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ABSTRACT
This direction paper explores the evolving landscape of physics-informed machine learning 
(PIML) methodologies in the field of geotechnical engineering, aiming to provide 
a comprehensive overview of current advancements and propose future research directions. 
Recognising the intrinsic connection between geophysical phenomena and geotechnical 
processes, we delve into the intersection of physics-based models and machine learning 
techniques. The paper begins by elucidating the significance of incorporating physics- 
informed approaches, emphasising their potential to enhance the interpretability, accuracy 
and reliability of predictive models in geotechnical applications. We review recent applications 
of PIML in soil mechanics, hydrology, geotechnical site investigation, slope stability analysis 
and foundation engineering, showcasing successes and challenges. Furthermore, we identify 
promising avenues for future research in geotechnical engineering, including the integration of 
domain knowledge, model explainability, multiphysics and multiscale problems, complex 
constitutive models, as well as digital twins and large AI models within PIML frameworks. As 
geotechnical engineering embraces the paradigm shift towards data-driven methodologies, 
this direction paper offers valuable insights for researchers and practitioners, guiding the 
trajectory of PIML for sustainable and resilient infrastructure development.
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1. Introduction

1.1. Introduction of physics-informed machine 
learning into geotechnical engineering

In recent years, the intersection of machine learning 
and physical laws has led to the emergence of a novel 
paradigm known as physics-informed machine learn
ing (PIML). This approach integrates well-established 
machine learning algorithms with the fundamental 
principles of physical sciences, resulting in models 
that are not only data-driven but also adhere to under
lying physical laws.

Physics-informed neural networks (PINNs) repre
sent a breakthrough in combining physical laws with 
deep learning techniques, specifically neural networks, 
to solve both forward and inverse problems with high 
data efficiency (Raissi et al. 2019). This framework is 

a part or subset of the broader field of PIML, where 
machine learning is a subset of artificial intelligence 
(AI), and neural networks (NNs) are a subset of 
machine learning. Unlike traditional machine learning 
models that make predictions based on training data 
and often require human intervention to fine-tune the 
model, neural networks learn by adjusting their inter
nal parameters through backpropagation based on the 
patterns in the data. In PINNs, physical principles are 
incorporated directly into the loss function as 
a regularisation term, effectively constraining the 
model’s predictions to adhere to known physical 
laws. This integration of physical knowledge helps 
guide the learning process, improving the accuracy 
and efficiency of the model. PIML encompasses not 
only neural network-based models like PINNs but also 
other machine learning algorithms, such as support 

CONTACT Xiaohui Chen X.Chen@leeds.ac.uk

GEOMECHANICS AND GEOENGINEERING            
2025, VOL. 20, NO. 5, 1128–1159 
https://doi.org/10.1080/17486025.2025.2502029

© 2025 The Author(s). Published by Informa UK Limited, trading as Taylor & Francis Group.  
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0/), which permits 
unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. The terms on which this article has been published allow the posting 
of the Accepted Manuscript in a repository by the author(s) or with their consent.

http://orcid.org/0000-0002-5861-3796
http://orcid.org/0000-0003-4610-027X
http://orcid.org/0000-0002-2053-2448
http://www.tandfonline.com
https://crossmark.crossref.org/dialog/?doi=10.1080/17486025.2025.2502029&domain=pdf&date_stamp=2025-09-19


vector machines (SVMs), random forests (RF) and 
Gaussian processes (GP), which can incorporate phy
sical principles to enhance the learning process. 
Figure 1 shows the trend for neural simulation (neural 
solver and neural operator) and inverse problems 
(inverse design) of PIML which the earliest work 
could be traced back to 1994 (Hao et al. 2022). 
Neural simulation consists of two key components: 
neural solvers and neural operators, both of which 
are integral to PIML approaches for solving physical 
systems using machine learning (Karniadakis et al.  
2021). Neural solvers focus on solving partial differ
ential equations (PDEs) or ordinary differential equa
tions (ODEs) by leveraging neural networks to learn 
the underlying patterns in the data, while also incor
porating known physical laws. In contrast, neural 
operators are designed to learn solution operators for 
PDEs across various parameter spaces, mapping input 
parameters and state variables to corresponding solu
tions without the need for retraining when new con
ditions or boundary conditions are encountered 
(Azizzadenesheli et al. 2024). The key advantage of 
neural operators lies in their ability to generalise to 
unseen scenarios, offering a flexible and efficient way 
to predict solutions for new, unseen conditions. While 
both neural solvers and neural operators aim to solve 
physical systems governed by PDEs or ODEs, they 
differ in their methodologies and focus. Neural solvers 
are focused on solving specific problems, while neural 
operators are focused on learning generalisable solu
tion maps that can apply across a wide range of con
ditions. These components, together with PINNs, 
contribute to the broader neural simulation frame
work, which offers faster computational results than 
traditional methods by replacing conventional simula
tions that mimic physical systems (Hao et al. 2022). 
Overall, the integration of neural solvers and neural 
operators into PIML frameworks enhances computa
tional efficiency and reduces the need for time- 
consuming simulations, thus improving both time 
and resource efficiency in solving complex physical 
systems. The work by Hao et al. (2022) provides 
a comprehensive review of PIML, addressing a range 
of problems, methods and applications, including 
advancements in PINNs, neural solvers and neural 
operators. However, while Hao et al. 2022) covers 
broad PIML applications, this paper specifically nar
rows its focus to the application of PIML in geotech
nical engineering, including soil mechanics, 
hydrology, geotechnical site investigation, slope stabi
lity analysis and foundation engineering, which is 
absent and inadequately studied by Hao et al. (2022). 
This focus on geotechnical contexts allows for a more 

detailed exploration of the unique successes and chal
lenges within the field. Moreover, we extend the dis
cussion by identifying novel avenues for future 
research, which were not fully addressed by Hao 
et al. (2022). These include the integration of domain 
knowledge, enhancing model explainability, addres
sing multiphysics and multiscale problems, developing 
complex constitutive models and exploring the poten
tial of digital twins and large AI models within PIML 
frameworks. Machine learning models, especially in 
fields like geotechnical engineering, often rely heavily 
on empirical data. While these models can extract 
complex patterns and relationships from large data
sets, they sometimes lack the ability to generalise 
beyond the scope of the data they were trained on, 
and might not fully incorporate the governing physical 
principles of the systems they model (Karniadakis 
et al. 2021). Thus, PIML was developed to address 
this gap by embedding physical laws (often in the 
form of differential equations) into the machine learn
ing framework.

Figure 2 shows recent trends in the use of physics- 
informed approaches in geotechnical engineering 
research. The bibliometric search was conducted on 
ScienceDirect using the following keyword input: 
(‘physics-informed deep learning’ OR ‘physics- 
informed machine learning’ OR ‘physics-informed 
neural network’) AND (‘rock’ OR ‘soil’ OR ‘tunnel
ling’ OR ‘geotechnical’). The results indicate that 
PIML in geotechnical engineering is an emerging 
trend, with rapid growth observed since 2018. This 
demonstrates the growing attention and importance 
of PIML in geotechnical applications. Physics- 
informed approaches have introduced new methodol
ogies in geotechnical engineering especially for tun
nelling in urban infrastructure development. 
Traditional approaches involving purely physics- 
based or mechanistic models (e.g. numerical simula
tions using finite element analyses) often require high 
computational resources limiting their practical 
applicability (Lin et al. 2023). While many machine 
learning models have demonstrated significant success 
in geotechnical applications, such as predicting tun
nelling-induced deformations (Zhang et al. 2023), 
challenges remain in comprehensively capturing the 
complex physical mechanisms underlying geotechni
cal phenomena. Existing interpretability techniques, 
including Shapley values, permutation feature impor
tance, local interpretable model-agnostic explanations 
and Grad-CAM, provide tools to explain model pre
dictions. However, these methods rely primarily on 
the data-driven aspects of machine learning, which 
may occasionally result in interpretations that lack 
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physical consistency, particularly in cases where the 
model fails to incorporate domain-specific knowledge. 
Physics-informed machine learning (PIML) offers 
a hybrid approach by integrating physical laws into 
the learning process, which has the potential to 
improve both interpretability and robustness in 

certain applications, particularly when dealing with 
limited or noisy datasets. PIML can complement tra
ditional machine learning models by reducing reliance 
on large datasets and improving generalisation, 
although its advantages over existing interpretability 
methods are most evident when physical processes are 

Figure 2. Publications from ScienceDirect based on keywords search of (‘physics-informed deep learning’ or ‘physics-informed 
machine learning’ or ‘physics-informed neural network’) and (‘rock’ or ‘soil’ or ‘tunnelling’ or ‘geotechnical’) viewed before 2024.

Figure 3. schematic diagram of improved physics-informed approach with measured data (Gao et al. 2023).
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well-understood and can be accurately embedded into 
the model (Zhang et al. 2023). PIML ensures that the 
predictions of machine learning models are not only 
consistent with the observed data but also with the 
known physics of the problem (Raissi et al. 2019). 
PIML models can effectively incorporate domain 
knowledge, which may reduce the reliance on exten
sive datasets in certain cases, thereby enhancing the 
interpretability and extrapolation capabilities of 
machine learning models (Karniadakis et al. 2021, 
Zhang et al. 2023, He et al. 2024). However, this 
advantage is not universal and depends on the specific 
problem context, particularly the accuracy and com
pleteness of the physical laws embedded in the model 
(Hao et al. 2022, Gao et al. 2023). While PIML offers 
potential benefits in scenarios with sparse data, well- 
established methods such as transfer learning have 
a more proven track record in reducing data depen
dency across a wide range of machine learning appli
cations (Karniadakis et al. 2021, Mcgreivy and Hakim  
2024). Compared to transfer learning, PIML’s success 
in mitigating data requirements is more context- 
specific and is most effective when the underlying 
physical processes are well-understood and can be 
accurately encoded within the learning framework 
(Chen et al. 2023, Liu et al. 2023).

