities to expand the use of geostatistics in geotechnical 
engineering. Although widely used in mining, it remains underutilized in geotechnics due to limited training in civil 
engineering programs (both undergraduate and continuing education), a lack of tailored tools, limited access to integrated 
private and public data, and the absence of standards for spatial uncertainty analysis. However, these methods provide 
essential capabilities for modern projects, including robust spatial interpolation, stochastic simulation for uncertainty 
quantification, and realistic facies-based representations of complex subsurface structures. This paper reviews classical 
and emerging geostatistical algorithms suitable for engineering workflows and highlights their value for characterizing 
variability, assessing reliability, and supporting risk-informed design. It emphasizes the need for stronger academic 
integration and professional engagement to promote the use of stochastic approaches, ultimately enabling more predictive, 
transparent, and uncertainty-aware geotechnical decision-making. 
 
RÉSUMÉ 
La disponibilité croissante des données de la sous-surface favorise l’usage de la géostatistique en géotechnique. Si elle 
est éprouvée en exploitation minière, cette approche demeure sous-utilisée en ingénierie civile. Ce retard structurel 
découle d’un manque de formation universitaire au premier cycle et en formation continue, d’une carence en outils dédiés 
et d’une absence de cadres normatifs régissant l’analyse de l’incertitude spatiale. Pourtant, ces méthodes stochastiques 
offrent des leviers efficaces pour modéliser la sous-surface. Cet article présente une revue des algorithmes classiques et 
émergents adaptés à la pratique géotechnique. Il souligne leur rôle critique dans la caractérisation de la variabilité des 
propriétés continues et catégorielles, ainsi que dans l'évaluation de la fiabilité des modèles, en vue d'une conception 
fondée sur le risque. Une intégration accrue dans les cursus universitaires et les standards professionnels est essentielle 
pour transformer la prise de décision. Cette transition permettra de passer de modèles déterministes à une ingénierie 
prédictive, transparente et intégrant explicitement l'aléa géologique. 
 
1 MOTIVATION AND CONTEXT 
 
Subsurface characterization plays a central role in 
geotechnical engineering, as the mechanical and hydraulic 
behavior of soils and rocks directly influences the design 
and performance of engineering structures (Fenton and 
Griffiths, 2008). However, accurately describing 
subsurface conditions remains challenging because the 
available information is inherently limited. Site 
investigations typically rely on boreholes, in situ tests, and 
laboratory analyses, which provide only localized 
observations of complex geological formations.  

In practice, these measurements represent only a small 
fraction of the subsurface domain. Engineers must 
therefore interpret sparse, limited and heterogeneous data 
to develop conceptual models of geological conditions. 
This task is further complicated by the natural variability of 
geological materials, which often results in significant 
spatial heterogeneity in soil properties and stratigraphic 
structures (Chilès and Delfiner, 2012). 

Geological variability arises from different mechanisms 
in soils and rocks; in soils, it is mainly driven by depositional 
processes, sediment transport, and erosion, while in rocks, 
it is controlled by tectonics, fracturing, and weathering. 
These processes generate complex spatial heterogeneity 
in subsurface formations (Boggs, 2012). Consequently, 

geotechnical parameters such as shear strength, stiffness, 
and hydraulic conductivity can vary significantly across a 
site. Accurately capturing this spatial variability is essential 
for realistic site characterization and reliable engineering 
design (Phoon and Kulhawy, 1999). 

Despite the inherent complexity of the subsurface, 
geotechnical analyses in engineering practice continue to 
rely on deterministic parameter values or a single 
representative model derived from available data. 
Variability is typically approximated using simplified 
statistical bounds (e.g., mean ± one or two standard 
deviations) to define conservative design scenarios, rather 
than being explicitly modeled in space and accounting for 
spatial correlation. Although practical, such approaches fail 
to adequately represent the spatial heterogeneity of 
geological units and the uncertainty inherent in sparse 
observations (Fenton and Griffiths, 2008). Consequently, 
they may lead to biased interpretations, either obscuring 
critical geotechnical hazards or resulting in overly 
conservative designs. 

