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Abstract—The primary purpose of this research is to
explore ML Applications for Site Characterization that are
Driven by CPT Data. An effective and adaptable approach for
characterizing a site's geotechnical, lithostratigraphic, and
hydrogeological conditions is cone penetration testing (CPT).
Soil behavior type categorization using CPT data currently
has serious limitations, frequently limiting its use to a small
scale [1]. Site characterization and geotechnical design are
dependent on a thorough understanding of geotechnical
categorization. Field tests like the cone penetration test (CPT)
are widely used because they are a quicker and more cost-
effective method of sample recovery and testing than other
methods. The subsurface information at a project site might be
difficult to discern because of the lack of particular
understanding of the soil forming histories and/or other
preceding geological and human events. In order to get the
most accurate representation of the subsurface, geophysical
methods need to strike a careful balance between the use of
high-frequency signals and receiver separations that extend
far enough into the planet [1]. The greater the frequency of
the signal, the better the vertical resolution. In order to get a
high level of spatial or lateral resolution, sensors must be
placed near together. Advancements in technology have made
it possible to deploy many more sensors in a shorter period of
time, while simultaneously improving spatial resolution.
Keywords: Site characterization, CPT Data, Soil
heterogeneity, Machine learning, Artificial neural networks
(ANNS).

l. INTRODUCTION

Over the last decade, the use of machine learning
algorithms in numerous disciplines of study has grown in
popularity due to the rising availability of high-quality
datasets. In the early phases of a project, one of the most
important engineering tasks is the grouping of soils based on
their related qualities. At this point, the project's viability is
not yet proven. As a result, investing money comes with a
significant level of risk. Cost-optimized (soil) research
investigations are used in order to minimize the financial
impact of an unworkable project. Due to significant
expenditures connected with subsurface exploration, this
practice is frequently kept to a minimum as much as feasible
at the moment. Recently, the Cone Penetration Test (CPT) has

earned a lot of attention for its ability to investigate soil
conditions while still being very inexpensive [1,2].

Site Characterization data generated by experiments and
simulations is now growing beyond the capacity of civil
engineers to handle. Data-driven strategies for the detection of
patterns across numerous length and time scales and structure-
property correlations are necessary in order to uncover these
links. The field of materials science stands to benefit greatly
from these data-driven techniques. A overview of ML
applications for metallic material characterisation is presented
here [3]. Processing and structure of materials may have a
significant impact on the qualities and performance of
produced parts. As a result, this research aims to find out
whether machine learning approaches can be used to forecast
material properties. Qualitative Site Characterizations like
toughness, brittleness, and ductility are important to
distinguish between materials and components. Time-
consuming and costly testing on materials such as tensile,
compression, and creep are used in industry. This makes it
simpler to generate Site Characterization information when
ML techniques are used [3,4].

However, geotechnical and geological data are only
accessible from a few numbers of geographically dispersed
sites and may have to be inferred from archival or scheduled
site research data at other locations [4]. The inferred
subsurface model is plagued by high uncertainty due to a lack
of detailed information on the formation process of the
geological bodies and an inadequate number of drill logs and
in-situ test results. Geotechnical engineers have long had to
contend with challenges arising from subsurface uncertainty
and the consequences of such uncertainty on geotechnical
design. The primary objective of this study is to investigate
several Machine Learning Applications for  Site
Characterization that are supported by CPT Data.

1. RESEARCH PROBLEM

The main problem that will be solved by this paper is to
discuss how Machine Learning may be used for Site
Characterization Based on CPT Data. A range of factors,
including soil formation and deposition, as well as technical
and monetary restrictions, contribute to the complexity of site
characterization. To get the most out of geotechnical design,
these uncertainties must be handled. Engineers may benefit
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from statistical techniques in this situation by gaining a better
understanding of soil parameters and the related uncertainties
[5]. A geotechnical construction project's planning and design
relies heavily on correct site-specific soil and rock data. Soil
and rock strata under the surface have intrinsic variety and
unpredictability since they are naturally formed. It is thus
necessary to take into consideration these spatial differences in
soil/rock layering and engineering features of each recognized
layer when designing and constructing a geotechnical system
that is either embedded or based on the subsurface soils.
1. LITERATURE REVIEW

A. Overview of ML for site characterization

If there is sufficient data and a data-driven method for
rule discovery, ML makes it possible for a computer to find
the physical laws that lead to the provided data without the
need for human intervention. The computer is used in
traditional computational procedures in order to implement a
pre-programmed algorithm that is given by a human subject
matter expert. In contrast, machine learning systems may learn
the principles that underlie a dataset by analyzing a subset of
that dataset and constructing a model to make predictions.
This process is known as "supervised learning." Despite this,
humans are still required to choose appropriate machine
learning models, which should accurately depict the data, as
well as perform manual (sub-)tasks in the areas of pre-
processing and feature development [6].

