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Abstract: Geotechnical engineering involves highly complex soil-structure interactions that are inherently nonlinear,
heterogeneous, and uncertain in nature. Conventional analytical and empirical approaches often fail to accurately capture these
complexities, as they rely heavily on simplified assumptions, laboratory testing, field investigations, and numerical modeling.
These traditional methods are not only time-consuming and expensive but also depend significantly on expert judgment and
interpretation, which may introduce variability in results. In recent years, artificial intelligence (Al) and machine learning (ML)
techniques have emerged as transformative tools in geotechnical engineering, offering automated data analysis, pattern
recognition, and improved predictive capabilities. These data-driven approaches enable engineers to model complex
relationships between soil properties, environmental conditions, and structural responses more efficiently and accurately than
traditional methods. This paper presents a comprehensive and systematic review of recent advancements in Al-driven
automation for geotechnical engineering applications. The study follows a structured literature review methodology based on the
PRISMA framework. Relevant research articles were collected from major scientific databases including Scopus, Web of
Science, ScienceDirect, IEEE Xplore, and SpringerLink using targeted keywords related to machine learning applications in
geotechnics. The review focuses on key application areas such as soil classification, prediction of pile and anchor capacity,
tunneling-induced soil behavior, and slope stability analysis. Various machine learning models, including Artificial Neural
Networks (ANN), Support Vector Machines (SVM), Random Forest (RF), Gradient Boosting algorithms (XGBoost), and deep
learning architectures, are critically evaluated in terms of their predictive performance, computational efficiency, and
applicability. The findings indicate that machine learning models significantly outperform traditional empirical approaches in
terms of accuracy, efficiency, and adaptability. However, several challenges still hinder their widespread implementation,
including limited availability of high-quality datasets, lack of standardized modeling frameworks, and issues related to model
interpretability and transparency. Future research should focus on the development of hybrid physics-informed machine
learning models and explainable Al techniques to enhance the reliability, robustness, and practical applicability of Al-based
geotechnical systems.
Keywords: Artificial Intelligence, Machine Learning, Geotechnical Engineering, Soil Classification, Anchor Pullout Capacity,
Slope Stability, Predictive Modeling.

L. INTRODUCTION
Geotechnical engineering is a critical discipline within civil engineering that deals with the behavior of soil and rock materials in
relation to construction and infrastructure development. The performance and stability of foundations, slopes, tunnels, and retaining
structures are highly dependent on the mechanical and physical properties of subsurface materials. Traditionally, geotechnical
analysis relies on field investigations, laboratory experiments, and numerical modeling techniques such as finite element analysis
and limit equilibrium methods. While these approaches have been widely used for decades, they often require extensive data
collection, complex calculations, and expert interpretation. One of the major challenges in geotechnical engineering is the inherent
variability and uncertainty associated with soil properties. Soil behavior is influenced by numerous factors such as mineral
composition, moisture content, stress history, and environmental conditions. As a result, conventional analytical models often
struggle to accurately represent real-world conditions, especially when dealing with nonlinear and heterogeneous soil systems.
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In recent years, artificial intelligence (Al) and machine learning (ML) techniques have gained significant attention as powerful tools
for addressing these challenges. Machine learning algorithms are capable of learning complex patterns from large datasets and
establishing relationships between input variables and output responses without requiring explicit mathematical formulations. This
capability makes ML particularly suitable for modeling nonlinear and multivariate geotechnical problems.

Numerous studies have demonstrated the successful application of machine learning models in predicting key geotechnical
parameters such as soil classification, bearing capacity, settlement behavior, slope stability, and anchor pullout capacity [1], [12].
Advanced ML techniques, including deep learning, ensemble learning, and hybrid models, have further improved prediction
accuracy and computational efficiency [15], [17].

Despite these promising developments, the adoption of Al in geotechnical engineering is still in its early stages. Challenges such as
limited availability of high-quality datasets, lack of standardized methodologies, and difficulties in interpreting complex models
remain significant barriers. Therefore, this paper aims to provide a comprehensive review of recent advancements in Al-driven
geotechnical engineering and identify future research directions.