In parallel, advances in site investigation techniques 
and digital data management are generating increasingly 
large and heterogeneous geotechnical datasets. These 
developments create new opportunities to improve 
subsurface modeling by integrating available data more 
systematically. Within this context, geostatistical methods 



 

offer a promising framework for analyzing spatial variability 
and supporting data-driven interpretations of subsurface 
conditions (Pyrcz and Deutsch, 2014). 

 
1.1 Objectives of Geostatistics 
 
Geostatistics was originally developed to address 
problems related to spatially distributed geological 
variables. It provides a mathematical framework for 
analyzing spatial data and estimating subsurface 
properties from limited or dense observations (Chilès and 
Delfiner, 2012). Unlike traditional statistical approaches 
that treat measurements as independent, geostatistics 
explicitly accounts for the spatial relationships between 
observations, recognizing that nearby values tend to be 
more similar. 

By incorporating spatial correlation, geostatistical 
methods enable the construction of models that are 
consistent with both the observed data and the spatial 
structure of geological formations. In practice, this allows 
engineers to better represent how subsurface properties 
vary across a site, rather than relying on a single model. 

However, the transition from subsurface data to 
numerical modeling remains a critical challenge. 
Geotechnical analyses, such as slope-stability or bearing-
capacity assessments, or soil and bedrock deformations, 
rely on parameters derived from heterogeneous and 
uncertain data, and the relationship between these inputs 
and model outputs (e.g., safety factors or probability of 
failure) is often highly nonlinear (Griffiths and Fenton, 

2004). Small variations in input parameters or stratigraphic 
interpretation can lead to significant changes in predicted 
behavior. In practice, designers may adopt conservative 
approaches by selecting lower-bound parameter values to 
account for uncertainty, which can result in overly simplified 
or biased representations of subsurface conditions. 

Within this context, geostatistical approaches support 
the propagation of spatial variability into numerical models 
through interpolation and stochastic simulation (Fenton 
and Griffiths, 2008). This enables the evaluation of multiple 
plausible scenarios and provides a more robust basis for 
assessing risk and uncertainty in engineering design 
(Varouchakis and Hristopulos, 2012). Fig. 1 illustrates the 
fundamental differences between deterministic models and 
stochastic approaches, which will be explained throughout 
the paper. 
 
1.2 Objectives of this Conference Paper 
 

The purpose of this paper is to present the fundamental 
concepts and practical applications of geostatistics in 
geotechnical engineering. It reviews the core principles of 
geostatistical modeling, introduces key algorithms, and 
illustrates their application through two synthetic examples: 
slope stability analysis and Quaternary deposit modeling. 
The paper also discusses how these methods can 
contribute to improved subsurface characterization, 
analysis, and design. 

In addition, the paper examines the main factors limiting 
the adoption of geostatistical approaches in geotechnical 

Figure 1. Integrated numerical simulation workflow for subsurface characterization for long-term Factor of Safety (FoS) assessment 
(FoS >1.5). (Left) Conventional deterministic approach utilizing fixed average properties and physical laws for a unique FoS 
estimation. (Right) An advanced geostatistical framework utilizing probability distributions and 𝑁 simulations to model heterogeneity, 
resulting in an ensemble of scenarios and risk-based outcomes (e.g., 95% Confidence Intervals, probability to be below a threshold, 
…). 



 

practice, including educational, technical, and institutional 
barriers. Finally, it outlines perspectives for future research 
and identifies opportunities to enhance the integration of 
geostatistical methods within geotechnical workflows. 
 
2 SPATIAL VARIABILITY AND UNCERTAINTY IN 

GEOTECHNICAL DATA 
 
2.1 Geological Origin of Spatial Variability 
 

Soil properties are inherently variable due to complex 
geological processes that control their spatial distribution 
and generate significant subsurface heterogeneity (Boggs, 
2012). These include depositional processes such as 
fluvial, glacial, glaciofluvial, lacustrine, marine, aeolian, and 
alluvial sedimentation. Post-depositional processes, 
including erosion, weathering, freeze–thaw cycles, and 
consolidation under overburden stress, further alter soil 
structure and mechanical behavior. Additionally, sediment 
transport and redeposition, groundwater flow, and tectonic 
activity contribute to the spatial variability observed in 
geotechnical formations. These geological controls justify 
the use of spatially structured stochastic models rather than 
spatially independent statistical descriptions. 