1.2. Overview of machine learning in 
geotechnical engineering

Applications of machine learning in geotechnical 
engineering have been exemplified for domains such 
as predict soil behaviour and soil classification 
(Ahmad et al. 2010, KOVAČEVIĆ et al. 2010, Duro 
et al. 2012, Brungard et al. 2015, Heung et al. 2016, 
Liang et al. 2016, Wang et al. 2018, 2019, Abbas et al.  
2024, Díaz and Spagnoli 2024), predicting landslide 
occurrence (Huang and Zhao 2018, Pham et al. 2019, 
Liu et al. 2021, Meng et al. 2024, Nguyen et al. 2024), 
assessment of geotechnical pile capacity (Alkroosh 
and Nikraz 2012, Liu et al. 2024, Samui 2011, 
Dashtgoli et al. 2024, Yousheng et al. 2024) and pre
diction on tunnelling performance (Yeo et al. 2024, 
Dai et al. 2024, Fu et al. 2024, Jitchaijaroen et al. 2024, 
Yeo et al. 2023, Yeo et al., 2022 Yu et al. 2024, Zhang 
et al. 2024, Zhou et al. 2023, Wang et al. 2016). 
Machine learning techniques such as neural networks 
(Gao et al. 2019, Jitchaijaroen et al. 2024Nagrecha 
et al. 2020) support vector machines (Samui 2011, 
Cheng et al. 2020) and random forest (Jong et al.  
2021) have been used to make predictions based on 
historical data, laboratory test results and in situ field 
measurements. These machine learning techniques are 

widely used in geotechnical engineering due to its 
ability in handling regression and pattern recognitions 
problems (Samui 2012, Zhou et al. 2017). Such algo
rithms are able to accurately identify complex non
linear relationships between multiple influence 
factors. These environmental, material and structural 
parameters can be used for machine learning-driven 
predictions in geotechnical engineering applications, 
such as soil and rock classification, and material prop
erties (Fan et al. 2023).

Data-driven machine learning models have the 
potential to offer greater efficiency compared to tradi
tional modelling approaches, such as numerical ana
lysis, which often require significant computational 
time and costly commercial software. For example, 
Ali et al. (2022) demonstrated the capability of 
machine learning to replace labour-intensive labora
tory tests for geosynthetic pullout capacity, while Ali 
et al. (2023) utilised machine learning to analyse soil– 
structure interaction effects on seismic responses. 
Noureldin et al. (2023) used numerical simulations 
to generate training data for machine learning model 
to predict seismic performance, which focus on the 
efficiency of data-based predictive models. While such 
approaches showcase the utility of machine learning in 
replacing traditional methods, the use of training data 
derived from numerical simulations instead of real- 
world measurements raises questions about model 
generalisability and reliability under practical condi
tions. Mcgreivy and Hakim (2024) highlight the 
importance of incorporating real measured data to 
ensure the physical and practical relevance of predic
tive models. The authors bring the concern that over- 
reliance on numerically simulated data can lead to 
biases and over-optimistic assessments of model per
formance if it is not benchmarked against measured 
data. Therefore, the integration of hybrid approaches 
incorporating physics-informed models and measured 
datasets help in enhancing model accuracy, reduce 
reliance on synthetic data and bridge the gap between 
theory and practice in geotechnical engineering. Since 
geomaterials such as rock and soil have nonlinear 
properties, it is complicated for traditional fitting or 
analytical approaches to precisely predict the charac
teristics of these geomaterials (Li et al. 2021, Zainab 
et al. 2021, Chao et al. 2022). The traditional model
ling approaches face limitations in fully describing the 
influence of multiple factors when dealing with non
linear characteristics of geomaterials (Cui et al. 2022,  
2023, Zhang et al. 2023, Zhao et al. 2023). Using 
machine learning, the complex relationships of non
linear input to output using statistical data can be 
understood without requiring extensive prior 
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knowledge of structural behaviour (Abbas et al. 2024). 
However, it is challenging to interpret the predictions 
of machine learning algorithms while providing phy
sically consistent results (Liu et al. 2023). Complex 
geotechnical engineering problems can potentially 
benefit from novel methodologies that integrate 
machine learning algorithms with physics-based mod
elling approaches, although it is important to note that 
many complex machine learning models can perform 
well independently in certain applications. These inte
grated approaches, as discussed hereinafter, can 
enhance specific applications where domain-specific 
knowledge is crucial.

1.3. Integration of physics-based models and 
data-driven approaches

Examples of applications integrating physics knowl
edge into machine learning include the enhancements 
in tunnelling technology, such as prediction of tunnel
ling-induced ground deformations (Liu et al. 2023, 
Zhang et al. 2023, He et al. 2024), prediction of TBM 
advance speed and chamber pressure (Lin et al. 2024) 
and improvements in operational efficiency and safety 
(Hao et al. 2022, Lin et al. 2024). Table 1 shows the 
integration of physics-based models with data-driven 
approaches found in the literature. By incorporating 
physics-based parameters such as tunnel depth and 
Poisson’s ratios of the soil, more accurate predictions 
of ground movements were achieved (Liu et al. 2023).

Table 1 depicts details of each reference that inte
grates physics-based models with data-driven 
approaches. Lin et al. (2024): The physical laws, 
including lateral earth pressure coefficients, were 
incorporated into the loss function to guide the pre
diction of TBM advance speed and stability. The equa
tions were encoded as constraints within the model 
training to ensure compliance with physical principles. 
Zhang et al. (2023): Elastic mechanics principles were 
directly integrated into the loss function of the PINN 
framework. This ensured that stress and strain rela
tionships, as governed by elasticity theory, were 
adhered to during the prediction of tunnelling- 
induced ground deformations. Liu et al. (2023): The 
equivalent ground loss model and Terzaghi’s consoli
dation theory were utilised as part of the model’s 
constraints within the loss function. This hybrid 
approach ensured that both short- and long-term set
tlement predictions adhered to known geotechnical 
principles. Chen et al. (2023): The Richards equation 
in mixed form was explicitly included in the loss 
function, augmented with boundary conditions 
(Dirichlet and Neumann) and Van Genuchten’s 

SWCC and HCF formulations. These components 
ensured accurate predictions of water flow in unsatu
rated soils while adhering to physical laws. Gao et al. 
(2023): Darcy’s law and the seepage flow equation 
were incorporated within the loss function for predict
ing the phreatic line. The improved PINN utilised 
measured data as a quadratic regular term and applied 
dynamic loss weighting to refine predictions under 
complex boundary conditions. Among them, Chen 
et al. (2023) investigated the application of PINNs 
for modelling water flow in unsaturated soils by sol
ving the Richardson–Richards equations. On the other 
hand, Gao et al. (2023) proposed an improved PINN 
method called PINN optimised by measurement data 
(PINN-MD) to predict the phreatic line in seepage 
analysis. While both studies focused on seepage- 
related problem using PINN, Chen et al. (2023) 
focused on solving nonlinear PDEs in unsaturated 
soils, whereas Gao et al. (2023) proposed a specific 
modification such as using measured data and 
dynamic loss weighting for practical geotechnical 
applications.

The loss function, which is a central part of PIML, 
often consists of multiple loss terms and primarily 
integrates physical constraints derived from governing 
equations, specific conditions and even data-driven 
components. A general form of the loss function in 
PIML can be expressed as: 

where Ltotal represents the total loss of PIML. Lcon 
includes initial conditions, boundary conditions 
and other constraints that need to be specified. 
The physics loss Lphy enforces compliance with 
physical laws by penalising residuals of the govern
ing PDEs, represented generically as F ûθð Þ ¼ 0, 
where ûθ is the predicted field variable. Ldata is 
typically measured as the discrepancy between 
model predictions ûθ and ground truth (observa
tion, experiment, measurement and simulation, 
etc.) values u. Lreg is the regularisation loss used 
to control the complexity of the model. These 
terms are often computed using mean squared 
errors (MSEs). Here, λcon, λphy, λdata and λreg are 
weighting coefficients that balance the contribu
tions of different loss components. The loss func
tion ensures that the model not only respects 
underlying physical principles but also fits available 
data in some scenarios, thereby improving general
isation and interpretability, particularly in cases 
with limited or noisy training data.
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Table 1. Recent studies on the integration of physics-based models with data-driven approaches.
Reference Measured data Physics laws applied Predicted outcomes

Lin et al. 
(2024)

– Tunnel depth (m) 
– Chamber pressure (bar) 
– Total thrust force (kN) 
– Screw conveyor pressure (MPa) 
– Advance speed (m/s)

Lateral earth pressure coefficient:   

σTBM ¼

K0 γ0hþ qð Þ þ γw h � hwð Þ Staticð Þ

Ka γ0hþ qð Þ � 2c
ffiffiffiffiffi
Ka
p
þ γw h � hwð Þ Activeð Þ

Kp γ0hþ qð Þ þ 2c
ffiffiffiffiffi
Kp

p
þ γw h � hwð Þ Passiveð Þ

8
<

:

γ0 = average unit weight of soil 
γw = unit weight of water 
h = depth from the ground surface to the center of TBM 
hw = depth from the ground surface to the groundwater table 
q = surcharge pressure on the ground

TBM advance speed and stability

Zhang et al. 
(2023)

– Position coordinates of the 
objective domain, X ¼ x; zð Þ

– Ground surface boundary z ¼ 0ð Þ

– Vertical symmetric boundary 
x ¼ 0ð Þ

Elastic mechanics:   

σij;j � fi ¼ 0
σij ¼ kδij εkk þ 2μεij 

where i; j ¼ x; zð Þ

σij = stress tensor 
εij = strain tensor 
δij = Kronecker delta 
kandμ = Lame parameters 
fi = body force

Tunnelling-induced ground 
deformations

Li et al. 
(2023)

– Tunnel depth 
– Soil Poisson’s ratio 
– Gap parameter 
– Degree of consolidation 
– Coefficient of volume 

compressibility 
– Excess pore pressure

Equivalent ground loss model:  
S1 ¼

1
2H 4 1 � vð Þ � 1

H3

� �
� 4gRþ g2ð Þ

H = tunnel depth 
v = soil Poisson’s ratio 
g = gap parameter 
R = radius of the tunnel 

Terzaghi’s consolidation theory: 
sðtÞ ¼ Uz

av u
1þe H

Tv ¼
k 1þeð Þt
yw av H2

mv ¼
av

1þe 
av = coefficient of compressibility 
e = void ratio 
mv = coefficient of volume compressibility 
k = coefficient of soil permeability 
t = time 
yw = water weight

Tunnel-induced short- and long- 
term ground settlement

Chen et al. 
(2023)

– Volumetric water content 
– Hydraulic conductivity 
– Matric suction 
– Soil depth

Richards equation in mixed form: 
@θ xð Þ
@t ¼ Ñ � K xð ÞÑ ψ xð Þ þ zð Þ½ � þ S; x 2 Ω 

θ = volumetric water content 
t = time 
K = hydraulic conductivity given by hydraulic conductivity 
function (HCF) 
ψ = matric suction deduced by a soil water characteristic curve 
(SWCC) 
z = soil depth 
S = source term 
Ω = spatiotemporal domain 
Boundary conditions:  

ψ xð Þ ¼ g xð Þ; x 2 @ΩD  
q xð Þ ¼ n � K xð ÞÑ ψ xð Þ þ zð Þ; x 2 @ΩN 

@ΩD = Dirichlet Boundaries 
@ΩN = Neumann Boundaries 
Van Genuchten Model for Soil Water Characteristic Curve (SWCC) 
and Hydraulic Conductivity Function (HCF): 