1. RESEARCH METHODOLOGY
This study adopts a systematic literature review approach to analyze recent research on artificial intelligence and machine learning
applications in geotechnical engineering. The review methodology is based on the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) framework, which ensures a transparent and structured process for identifying, screening,
and selecting relevant research articles.
A comprehensive search was conducted across major academic databases, including Scopus, Web of Science, ScienceDirect, IEEE
Xplore, and SpringerLink. Keywords such as “machine learning in geotechnical engineering,” “Al-based soil classification,”
“anchor pullout prediction,” and “slope stability using machine learning” were used to identify relevant studies.
The selected papers were evaluated based on several criteria, including:
1) Type of machine learning technique employed
2) Geotechnical problem addressed
3) Dataset characteristics and input parameters
4) Model performance and validation methods
5) Limitations and identified research gaps
Based on this evaluation, the studies were categorized into the following groups:
Machine learning models for soil behavior prediction
Al-based prediction of pile and anchor capacity
Slope stability and reliability analysis
o Al frameworks for automated geotechnical engineering
This structured approach enables a comprehensive understanding of current research trends and emerging developments in Al-
driven geotechnical engineering.

1. REVIEW OF CURRENT LITERATURE
A. Machine Learning Applications in Geotechnical Engineering
Machine learning has emerged as a powerful and versatile tool for solving complex geotechnical problems. These techniques enable
the development of predictive models that can accurately estimate soil behavior and engineering performance based on available
data.
Deep learning models, in particular, have demonstrated exceptional capability in capturing nonlinear relationships among
geotechnical parameters. These models can process large datasets obtained from field tests and laboratory experiments, leading to
improved prediction accuracy for properties such as shear strength, permeability, and compressibility [1].
Ensemble learning methods, including Random Forest and Gradient Boosting algorithms, have also gained popularity due to their
ability to combine multiple models and reduce prediction errors. Studies have shown that ensemble techniques often outperform
single models in terms of accuracy and robustness [15].
In another significant study, Shao et al. [15] conducted a detailed comparison of different machine learning algorithms used in
geotechnical prediction tasks. Their research evaluated several widely used techniques, including artificial neural networks, decision
trees, support vector machines, and ensemble learning methods.
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The study concluded that ensemble learning techniques, such as random forest and gradient boosting models, often provide better
prediction accuracy compared to single machine learning models. This improved performance is mainly due to the ability of
ensemble methods to combine predictions from multiple models, thereby reducing prediction errors and improving generalization
capability.

The findings of Shao et al. also indicated that machine learning models are particularly effective when applied to large datasets
containing multiple geotechnical parameters. The use of ensemble learning techniques allows researchers to capture complex
nonlinear relationships among soil properties, environmental factors, and engineering responses. As a result, these models have
become increasingly popular for predicting foundation capacity, soil classification, and geotechnical risk assessment.

Harle and Wankhade [18] also reviewed predictive modelling techniques used in geotechnical engineering and emphasized the
importance of large datasets for improving machine learning performance.

Table |
Machine Learning Models Used In Geotechnical Engineering
Author Year Model Application Key Findings
Samui et al. 2012 LS-SVM Anchor pullout  High accuracy

Aminpour 2020 ML + Monte Carlo Slope reliability Reduced cost

Li etal. 2023 Stacking ML Anchor prediction Improved reliability
Tranetal. 2024 Neural Network  Anchor uplift Accurate prediction
Alietal. 2023 ML Architecture Reinforced soil  Reduced testing

B. Al-Based Prediction of Pile and Anchor Capacity

Accurate prediction of pile and anchor capacity is essential for safe and economical foundation design. Traditional methods often
rely on empirical correlations and simplified assumptions, which may not accurately represent real soil conditions.

Machine learning models such as Support Vector Machines and Artificial Neural Networks have demonstrated superior
performance in predicting anchor pullout capacity [14], [17]. These models can capture complex relationships between soil
properties, anchor geometry, and loading conditions, resulting in more reliable predictions.

C. Al in Slope Stability and Reliability Analysis

Slope stability analysis is a critical aspect of geotechnical engineering, particularly in infrastructure projects such as dams,
embankments, and highways. Traditional methods require extensive numerical simulations and probabilistic calculations.

