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Abstract—According to this paper's principal objective, machine 

learning (ML) approaches may be used to forecast ground 

characteristics accurately. Geotechnical engineering relies heavily on 

soil shear strength as one of its primary design criteria. Geotechnical 

constructions are safe because of the soil's sturdiness. A foundation's 

shear strength impacts its deformation capacity, lateral loads, and 

bearing wall. This work studies the prospect of using the Random 

Forest (RF) algorithm, a well-known machine learning approach, to 

evaluate the ground's unconfined compressive strength (UCS). The 

UCS is among the most critical mechanical properties of soil. There 

has been a dramatic rise in the use of machine learning (ML) methods 

in numerous scientific domains during the last decade [1]. Ground 

information is becoming more readily accessible, both remotely and 

locally. Open-source approaches are making it easier to analyze that 

data using a machine learning approach. This technique is because 

there are so many publications that it is hard to manually evaluate all 

of the articles that pertain to the use of machine learning in soil science 

without first narrowing down a narrative the review of how ML is 

applied to a particular research subject [1]. The goal of this study is 

to evaluate the use of ML methods in geotechnical engineering with 

the help of an ML algorithm to predict ground properties. 
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I. INTRODUCTION 

The study of soil in geotechnical engineering is a 

multifaceted and intricate field that incorporates theoretical and 

practical components of soil physical and chemical properties, 

soil mechanics, and soil ecology [1]. Studying subsurface 

mechanical characteristics and how they relate to the 

application is critical in civil engineering [2]. As an engineer, 

you may learn about the features and behaviours of soils to find 

a solution to specific challenges. Soil mechanics studies are 

crucial in treating settlement or damage issues since the study 

of this field directly influences many construction projects. 

Several studies that are relevant to this area have been carried 

out. These studies have focused on topics such as the 

mechanical characteristics of soil [2], the permeability of 

cracked porous materials [2,3], the consolidation of soil [3], and 

most importantly, the strength properties of soil [3]. 

There has been an explosion in machine learning (ML) 

methods across a wide range of scientific domains in the 

previous ten years. Every civil engineering project requires 

careful consideration of the characteristics of the soil. Research 

in the field of soil science, namely Pedometrics, has made use 

of statistical models to "learn" or gain an understanding of how 

the earth is dispersed over space and time based on data 

collected. Soil data is becoming more readily accessible, both 

remotely and locally, and open-source methods are making it 

easier to analyze that data using machine learning approaches. 

ML is used to forecast soil types and attributes using digital soil 

mapping (DSM) or pedotransfer processes and analyzing 

infrared spectral characteristics to predict ground properties [3]. 

The assessment of soil parameters by machine learning is 

another method used to form conclusions on the factors that 

affect the distribution of the soil.  

One of the most critical aspects of soil is its cohesiveness, 

which is intimately linked to other fundamental characteristics, 

including particle size distribution, porosity, and shear strength 

[4]. Experimentation plays an essential role in making this 

determination. On the other hand, the experiment might take a 

long time and be expensive. Using machine learning (ML) 

approaches to come up with an alternate solution is highly 

suggested. In the current work, ML approaches were used to 

build correlations for estimating geotechnical characteristics 

for application in Civil Systems engineering. These correlations 

were then applied in the study. Strength and compressibility 

studies must be conducted on undisturbed soil samples to 

establish project specifications. It is hard to produce an 

unaltered material every time because of the handling, transit, 

the discharge of lateral loads, and the inadequate circumstances 

in the research lab. Geotechnical characteristics, including in-

situ density, compressibility index, and engineering properties, 

may be predicted with reasonable accuracy using ML 

approaches, provided that the models are built using correct 

datasets either in the laboratories or on the ground [5]. 

The construction of earth reservoirs, dams, sidewalks, 

landfills liners, and foundations for different Civil Engineering 

constructions relies heavily on geological and geotechnical 

including in-place densities, compressive index, coefficients of 

consolidation, tensile strengths [5, 6]. It is possible to determine 

most of these characteristics in the laboratory, while others are 
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guessed in the field. Geotechnical engineers and technicians 

with extensive expertise are needed to do the calculations 

required for this project. It is expensive and time-consuming to 

determine these characteristics. For one thing, soil's 

performance heavily depends on the processes that shape the 

substance. There is a possibility that the correlations that have 

been found for one location may not apply to another. This 

process shows the need to develop region-specific correlations 

for predicting geotechnical features. One of the primary goals 

of this research is to use one of the most widely used machine 

learning models, random forest (RF), to estimate the soil 

cohesion force rapidly, thereby eliminating time-consuming 

and expensive trials. 

 

II. RESEARCH PROBLEM 

 The main problem this research will solve is reviewing 

machine learning approaches to answer the primary challenge 

of predicting problems with ground properties in civil 

engineering works. This research will analyze how a random 

forest (RF) is used to estimate the soil's properties. 