Θ ¼ ð1þ jαψjnÞ� m ψ< 0
1 ψ � 0

�

K ¼ KsΘ
1
2 1 � 1 � Θ

1
m

� �mh i2 

Θ = relative saturation 
Ks = saturated hydraulic conductivity 
α; n;m = fitting parameters with m ¼ 1 � 1=n

Water flow in unsaturated soils

Gao et al. 
(2023)

– Seepage characteristics 
– Boundary conditions 
– Specific locations of the phreatic 

line

Darcy’s law with flow equation: 
@
@x kx

@h
@x

� �
þ @

@y ky
@h
@y

� �
¼ 0 

h = waterhead 
kx andky = permeability coefficient of the porous medium in the 

x and y direction

Phreatic line of seepage in dams
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The application of PIML shows potential in addres
sing real-world geotechnical challenges. Unlike 
machine learning approaches that do not incorporate 
physical laws, which may require substantial-labelled 
datasets in some cases, PIML ensures that predictions 
adhere to physical principles while reducing data 
requirements, particularly in specialised geotechnical 
applications (Zhang et al. 2023, He et al. 2024). While 
some machine learning approaches require large data
sets, many modern techniques exist to address small 
dataset challenges, for example, advanced techniques 
such as transfer learning, self-supervised learning, 
semi-supervised learning and foundational models 
have been developed to mitigate data limitations effec
tively. PIML is particularly useful when these techni
ques are not applicable. In such cases, PIML offers 
a robust alternative by embedding domain-specific 
physics into the learning process, providing a more 
efficient and accurate solution when data scarcity is an 
issue or when traditional machine learning methods 
are less effective. These approaches not only leverage 
in-situ observations but also integrate with physics 
principles by discovering the relationships between 
data and the underlying physics, enhancing the pre
dictive capabilities of the models in complex geotech
nical environment (Lin et al. 2024). The primary 
benefits of using PIML in geotechnical engineering 
are able to address the limitations of traditional mod
els such as the need for adequate data quality and 
quantity by incorporating physics laws with data- 
driven insights (Zhang et al. 2023). Thus, making the 
predictions not only accurate but also align with phy
sics laws.

Figure 3 illustrates the schematic diagram of an 
optimised physics-informed neural network (PINN) 
approach that incorporates measured data and dyna
mically adjusted loss weighting coefficients (Gao et al.  
2023). This approach is representative of the typical 
PINN design, which combines multiple loss compo
nents to balance physical laws, data and residuals. The 
data loss represents the discrepancy between model 
predictions and measured data. Gao et al. (2023) 
incorporated measured data into the loss function as 
a quadratic regularisation term to guide the neural 
network’s learning process, improving convergence 
and accuracy in predicting the phreatic line in seepage 
analysis. Besides, physical loss enforces consistency 
with the governing physical laws, such as Darcy’s law 
for seepage analysis. Gao et al. (2023) encoded Darcy’s 
law into the loss function to constrain the neural net
work’s output, ensuring physically reasonable predic
tions. Similarly, Chen et al. (2023) utilised the 
Richards equation for modelling unsaturated water 

flow, embedding it into the loss function to align 
predictions with well-established physical principles. 
Furthermore, residual loss minimises the violation of 
the PDEs governing the physical process. Gao et al. 
(2023) dynamically adjusted the weighting of residuals 
during training to balance convergence rates across 
different loss terms, significantly enhancing model 
stability. To achieve accurate predictions, this PINN 
approach integrates measured data into the loss func
tion as a quadratic regularisation term, dynamically 
adjusts loss weighting coefficients (μ) to balance con
vergence across different components, and requires 
careful hyperparameter tuning such as learning rate, 
number of neurons and hidden layers (Gao et al.  
2023).

While PINNs form the foundation of many phy
sics-informed approaches, different architectures have 
been developed to address specific challenges in geo
technical engineering. These architectures include tra
ditional PINNs, hybrid models and graph neural 
networks (GNNs), each offering distinct advantages 
and being suited for different problem types. 
A careful selection of these models, along with appro
priate optimisation methods, is crucial for ensuring 
accuracy and efficiency in geotechnical applications.

1.3.1. PINNs architecture
The standard PINNs architecture, as illustrated in 
Figure 3, embeds governing PDEs directly into the 
loss function, ensuring that the learned solutions 
adhere to established physical principles (Chen et al.  
2023, Gao et al. 2023). PINNs are particularly well- 
suited for problems where physical laws are well- 
defined, and mathematical formulations provide 
a reliable description of the system’s behaviour. This 
approach is effective in cases such as groundwater flow 
modelling, where the governing equations (e.g. 
Darcy’s law or the Richards equation) are explicitly 
incorporated into the model.

1.3.2. Hybrid models
In scenarios where purely physics-based approaches 
may not fully capture the complexities of real-world 
conditions, hybrid models provide a more flexible 
alternative. These models integrate physics-informed 
constraints with data-driven machine learning techni
ques. For example, Lin et al. (2024) proposed a hybrid 
ensemble framework that combines physics-based 
consolidation theories with empirical ground loss 
models to improve the prediction of both short- and 
long-term ground settlements. Hybrid models are par
ticularly useful when multiple data sources (e.g. sensor 
data and numerical simulations) must be combined 
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with physical laws to achieve accurate and generalisa
ble predictions.

1.3.3. Graph neural networks (GNNs)
For problems involving complex spatial dependencies, 
such as soil–structure interactions or large-scale stress 
distribution analyses, GNNs offer a powerful alterna
tive to traditional PINNs and hybrid models 
(Karniadakis et al. 2021). Unlike PINNs, which rely 
on explicit PDE formulations, GNNs excel in captur
ing spatial relationships between discretised regions of 
a geotechnical system. By encoding interactions 
between spatial nodes, GNNs are particularly effective 
in problems where structural connectivity plays 
a crucial role, such as predicting stress propagation 
in tunnel linings or analysing the stability of multi- 
layered slopes.

1.3.4. Loss function design
An effective loss function is critical for ensuring model 
accuracy and stability. Multi-objective loss balancing 
techniques, such as GradNorm and principled loss 
functions, dynamically adjust the weighting of differ
ent loss terms during training, helping to balance 
competing objectives (Chen et al. 2023). These tech
niques are particularly useful when multiple compet
ing objectives must be optimised simultaneously. 
Furthermore, Zhang et al. (2023) introduced penalty- 
based methods to enforce boundary and initial condi
tions, improving model robustness for tunnelling- 
induced deformation predictions. These strategies 
ensure that PIML models not only fit observed data 
but also adhere to fundamental physical constraints.

1.3.5. Domain-specific customisations
Beyond general-purpose architectures, PIML approaches 
are often customised for specific geotechnical applica
tions. For instance, during the seepage analysis, Gao et al.  
(2023) integrated site-specific measured data with 
Darcy’s law into the loss function to model phreatic 
lines in earth dams. In groundwater flow modelling, 
Chen et al. (2023) designed the PINN to address the 
nonlinearities of the Richards equation, tackling challen
ging flow problems in unsaturated soils. Similarly, Zhang 
et al. (2023) incorporated elastic mechanics equations 
into their PINN framework to improve stress and dis
placement field predictions in tunnelling-induced defor
mations under limited data conditions. In geotechnical 
applications, PIML methods have also been applied to 
improve tunnelling operations, such as predicting tunnel 
boring machine (TBM) advance speed and stability by 
embedding lateral earth pressure principles into the loss 
function (Lin et al. 2024).

This expanded framework demonstrates the versa
tility of PIML approaches and provides a roadmap for 
integrating physics-informed methods into diverse 
geotechnical engineering applications. By conducting 
a comprehensive review and systematically comparing 
different PIML architectures, designs, and their opti
mal use cases, this paper not only surveys the current 
state of the art but also provides directional guidance 
for future advancements in the field.

2. Advantages with PIML in geotechnical 
engineering

This section highlights the key advantages of PIML in 
geotechnical applications. PIML enhances model 
accuracy and robustness by integrating physical con
straints, allowing it to effectively handle imperfect, 
noisy and sparse data, which is common in geotech
nical engineering due to soil property variability and 
environmental factors. Additionally, PIML offers sig
nificant potential as a surrogate model for traditional 
geotechnical methods, reducing the reliance on exten
sive field data. By combining expert knowledge with 
physical laws, PIML enables more efficient and accu
rate modelling of complex geotechnical phenomena, 
improving model interpretability and predictive cap
abilities. The following sections explore these advan
tages in greater detail, exploring how these features 
contribute to advancing geotechnical engineering.

2.1. Dealing with imperfect data

Physics-informed constraints can help models better 
handle noisy, sparse, or uncertain data by guiding the 
learning process more interpretable and towards physi
cally plausible solutions. This can improve the robust
ness of predictions in geotechnical applications, where 
data uncertainty is common due to variability in soil 
properties and environmental conditions. Moreover, 
incorporating physics-based constraints can help reduce 
the amount of ground truth data required for training, 
as the models are guided by underlying physical prin
ciples. This is particularly advantageous in geotechnical 
engineering, where obtaining large labelled/ground 
truth datasets may be challenging or expensive.

2.2. Surrogate modelling

In PIML, surrogate modelling can be employed to 
generate synthetic data derived from well-understood 
and reliable physical conditions, facilitating the reso
lution of more complex real-world field problems. For 
instance, Pachalieva et al. (2022) utilised single-phase 
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steady-state flow data to address multi-phase flow 
challenges, while Yan et al. (2023) incorporated ther
mal physics equations to account for temperature- 
induced effects on axial displacements in tunnel joints, 
thereby mitigating noise in displacement predictions 
for immersion joints. Similarly, Ozelim et al. (2024) 
leveraged triaxial test data based on the critical state 
NorSand model to represent various elemental condi
tions in tailings dams, and Zhang et al. (2023) inte
grated underlying physical mechanisms of ground 
deformation due to tunnel excavation to minimise 
the required training data. By capturing essential phy
sical laws under controlled conditions, synthetic data 
can be effectively combined with real on-site data, 
which may involve complex boundary conditions or 
exhibit high degrees of non-linearity. This approach 
reduces dependence on extensive field data for model 
training while enhancing model interpretability and 
predictive accuracy for site-specific applications.