Machine learning-assisted Monte Carlo simulation techniques have significantly improved computational efficiency by reducing the
number of required simulations while maintaining high accuracy [3].

D. Al Frameworks for Geotechnical Engineering
Recent advancements focus on integrating Al with geotechnical analysis tools to develop intelligent engineering systems.
Frameworks such as GEOMCP enhance decision-making by combining machine learning with traditional analytical models [11].

V. DISCUSSION
The reviewed studies indicate that machine learning techniques provide significant advantages over traditional geotechnical analysis
methods. ML models can efficiently handle nonlinear relationships between soil properties and engineering parameters.The
reviewed studies clearly demonstrate that artificial intelligence and machine learning techniques are rapidly transforming the field of
geotechnical engineering. Traditional geotechnical analysis methods have long relied on empirical correlations, theoretical models,
and laboratory testing. While these methods have provided reliable results for many decades, they often struggle to accurately
capture the highly nonlinear and complex behavior of soil and rock materials.
Soil properties vary significantly due to geological conditions, moisture content, stress history, and environmental factors. As a
result, conventional analytical models may produce inaccurate predictions when dealing with heterogeneous soil conditions.
Machine learning techniques provide an effective alternative approach by enabling data-driven modeling of geotechnical systems.
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Unlike traditional models that require explicit mathematical relationships between variables, machine learning algorithms can
automatically learn patterns and correlations from large datasets. This capability allows ML models to capture complex relationships
between soil parameters, loading conditions, and structural responses.Several studies included in this review highlight the successful
application of machine learning models in predicting various geotechnical parameters. For example, deep learning and neural
network-based approaches have been widely used to model soil behavior and estimate geotechnical properties such as shear
strength, bearing capacity, and settlement behavior [1]. These models are particularly effective when dealing with nonlinear
relationships between input variables and output responses.

Another important area where machine learning has shown promising results is the prediction of anchor pullout capacity and pile
foundation performance. Ground anchors and pile foundations play a crucial role in stabilizing slopes, retaining structures, and
offshore foundations. Accurate prediction of anchor capacity is essential for safe and cost-effective design. Traditional analytical
approaches often rely on simplified assumptions that may not fully represent real soil conditions. Machine learning models such as
support vector machines, artificial neural networks, and ensemble learning techniques have demonstrated superior performance in
predicting anchor pullout resistance when compared to conventional empirical formulas [14], [17].

Similarly, machine learning techniques have been successfully applied to predict soil classification and geotechnical index
properties. Soil classification is an essential step in geotechnical engineering because it determines the behaviour of soil under
loading conditions. Traditional classification methods require extensive laboratory testing, which can be time-consuming and
expensive. By using field test data such as Cone Penetration Test (CPT) measurements and soil index properties, machine learning
models can predict soil types with high accuracy. This approach significantly reduces the need for extensive laboratory testing and
improves efficiency in geotechnical site investigations. Slope stability analysis is another area where Al-based models have shown
significant advantages. Slope failures can cause severe damage to infrastructure and human life, making accurate prediction of slope
stability extremely important. Traditional slope stability analysis methods often require complex numerical simulations and
probabilistic calculations. Machine learning-assisted reliability analysis techniques can significantly reduce computational time
while maintaining high prediction accuracy. For example, machine learning-based Monte Carlo simulation approaches have been
developed to efficiently evaluate slope stability under uncertain soil conditions [3].

In addition to predictive modeling, Al technologies are also being integrated into advanced geotechnical analysis frameworks. For
instance, recent studies have explored the use of explainable artificial intelligence (XAIl) to improve the transparency and
interpretability of machine learning models used in geotechnical applications [7]. Explainable Al techniques help engineers
understand how machine learning models make predictions, which is particularly important in safety-critical engineering
applications. Despite the significant advantages offered by Al-driven models, several challenges still exist in the practical
implementation of machine learning in geotechnical engineering. One of the major challenges is the limited availability of high-
quality geotechnical datasets. Machine learning models require large amounts of training data to achieve reliable prediction
accuracy. However, geotechnical data collection often involves expensive field investigations and laboratory tests, which limits the
availability of large datasets. Additionally, soil conditions vary widely across different geographical regions, making it difficult to
develop universally applicable machine learning models.