Because of the abundance of data, machine learning (ML)
models may be used to gain new insights and patterns in the
data. As a result of its large size and dimensions, big data
poses a number of significant computational and statistical
hurdles, including memory shortages and scalability issues as
well as issues with noise buildup, correlation, and
measurement errors.

Big data and machine learning have a lot of potential in
the subject of materials science, which is only getting started.
Processing, structure, characteristics, and performance are all
crucial in materials research and engineering. No one is
certain, however [6,7], how these components are linked. The
so-called process-structure-property-performance chain may
be used to learn more about the interrelationships between
these components using ML approaches. It is one of the key
goals of the project to enable, accelerate, or simplify the
discovery and development of innovative materials using
high-performance computing, automation, and machine
learning. The discovery and measurement of critical material
characteristics at high throughput is another goal of such
methodologies in the area of materials research.

In addition to datasets that have been gathered via
experimentation, several studies also show that data mining
that is based on simulations. It has been demonstrated that
experiment- and simulation-based data mining, when
combined with machine learning methods, offers remarkable
prospects to allow highly reliable identification of basic
interrelationships  within materials for the purpose of
characterisation and optimizing in a scale-bridging way [8].

B. Site characterisation

Understanding  the  geological, hydrologic, and
engineering features of a site includes the soil, rock,
groundwater, and man-modified conditions in the subsurface
(e.g. utilities, buildings, mines, and tunnels) that might affect
site conditions [10]. It also covers the evaluation of pollutants
in terms of their geographical and temporal distribution. A
number of other names for this procedure have been coined,
such as site inquiry, evaluation of the site, and characterisation
of the site. The majority of project failures may be traced back
to a lack of knowledge about the site circumstances that may
have an influence on the project. Focusing on the geological
and hydrologic conditions might have prevented these failures
[10].

Site characterization is primarily concerned with
predicting in situ soil parameters at each half-space point on a
site using just a small number of tests. Geotechnical site
investigation data is analyzed and interpreted in the field of
site characterization. In order to define the spatial distribution
of rock head heights, the neural network model necessitates
the input of survey point coordinates (x,y) and surface
elevation[10]. Using a contour map, we evaluated the trained
network's ability to accurately predict the heights of rock
heads across the study region. An excellent match is found
between the neural network model's output and comparable
contour maps produced by kriging. The capacity of this neural
network-based technique to develop patterns or associations
by training directly on the data is the primary benefit of this
method. This eliminates the need to construct any difficult
mathematical models and assumes that spatial changes would
be the same everywhere. Researchers have employed neural
networks to map the variation in permeability in order to
determine landfill borders that will be built on a real site for
the aim of characterizing applications linked to ground water
characterisation. It was discovered that a simple technology
called a neural network could correctly forecast the variation.
Both the quality and amount of observations were examined
as part of a study to see how accurate the suggested mapping
process was. Using neural networks as a mapping tool,
researchers found that they could better pinpoint the locations
on a site where further subsurface investigation is needed[11].

C. ML approaches for Site Characterization

GIS and ANN have been used to create a multilayer
perceptron, which has been demonstrated to be an effective
method of describing the subsurface and determining aquifer
parameters for ground-water flow modeling[11].
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A leaking landfill's groundwater pollution may be
accurately estimated utilizing a subsurface characterisation
technique based on a modified counter propagation artificial
neural network (ANN). The findings of this study demonstrate
that it is possible to assess the level of contamination in the
subsurface using a combination of structural equation
modelling (used to decrease the complexity of the data),
counter propagation artificial neural networks (ANN), and
standard geostatistical approaches (kriging) [11]. This study
highlights the capability of using ANN estimate (instead of
kriging) to identify leachate polluted groundwater and assess
water quality related with subsurface pollution at a full-scale
site. Counter propagation ANN is shown to be a viable
parameter estimation technique when several data sources are
integrated to improve prediction accuracy and minimize
uncertainty. These findings imply that The Support Vector
Machine (SVM) was employed extensively in the
development of a three-dimensional site characterisation
model using Standard Penetration Tests. SVM parameters and
have also been examined in detail. In this article, the findings
obtained clearly show that the SVM is a powerful tool for
characterizing the site [11,12]. In the work of Gomes and
colleagues. High-resolution topographic data, computational
simulations, and Bayesian analysis have been used to forecast
the vertical reach of weathered material under soil-mantled
steeper slopes to use a high-resolution spatial information. The
efficiency and application of the DTB model and approach
were shown in two case studies using synthetic and real-world
regolith depth data [12]. Using root mean square error, it can
be shown that the suggested DTB model with lumped
parameters closely resembles the recorded regolith depth data
(RMSE).