On the other hand, surrogate modelling can also be 
used to increase the productivity as an intermediate 
step in a pipeline of the numerical simulations. Fu 
et al. 2023) used a combined approach with FLAC3D 
(Itasca Consulting Group Inc., 2019), Machine 
Learning and PFC3D (Itasca Consulting Group Inc.,  
2023). First, small FLAC3D models simulated rock 
blasting in a small area, capturing the initial rock 
movement when an explosive goes off and gas pres
sure affects the borehole. The results from these mod
els, along with an analytical model for burden 
movement, were used to train a machine learning 
model. This model, a neural network with three hid
den layers of seven nodes each, was trained on data 
from 10,000 FLAC3D runs. The trained machine 
learning model predicts complex simulation results 
efficiently, such as burden velocity and gas pressure 
over time. Using insights from the machine learning 
model, PFC3D was then used to simulate the detailed 
rock movement and muckpile formation further away.

2.2.1. Elemental tests as a prior
Recent research by Zhang et al. (2022, 2023) offer 
insightful examples of the effective application of 
prior information-based neural networks (PiNets), 
demonstrating their foundational role in elemental 
tests. PiNet is an advanced neural network framework 
designed to integrate various forms of prior knowl
edge into the learning process, thereby improving the 
model’s performance, interpretability and generalisa
tion capabilities. Unlike traditional neural networks, 
which primarily rely on data-driven learning, PiNets 
can incorporate not only physical laws but also 
empirical observations, heuristic strategies, logical 

rules and expert knowledge. In comparison to 
PINNs, which primarily encode physical laws through 
differential equations, PiNets offer a broader scope by 
enabling the inclusion of a wider range of domain- 
specific knowledge. This versatility allows PiNets to 
model complex systems more comprehensively. 
A process is recommended as follows:

(a) The process begins with gathering data from 
well-understood, reliable and trustworthy phy
sical conditions, such as the single-phase steady 
state condition or triaxial condition. These tests 
are fundamental in geotechnical engineering 
for understanding soil behaviour under various 
stress and boundary conditions. The data 
obtained from these tests provide a rich source 
of insights into the material properties and 
responses of geological materials. This is crucial 
for the accurate recovery of the physical laws 
such as PDEs that govern geotechnical phe
nomena. The results derived from these tests 
serve as a reliable foundation for developing 
and calibrating PIML models. In the case 
where test data is not available, the use of syn
thetic data may be considered as an alternative.

(b) During the process of recovering governing 
physical laws, it can be advantageous to incor
porate intermediate parameters that hold phy
sical significance but are not directly measured 
in the texts. Examples of such parameters 
include stress invariants like the Lode angle. 
The intermediate parameters can provide addi
tional insights and help in accurately capturing 
the physical behaviour of the system.

(c) Integrating physics constraints into the loss 
function is crucial when recovering governing 
laws, as no model is entirely flawless. For 
instance, mathematical models might permit 
certain parameter combinations that are physi
cally implausible. A case in point is in NorSand 
modelling (Jefferies 1993), where a state para
meter ψ0 of þ0:3 coupled with a low critical 
state locus slope λ10 of 0:03 is mathematically 
viable but practically nonsensical, resulting in 
a ‘soil’ model that would fail under the slightest 
stress. Incorporating physics constraints helps 
in preventing such unrealistic scenarios, ensur
ing that the model remains consistent with real- 
world physical phenomena, even though the 
math of the advanced model allows this. The 
fundamental principle of these constraints or 
information lies in incorporating pre- 
established knowledge, such as fundamental 
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physics laws and PDEs, into the modelling 
process.

2.2.2. Expanding PiNet for more complex projects
Research by Kim et al. (2024) and Lan etal. (2024b) 
demonstrate successful application of PIML models 
on actual, large-scale site data. To effectively integrate 
these with modelled elemental test data, several imple
mentation strategies may be considered:

(1) Applying Transfer Learning: This involves 
using a model designed for one task as 
a starting point for a related task. A trained 
PiNet, already knowledgeable in certain physi
cal laws, can thus be used to address more 
complex, similar tasks efficiently, leveraging 
its existing knowledge.

(2) Hybrid Modelling Techniques: A trained PiNet 
can be combined with other neural networks or 
machine learning models to create a hybrid 
system. This system might pair a PiNet with 
a deep learning model that processes data unre
lated to physical laws, resulting in a well- 
rounded model that balances strict adherence 
to physical laws with advanced data processing.

(3) Utilising Ensemble Methods: PiNets that have 
been trained can be crucial in a group of diverse 
models. In such an ensemble, each model 
tackles different aspects or complexities of 
a problem. Combining the predictive powers 
of multiple models, including PiNets, allows 
for more effective handling of complicated 
issues by drawing on the unique strengths of 
each model.

(4) Updating Physics Constraints: Adjust or 
expand the physics constraints in the PiNet to 
cater to new scales and parameter uncertainties. 
Make sure the model can cope with a variety of 
plausible scenarios arising from these 
uncertainties.

In summary, the emphasis on conducting elemental 
tests with well-defined boundary conditions to estab
lish fundamental physical laws is a beneficial part of 
implementing PIML in geotechnical engineering. This 
strategy ensures that advanced machine learning mod
els are grounded in practical physics principles, 
enhancing their accuracy, reliability and adaptability 
for complex geotechnical challenges. This method 
aligns with traditional geotechnical engineering 
approaches, where model calibration against basic ele
mental test results is essential for determining appro
priate parameters for different soil or rock layers in the 

final design’s numerical model. This synergy of estab
lished engineering practices with advanced machine 
learning techniques promises optimal results in geo
technical engineering.

3. State-of-the-art PIML methods in 
geotechnical engineering

This section presents the most recent PIML methods 
from existing research that can be applied in geotech
nical engineering. It covers PINNs and their different 
network structures and optimisation models, physics- 
informed sparse dictionary learning (PISDL) and phy
sics-informed neural operators. This provides an algo
rithmic methodological basis for further geotechnical 
engineering application research in the future.

3.1. Physics-informed neural networks

3.1.1. PINNs for geotechnical engineering
Geotechnical engineering is a discipline with complex 
nonlinear relationships, which often involves solving 
PDEs. Currently, numerical methods such as finite 
difference method (FDM) and finite element method 
(FEM) are often used to solve PDEs (Smith 1985, 
Zienkiewicz et al. 2005, Blazek 2015). These numerical 
methods often require discretisation of computations 
when solving complex PDEs, in which the efficiency 
and accuracy are closely related to the density of the 
grid and the computation step size (Smith 1985, 
Leveque 1998, Zienkiewicz et al. 2005, Sauer 2011, 
Blazek 2015). Recently, PINNs based on machine 
learning have emerged as a powerful tool for solving 
PDEs. The key idea is to incorporate the PDEs’ infor
mation into the loss function, which is minimised 
during training (Raissi et al. 2019). This approach 
allows the neural network to learn solutions that not 
only fit the data but also respect the underlying phy
sical laws (Cai et al. 2021a, 2021c, Haghighat et al.  
2021, Karniadakis et al. 2021, Cuomo et al. 2022). 
Consequently, it has broad application prospects for 
complex problems in geotechnical engineering. By 
embedding differential equations that describe physi
cal phenomena directly into the model training pro
cess, PINNs also provide an alternative paradigm to 
solve challenges in the field of geotechnical engineer
ing (Zhang et al. 2023).

PINNs have been applied to various geophysical 
problems in geotechnical engineering. The consolida
tion problem in geotechnical applications is one of the 
considerations for researchers to combine with 
PINNs. The Terzaghi’s problem involving one- 
dimensional consolidation equations was considered 
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by (Bekele 2021) to discuss the adaptability of PINNs 
on consolidation forward and inverse problems. 
Zhang et al. (2022) investigated the forward and 
inverse consolidation problems under continuous 
drainage conditions and compared the PINN solu
tions with the analytical and numerical solutions 
(FDM). The authors also considered the effects of 
hyperparameters and noisy data, as well as the 
improved PINNs (Lan et al. 2024a). Furthermore, 
Zhang et al. (2022) present a generic physics- 
informed method using a prior information-based 
neural network (PiNet) model and sparse regression 
to ensure the predictive accuracy and robustness to 
noise for consolidation analysis. Lu and Mei (2022) 
used the PINNs model to predict the excess pore water 
pressure in two-dimensional consolidation problems 
with multidirectional theory. The above studies have 
shown that the PINNs method can excellently solve 
the consolidation problems under various drainage 
conditions and also exhibits some noise immunity in 
estimating the relevant parameters. This PIML algo
rithm has benefits in obtaining desirable solutions and 
dependable parameter estimations with sparse or 
noisy data, which helps the practice in geotechnical 
engineering. On the other hand, the geotechnical cou
pling equations also attracted interests. Kadeethum 
et al. (2020) focused on the potential of the PINNs 
model in solving multi-physics problems, Biot’s and 
nonlinear diffusivity equations are applied to verify 
the feasibility of PINNs. The results indicated that 
the PINNs model is especially effective in the inverse 
case of multi-physics problems. Amini et al. (2022,  
2023) proposed a PINN-THM solver to solve coupled 
equations in the geotechnical field, specifically, the 
approach is designed for the multiphase thermos- 
hydro-mechanical (THM) equations in porous media 
and well suitable for inverse problems. As for other 
applications of PINNs in geotechnics, Tao et al. (2023) 
employed several physics-inspired neural network 
models as an alternative for efficiently assessing the 
underground seepage flow rate of cut-off wall, which is 
widely used in geotechnical engineering. Other related 
studies have also shown that PINNs have the ability to 
solve unsaturated flow problems in geotechnical engi
neering (Tartakovsky et al. 2020, Bandai and 
Ghezzehei 2021, 2022, Depina et al. 2022, Lan et al.  
2024b, 2024c). More generally, the significant poten
tial of PINNs in the field of porous media in geotech
nical engineering has been revealed (Fuks and 
Tchelepi 2020, Fraces et al. 2020, Bekele 2020, 2021, 
Kadeethum et al. 2020, Amini et al. 2022, 2023, Depina 
et al. 2022, Haghighat et al. 2022, Zhang et al. 2022). 
Ouyang et al. (2024) applied the PINNs model on the 

analysis of soil–structure interactions, specifically, the 
large deflection of piles is considered as the application 
point to extend utilisations of PINNs. Zhang et al. 
(2023) only used a small amount of data to train the 
PINNs model and it can reasonably reproduce the 
numerically-obtained ground deformation field 
caused by tunnelling. By combining neural networks 
and numerical PDE solvers, the model is able to solve 
a wide range of seismic inversion problems, such as 
seismic positioning, velocity estimation and fault rup
ture imaging (Zhu et al. 2021). The above studies show 
that the PINNs algorithm can provide new ideas for 
solving geotechnical engineering-related problems 
both forward and inversely.