Geotechnical engineers need to know a lot about soils' 

mechanical properties and how those properties are used in 

determining ground properties. To estimate the ground's 

unconfined compressive strength (UCS), among the most 

crucial mechanical properties, by applying a Random Forest 

(RF) algorithm, a well-known machine learning technique[7]. 

In other cases, avoiding certain parts of a road may not be 

practicable because the soils there are not appropriate for 

pavement construction. Problematic soils are typically 

improved mechanically in these situations. As stated above, a 

model that uses machine learning techniques based on standard 

soil parameters can offer a preliminary estimate of treated soil 

strength. These ML techniques are the primary goal of this 

work. The models' input parameters are distinct soil properties 

whose geographical distribution can be retrieved from public 

sources [8], making them more accessible. 

III. LITERATURE REVIEW 

A. The Application of Machine Learning in Geotechnical 

Engineering 

The advancement of geotechnical engineering has led to the 

development of analytically generated empirical and semi-

empirical correlations. Since the beginning of conventional 

engineering analysis, using experimental observations to 

develop and update correlations has been a common practice. 

This technique mirrors the fundamental concept of machine 

learning. According to the investigations, correlations between 

measurement and design parameters may be updated or 

calculated utilizing a database that spans the globe. In 

geotechnical engineering, machine learning is a collection of 

methods for modeling and analyzing detailed information. 

Researchers have studied artificial neural networks (ANNs) to 

explore the complex interaction in soil. Such parameters 

include standard penetration test (SPT) results, equivalent 

dynamic shear stress, mean physical properties, total and 

effective stress, and seismic strength forecast liquefaction 

potential. Additionally, ANN predictions' accuracy is superior 

to those made using traditional techniques. Additional evidence 

has shown that logistic regression may be used to predict the 

likelihood of liquefaction using just cone penetration test (CPT) 

data after many earthquakes [8]. 

 

 
Fig I: Machine Learning Process for predicting Ground 

properties 

B. Cohesion between the soil particles. 

Soil texture, moisture, and particle composition all have a 

role in geotechnical assessments [4]. Geotechnical projects 

such as foundations, slopes, and open-pit require a precise 

measurement of soil cohesiveness [8]. Direct shear tests (slow 

cut, rapid cut, and fast consolidation) and indirect soil shear 

tests using a triaxial compressor are the most used methods for 

determining soil cohesiveness [9]. Testing to find out this 

parameter may be time-consuming and costly [9].]. Field 

estimating necessitates a team of highly qualified and 

experienced engineers. There are beneficial connections 

between indicator qualities found in field testing, which have 

been used to develop technical design models to tackle the 

challenges mentioned above. 

For example, research on clay and silt dams [10] utilized 

models to forecast distinct soil qualities and features. On the 

other hand, these models cannot be applied to other places since 

the soil is an incredibly complex substance and the geological 

circumstances in each region are unique. Soil cohesion may be 

predicted using a broad technique that can be used in various 

situations. 

In recent years, computer science-based machine learning 

(ML) and artificial intelligence (AI) have grown in popularity 

and found applications across a wide range of industries [11]. 

For example, ML has been used in construction operations to 

determine steel's binding force [11]. Numerous external factors 

influence steel's critical pressure and the mechanical qualities 

of the soil. Because of this, soil cohesiveness may be 

determined using artificial intelligence. A support vector 

machine (SVM) was utilized by Kovaevi et al. [12] to estimate 

soil chemical and physical parameters and identify soil kinds. 

C. Unconfined Compressive Strength 

Machine learning algorithms that can predict the UCS value 

as a function of different soil parameters have been developed 

in several studies. Indeed, soil Unconfined Compressive 

Strength (UCS) is critical in determining soil compaction [12]. 

It may be tested in the laboratory using an unconfined 

compression experiment. As a result, the cost of geotechnical 

structures may go up due to this test's time and expense. 

Furthermore, the quality of the equipment or the researcher 

considerably impacts the accuracy of such a test. To accurately 

forecast the soil UCS, an alternate method must be developed. 

Computer science has seen a dramatic increase in the 

application of machine learning algorithms over the last several 

decades. In contrast to "manual" learning, this technique offers 

the opportunity to learn knowledge from data. [12] Landslides, 

flooding, weather and climate, materials engineering, 

construction, and soil qualities are just a few examples of real-
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world challenges that have been solved using machine learning 

techniques in civil engineering. Soil parameters may be 

accurately predicted using machine learning algorithms. 

Ground Properties Unconfined Compression 

Strength (kg/cm2 ) 

Hard Greater than 4.0 

Very Soft Less than 0.25 

Soft 0.20-0.50 

Very Stiff 2.0-4.0 

Stiff 1.0-2.0 

Table 1: UCS Values 

Table 1 shows the UCS values that will be assessed when 

analyzing the ground properties using the RF model. 

