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Abstract 

The main goal of this work is to demonstrate that accurate ground characteristic forecasting may be 

achieved by machine learning (ML) techniques. Geotechnical engineering is largely dependent upon 

Soil shear strength is one of the main requirements for its design. The robustness of the earth makes 

geotechnical structures safe. Shear strength has an effect on bearing wall, lateral loads, and 

deformation capacity of a foundation. This paper investigates the possibility of assessing the 

ground's unconfined compressive strength (UCS) using the Random Forest (RF) method, a well-

known machine learning technique. One of the most important mechanical characteristics of soil is 

the UCS. Over the past ten years, there has been a noticeable increase in the application of machine 

learning (ML) techniques in several scientific fields [1]. Access to ground information is improving, 

both locally and remotely. Using a machine learning strategy to examine the data is becoming easier 

thanks to open-source methods. This method is used since there are so many publications that it is 

difficult to manually assess every article related to the application of machine learning in soil science 

without first focusing on a review of the narrative of how ML is used to a specific research topic [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. 

Keywords—Machine learning, ground properties, Random Forest, Geological Investigation, Soil 

Cohesion, Excavation, Civil Engineering 

 

1. INTRODUCTION 

                 Soil mechanics, soil ecology, and theoretical and practical aspects of soil physical and 

chemical properties are all included in the broad and complex topic of soil study in geotechnical 

engineering [1]. In civil engineering, understanding subsurface mechanical properties and how they 

apply to the application is crucial [2]. As an engineer, you might study the characteristics and 

behaviors of soils to solve particular problems. Because soil mechanics is a discipline that directly 

affects many construction projects, studies in this area are essential to managing settlement or 

damage issues. Numerous investigations pertinent to this field have been conducted. The mechanical 

properties of soil [2], the permeability of broken porous materials [2, 3], soil consolidation [3], and, 

most crucially, the strength properties of soil [3] have all been the subject of these investigations. 

                In the last ten years, machine learning (ML) techniques have proliferated throughout a 

broad spectrum of scientific fields. The properties of the soil must be carefully considered in any 

civil engineering project. Pedometrics, a branch of soil science research, has used statistical models 

to "learn" or comprehend how the earth is distributed over space and time using collected data. Both 

locally and remotely, soil data is becoming more available, and machine learning techniques to 

evaluate it are getting simpler thanks to open-source technologies. 

           Using pedotransfer procedures or digital soil mapping (DSM), machine learning (ML) is used 

to anticipate soil types and qualities. It is also used to forecast ground properties by examining 

infrared spectral characteristics [3]. Another technique for determining the variables influencing soil 

dispersion is the machine learning evaluation of soil characteristics. Cohesiveness is one of the most 

important properties of soil and is closely related to other basic properties including porosity, shear 

strength, and particle size distribution [4]. Making this decision requires a great deal of 

experimentation. However, there's a chance that the experiment will be costly and time-consuming. 
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It's highly recommended to use machine learning (ML) techniques to find an alternative answer. In 

the current work, correlations for estimating geotechnical properties were built using machine 

learning techniques, with applications in civil systems engineering. The building of earth reservoirs, 

dams, pavements, liners for landfills, foundations, and other civil engineering projects largely 

depends on geological and geotechnical factors such as in-place densities, compressive indices, 

consolidation coefficients, and tensile strengths [5, 6]. While some of these traits may be determined 

in a lab, others must be estimated in the field. 

1.2 Objective of the study 

               Navigating this transformative era, our chapter seeks to illuminate the potential of ML in 

geotechnical engineering, especially within the domain of risk assessment. The union of the 

computational capabilities of ML with the foundational principles of geotechnical engineering is an 

avenue yet to be fully explored. We aim to probe this integration, discerning its potential in 

amplifying risk assessment capabilities, and setting the stage for a new era of predictive geotechnical 

analysis. This journey will take us through the very fabric of ML, weaving it with geotechnical 

datasets, case studies, and real-world applications. From forecasting soil behaviors that traditionally 

took weeks of lab testing, to real-time monitoring of infrastructural health, and predicting 

vulnerabilities in massive earth-retaining structures, the applications are as vast as they are 

groundbreaking. 