3.1.2. Different neural networks
Recent research has also comprehensively reviewed 
the current status of PINNs solver for numerical ana
lysis in geoengineering (Chen et al. 2024). There are 
various baseline neural networks that can be used to 
build PINNs. For instance, the fully connected neural 
networks (FC-NNs) (Raissi et al. 2019, Cai et al. 2021a, 
Karniadakis et al. 2021), the Convolutional Neural 
Networks (CNNs) (Gao et al. 2021a, Fang 2022, Qu 
et al. 2022, Ren et al. 2022, Yuan et al. 2024), the 
Recurrent Neural Networks (RNNs) (Hu et al. 2009, 
Nascimento and Viana 2019), the long short-term 
memory (LSTM) neural networks (Zhang et al. 2020,  
2022, Lahariya et al. 2022), the Residual Neural 
Networks (ResNets) (Wu and Xiu 2020, Chen et al.  
2023), the Graph Neural Networks (GNNs) (Gao et al.  
2022, Jiang et al. 2023), the Generative Adversarial 
Networks (GANs) (Radford et al. 2015, Farimani 
et al. 2017, Yang et al. 2020, Bullwinkel et al. 2022) 
and the Transformers (Li et al. 2022, Liu et al. 2022, 
Wang et al. 2022, Ovadia et al. 2023), etc. The most 
appropriate network can be determined based on the 
specific situation of the problems that need to be 
solved.

3.1.3. Optimisation of PINNs
Despite their potential, PINNs may struggle to learn 
even simple problems, such as advection and reaction- 
diffusion equations, which highlights their limitations 
in certain scenarios. Krishnapriyan et al. used two 
promising solutions curriculum learning and 
sequence-to-sequence learning to mitigate these defi
ciencies (Krishnapriyan et al. 2021). Optimising the 
performance of PINNs becomes a challenge (Wang 
et al. 2023, Rathore et al. 2024). Therefore, a series of 
optimisation algorithms were proposed to enhance the 
efficiency and stability of PINN training that can 
employ in PINNs for geotechnical engineering, such 
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as optimal PINNs initialisation (Liu et al. 2022), self- 
adaptive loss function, loss weights or loss function 
optimisation (Bischof and Kraus 2021, Yu et al. 2022, 
Zeng et al. 2022, Xiang et al. 2022, Psaros et al. 2022, 
Mcclenny and Braga- Neto 2023, Song et al. 2024), 
adaptive activation function (Jagtap et al. 2020), adap
tive sampling methods (Tang et al. 2023, Wu et al.  
2023), parallel computation (Meng et al. 2020, Shukla 
et al. 2021) and domain decomposition (Li et al. 2020, 
Moseley et al. 2021, Kharazmi et al. 2021, Dolean et al.  
2022, Hu et al. 2022, Penwarden et al. 2023), etc. The 
exploration and application of PINNs algorithms in 
geotechnical engineering is still in its infancy and has 
not yet formed a trend or reached a certain scale of 
research. There are also challenges encountered in 
specific applications such as low computational effi
ciency, convergence difficulties and computational 
costs that need to be solved urgently.

3.2. Physics-informed sparse dictionary learning 
(PISDL)

Physics-informed machine learning enriches the para
digm of machine learning to shape geotechnical engi
neering practice by integrating physics (or 
geotechnical domain knowledge) into emerging 
machine learning methods. Under PIML, how to 
effectively and efficiently integrate machine learning 
methods and geotechnical domain knowledge to 
address a broad spectrum of real-world engineering 
problems remains an open question. Tian and Wang 
(2023) proposed PISDL as a promising alternative. 
PISDL combines sparse dictionary learning (SDL), 
a machine learning method for decomposing and 
reconstructing signals, and the random FEM. The 
fundamental idea of SDL is that a signal, or a dataset, 
of interest (e.g. geotechnical responses such as ground 
settlement, which are stored in a matrix D) can be 
represented using a linear combination of elementary 
datasets (i.e. atoms in SDL) from a training database 
(i.e. a dictionary in SDL) (Tošić and Frossard 2011, 
Dumitrescu and Irofti 2018): 

where Bi is an atom that has the same dimension as D; 
N is the number of atoms; and ωi is the weight with 
respect to Bi.

SDL has two distinctive features: (1) the geotech
nical dataset D concerned can be approximated 
using a limited number of important dictionary 
atoms (i.e. most weights ωi in Eq. (1) are zeros); 

and (2) important dictionary atoms can be identi
fied for model prediction using field data such as 
monitoring data. Furthermore, in PISDL, each atom 
is constructed using FEM results. FEM embodies, 
implicitly or explicitly, the geotechnical physics or 
domain knowledge (e.g. soil mechanics, numerical 
analysis principles and engineering judgement) and 
builds on project-specific data (e.g. site investigation 
data and construction sequences) for developing the 
FEM model. In addition, various uncertainties, such 
as uncertainties in underground stratigraphy and 
soil properties (Tian and Wang 2023, Tian et al.  
2024), are quantified and considered using random 
FEM for construction of a dictionary with many 
atoms.

The proposed PISDL inherits the merits of both 
SDL and FEM and addresses some crucial chal
lenges that impede the immediate deployment of 
machine learning in practice, such as the depen
dence on extensive training databases, poor perfor
mance in extrapolation, a lack of interpretability 
and computational inefficiency (Phoon and Zhang  
2023). First, random FEM analyses are adopted to 
construct a dictionary in PISDL, which tackles the 
foremost challenges associated with a lack of high- 
quality training databases in machine learning 
(Wang and Tian 2024). FEM naturally imbeds geo
technical domain knowledge and enables extrapola
tion beyond observation data at a field scale. This 
makes PISDL easy to interpret and properly extra
polate, e.g. at subsequent time steps or across dif
ferent spatial domains, such as 1D (Tian et al.  
2024) or 2D space (Tian and Wang 2024). 
Second, the model prediction in SDL is 
a weighted summation of important atoms, and it 
is, therefore, transparent (i.e. not a black box) and 
improves interpretability of PISDL. Important 
atoms are identified using monitoring data, and 
the monitoring data may be sparse, multi-source 
and vary across different temporal or spatial 
domains (Tian et al. 2024). Moreover, dictionary 
atoms are independent of monitoring data, and the 
random FEM analysis for construction of 
a dictionary may be conducted before the collection 
of field data. This allows real-time machine learn
ing and model prediction as monitoring data are 
observed sequentially. Tian and Wang (2023) and 
Tian et al. (2024) showed that as the amount of 
observation data increases, the SDL prediction 
error reduces, indicating continuous improvement 
of model prediction with an increasing amount of 
monitoring data used in machine learning. PISDL 
is a promising method for digital transformation of 
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geotechnical engineering in a practical and coher
ent manner.

3.3. Physics-informed neural operators

Last but not least, the physics-informed neural opera
tor networks have been proven to be efficient for 
learning operators representing mathematical physics 
relations between infinite-dimensional function 
spaces, such as Deep Operator Network (DeepONet) 
(Lu et al. 2021, Wang et al. 2021a, Cai et al. 2021b, 
Koric and Abueidda 2023), Fourier Neural Operator 
(FNO) (Li et al. 2020), Wavelet Neural Operator 
(WNO) (Tripura and Chakraborty 2023), Laplace 
Neural Operator (LNO) (Cao et al. 2024), 
Convolutional Neural Operator (CNO) (Raonic et al.  
2023a, 2023b), Graph Neural Operator (GNO) (Li et 
al. 2020), etc. The most primitive neural operators are 
actually completely data-driven models. Therefore, to 
reduce data dependency, physics-informed deep 
operator network (PI-DeepONet) (Wang et al. 2021) 
is proposed, which further enhances the performance 
and reliability of the method by incorporating physical 
constraints, thus eliminating the need for ground 
truth data. However, it also encounters a bottleneck 
in its performance enhancement. Subsequently, phy
sics-informed neural operator (PINO) is proposed 
based on FNO first (Li et al. 2024), which begins 
with the training of the operator learning in large 
data sets, and then corrects the predicted solutions of 
the operator learning with physical equations on a test 
set and fine-tunes them to high accuracy. In conclu
sion, the neural operator method is very promising in 
learning the solutions of a family of parametric PDEs, 
and the method has been successfully applied to multi- 
scale modelling, multi-physics field simulation, 
inverse design and other fields, becoming a powerful 
modelling tool for complex physical systems (Li et al.  
2020, Goswami et al. 2023, Kovachki et al. 2023, Grady 
et al. 2023, Yin et al. 2022, Liu et al. 2024, Cai et al.  
2021). For instance, Song et al. (2025) proposed 
a physics-informed multi-grid neural operator and 
applied it to porous flow simulation as as an efficient 
alternative for PDE solvers. The integration of all 
neural networks from coarse to fine grids creates 
a multi-grid neural operator that maps random para
meters to solutions on the original grid. The authors 
validated the proposed method using three different- 
sized porous flow examples, and the predictions 
matched well with the results obtained by the numer
ical solver. Meanwhile, the execution speed increased 
by 10 to 100 times. Kaewnuratchadasorn et al. (2024) 
proposed a Physics Informed Neural Operator Solver 

(PINOS) that can achieve accurate and fast simulation 
of solid mechanics without any dataset. The results of 
numerical examples indicate that the proposed 
method can approach solutions significantly faster 
than PINN’s benchmark in simulating solid 
mechanics. Meanwhile, it also has super-resolution 
prediction capability. In addition, in static problems 
of two-dimensional and three-dimensional solid 
mechanics, PINOS converges more than 20 times fas
ter than finite element software. Such relevant studies 
have shown that physics-informed neural operators 
have greater potential than PINNs, and this method 
theoretically provides significant advantages in com
putational efficiency and accuracy (Wang et al. 2024, 
Yuan et al. 2025). Because operator learning can learn 
mappings of PDE families, combining operator learn
ing with physical equations has good academic and 
industrial prospects in geotechnical engineering.

4. Application highlights of PIML in 
geotechnical engineering

This section focuses on the highlights of PIML appli
cations in relevant geotechnical engineering fields, 
exploring and summarising its use in constitutive 
modelling of soils, hydrology, geotechnical site inves
tigation, landslide and slope stability analysis and off
shore foundation engineering in detail. This is an 
important inspiration for present and future applica
tion research.

4.1. Constitutive modelling of soils

4.1.1. DL-based constitutive models
In recent years, deep learning (DL) methods have 
emerged as powerful tools for developing constitu
tive models (Gao 2018, Zhang et al. 2021, Baghbani 
et al. 2022). These methods leverage multi-layered 
neural networks to autonomously extract complex 
nonlinear relationships from extensive datasets, 
enabling the modelling of material behaviour with 
high accuracy and without prior theoretical assump
tions. DL models have been extensively utilised in 
the constitutive modelling of various types of soils, 
including carbonate sand (Kohestani and 
Hassanlourad 2016), unsaturated soil (Habibagahi 
and Bamdad 2003), stabilised soil (Iravanian et al.  
2022) and clay (Lin et al. 2019). However, the per
formance of the pure DL models is heavily depen
dent on the availability of high-quality dataset (Su 
et al. 2024). Insufficient or low-quality data can 
degrade model performance and limit application 
scope. Furthermore, these models tend to have 
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highly complex architectures and a large number of 
parameters, leading to poor generalisation to unseen 
data, lack of interpretability and even violation of 
basic physical principles (Javadi and Rezania 2009, 
Kim et al. 2021).