Another challenge is the lack of standardized methodologies for developing and validating machine learning models in geotechnical
engineering. Different researchers often use different datasets, input parameters, and performance evaluation metrics, making it
difficult to directly compare results across studies. Establishing standardized frameworks for data collection, model development,
and validation could significantly improve the reliability and reproducibility of Al-based geotechnical research

V. CONCLUSION
Artificial intelligence and machine learning technologies are rapidly transforming geotechnical engineering research and practice.
The reviewed studies demonstrate that Al-driven models can significantly improve prediction accuracy for soil behavior, foundation
capacity, and geotechnical system performance. Machine learning approaches such as neural networks, support vector machines,
ensemble models, and deep learning algorithms have been successfully applied to a wide range of geotechnical problems including
pile capacity prediction, anchor pullout resistance, and slope stability analysis.
Artificial intelligence and machine learning are rapidly transforming geotechnical engineering research and practice. The reviewed
studies demonstrate that machine learning techniques can successfully predict soil behaviour, foundation capacity, anchor
performance, and slope stability. Machine learning models offer significant advantages over traditional analytical methods,
including improved prediction accuracy, reduced computational time, and the ability to handle complex nonlinear relationships.
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Despite these benefits, challenges such as limited datasets and model interpretability must be addressed before Al can be widely
adopted in engineering practice. Future advancements in Al technologies, combined with increasing availability of geotechnical
data, will likely lead to fully automated geotechnical analysis systems capable of supporting engineers in designing safer and more
efficient infrastructure.

Despite the promising results, further research is required to address challenges related to data availability, model interpretability,
and integration with traditional geotechnical design methods. With continued advancements in Al technologies, automated and data-
driven geotechnical engineering systems are expected to become increasingly common in future infrastructure projects.

REFERENCES

[1] Dave, M. (2023), “Deep Learning in Geotechnical Engineering: A Comprehensive Review of Methods and Outcomes”, International Journal of Intelligent
Systems and Applications in Engineering, ISSN: 2147-6799, Vol.12, pp.552-556, (DOI: 10.18201/ijisae.3826).

[2] Keele, L. (2015), “Hospital Quality Risk Standardization via Approximate Balancing Weights”, Biometrics, ISSN: 0006-341X, Vol.71, pp.789-798, (DOI:
10.1111/biom.12201).

[31 Aminpour, M. (2020), “Highly Efficient Reliability Analysis of Anisotropic Heterogeneous Slopes: Machine Learning Aided Monte Carlo Method”,
Engineering with Computers, ISSN: 0177-0667, Vol.36, pp.1231-1246, (DOI: 10.1007/s00366-019-00794-0).

[4] Aboagye, S., et al. (2021), “Energy Efficient Resource Allocation for Aggregated RF/VLC Systems”, IEEE Access, ISSN: 2169-3536, Vol.9, pp.142564-
142576, (DOI: 10.1109/ACCESS.2021.3119985).

[5] Talkington, S., & Claassen, M. (2023), “Linear and Non-Linear Response of Quadratic Lindbladians”, Physical Review Research, ISSN: 2643-1564, Vol.5,
Article N0.013051, (DOI: 10.1103/PhysRevResearch.5.013051).

[6] Lin, Y. etal. (2022), “Interplay of Charge Density Wave and Magnetism on the Kagome Lattice”, Physical Review B, ISSN: 2469-9950, Vol.105, Article
No.235101, (DOI: 10.1103/PhysRevB.105.235101).

[7] ‘Youwali, S., & Pamungmoon, A. (2023), “Explainable Artificial Intelligence Model for Predicting Pile Driving Vibrations”, Automation in Construction, ISSN:
0926-5805, VVol.147, Article 104733, (DOI: 10.1016/j.autcon.2023.104733).

[8] Fan, L. Liu, F., & Chen, C. (2024), “Domain Adaptation of Large Language Models for Geotechnical Applications”, Computers and Geotechnics, ISSN: 0266-
352X, Vol.167, Article 105742, (DOI: 10.1016/j.compge0.2024.105742).