D. Random Forest (RF) 

One of the most often used machine learning algorithms, 

Random Forest (RF), is a nonparametric methodology evolved 

from classification and regression problems (CART) that uses 

ensemble learning to find solutions. Bioinformatics, materials 

science, remote sensing, and land cover categorization are just 

a few of the many uses of radio frequency (RF). Bootstrap 

samples are used to produce each tree in RF, which is referred 

to as a massively parallel approach. Afterward, a small number 

of samples are preserved for testing, known as "out-of-bag 

predictions" (OOB). Each node in the tree is given a random set 

of predictors, which are then used to form the tree's splits. RF's 

ultimate output is a weighted average of all outcomes [14,15]. 

Random Forest (RF) is one of the most widely used and 

successful machine learning algorithms. However, very little 

research has been done on utilizing RF to estimate the Soil's 

Unconfined Compressive Strength. Soil Unconfined 

Compressive Strength may now be quickly calculated using a 

new RF method created in this study to see whether the model 

is put to use. There are input factors, such as soil content, water 

holding capacity, relative density, optimum moisture content, 

and plasticity index, and one output vector, the Unconfined 

Compressive Strength (UCS)[15]. The performance of RF is 

validated by using many evaluation criteria, including the 

correlation coefficient (R), root means square error (RMSE), 

and represent absolute error (MAE). For a deeper 

understanding of the issue, feature significance analysis of 

input factors for predicting the UCS is performed using RF. 

 
Fig ii: A random Forest Process for analyzing Ground 

properties 

IV. SIGNIFICANCE 

Machine learning will play a significant role in improving 

civil engineering efficiency in the United States by increasing 

the use of this technology to predict soil properties. It presents 

a once-in-a-lifetime chance to make civil engineering 

increasingly reliable due to its capability to manage complex 

nonlinear infrastructure improvements under extreme 

conditions. Every year, the United States government places a 

high priority on highway development. Instead of developing 

new roads, highway authorities spend most of their budgets on 

resurfacing the ones they already have. As with many building 

cost indices, unit price bidding evolves due to market and 

project-specific variables, making price revisions more difficult. 

Volatility and trends in the cost index provide a challenge for 

capital project cost assessment, bid preparation, and investment 

planning [16,17]. A significant enough sample size and a 

sufficient number of valuable predictors and features are 

necessary for machine learning to provide accurate predictions. 

Because of this, it is required to develop a cost prediction 

approach capable of capturing nonlinear interactions between 

various underlying factors. 

Additionally, a forecasting system must be scalable to be 

effective in real-world applications. Data management is a 

priority for transportation companies. It is possible to add 

additional characteristics and data values to ML, making it a 

flexible forecasting tool that can adapt to changing conditions. 

New variables should be examined in the context of all existing 

data features using an appropriate feature selection strategy in 

machine learning (ML) forecasting. The most critical factor in 

determining the best forecasting approach is how quickly it is 

implemented. Calculation speed is essential for cost estimators, 

but prediction accuracy is sacrificed. As new information is 

gathered, machine learning gives a fast forecasting method that 

can be updated as needed. 

V. FUTURE  

The potential use of machine learning in the future will 

increase the processing capability of the intelligent building 

utilized in geotechnical engineering. Construction management, 

safety, design, and decision-making are just a few of the many 

areas of civil engineering with unknowns, and the solutions to 

these difficulties depend on computations and the expertise of 

the practitioners. It is expected that high-throughput screening 

methods are used in conjunction with machine learning to find 

novel materials. Computational power and methodologies will 

improve, whether on a quantum or a classical level, making it 

feasible to explore the attributes of any chemical composition 

or crystal structure reasonably quickly and efficiently [17,18]. 

The fields of computational engineering and materials 

engineering are increasingly turning to machine learning (ML), 

which is expected to witness enormous improvements in the 

following years and has extensive applicability in civil 

engineering [19]. The objective is to thoroughly examine soil 

geotechnical engineering problems and help utilize the large 

datasets of architectures and functionalities that are already 

accessible. 

VI. CONCLUSION 

This study aimed to examine the usefulness of ML models 

in geotechnical engineering for predicting ground properties. 

The Random Forest ML model was used in this investigation. 

Preliminary strength evaluations, laboratory sample delineation, 

and more are done without needing to send soil to the 

laboratories. It also takes advantage of the enormous quantity 

of spatial soil data that is freely accessible. One of the most 

critical mechanical parameters in civil engineering is the soil's 

unconfined compressive strength. Unrestricted soil 

compressive strength prediction utilizing the Random Forest 

method is investigated in this work. Machine learning aims to 

design computer programs that can teach themselves and 

generate statistical forecasting models. Algorithms should be 

able to learn independently and produce correct predictions 

without being trained for a particular purpose. In addition to 

theoretical innovations, the last few years have witnessed 

tremendous advancements in applying machine learning. 

Research scientists and specialists have made these 
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advancements in creating AI algorithms, and other scholars 

from diverse domains utilize these methods for their own goals. 
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