4.1.2. Physics-informed neural networks
Physics-informed neural networks (PINNs) have the 
potential to bridge the gap above by integrating physi
cal laws or constraints into the model, thereby enhan
cing predictive capacity. For example, Zhang et al. 
(2022) developed a physical-constrained DL model 
for predicting the complex path-dependent behaviour 
of soils, achieving higher predictive accuracy than tra
ditional LSTM models. He and Chen (2022) proposed 
a thermodynamically consistent RNN for data-driven 
modelling of path-dependent material, demonstrating 
remarkable accuracy in predicting soil behaviour under 
cyclic shearing conditions. Su et al. (2024) proposed 
a thermodynamics-informed neural network for elas
toplastic constitutive modelling of granular materials, 
exhibiting superior ability and robustness compared to 
pure data-driven models. These advancements prove 
that PINNs offer a more robust framework by combin
ing data-driven learning with physical constraints, 
reducing over-reliance on extensive datasets and 
enhancing interpretability and reliability.

4.1.3. More sophisticated models
Remarkably, there is a continuous evolution of increas
ingly sophisticated model architectures in the field of 
DL, such as transformers (Vaswani et al. 2017, Zhou 
et al. 2021) and GNNs (Vlassis et al. 2020, Vlassis and 
Sun 2023, Xiao et al. 2023), each designed to tackle 
specific challenges with increasing efficiency and accu
racy. These models, with their unique mechanisms for 
capturing complex patterns and relationships, offer 
new avenues for improving the predictive capabilities 
of soil models. Future research could focus on refining 
these existing models and balancing the latest innova
tions in the DL field with domain-specific knowledge. 
Additionally, the advent of advanced training techni
ques, including ensemble learning (Ganaie et al. 2022) 
and transfer learning (Tan et al. 2018, Xiong and Wang  
2024), has further enhanced the capabilities of these 
models. Ensemble learning, by combining multiple 
models, can improve robustness and generalisation, 
while transfer learning leverages pre-trained models 
to expedite the training process and enhance perfor
mance, especially in scenarios with limited data. Future 
research should focus on integrating these training 
techniques with the latest model architectures to opti
mise the performance of soil constitutive models.

4.1.4. Numerical analysis incorporating DL-based 
soil models
Furthermore, recent advancement in DL models 
have offered a powerful alternative to traditional 
constitutive models in the numerical analysis of geo
technical boundary value problems (BVPs). Among 
various numerical methods, the FEM stands out as 
the most widely used approach to solve various 
BVPs and has achieved great success in geotechnical 
engineering (Zienkiewicz and Morice 1971, Potts 
et al. 2001). Traditional constitutive models often 
require extensive calibration process and are tailored 
to specific soil types and loading conditions, limiting 
their general applicability and accuracy. 
Additionally, their complex formulations often 
impede convergence in numerical simulations (Shin 
and Pande 2000, Zhang et al. 2021). To address the 
limitation of traditional constitutive models, recent 
research has focused on integrating DL models with 
physical constrains into FEM. For example, Zhang 
et al. (2022) integrated a DL model with physical 
constraints into FEM and successfully performed 
numerical simulations of biaxial compression tests. 
Qu et al. (2023) developed a novel training strategy 
for the DL model and integrated the trained model 
into FEM to simulate a strip footing problem. Guan 
et al. (2023) proposed an FEM framework for geo
technical analysis that could incorporate different 
DL-based soil models and illustrated its capacity 
with three different BVPs. These studies demonstrate 
that the integration of DL-based soil models into 
FEM could significantly enhance the accuracy and 
efficiency of geotechnical analyses.

However, current research mainly focuses on the 
synergy between DL models and FEM. Traditional 
FEM often encounters mesh distortion when dealing 
with large deformation problems, which can lead to 
decreased computational accuracy and even result in 
non-convergence. Future studies could explore the com
bination of DL models with advanced numerical tech
niques capable of handling large deformations 
effectively, such as the particle finite element method 
(Oñate et al. 2004), smoothed particle hydrodynamics 
(Gingold and Monaghan 1977) and the material point 
method (MPM) (Sulsky et al. 1994). Chen et al. (2023) 
successfully integrated a DL-based constitutive model 
for granular materials with the MPM to analyse the 
mechanical response of loose soil layers under the 
dynamic loading from moving vehicles, demonstrating 
the potential application of DL models within the MPM 
framework. Nevertheless, the application of DL models 
in other geotechnical BVPs involving large deformations 
remains limited and warrants further investigation.
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4.2. Hydrology

4.2.1. Deep learning
In the past two decades, deep learning methods have 
emerged as a transformative tool in hydrology, offer
ing innovative solutions to address the field’s inherent 
complexities, such as nonlinearity and uncertainty 
(Zhu et al. 2020, Ahmed et al. 2022). Its ability to 
process large datasets, uncover hidden patterns and 
improve predictive accuracy has led to its application 
across various hydrological domains, including hydro
logical prediction (Shen 2018, Xu and Liang 2021), 
and hydrological data mining (Alley and Taylor  
2001, Kulanuwat et al. 2021, Yang et al. 2021). For 
hydrological prediction, CNN and RNN deep learning 
models, with their strong capabilities in processing 
spatial and temporal data, respectively, have signifi
cantly enhanced the accuracy of river level and runoff 
predictions at the catchment scale (Zhang et al. 2021, 
Ahmed et al. 2022, Wunsch et al. 2022, Xu et al. 2022). 
Moreover, DL methods effectively address data chal
lenges like missing information (Kulanuwat et al.  
2021, Yang et al. 2021, Mo et al. 2022) and outlier 
detection (Fang et al. 2020, Hu et al. 2021, Kim et al.  
2022), with techniques such as Bayesian CNNs and 
LSTM. Despite the numerous achievements of deep 
learning in the field of hydrology, some studies even 
suggest that deep learning models can achieve higher 
accuracy than traditional physics-based models 
(Xiong et al. 2022). However, its application in hydrol
ogy remains limited and questioned due to the lack of 
high-quality data and the black-box nature of deep 
learning.

Recent studies have shown that embedding phy
sical models into DL models can provide crucial 
information to complement data-driven DL models 
and enhance their performance (Reichstein et al.  
2019, Huang et al. 2022). Since 2019, PINNs have 
been increasingly used in various applications such 
as water quantity and quality in agricultural areas 
(Liang et al. 2019), rainfall-runoff models (Herath 
et al. 2021) and transient hydraulic analysis of pipe
line systems (Ye et al. 2022). Compared to tradi
tional methods, the training process of PINNs is 
more time-consuming and challenging to replace 
with new solvers such as finite element and finite 
difference methods. However, PINNs can incorpo
rate nonlinear constraints from expert knowledge 
and engineering controls into fully connected neural 
networks, making it more flexible than traditional 
methods. Additionally, post-training, PINNs infer
ence is rapid, and PINNs framework as a surrogate 
model (He et al. 2020, He and Tartakovsky 2021), 

still holds advantages in problems requiring repeated 
model invocations, such as uncertainty analysis 
(Wang et al. 2021b) and inverse problems 
(Tartakovsky et al. 2020, Wang et al. 2021a). 
Currently, PINNs are mostly based on fully con
nected neural networks, but other neural network 
architectures such as CNN, FCNN and Auto 
Encoder are gradually being incorporated into the 
PINNs framework for hydrological research (He 
et al. 2021, Wang et al. 2021b, 2021c).

4.2.2. Physics-encoded deep learning (PEDL)
Physics-encoded deep learning (PEDL) is another 
paradigm that integrates physical information with 
neural networks, achieved by encoding hydrody
namic processes into the structure of neural net
work hidden layers (Jiang et al. 2020). This 
approach is often employed for hydrological fore
casting at the watershed scale. Cai et al. (2022) 
established a PEDL model based on one- 
dimensional convolutional neural network (1D- 
CNN) and GRU, and it predicted groundwater 
levels in 91 illustrative cases across the middle east
ern continental United States (CONUS) region. 
When compared to traditional models, it exhibited 
higher accuracy and robustness. Wang et al. s(2024) 
encode hydrological processes from HydroPy into 
RNNs and applied to the Amazon basin, signifi
cantly improving the prediction accuracy of surface 
runoff in the Amazon basin.

4.2.3. Transfer learning
Transfer learning offers another method to integrate 
physical information with deep learning. Transfer 
learning is effective in recognising the knowledge 
learned in a previous task to a new task (Pan and 
Yang 2009). Model data is considered as a form of 
big data in geosciences. Compared to observed data, 
model data offers the advantages of being abundant 
and easily accessible. By establishing pre-trained 
models using model data and then conducting trans
fer learning based on observational data, there is 
tremendous potential to reduce the demand for 
observational data and enhance prediction accuracy. 
Ma et al. (2022) proposed an LSTM-TL model to 
transfer the modelled relationship between ground
water table depth and input hydrometeorological 
forcings to the observation-based estimation in 
2569 monitoring wells in Europe. The LSTM-TL 
agrees with the in-situ data well and shows the 
advantage of DL and physics-based models by trans
fer learning. Zhang et al. (2023) utilised a pre- 
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trained model based on a simple homogeneous 
groundwater analytical solution model and 
employed observational data for transfer learning. 
This approach successfully enhanced the prediction 
accuracy of groundwater flow fields under hetero
geneous conditions.

4.3. Geotechnical site investigation

Modelling of underground two- or three- 
dimensional (2/3D) stratigraphy is essential for 
geotechnical site characterisation (Shi and Wang  
2021a, 2022a, Shi et al. 2023). Since site-specific 
geotechnical investigation (GI) data are usually 
sparse and very limited (Phoon et al. 2022), it is 
challenging to produce a subsurface stratification 
model with quantified uncertainty, particularly for 
a site with complex geological settings (Shi and 
Wang 2022a, 2022b). Data-driven machine learning 
methods, e.g. CNNs, are appealing but require 
extensive training data (Karniadakis et al. 2021), 
which are not available. Incorporating physics 
(e.g. geological domain knowledge) into machine 
learning methods is a promising alternative to 
address the scarcity of site-specific GI data for 
subsurface stratigraphy modelling (Shi and Wang  
2021b, 2021a).