 

2. LITERATURE REVIEW 

                     Reviewing machine learning techniques to address the fundamental challenge of 

anticipating issues with ground qualities in civil engineering works is the primary problem this 

project aims to solve. This study will examine the process of estimating soil parameters using a 

random forest (RF). The mechanical characteristics of soils and how those characteristics are applied 

to ascertain ground qualities are important topics for geotechnical engineers to understand. To 

calculate the unconfined compressive strength (UCS) of the ground, one of the most important 

mechanical qualities, using the well-known Random Forest (RF) algorithm [7]. In other situations, it 

might not be feasible to avoid specific areas of a road because the soils there are unsuitable for 

building pavement. In these cases, problematic soils are usually improved mechanically. 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. 

              The intelligent building used in geotechnical engineering will have more processing power 

in the future due to the possible application of machine learning. There are numerous areas in civil 

engineering, including construction management, safety, design, and decision-making, where there 

are unknowns. The answers to these challenges rely on calculations and the practitioners' experience. 

It is anticipated that machine learning and high-throughput screening techniques would be combined 

to discover novel materials. Both quantum and classical computational power and methods will 

advance, enabling reasonably speedy and efficient exploration of the properties of any given 

chemical composition or crystal structure [1, 8].Machine learning (ML) is becoming more and more 

popular in the domains of computational engineering and materials engineering. It has broad 

applications in civil engineering and is anticipated to see significant advancements in the years to 

come [9]. Examining soil geotechnical engineering issues in-depth and making use of the vast arrays 

of existing designs and functionality are the goals. 
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3. SIGNIFICANCE 

3.1 Machine Learning's Application in Geotechnical Engineering 

  The development of empirical and semi empirical correlations produced analytically is a result of 

the progress made in geotechnical engineering. Developing and updating correlations through 

experimental observations has been a standard procedure since the inception of conventional 

engineering analysis. This method is similar to the core idea of machine learning. The research 

indicates that correlations between measurement and design parameters could be computed or 

updated with the use of a global database. Machine learning is a group of techniques used in 

geotechnical engineering to model and analyze intricate data. Artificial neural networks (ANNs) 

have been investigated by researchers to investigate the intricate interactions seen in soil. Standard 

penetration test (SPT) results, mean physical characteristics, equivalent dynamic shear stress, total 

and effective stress, and seismic strength forecast liquefaction potential are a few examples of these 

metrics. Furthermore, the accuracy of ANN forecasts is higher than that of older approaches. Further 

research has demonstrated that, following numerous earthquakes, the chance of liquefaction may be 

predicted using only cone penetration test (CPT) data and logistic regression [8]. 

3.2 Cohesion between the soil particles 

                  Geotechnical evaluations take into account the texture, moisture content, and makeup of 

the particles in the soil [4]. A precise assessment of soil cohesiveness is necessary for geotechnical 

operations including slopes, open-pit excavations, and foundations [8]. The most popular techniques 

for assessing soil cohesiveness are indirect soil shear testing with a triaxial compressor and direct 

shear tests (slow cut, rapid cut, and fast consolidation) [9]. Determining this parameter through 

testing could be expensive and time-consuming [9]. A Field estimate requires a group of highly 

skilled and knowledgeable engineers. Beneficial relationships between indicator attributes 

discovered during field testing have been utilized to create technical design models that address the 

aforementioned difficulties. 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 [1]. For example, ML has been used in construction operations to determine steel's binding 

force [10]. 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 M. L. Maher and H. Li [1] to estimate soil chemical 

and physical parameters and identify soil kinds. 