These processes produce spatially variable soil 
properties and lithostratigraphic attributes that can be 
quantitatively modeled using geostatistical methods. In this 
framework, subsurface properties are represented as 
spatial variables, or random functions, defined over the 
domain, which may be either continuous (e.g., shear 
strength, stiffness, cone resistance) or categorical (e.g., 
soil type, lithostratigraphic unit, or hydrofacies). 

 
2.2 Types of Uncertainty (Aleatory/Epistemic) 
 
Geological formations exhibit inherent variability that can 
be broadly classified into two primary types of uncertainty: 
aleatory uncertainty, representing natural stochastic 
variability, and epistemic uncertainty, arising from 
incomplete knowledge or limited data availability (Fig. 2). 
Explicitly distinguishing and quantifying these components 
is essential for reliable geotechnical design and robust risk 
management. 

In practice, geotechnical uncertainty originates from 
multiple sources. Measurement uncertainty stems from 
limitations in field and laboratory testing, including 

instrument precision, operator variability, and 
environmental conditions. In addition, sampling 
disturbance may significantly alter the soil structure during 
extraction, leading to discrepancies between measured 
values and in situ properties. Further uncertainty is 
introduced during data processing and interpretation, such 
that the true spatial distribution of subsurface properties 
remains inherently uncertain. 

Within this context, geostatistical methods provide a 
rigorous framework for quantifying and propagating 
uncertainty by explicitly accounting for spatial correlation. 
Rather than treating the subsurface as purely random, 
these approaches model uncertainty arising from limited 
observations and imperfect geological knowledge (Renard, 
2007). Identifying zones with high conditional variance can 
inform optimized sampling strategies and targeted data 
acquisition (Bechler et al., 2013), thereby reducing 
epistemic uncertainty, improving subsurface 
characterization, and enhancing the cost-effectiveness of 
site investigations. 

 
2.3 Limitations of Deterministic Interpretation 
 
Geotechnical design is still predominantly based on 
deterministic approaches that rely on single representative 
values (or a unique model) derived from limited 
measurements (Amavasai, 2023). These approaches 
typically use average or characteristic parameters, which 
do not explicitly account for spatial variability, data 
uncertainty, or the potential range of subsurface conditions 
(See Fig.1). However, optimal engineering decisions in 
uncertain environments require knowledge of the full 
probability distribution of subsurface properties, rather than 
a single deterministic estimate, because the consequences 
of over- or under-estimation are generally asymmetric, 
complex to fully characterize and have significant impact 
on design (Renard, 2007). 

In some cases, elementary statistical methods are used 
to quantify uncertainty, such as the mean, standard 
deviation, or confidence intervals. However, these 
approaches generally neglect the spatial structure of the 
data and do not account for the true spatial variability of 
subsurface properties. As a result, they provide only a 
partial representation of uncertainty and may fail to capture 
local variations critical to geotechnical performance 
(Contreras and Ruest, 2016). 

Consequently, deterministic methods provide limited 
insight into the uncertainty associated with parameter 
estimation and its impact on engineering performance. This 
lack of explicit uncertainty quantification can lead to either 
overly conservative designs that unnecessarily increase 
project costs or insufficiently conservative designs that 
compromise safety and performance (Fenton and Griffiths, 
2008). Therefore, stochastic models are required to 
capture a wide range of plausible scenarios by accounting 
for spatial structures (Chilès and Delfiner, 2012). 
 
3 GEOSTATISTICAL FRAMEWORK FOR 

SUBSURFACE MODELING 
 
3.1 Random Functions and Regionalized Variables 
 Figure 2. Simplified representation of uncertainty sources in 

geotechnical engineering. 



 

A continuous geotechnical property 𝑍 (e.g., Young’s 

modulus 𝐸, cohesion 𝑐′, hydraulic conductivity 𝑘) at a 

location 𝐮 is modeled as a realization of a random variable 

𝑍(𝐮). In geostatistics, this is referred to as a regionalized 
variable: 
 

𝑍(𝐮) =  { 𝑍(𝐮), 𝐮 ∈ 𝒟}      [1] 
 

where 𝐮 denotes a spatial location within the domain 𝒟. 
Unlike strictly deterministic approaches that assign a single 
estimated value 𝑧∗(𝐮) to each location, geostatistical 
methods represent subsurface properties such as: 

 
𝑍(𝐮) = 𝑚(𝐮) +  𝜖(𝐮)      [2] 
 
 where 𝑚(𝐮) represents the deterministic trend (large-

scale structures) and 𝜖(𝐮) is a spatially correlated random 
component. This formulation captures both the underlying 
geological structure and local stochastic variability. 