Prior geological knowledge includes, but is not 
limited to, full geological cross-sections collected 
from past stages of the same project or past projects 
at the same site, neighbouring sites, or beyond 
(Phoon et al. 2022, Shi and Wang 2023). The phy
sical or geological knowledge can be effectively 
represented by images. In other words, the images 
represent an ensemble of prior geological knowledge 
and can be fed into machine learning methods for 
delineating underground stratigraphy from sparse 
GI data at a specific site. For example, image-based 
stochastic simulation methods such as multiple 
point statistics (MPS) have been developed for sub
surface geological formation (Shi and Wang 2021b). 
MPS is able to adaptively learn stratigraphic rela
tionships from limited and site-specific GI data and 
improve automatically through training images (i.e. 
prior physical knowledge). Using stochastic simula
tion, the proposed MPS method not only provides 
best estimates of soil/rock types but also quantifies 
associated stratigraphic uncertainty. To improve 
computational efficiency for subsurface geological 
modelling, iterative convolution XGBoost model 
(IC-XGBoost) (Shi and Wang 2021a), a PIML 
method that was modified from CNN, was devel
oped to learn typical stratigraphic relationships from 

training images (Shi and Wang 2021a) and has been 
extended to build 3D subsurface geological domain 
from sparse GI data and training images (Shi and 
Wang 2021b). IC-XGBoost has been applied to real 
site data, such as a recent reclamation site in 
Hong Kong (Shi and Wang 2022b) and 
a tunnelling site in Australia (Shi and Wang 2023).

4.4. Landslide studies

Machine learning techniques have been demonstrated 
promising predictive performance in landslide predic
tions. Tehrani et al. (2022) conducted a systematic 
review of recent advances and applications of machine 
learning in landslide studies. They pointed out parti
cularly that physics-based methods can help machine 
learning in various ways: (1) make machine learning 
models more explainable, (2) decrease the volume of 
data that is needed to train machine learning algo
rithms and (3) produce synthetic data for data-scarce 
problems. Liu et al. (2023) introduced a physics- 
informed data-driven model integrating limit equili
brium-based numerical tool Scoops 3D and random 
forest methods for landslide susceptibility assessment. 
The proposed method has been proven to be more 
accurate and interpretable than purely data-driven 
method. Wei et al. (2024) combined the infinite 
slope stability analysis and machine learning methods 
(logistic regression and convolutional neural network) 
to enhance regional landslide susceptibility mapping. 
To overcome the difficulties of conventional numer
ical solvers for PDEs in landslide dynamics, Chen et al.  
(2024) established a deep learning framework based 
on Fourier neural operator to model landslide 
dynamic processes and confirmed the superior perfor
mance and the versatility of the proposed method. 
Moreover, Moeineddin et al. (2023) applied PINNs 
using a loss function defined by the underlying PDE 
and field data of three landslides to estimate the sta
bility of catastrophic creeping landslides.

4.5. Offshore foundations

The application of PIML is still at a nascent stage in 
the context of offshore structural and geotechnical 
engineering. A recent review paper by Stuyts and 
Suryasentana (Stuyts and Suryasentana, 2023) 
explores the applications of data science in offshore 
geotechnical engineering, discussing a range of 
machine learning techniques tailored to specific data 
availability and learning objectives. Notably, the paper 
highlights the potential of PIML to enhance predictive 
accuracy, reliability and physical consistency, 
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particularly in scenarios where traditional data-driven 
approaches might fall short. An illustrative case study 
is presented wherein a PINN is compared with 
a purely data-driven neural network in predicting the 
rotation and bending moment profiles of a monopile 
foundation. The study shows that by integrating the 
fundamental physical principles governing monopile 
rotation and bending from beam theory, the PINNs 
predictions outperform those of the purely data- 
driven approach, achieving better agreement with the 
ground truth despite limited training data. This exam
ple underscores the enhanced training data efficiency 
inherent in PIML. This efficiency of training data is 
also demonstrated in a recent study by Suryasentana 
et al. (2024), which proposes a practical approach for 
data-efficient metamodelling and real-time modelling 
of laterally loaded monopiles using physics-informed 
multifidelity data fusion. The method integrates data 
from one-dimensional beam-column model analysis, 
three-dimensional finite element analysis and field 
measurements, enhancing accuracy by combining 
information of varying fidelity. Utilising a scale factor- 
based data fusion architecture within a deep learning 
framework, it incorporates physics-based constraints 
to ensure robust predictions with limited data. 
Demonstrated through a real-world case study on 
monopile lateral load – displacement behaviour, the 
approach yields significantly more accurate predic
tions than single-fidelity metamodels and existing 
multi-fidelity data fusion models. In another mono
pile-related study, Jiang et al. (2023) use a PINNs 
model to investigate pile driving and sound propaga
tion in shallow waters. The study validates the PINNs 
approach by comparing it with analytical solutions, 
demonstrating its effectiveness in accurately predict
ing pile displacements and underwater sound pressure 
levels. Additionally, the study demonstrates PINNs’ 
effectiveness in identifying unknown system para
meters, highlighting its versatility as a tool for solving 
inverse problems.

In terms of offshore structural engineering, de N 
Santos et al. 2023) use a PINN model to estimate 
long-term fatigue in offshore wind turbines, parti
cularly at the Tower-Transition Piece interface. The 
paper introduces a physics-guided loss function, 
Minkowski logarithmic error, to infuse physical 
principles for more accurate fatigue predictions. 
Utilising 9 months of real-world SCADA and accel
eration statistics as inputs for the PINNs model, the 
model’s performance is validated using Tower- 
Transition Piece interface load measurements from 
real-world turbines, demonstrating superior perfor
mance in accumulated fatigue predictions compared 

to a control loss function. Li et al. (2023) also inves
tigates the application of PINNs in estimating the 
motion of an offshore moored buoy under various 
sea states and identifying its system parameters. The 
study establishes a formulation of PINNs for systems 
of ODEs pertinent to the buoy system and proposes 
new metrics for evaluating the accuracy and effi
ciency of the buoy estimations and system identifi
cation. The findings show that appropriate selection 
of hyperparameters can significantly enhance 
motion estimation and system identification accu
racy. Lastly, Liu et al. (2023) introduce a novel phy
sics-informed recurrent neural network-Singular 
Value Decomposition (RNN-SVD) methodology 
for real-time, adaptive modal parameter estimation 
of offshore structures. This approach addresses the 
computational inefficiencies and adaptive limita
tions of traditional SVD in offshore structures mon
itoring. The main novelty of the approach is that it 
transforms the modal identification task into an 
optimal SVD process governed by differential equa
tions through the RNN-SVD framework. The effi
cacy of the approach is shown through numerical 
simulations and field-data studies of an offshore 
wind turbine structure, demonstrating the RNN- 
SVD’s capability to adaptively identify modal para
meters with higher computational efficiency com
pared to traditional methods.

5. Current challenges

5.1. Intrinsic defects of PIML frameworks

The intrinsic defects of PIML frameworks are in the 
first place which bring challenges to their applications 
in geotechnical engineering. Physics-informed 
machine learning models often involve optimising 
complex loss functions that consist of several loss 
terms with different optimisation objectives, which 
may also contradict each other. Several scholars have 
exposed their difficult non-convex optimisation 
(Blum and Rivest 1988) using neural tangent kernels 
(NTK) and loss landscape analysis (Wang et al. 2021,  
2022, Mcclenny and Braga-Neto 2023, Rathore et al.  
2024). This leads to training instability, training falling 
into local minima or saddle points, convergence diffi
culties or non-convergence and high computational 
costs (Karniadakis et al. 2021, Lee et al. Ren et al. 2022, 
Shin et al. 2020, Wu et al. 2023). Hence, they also pose 
intrinsic limitations for the PDEs with high dimen
sionality, nonlinearity, multiscale characteristics and 
drastic gradients in which the complex features are 
difficult to capture (Gao et al. 2021b, Krishnapriyan 
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et al. 2021, Rathore et al. 2024, Rahaman et al., Leung 
et al. 2022). To address the above challenges, PIML 
frameworks with higher performance or optimisation 
algorithms need to be developed to mitigate these 
pathologies (Wang et al. 2021, 2021b, 2022). 
Furthermore, there are also some optimisation exam
ples discussed in section 3.1. In the future, new PIML 
frameworks are expected to better balance the integra
tion of domain knowledge and model explainability.

5.2. Multiphysics and multiscale problems

Many problems in geotechnical engineering involve 
coupled multiphysics which can be described by 
a system of differential equations. Examples include 
hydro-mechanical (poro-mechanical) problems such 
as consolidation settlement and rainfall-induced land
slides (Borja et al. 2012, Borja and Choo 2016); 
thermo-hydro-mechanical problems in geothermal 
energy operations and radioactive waste disposal 
(Dai et al. 2022, Bosch et al. 2023), and chemo-hydro- 
mechanical problems like reaction-induced damage in 
geomaterials (Choo and Sun 2018, Gajo et al. 2019). 
Numerical simulation of such multiphysics problems 
has long been a significant challenge. One main reason 
is that although the governing equations of the multi
physics problems can be formulated based on physical 
principles, they require significant computational 
costs for their numerical solution. Another reason is 
the difficulty to reliably incorporate the interdepen
dence of material properties such as the porosity– 
permeability relationship, as well as state variables 
that often serve as solutions variables. In this sense, 
PIML holds a great promise to revolutionise the way 
geotechnical engineers address coupled multiphysical 
problems.

Yet multiphysics problems also remain an open 
challenge for PIML. Inherently, multiphysics pro
blems are described by multiple governing equa
tions, and it has been shown challenging to 
accommodate multiple equations to the standard 
PIML protocol. Haghighat et al. (2022) have shown 
that for PINNs, the naive approach of adding multi
ple differential equations together to the loss func
tion does not work well, and proposed a sequential 
training algorithm. Such an approach can help PIML 
address challenges posed by the dependence between 
the solution variables in multiphysics problems (e.g. 
the displacement field and pore pressure field in 
coupled hydromechanical problems.). However, 
there exists a large number of unresolved issues in 
PIML for multiphysics problems. One of them is 
how to address space- and time-dependent material 

properties that commonly arise due to heterogene
ity, multiphysics coupling and other reasons. 
Because material properties (i.e. coefficients in gov
erning equations) are training parameters in PINNs, 
only a set of constant material properties can be 
addressed by a PINN. To tackle heterogeneous pro
blems, Jagtap and Karniadakis (2020) proposed the 
extended PINN (XPINN) which decomposes the 
domain into multiple homogeneous sub-domains. 
This is, however, impractical for many geotechnical 
problems where soil heterogeneity is like random 
fields. Recently developed neural operators, which 
learn functionals instead of functions, can elegantly 
address this issue by training material properties as 
functions of space and time, instead of constant 
parameters. The application of neural operators, 
with or without physics-informed bias, to physical 
simulation is an emerging area of research and it is 
believed to be one of the most important future 
directions for PIML for geotechnical engineering.

