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Abstract Field pile load tests are essential to ensure the reliability of pile capacities determined using
theoretical and empirical methods. However, the number of such tests is generally restricted due to their
high cost. Recently, artificial intelligence (AI) models involving machine learning and deep learning are
being developed as supplemental methods to estimate pile capacities. Clearer and more reliable models
need to be developed on an ongoing basis, considering the rapid evolution of artificial intelligence
algorithms, hardware and developing platforms, and data. The applicability of machine learning models
using linear regression and decision tree ensemble algorithms to estimate pile bearing capacities were
evaluated in this study for the following purposes: 1) building up the environment for developing
artificial intelligence models, such as the open-source Python platform, Google Colab, Jupyter Notebook,

c., 2) evaluation of machine learning models for estimating a pile load capacity, 3) reviewing and
utilizing the existing pile load test databases for developing Al models of pile foundations, 4) conducting
base studies for the future extension of models for the estimation of the settlement and
load-displacement of piles. The investigated machine learning models were found to estimate pile load
capacities with scores in terms of the coefficient of determinant over 0.5. The most appropriate
ensemble models for the pile load estimation were the gradient boosting and XB boosting models.
Further studies could include subjects such as eliminating overfitting, deciding on the proper
hyperparameters, and accumulating additional data.
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Table 1. Summary of Investigated Database

Database | DB Type| Pile Type Organization Ref.
U of Bristol, UK
DINGO Excel Vary 2019) [17]
DFLTD | Access Vary FHWA (2018) | [15,16]
Driven piles Zhejiang U./
ZJU-ICL |Unknown in s Ed Imperial College| [18]
mn saj London (2016)
Driven Steel Towa DOT
PILOT Access H-Piles 2011) [13]
Chung Yuan
Drilled shaft Christian
ER Model | MySQL load tests University, (9]
Taiwan (2012)
Unknown |Unknown Vary KICT (2008) [12]
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Fig. 1. Correlation between the label and features
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