Categorical variables, such as lithofacies or 
hydrostratigraphic units, are handled using indicator 
functions. For a set of 𝐾 distinct categories, the indicator 𝐼𝑘 

at location u is defined as: 
 

𝐼𝑘(𝐮) = {
1 if category 𝑘 occurs at u
0 otherwise

    [3] 

 
The expected value of this function corresponds to the 

spatial proportion (or probability) of occurrence for that 
category: 

 
𝔼[𝐼𝑘(𝐱)] = 𝑃(𝐱 ∈ category 𝑘) = 𝑝𝑘     [4] 
 

In practice, site investigations provide only sparse 
observations of these variables. Geostatistical methods 
aim to reconstruct the underlying spatial structure and 
quantify associated uncertainty by considering the full 
conditional probability distribution, rather than relying on a 
single deterministic representation. 

 
3.2 Kriging Estimation 
 
Kriging is the best linear unbiased estimator (BLUE) for 
predicting the value of a regionalized variable at unsampled 
locations, provided the assumptions hold (Chilès and 
Delfiner, 2012). The kriging estimates at the location 𝐮0 is 
expressed as a weighted linear combination of nearby 
observations: 
 

𝑍̂(𝐮0) = ∑ 𝜆𝑖
𝑛
𝑖=1 𝑍(𝐮𝑖)      [5] 

 

where 𝑍(𝐮𝑖) are observed values, 𝜆𝑖 are kriging 

weights, 𝑛 is the number of data points used. These 
weights are determined to honor the data while minimizing 
the estimation variance and ensuring unbiasedness. 

Unlike deterministic approaches, kriging also provides 
a measure of estimation uncertainty through the kriging 
variance. This quantity reflects confidence in the estimate 
based on the spatial configuration and density of available 
data. Areas with sparse or distant observations typically 
exhibit higher uncertainty, whereas well-sampled regions 
exhibit lower uncertainty. 

The most common formulation in geoscience 
applications is ordinary kriging, which assumes an 
unknown but locally constant mean. Simple kriging may be 
used when the mean is known or can be defined 
independently. Universal kriging, kriging with external drift, 
and regression kriging allow for a non-constant mean, 
either inferred from the data or driven by external variables, 
accounting for non-stationarity (Pyrcz and Deutsch, 2014). 

While kriging effectively honors the data and accounts 
for spatial correlation, it remains a locally accurate 
estimator that produces a single "best estimate." By design, 
kriging has a smoothing effect: it underestimates high 
values and overestimates low values, failing to reproduce 
the true spatial variability and the range of possible 
subsurface configurations. To capture the full joint 
uncertainty and represent realistic geological 
heterogeneity, stochastic simulation methods are required. 

 
3.3 Stochastic Simulation 
 
While kriging provides a locally accurate estimate, it is 
fundamentally a smoothing operator. This becomes a 
critical deficiency when evaluating non-linear functions of a 
regionalized variable, such as determining whether a 

property 𝑍(𝐮) exceeds a critical engineering threshold 𝑧𝑐. 
Because smoothing alters the global distribution 
(histogram) of the variable, kriging can yield biased results 
for risk-based indicators (Rossi and Deutsch, 2014). 

Conditional stochastic simulation addresses this by 

generating multiple equiprobable realizations {𝑧(𝑙)(𝐮), 𝑙 =

1, … , 𝐿} of the regionalized variable. Each realization is 

designed to satisfy three primary criteria: 
1. Every realization is conditional, meaning it honors 

the observed values at their specific measurement 

locations: 𝑧(𝑙)(𝐮𝑖) = 𝑧(𝐮𝑖). 
2. Each realization reproduces the global histogram 

and the spatial structure of the original dataset, 
avoiding the smoothing effect of kriging. 