D. CPT Data Interpretation using machine learning

The interpretation of CPT data with the use of machine
learning. In recent years, machine learning (ML) has emerged
as a prominent method in a variety of scientific fields for the

analysis of big datasets. The primary function fundamental
difference between machine learning models and powerful
computing techniques is that, instead of calculating the
findings from an entry and a predetermined method, the ML
model comes up with a solution through training from the
information with the associated targets, independent of the
exact method. This is in contrast to traditional computing
strategies, which compute the findings by computing the data
from an input and a specified solution (ANN, RF, etc.) [12]. In
the current investigation, three distinct methods of machine
learning—the Artificial Neural Network, Support Vector
Machine, and Random Forest—are put to test and analyzed.
The next part will provide a concise explanation of the
function concepts that underlie their operation. Outlier
identification and classification may be achieved using the
Support Vector Machine (SVM) [13].

¥
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Fig ii: SVM Representation

Finding the differentiating hyperplanes in a higher or
infinitely dimensional feature space that have the highest
margin is one of the many jobs that an algorithm is tasked
with doing. Some examples of these tasks include
classification and regression. Generalization errors are
reduced when the margin of error is big. An example of a
linear support vector machine is shown in figure ii. Support
vectors are the samples that are located on the margins of the
graph. Recent applications of support vector machines (SVMs)
in geotechnical engineering include the categorization of soil
(13), the estimation of the bearing capacity of drilled piles
based on CPT data (13,14), and the evaluation of soil
compressibility.

The Atrtificial Neural Network is modeled after the way a
real brain works, and it is composed of three distinct types of
layers: first, there is the input layer, which is where the model
receives the input variables; there is at least one hidden layer,
which is where the data from the input nodes is applied in
combination with the weights; and the output value, which is
where the outcomes are quantified [14]. [Citation needed] In
this particular investigation, a neural network was used that
was trained via an iterative process called backpropagation.
An error calculation and hidden layer are then performed by
comparing simulated data to the data targets. This procedure is
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repeated until either an acceptable level of error is achieved or
the rate of gradual improvements between trials is brought
down to the minimum. ANNs have recently been utilized to
categorize soils based on CPT data [3], determine soil
properties [24], and predict cone resistance in a cone
penetration test [14,15].

With CPT data, the ANN models are excellent at
deducing soil behaviour patterns patterns. However, the
predictions of soil types using grain-size dispersion was
inadequate. The results that the RF models produced were the
most accurate predictions for every possible set of input
characteristics and target classes that were investigated. In
addition, the favorable effects of new data on the pressures
and soil physicochemical properties in the subsurface is
evident in the enhanced model fit with the inclusion of the
functional and total stress distribution and the hydraulic pore
forces to the extracted features.

A collection of decision trees is what the Random Forest,
abbreviated RF, is. A logistic regression is a kind of
nonparametric supervised learning approach that may
synthesize the classification methods derived from a set of
data that includes attributes and tags, and then utilize the
design of the forest to display such principles in solving
regression and classification issues [15]. The answer provided
by decision trees is understandable, and it is feasible to
determine the weight that each input characteristic brings to
the overall supervised learning techniques. Furthermore,
geotechnical mathematical model [15], prediction of pile
driveability [16], and most impressively, estimation of the
unconfined compressive strength [15] have all been
accomplished using random forest algorithms. . The decision
process is supported in the first column of the nodes, and the
Gini impurity, where measures the likelihood of a random
source of data becoming incorrectly categorized and shows the
importance of a split, is provided in the second line. The
number of samples that have been seen in the node is shown
on the third line of the graph. The ultimate categorization of
the gathered data is shown in the fourth line of the table. The
resultant class that was seen most often in the node [16,17] is
shown in the very last line of the output.

V. SIGNIFICANCE TO THE U.S

There are several reasons why site characterization is
important in civil engineering projects in the United States.
Remediation of a hazardous waste site would be incomplete
without a thorough assessment of the area. Characterizing a
site is essential for risk assessments, as well as for developing
and executing remediation plans. Identification of
contamination type and extent are the fundamental goals of
site characterization [17]. Reliable geotechnical design
parameters enable for more efficient and cost-effective
transportation features since the dependability of the design is
directly related to how well these design parameters are
estimated. Designers, on the other hand, must design more
conservatively to provide acceptable dependability when
design parameters are less consistently established or when
parameter values are uncertain; costs for building such

systems are generally much larger than necessary with more
reliable information.

