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1 Introduction 
Shallow foundations are widely utilized to transmit heavy structural loads to near-surface rock 
formations in various civil engineering projects (Carter and Kulhawy 1992). The mechanical 
behaviour of rock masses is fundamentally different and often more complex than that of soils due to 
the presence of discontinuities and the non-linear nature of intact rock strength(Carter and Kulhawy 
1992, Marinos, Marinos et al. 2005, Marinos, Hoek et al. 2006, Merifield, Lyamin et al. 2006). 
Traditional analytical methods often rely on simplifying assumptions that fail to fully capture the 
complex failure mechanisms of jointed rock masses (Yang and Yin 2005, Lenji, Mehmandari et al. 
2025, Pradhan, Sheng et al. 2025). The mechanical response is governed by a coupled framework: the 
non-linear yielding of the rock mass, typically described by the generalized Hoek-Brown (HB) 
criterion, and the shear strength of explicit structural discontinuities, which is classically governed by 
the linear Mohr-Coulomb (MC) failure criterion (Chen and Drucker 1969, Ladanyi and Roy 1971, 
Saada, Maghous et al. 2008). Furthermore, the spatial orientation of these joints specifically their dip 
and dip direction introduces significant anisotropy. Consequently, numerical modelling techniques, 
particularly the Finite Element Method (FEM), have become indispensable, and allows for a realistic 
simulation of foundation-rock interaction (Griffiths, Fenton et al. 2002, Clausen 2013, Hoek and 
Brown 2019, Rafiei Renani and Cai 2022). Despite its importance, the characterization of bedrock is 
fundamentally constrained by uncertainty. This uncertainty is critical because reliable understanding 
of bedrock behavior directly influences the safety and performance of any design (Wei, Meng et al. 
2022).Uncertainty in bedrock systems can be categorized into epistemic uncertainty, which stems from 
a lack of knowledge, and aleatory variability, which reflects the inherent randomness of geological 
processes (Mahmoodzadeh, Mohammadi et al. 2022, Lenji, Mehmandari et al. 2025). Foundation 
characterization is further complicated by the presence of discontinuities such as fractures, joints, and 
faults, which significantly influence mechanical behavior (Serrano and Olalla 1996, Zhang and 
Einstein 1998, Hoek, Carranza-Torres et al. 2002). Moreover, limitations in borehole sampling, 
geophysical surveys, and remote sensing techniques introduce additional constraints, particularly when 
there is a mismatch between observation scales and engineering design requirements (Waltham and 
Swift 2004, Yang and Yin 2005, Hoek and Brown 2019, Walton and Sinha 2022). Foundation 
performance may vary significantly from design expectations, necessitating conservative safety factors 
that can increase construction costs and lead to project delays (Mahmoodzadeh, Mohammadi et al. 
2022, Wei, Meng et al. 2022, Pradhan, Sheng et al. 2025). To manage these uncertainties, engineers 
employ a range of methodological approaches, including probabilistic and statistical modeling 
techniques. Bayesian updating frameworks and integrated site investigation strategies further support 
decision-making by incorporating new data as it becomes available. However, current approaches are 
limited by persistent challenges such as data scarcity and issues of representativeness in available 
datasets. Deterministic models often oversimplify complex geological systems. Most importantly, 
epistemic uncertainty cannot be fully eliminated, as it is rooted in incomplete knowledge of subsurface 
conditions (Wu, Wei et al. 2021). Emerging directions in foundation engineering seek to address these 
limitations through advanced computational and data-driven approaches (Saadati, Hekmatnejad et al. 
2026). Machine learning techniques are increasingly used to identify patterns in sparse and 
heterogeneous datasets, while digital twin frameworks enable dynamic representation of subsurface 
systems (Guo, Gao et al. 2026). Real-time sensor integration, multi-scale geological modeling, and AI-
assisted uncertainty quantification are also contributing to more adaptive and responsive engineering 
methodologies (Al-Atroush, Aboelela et al. 2024). Rather than attempting to eliminate uncertainty, 
modern engineering practice focuses on its systematic management through improved data integration, 
modeling, and interpretation (Ma, Zhang et al. 2026). The integration of geology, engineering 
principles, and data science is therefore essential for advancing reliable and resilient solutions under 
conditions of incomplete knowledge (Sabri, Verma et al. 2025). Machine learning methods are 
increasingly applied in rock engineering to address prediction and estimation challenges under 
uncertainty in rock-based infrastructure (Dashtgoli, Narsilio et al. 2026). One of the most challenging 
and highly uncertain problems is the evaluation and estimation of the bearing capacity of jointed rock 
masses. By considering various influencing factors, it is possible to conduct an appropriate analysis 
and make reliable predictions of the bearing capacity of rock masses (Li, Liu et al. 2026). In this study, 
the bearing capacity of shallow foundations has been investigated using various machine learning 
methods. To address this gap, this study presents a robust, data-driven approach to investigate the 
ultimate bearing capacity of rock masses beneath square footings. A comprehensive dataset was 
generated by conducting 150 rigorous 3D numerical simulations using PLAXIS. After developing 
numerical models, machine learning predictive algorithms are employed to estimate the bearing 
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Overall, the findings confirm that machine learning provides a robust framework for capturing 
nonlinear geo-mechanical behaviour and improving the reliability of foundation design in jointed rock 
masses. 
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