3. The ensemble of realizations captures the range of 
possible subsurface configurations and represents 
the joint spatial uncertainty across the domain; 
realizations are typically considered equiprobable 
under the assumed model. 

This transition from a single "best estimate" to an 
ensemble of realistic, heterogeneous models is the 
foundation of reliability-based design. In practice, these 
realizations serve as stochastic inputs for geotechnical 

performance functions 𝐺(∙)—such as those calculating 
settlement, factor of safety, or bearing capacity (Fenton 
and Griffiths, 2008). For each realization 𝑙, a corresponding 

engineering response 𝑦(𝑙) is evaluated: 
 

𝑦(𝑙) = 𝐺[𝑧(𝑙)(𝐮)], 𝑙 = 1, … , 𝐿     [6] 

 
 By propagating the entire ensemble through the model 

𝐺, practitioners can derive the full probability distribution of 
the outcome rather than a single deterministic value.   

As an example, one can populate geological models 
with stochastic realizations of shear-strength parameters. 
This enables the computation of a distribution of the factor 
of safety, thereby allowing a quantitative assessment of 
slope stability and failure risk (Yang et al., 2017), as 



 

illustrated in Fig.1. This approach provides engineers with 
a transparent measure of risk, in which the probability of 
failure is directly estimated as the proportion of simulated 
outcomes that violate design requirements. 
 
4 FACIES AND HIERARCHICAL MODELING 
 
Subsurface variability is primarily governed by stratigraphic 
organization, where facies represent categorical 
lithological units with distinct physical properties. In 
geotechnical engineering, soil behavior is largely controlled 
by these discrete lithological boundaries, which define the 
spatial distribution of material properties (Pyrcz and 
Deutsch, 2014). Consequently, continuous physical 
properties are simulated conditionally within each facies to 
ensure consistency with the underlying geological 
structure.  

  
4.1 Advanced Structural Modeling 

 
To improve geological realism, advanced modeling 
approaches incorporate geological conceptual models as 
primary structural constraints (see Pyrcz and Deutsch, 
2014, for a review). 

• Multiple-Point Statistics (MPS): MPS uses Training 
Images (TIs) to capture higher-order spatial statistics. 
Many MPS algorithms, such as SNESIM, ENESIM, 
and DeeSse (Mariethoz et al., 2010), use the TI to 
replicate complex geological patterns, including the 
connectivity of soil bodies, which are critical for 
modeling geotechnical properties. 

• Object-Based Modeling: This approach treats 
geological bodies as discrete geometric primitives 
(e.g., ellipsoids for lenses or sinusoids for channels). 
These objects are placed in the model volume using a 
marked point process, where their dimensions and 
orientations are sampled from stochastic distributions. 
This ensures the reproduction of specific shapes and 
connectivity required for realistic flow simulations or 
geotechnical impact on the structure. 

• Process-Based Modeling: These methods simulate 
the physical laws of sedimentology (erosion, transport, 
and deposition) over geological time. While 
computationally intensive, they provide the most 
physically consistent representations of internal 
heterogeneity and architectural stacking patterns. 

 
4.2 Hierarchical 3D Modeling 
 
A common strategy to reduce modeling complexity is to 
adopt a hierarchical approach. Such a framework 
organizes subsurface heterogeneity across a nested 
sequence of geological scales, ensuring that small-scale 
variability remains consistent with large-scale stratigraphic 
constraints. One open-access framework implementing 
this approach is the ArchPy model (Schorpp et al., 2022). 
In Quaternary environments, hierarchical modeling can be 
summarized into three main levels: 

1. Stratigraphic Framework (Level 1): The global 
volume is partitioned into major stratigraphic units 
(sequences or parasequences) based on 
sequence stratigraphy and borehole markers. This 

level defines the primary boundaries that constrain 
all subsequent simulations (see Fig. 3). 

2. Lithofacies Modeling (Level 2): Within each 
stratigraphic unit, facies distributions are simulated 
using classical or advanced geostatistical 
methods. This level captures the spatial 
arrangement of depositional environments (e.g., 
channel vs. floodplain) and can be inferred directly 
from data or derived from analogs or conceptual 
models (see Fig. 4). 