It is simpler and less expensive to deal with project risks
early in the project cycle when geotechnical hazards are
detected. For instance, early detection of hazardous soil or
rock may allow the relocation of roads or buildings to
completely escape the danger or allow the selection of
foundations for bridges or other structures to relieve hazards
to the structures [18]. Due to delays in the planning phase or
worse, after construction, expenditures for redesigning or
remediating geotechnical hazards are unavoidably far higher
than if the risks had been discovered earlier. First, if material
records are available, they should be examined to see if they
may help identify any pollutants that may be present at the site.
Chemical-stock buying records, delivery records, storage
records, and other documents might provide useful
information about the sorts of pollutants that may be present at
the site. The records of individual chemical accidents or leaks
and waste disposal might also provide valuable information.
Sadly, this information is sometimes insufficient, particularly
for older or defunct websites.Inspections of probable sources
of pollution are carried out after a review of available data.
This involves looking for drums, leaky storage tanks, and
abandoned disposal pits or injection wells. Once the source of
contamination has been discovered, appropriate measures are
taken to prevent further spread of the disease. Excavation and
removal of porous medium, such as leaky tanks, is one
example of this procedure.

V. FUTURE IN THE U.S.

Machine learning and CPT data will continue to be
crucial to the process of site characterization in the future. In
recent years, machine learning (ML) has emerged as a
prominent method in a variety of scientific fields for the
analysis of big datasets. The functional concept of machine
learning models is fundamentally distinct from that of
traditional computer algorithms in the sense that, rather than
calculating the results from an input and a predetermined
solution, the ML model discovers a remedy by studying from
the input with the associated output (targets), irrespective of
the particular method. This is the primary distinction between
the two (ANN, RF, etc.). When considering the future,
organizations that specialize in civil engineering in the United
States will continue to employ the CPT as an essential part of
their site inspection processes. Although the CPT is a good
choice for the vast majority of deep foundations studies, the
geology of Minnesota assures that rotary drilling and SPT will
continue to be used on many projects, especially those that
need ground improvement design [19]. Borings are also
required for the installation of apparatus such as piezometers
and inclinometers. "Targeted soil sampling and testing" based
on preliminary CPT site investigation has only seldom been
done, despite the fact that it has been debated for years. In the
vast majority of instances pertaining to exploration, borings
for projects are progressed via the use of a conventional
sampling protocol, with samples being gathered at regular
specified depths. This may be the effect of the borings being
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planned prior to the CPT work; but, in a broader sense, the
extra cost of conducting the conventional sampling pattern is
rather minimal when compared to the cost of collecting fewer
samples after the rig has been moved to the site [19]. Targeted
sampling has the potential to reduce the total number of
samples required for laboratory work and boost productivity,
but it also has the potential to provide a less comprehensive
picture of the soil profile and fewer soil samples required for
analyses such as moisture content and Atterberg limits. Usual
sampling will probably remain the standard practice for all
projects, with the exception of the most specialized ones (such
as those involving landslides or temporary shoring that
performs poorly), where certain samples could be obviously
more significant for understanding the environment than
others and where time may be a critical consideration. Despite
the fact that CPT systems provide value, there is an
understanding that two to three drill rigs are going to remain
the fleet composition for the foreseeable future [19] despite
the fact that excavation is slower and, in many instances,
necessitated. When CPT rig was first purchased and deployed,
local geotechnical consultants jumped at the opportunity to
use the innovation and now provide their expertise to the state
on architecture projects as well as any others that call for
further geotechnical information. It is anticipated that there
will be an increase in CPT usage and/or output as a result of
the training of a modern trend of operators and the installation
of better, more dependable equipment.
VI. CONCLUSION

Neural networks may be used to describe soil behavior
under uniaxial strain situations, according to this study report.
According to the results, site characterisation is an important
step in deciding whether or not long-term repository
performance is acceptable. Essentially this is a new way of
doing things for an age-old method of engineering. It is
possible to learn more about the subsurface via geophysical
site characterisation. Geological features of underground areas
are often sought for in certain situations. As a result,
consultants and contractors have become increasingly familiar
with CPT. With the absence of an in-house design guide for
using the approach in many different kinds of projects, an
obstacle to widespread adoption was highlighted (e.g., shallow
foundation bearing and settlement). An understanding of the
underlying stratigraphy or structure may be useful in the
design of a treatment facility for contaminant contamination,
for example. Geophysical technologies are used to get
information about the subsurface while causing the least
amount of damage to the environment. It is not uncommon for
geophysical approaches to be used in conjunction with drill
hole data in order to offer more comprehensive coverage. For
the geophysical interpretation to be more accurate, the well
data must be taken into consideration first. Despite this, it is
one of a kind in a lot of ways. A new level of precision and
accuracy is required in every aspect of field work, quality
control, regulatory compliance, and public supervision.
Considerably, the increasing the use machine learning and
CPT on sites will enable the opportunity to gather

significantly bigger quantities of high-quality data. This will
allow for the development of precise profiles of soil strength
and stiffness, as well as precise cross sections showing thin
continuous layers. These factors will eventually have an
influence on design choices and the cost of the project.
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