[9]1 Lu,Y., Mei, G., & Piccialli, F. (2022), “Physics-Informed Extreme Learning Machine for Tunnelling-Induced Soil-Pile Interactions”, Engineering Applications
of Artificial Intelligence, ISSN: 0952-1976, Vol.114, Article 104987, (DOI: 10.1016/j.engappai.2022.104987).

[10] Kokgam, A. H., et al. (2025), “Predicting California Bearing Ratio with Ensemble and Neural Network Models”, Applied Sciences, ISSN: 2076-3417, Vol.15,
Article 1842, (DOI: 10.3390/app15041842).

[11] Bekele, Y. W. (2024), “GEOMCP: A Trustworthy Framework for Al Assisted Analytical Geotechnical Engineering”, Computers and Geotechnics, ISSN:
0266-352X, Vol.170, Article 106021, (DOI: 10.1016/j.compge0.2024.106021).

[12] Brinkgreve, R., & Zekri, A. (2021), “On the Use of Machine Learning in Geotechnical Engineering”, Computers and Geotechnics, ISSN: 0266-352X, Vol.136,
Article 104207, (DOI: 10.1016/j.compge0.2021.104207).

[13] Hossain, M. S., Kim, Y., & Gaudin, C. (2018), “Experimental Investigation of Dynamically Penetrating Anchors in Clay and Silt”, Canadian Geotechnical
Journal, ISSN: 0008-3674, Vol.55, pp.1242-1254, (DOI: 10.1139/cgj-2017-0415).

[14] Samui, P., Kim, D., & Aiyer, B. (2012), “Pullout Capacity of Small Ground Anchor: A Least Square Support Vector Machine Approach”, Geotechnical and
Geological Engineering, ISSN: 0960-3182, VVol.30, pp.1369-1378, (DOI: 10.1007/s10706-012-9546-0).

[15] Shao, W., et al. (2021), “Application of Machine Learning Techniques in Geotechnical Engineering”, Mathematics, ISSN: 2227-7390, Vol.11, Article 3976,
(DOI: 10.3390/math11183976).

[16] Tran, V. H., et al. (2024), “Predicting Uplift Capacity of Circular Anchors Using Kolmogorov-Arnold Networks”, Engineering Applications of Artificial
Intelligence, ISSN: 0952-1976, VVol.130, Article 107145, (DOI: 10.1016/j.engappai.2024.107145).

[17] Li, L., etal. (2023), “Stacking Machine Learning Model for Predicting Pullout Capacity of Ground Anchors”, Computers and Geotechnics, ISSN: 0266-352X,
Vol.158, Article 105346, (DOI: 10.1016/j.compge0.2023.105346).

[18] Harle, S. M., & Wankhade, R. L. (2022), “Machine Learning Techniques for Predictive Modelling in Geotechnical Engineering”, Materials Today:
Proceedings, ISSN: 2214-7853, Vol.62, pp.4200-4206, (DOI: 10.1016/j.matpr.2022.04.189).

[19] Ali, T., et al. (2023), “Machine Learning Architecture Replacing Laboratory Tests for Pullout Capacity of Reinforced Soils”, Computers and Geotechnics,
ISSN: 0266-352X, Vol.155, Article 105129, (DOI: 10.1016/j.compge0.2023.105129).

[20] Alnmr, A, Ray, R. P., & Alsirawan, R. (2022), “State-of-the-Art Review of Reinforced Expansive Soil with Anchor Piles and Helical Piles”, Geotechnical and
Geological Engineering, ISSN: 0960-3182, VVol.40, pp.5647-5665, (DOI: 10.1007/s10706-022-02098-1).

©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 2477



d lIsRA

ef n\m
cross’ COPERNICUS

10.22214/1JRASET 45,98 IMPACT FACTOR: IMPACT FACTOR:
7.129 7.429

INTERNATIONAL JOURNAL
FOR RESEARCH

IN APPLIED SCIENCE & ENGINEERING TECHNOLOGY

Call : 08813907089 (V) (24*7 Support on Whatsapp)