3. Conditional Property Simulation (Level 3): 
Finally, continuous variables—such as hydraulic 
conductivity (𝑘), shear strength (𝜏), or Young’s 

modulus (𝐸)—are simulated within each facies. By 
assigning facies-specific spatial structures and 
histograms, the model honors the distinct statistical 
signatures of different materials (see Fig. 5). 

This multi-level approach is particularly vital in complex 
Quaternary deposits, where point measurements are often 
too sparse to reconstruct architecture without structural 
guidance (Renard, 2007). By integrating stratigraphic 
interpretation with stochastic simulation, hierarchical 
modeling produces geologically plausible "digital twins" of 
the subsurface, enabling robust risk assessments in 
engineering design. Figs. 3 to 5 illustrate hierarchical 
modeling. 
5 APPLICATIONS IN GEOTECHNICAL 

ENGINEERING 
 

Figure 4. Two realizations (A-C, B-D) of four lithofacies within 
the domain shown in Fig. 4 (A–C, B-D) are modeled using 
ArchPy. Panels (C) and (D) show the corresponding 3D block 
realizations of (A) and (B), respectively. Figure adapted from 
Schorpp et al. (2022), licensed under CC BY 4.0. 

Figure 3. Two stochastic realizations (A–C, B–D) of the 
surface elevation of a stratigraphic unit. In each realization, 
unit contacts are modeled as stochastic surfaces derived from 
geostatistical simulation. Panels (C) and (D) present the 
corresponding lateral views of realizations (A) and (B), 
respectively. Figure adapted from Schorpp et al. (2022), 
licensed under CC BY 4.0. 



 

Geostatistics is widely used in research environments. This 
section reviews recent advancements in the application of 
geostatistical methods within the geotechnical research 
community, with a particular focus on soil modeling. 
Despite this progress, many of these developments remain 
largely confined to research rather than routine engineering 
practice. Sections 6 and 7 discuss the associated barriers 
and potential solutions. 

In slope-stability analysis, geostatistical simulation 
enables the propagation of spatial variability in soil 
parameters, thereby quantifying the distribution of the 
factor of safety and the associated probability of failure 
(Phoon et al., 2022). Recent studies show that variability in 
key parameters, particularly cohesion, has a dominant 
influence on both stability and reliability (Zhang et al., 
2025). This highlights the importance of explicitly 
accounting for parameter variability to move from 
conservative deterministic estimates toward quantitative, 
risk-informed design. 

Masoudi et al. (2024) employed geostatistical 
simulation to estimate the probability of exceeding an SPT 
value of 15, used as a simplified criterion for liquefaction 
assessment. By incorporating the spatial variability of 
geotechnical parameters through stochastic simulation, it 
becomes possible to map liquefaction risk across a site. 
This approach provides a quantitative basis for identifying 
areas requiring soil improvement and supports risk-
informed design decisions, particularly for large, complex, 
and high-risk infrastructure such as nuclear power plants, 
as illustrated in Masoudi et al. (2024). These examples 
highlight that geostatistics has evolved beyond an 
academic discipline and now plays a key role in practical 
engineering decision-making. 

 
6 BARRIERS TO GEOSTATISTICAL ADOPTION IN 

GEOTECHNICAL PRACTICE 
 
6.1 Institutional and Regulatory Constraints 
 
Geotechnical engineering practice is largely governed by 
established design codes and regulatory frameworks, 
which primarily rely on deterministic approaches, simplified 
conceptual models, and characteristic parameter values 
(e.g., lower-bound or representative values). These 
frameworks are typically designed to ensure safety through 

conservative assumptions rather than through the explicit 
quantification of uncertainty. As a result, probabilistic 
spatial modeling and uncertainty propagation are rarely 
integrated into standard design procedures, and clear 
guidelines for incorporating geostatistical approaches 
remain limited or absent. 

In practice, additional constraints related to project 
timelines, budget limitations, and contractual obligations 
further discourage the adoption of advanced modeling 
approaches. Geotechnical investigations are often 
conducted under tight schedules, requiring rapid decision-
making based on limited data, which leaves little room for 
iterative stochastic analyses or model calibration. Budget 
constraints further limit the number of boreholes, laboratory 
tests, and computational resources, thereby reducing data 
quality and the feasibility of running large ensembles of 
simulations. Moreover, contractual frameworks typically 
define deliverables in deterministic terms, with limited 
recognition of probabilistic outputs, thereby reducing 
incentives to use them. 
 