 

 

 

 

Figure 1: Machine Learning Process for predicting Ground 
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3.3. Unconfined Compressive Strength 

Table 1: UCS Values 

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 

                    Numerous studies have produced machine learning methods that can forecast the UCS 

value as a function of various soil factors. In fact, a key factor in determining soil compaction is the 

Unconfined Compressive Strength (UCS) of the soil [10]. A laboratory experiment called an 

unconfined compression experiment may be used to test it. The duration and cost of this test could 

therefore increase the cost of geotechnical structures. Moreover, the accuracy of the test is 

significantly impacted by the caliber of the researcher or the equipment. Soil parameters may be 

accurately predicted using machine learning algorithms. 

3.4. Random Forest (RF) 

               One of the most popular and effective machine learning algorithms is Random Forest (RF). 

But there hasn't been much study on using RF to calculate the soil's Unrestricted Compressive 

Power. Soil A new RF approach developed in this work may now be used to quickly calculate 

Unconfined Compressive Strength to determine whether the model is applied. There is one output 

vector, the Unconfined Compressive Strength (UCS), and several input parameters, including soil 

content, water-holding capacity, relative density, optimum moisture content, and plasticity index [5]. 

Numerous evaluation metrics, such as the correlation coefficient (R), root means square error 

(RMSE), and represent absolute error (MAE), are used to validate the performance of RF. 

 
Figure 2:  A random Forest Process for analyzing Ground properties 

 

4. METHODOLOGY 

4.1 Data collection and preprocessing in geotechnical engineering 

The quantity and quality of data are crucial before using any machine learning models. Given the 

inherent variety of natural circumstances, geotechnical engineering can present a challenging issue 

when it comes to gathering the necessary data. Nevertheless, the gathering of enormous datasets has 

been made possible by sophisticated sensors, remote sensing technologies, and geotechnical studies. 
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Preprocessing this data is essential in order to handle missing values, eliminate outliers, and make 

sure the dataset is representative of the range of circumstances that a project may face. 

4.2 Advanced sensing technologies: New advancements in sensor technology, such as 

inclinometers, extensometers, and piezometers, have made it easier to collect data in real-time and 

record even the smallest variations in groundwater pressure and soil mechanics. 

4.3 Integration of remote sensing and GIS: Large-scale evaluation of geotechnical qualities over 

wide terrains is made possible by the combination of satellite imaging, LIDAR, and Geographic 

Information Systems (GIS). This combination helps locate possible danger areas even prior to the 

start of in-depth on-site inspections. 

4.4 Data cleaning and preprocessing: After being gathered, data must go through a thorough 

preprocessing step. In order to ensure effective training of machine learning models, this entails 

standardizing scales, resolving inconsistent or missing data, and reducing dimensionality using 

methods like Principal Component Analysis (PCA). 

 Table 2. Analysis of advanced ML techniques in geotechnical engineering 

Technique Primary use case 

Prediction accuracy 

Increase (%) 

 

Generative 

adversarial network 

 

Simulating soil profiles 30% (in tunnel 

constructions) 

 

Time series 

forecasting 

 

Predicting landslide 

movements 

 

Not quantified 

Ensemble learning 

Comprehensive geotechnical 

risk predictions 

 

18% 

 

5. CONCLUSION 

            The purpose of this study was to determine whether ML models might be used to forecast 

ground qualities in geotechnical engineering. In this study, the Random Forest machine learning 

model was employed.  It is not necessary to send soil to the laboratories in order to do preliminary 

strength evaluations, delineate laboratory samples, and other tasks. Additionally, it makes use of the 

vast amount of publicly available spatial soil data. The unconfined compressive strength of the soil is 

one of the mechanical characteristics in civil engineering that matters most. This article investigates 

the use of the Random Forest approach for unrestricted prediction of soil compressive strength. The 

goal of machine learning is to create statistical forecasting models and computer systems that can 

learn from experience. Algorithms ought to be capable of self-learning and making accurate 

predictions in the absence of specific training. Apart from theoretical breakthroughs, the past few 

years have seen enormous progress in machine learning applications. These developments in AI 

algorithm creation are the result of research scientists and specialists, and other academics from 

many fields apply these techniques to their own objectives. 
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