6.2 Misconceptions in Practice 
 
Geostatistics is sometimes perceived as complex, overly 
theoretical, or unnecessary for practical engineering 
applications. Probabilistic methods are occasionally 
associated with increased uncertainty, whereas they are 
specifically designed to quantify and manage it explicitly 
(Renard, 2007). Another common misconception is that 
geostatistical methods require large datasets. While 
additional data improves model reliability, geostatistics is 
inherently suited to sparse sampling conditions, which are 
typical in geotechnical investigations. Even with limited 
data, these methods provide valuable insights into spatial 
variability and associated uncertainty. 

A key conceptual challenge lies in interpreting soil 
properties as realizations of an underlying random function 
rather than as deterministic quantities that fully represent 
subsurface conditions. This shift in perspective requires 
engineers to treat uncertainty as an intrinsic component of 
subsurface characterization rather than a secondary 
consideration. Adopting such a probabilistic framework 
may therefore require adjustments in both engineering 
education and professional practice. 
 
6.3 Technical and Software Barriers 
 
Beyond conceptual and institutional factors, the adoption of 
geostatistical methods is constrained by practical 
requirements in expertise and tools. Implementing these 
methods requires competencies in spatial modeling, 
estimation, and stochastic simulation that are not yet widely 
available in geotechnical practice. Access to suitable 
computational tools has historically been a further 
limitation, particularly in engineering environments where 
such software is not part of standard workflows. 

Recent developments have begun to lower these 
barriers. Advances in automated 3D geological modeling 
now allow geologically consistent models to be built with 
limited computational expertise (Schorpp et al., 2022), 
while open-source software (Pyrcz et al., 2021; Schorpp et 
al., 2022) and freely available educational resources and 

Figure 5. One realization of hydraulic conductivity (A–C) and 
porosity (B–D) within the domain shown in Fig. 4 (A–C) is 
modeled using ArchPy. Panels (C) and (D) present the 
corresponding 3D block realizations of (A) and (B), 
respectively. Figure adapted from Schorpp et al. (2022), 
licensed under CC BY 4.0. 



 

examples (Pyrcz, 2024) have substantially improved 
accessibility and usability.  
 
6.4 Geotechnical Education and Professional Training 
 
The most persistent barrier, however, remains educational. 
In many undergraduate civil engineering programs, 
geostatistics is not a mandatory component, resulting in 
minimal exposure to spatial variability modeling and 
stochastic methods. Practicing engineers must therefore 
often acquire this knowledge independently, which slows 
adoption. This contrasts with geological and mining 
engineering, where geostatistics is fully integrated into 
standard training. Addressing this gap requires introducing 
spatial statistics progressively throughout the curriculum 
rather than as an isolated topic. 

Most engineering students already take at least one 
course in probability and statistics, but these courses are 
typically taught in a general manner, with limited 
connection to discipline-specific problems. In Québec, 
incoming students often have prior exposure to these 
concepts through pre-university education, providing a 
foundation that universities can build on. A first step would 
be to contextualize probability and statistics teaching to the 
needs of each engineering program—for geotechnical 
engineering, connecting statistical concepts to borehole 
data, soil and rock properties, spatial correlation, 
uncertainty propagation, and risk-informed design. 

This integration should not be limited to a single 
introductory course. Subsequent courses should reinforce 
these concepts through simple applied examples showing 
how uncertainty in geotechnical parameters affects 
analyses, design outcomes, and decision-making, so that 
probabilistic and statistical reasoning becomes a recurring 
component of engineering training. Selected graduate-
level courses or modules on risk analysis and uncertainty 
quantification could also be made accessible to advanced 
undergraduate students interested in these topics. 

Professional training has a complementary role. Short 
continuing-education modules—for example, three-hour 
introductory sessions—could explain the basic principles of 
geostatistics, clarify its practical relevance, and highlight 
the importance of uncertainty quantification. Such training 
should address not only the mathematical methods but also 
the broader paradigm shift discussed in Section 6.2. As 
educational exposure, software accessibility, and workflow 
automation improve together, geostatistical methods are 
expected to become increasingly integrated into 
geotechnical engineering practice. 
 
7 FUTURE DIRECTIONS 
 

Geostatistical methods provide a rigorous framework 
for modeling spatial variability, quantifying uncertainty, and 
supporting risk-informed geotechnical design, yet their 
routine adoption remains limited by the educational, 
institutional, and technical barriers discussed in Section 6. 
The recommendations outlined by Hammah and Curran 
(2006) are being gradually implemented, but additional 
resources and effort are still needed to fully embed these 
methods into engineering practice. Recent advances in 
machine learning, evolving design standards, and the 

coupling of geostatistics with numerical software offer three 
promising avenues for accelerating this transition. 

 
7.1 Machine Learning Integration 
 
Machine learning methods offer new opportunities to 
complement and enhance geostatistical modeling. These 
approaches can assist in identifying spatial trends, 
classifying lithological units, and learning complex 
relationships between geotechnical properties and 
geological factors from large datasets. For example, 
Previati et al. (2025) employed deep learning techniques to 
classify borehole log descriptions, thereby supporting 
regional-scale hydrofacies modeling. When combined with 
geostatistical algorithms such as kriging, these methods 
enable the construction of consistent, spatially coherent 
models of Quaternary geology across large domains, 
demonstrating their potential to improve subsurface 
characterization. 
 
7.2 Evolution of Geotechnical Standards 
 
The broader adoption of geostatistical methods in 
geotechnical engineering will require gradual integration 
into engineering standards, design codes, and professional 
guidelines. Current geotechnical design frameworks 
primarily rely on deterministic parameter selection, with 
limited consideration of spatial variability and associated 
uncertainty. Incorporating geostatistical concepts into 
standards would provide engineers with quantitative tools 
to evaluate model reliability and support more informed 
design decisions. 

For example, uncertainty metrics, such as kriging 
variance or simulation variance, could be used to assess 
confidence in subsurface interpretations and to guide 
additional site investigations. Similarly, stochastic 
simulations could support reliability-based design by 
enabling evaluation of engineering performance under 
multiple plausible subsurface conditions. These 
approaches would complement existing deterministic 
methods by providing a structured framework for 
uncertainty-informed analysis. 

 
7.3 Coupling Geostatistics with Numerical Software 

 
Recent developments have integrated geostatistical 

geological modeling with groundwater flow simulations to 
better account for subsurface heterogeneity. For example, 
tools such as ArchPy2Modflow enable the direct coupling 
of stochastic geological models with flow models, allowing 
hydraulic properties to be derived from geostatistical 
realizations and upscaled to numerical grids (Schorpp et 
al., 2025). This approach improves the representation of 
subsurface variability and provides a more realistic basis 
for simulating groundwater flow and transport. Similar 
frameworks could be extended to geotechnical numerical 
models, enabling the integration of automated stochastic 
geological modeling into engineering workflows and 
increasing the practical adoption of these methods. 
 
8 CONCLUSION 
 



 

This paper provides an overview of geostatistical methods 
to inform practitioners and industry stakeholders about their 
potential applications in geotechnical engineering. It 
highlights how these approaches offer a consistent 
framework for representing spatial variability and 
uncertainty in subsurface conditions. By integrating 
geological information, borehole data, and spatial 
correlation, geostatistics enables the construction of 
realistic subsurface models that support engineering 
analysis and decision-making. 

Future developments in computational methods, 
automated 3D geological modeling, and data integration 
are expected to further improve the usability and efficiency 
of geostatistical workflows. Integrating machine learning 
techniques offers promising opportunities to automate 
lithological classification, improve trend estimation, and 
enhance subsurface modeling using large datasets. 

The broader adoption of geostatistical methods in 
geotechnical engineering will depend on continued 
advances in software accessibility, education, and 
engineering standards. As these developments progress, 
geostatistical approaches are expected to play an 
increasingly important role in subsurface characterization, 
site investigation planning, and reliability-based 
geotechnical design. By adopting a geostatistical 
perspective, geotechnical engineering can move beyond 
conservative simplifications toward more transparent, data-
driven, and uncertainty-informed decision-making. 
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