Multiscale problems, which are common in geo
technical engineering as well as in many disciplines, 
are also a class of problems to which PIML can make 
significant contributions. In most multiscale pro
blems, the bottleneck is the computational cost for 
the solution of the sub-scale (micro-scale) physics: 
The computational cost for sub-scale simulation is 
often prohibitively high, making multiscale simula
tion impractical for real-world applications. Because 
machine learning can dramatically accelerate simu
lation, its application to the sub-scale simulation of 
multiscale problems is a highly promising line of 
research. Indeed, a large number of machine learn
ing algorithms have been developed and applied in 
this context (Wang and Sun 2018, Karapiperis et al.  
2021). However, the machine learning sub-scale 
models in these studies are mostly black-box and 
not regularised from physical knowledge. PINNs 
can be applied to multiscale problems, provided 
that the sub-scale physics can be described by 
a differential equation. Yet many sub-scale physical 
processes in geotechnical problems are not described 
by differential equations because geomaterials are 
discrete while differential equations are formulated 
based on continuum mechanics theory. Therefore, 
instead of PINNs, other approaches would be more 
attractive for modelling discrete, granular systems at 
the sub-scale. One example is GNNs in which phy
sical information is embedded in representing 
a discrete system as a graph (Vlassis et al. 2020). 
Another example is symbolic learning discovers 
mathematical expressions fitting neural networks 
trained with data from sub-scale physics (Bahmani 
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and Sun 2024, Suh et al. 2024). If properly trained, 
the latter approach would be quite practical because 
it is inherently interpretable and compatible with 
many existing workflows. Extending these 
approaches and exploring other novel approaches 
to multiscale modelling of geotechnical problems is 
an open area of research.

5.3. Complex geotechnical materials and 
constitutive models

Section 3.1 of this paper mentions PINNs for the 
physical and mechanical behaviour of geotechnical 
materials, and Section 4.1 discusses deep learning- 
based constitutive modelling of soils. This proves 
that PIML has potential in these areas. However, 
how to use PIML models to better deal with com
plex geotechnical materials and constitutive models 
which have various characteristics with complex 
behaviours remains a challenge. For instance, Bi 
et al. (2021) introduced particle size as an additional 
dimension to model internal erosion causing 
damage to soil slopes. The equations in the funda
mental and extra dimensions are connected through 
a refinement and integration process, which compli
cates the simulation of their material properties. The 
cross anisotropy of the soil was considered for the 
prediction of non-coaxiality. By replacing ordinary 
stresses with cross-anisotropic stresses, the soil con
stitutive model is made more intractable than tradi
tional elastoplastic principal modelling theory (Tian 
and Yao 2017). For soft clays, the initial model was 
deficient. Anisotropy needs to be taken into account, 
and their intrinsic modelling becomes more complex 
but also more complete (Yin et al. 2010). Yang et al. 
(2019) considered the simulation of fine particles in 
granular media combining self-filtration and erosion 
processes, which is more difficult than before. PIML 
can be considered as a surrogate model for geotech
nical engineering. It can serve as an alternative to 
traditional methods, flexibly integrating experimen
tal or observational data to learn the characteristics 
of geotechnical constitutive materials. Moreover, it 
has advantages in solving inverse problems such as 
equation or parameter identification in contrasting 
conventional methods. Meanwhile, PIML also has 
the potential to be combined with traditional meth
ods to achieve complementary advantages. 
Nevertheless, the number of available studies con
sidering PIML models for geotechnical materials 
with complex properties such as those described 
above is still limited.

6. Outlook and future directions

Addressing the challenges outlined in the previous 
section requires innovative approaches that leverage 
advanced technologies. A key theme in the advance
ment of PIML frameworks is the integration of real- 
time, high-quality data through digital twins, which 
can significantly reduce reliance on static datasets. 
This integration enhances the capability of PIML to 
address complex multiphysics and multiscale pro
blems within a cohesive platform. Another crucial 
aspect is real-time monitoring, which enables iterative 
refinement of models and improves predictions by 
capturing the dynamic nature of geotechnical materi
als and constitutive models. Despite the promising 
potential of these technologies, several research gaps 
remain. Future work must focus on addressing chal
lenges related to data integration, model interpretabil
ity and computational efficiency to realise the full 
potential of PIML. Furthermore, emerging technolo
gies such as digital twins and real-time monitoring 
systems should be explored in greater detail to develop 
frameworks that can handle the complexity of real- 
world geotechnical problems. These approaches hold 
promise for overcoming current limitations and 
advancing geotechnical engineering, with the ultimate 
aim of seamlessly integrating domain knowledge with 
data-driven techniques for more accurate and efficient 
predictions.

6.1. Digital twins

The digital twin (DT) concept combines multiple 
technologies to create virtual replicas of real-world 
assets or processes, interconnected with their phy
sical counterparts through real-time monitoring 
systems. This integration enables bilateral updates, 
improving decision-making, predictive maintenance 
and operational efficiency (Chiachío et al. 2022). 
Key technologies include Industry Foundation 
Classes (IFC), Building Information Modelling 
(BIM), Internet of Things (IoT) networks and AI- 
based analytics (Lu et al. 2020). DTs leverage both 
model-driven approaches (physics-based models) 
and data-driven approaches (machine learning), 
with hybrid methods like PIMLs combining their 
strengths for enhanced performance. DTs are dis
tinct from digital threads, which track lifecycle data 
ensuring its consistency and accessibility (Leiva  
2016). While digital threads span all lifecycle stages, 
DTs focus on the current state, releasing separate 
twins for distinct phases (e.g. design, construction, 
operation). Together, DTs and digital threads form 
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key components of a broader digital transformation 
strategy.

The digital twins in geotechnics find applications in 
multiple scenarios, such as real-time monitoring of 
soil conditions (Song and Jang 2018; Shi and Wang  
2022a), stability assessments of slopes and foundations 
(Liu et al. 2022, Sun et al. 2023) and analysis of under
ground structures (Ye et al. 2023, Li et al. 2024, Zhang 
et al. 2024), e.g. operation and maintenance of tunnels 
(Yu et al. 2021), tunnel geological environment repre
sentations (Wu et al. 2022), tunnel construction safety 
and management (Ye et al. 2023), intelligent tunnel 
construction (Li et al. 2024) and rock tunnel design (Li 
et al. 2023), to cite any. Models are key to the imple
mentation of DTs for geotechnical assets, as they 
enable accurate simulations and monitoring. 
Geotechnical assets interact with the ground, requir
ing detailed consideration in modelling soil and rock 
properties, groundwater conditions and geotechnical 
hazards. Multiscale models address materials’ beha
viour at various levels, from macroscopic structures 
to microscopic soil particle interactions. Constitutive 
models represent the mechanical performance of soils 
and rocks under different conditions, forming the 
foundation for larger-scale simulations. Numerical 
models, such as finite element analysis, extend these 
capabilities to include complex geometries, materials, 
soil–structure interactions and environmental factors 
within multi-physics problems. Additionally, static 
models assess stability under static loads, while 
dynamic models simulate responses to dynamic forces 
like earthquakes, providing essential insights into 
structural performance and long-term reliability. In 
a DT implementation, real-time monitoring of inputs 
and outputs is essential for accurately representing the 
physical entity. Inputs include material properties, 
environmental conditions and structural loads, while 
outputs assess the DT’s performance against the actual 
behaviour of the element, such as stress, deformation 
and displacement. For geotechnical assets, monitoring 
site conditions like soil moisture, temperature and 
groundwater levels provides critical data for simula
tions. Predictive maintenance outputs help address 
potential issues proactively. When measurements are 
limited, techniques like stochastic modelling, data 
fusion and estimation methods (e.g. Kalman filtering) 
compensate for unmonitored inputs. Probabilistic risk 
assessment (PRA) quantifies uncertainties, while phy
sics-informed embedding incorporates domain con
straints to supplement missing data. Sensitivity 
analysis identifies critical parameters, guiding focus 
on influential inputs and continuous validation 
ensures the DT remains reliable over time. By 

simulating ‘what if ’ scenarios, DTs gain adaptability 
and generalisation capabilities, enhancing their effec
tiveness in diverse real-world conditions.

The adoption of the DT in geotechnical engineering 
is a rapidly evolving field, with substantial theoretical 
and technical demands (Wu et al.). Key challenges 
include obtaining high-quality data and achieving 
seamless synchronisation and integration of geotech
nical, structural and environmental information for 
comprehensive digital representations. Advancing 
simulation models that balance accuracy with compu
tational efficiency remains critical to enabling real- 
time decision-making. Additionally, greater efforts in 
standardisation are essential to ensure consistency, 
interoperability and the expedited implementation of 
DTs in geotechnical engineering.

6.2. Monitoring and fast prediction of 
geotechnical responses

The recent advancements in foundational multimo
dal generative models, such as GPT-4 and Llama3, 
have propelled AI into various domains (Haleem 
et al. 2022, Kalla et al. 2023, Roumeliotis and 
Tselikas 2023, Liu et al. 2023, Kocon et al. 2023). 
For example, they have brought new paradigms and 
solutions to various scenarios, revolutionising fields 
such as Natural Language Processing (NLP), 
Computer Vision, Speech Recognition and Video 
Analysis, etc. Beyond these traditional AI applica
tions, such models hold great potential for addres
sing complex scientific and engineering challenges in 
geotechnical engineering. Building on this founda
tion, PIML further enhances the feasibility and 
explainability of AI for geotechnical science and 
engineering, as it is emerging as a transformative 
approach, integrating physical laws with data- 
driven models to enhance predictive capabilities. 
This paper reviews the research background, current 
status, applications, urgent challenges, outlook and 
future directions of PIML in geotechnical engineer
ing. By leveraging advancements in AI, including 
foundational models, PIML can enable more accu
rate and efficient modelling of geotechnical 
responses. As research in this field progresses, exist
ing limitations are expected to be mitigated, paving 
the way for novel methodologies and technological 
breakthroughs. On this basis, this study provides an 
effective avenues and alternatives to traditional 
numerical methods for modelling geotechnical phy
sics and engineering problems while demonstrating 
the potential of PIML frameworks for rapid geotech
nical response prediction. These advancements also 
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hold significant promise for structural health mon
itoring, geotechnical environmental assessment and 
response reconstruction, further expanding the 
application landscape of PIML in geotechnical 
engineering.

Acknowledgments

Biao Yuan would like to acknowledge the financial support 
from the China Scholarship Council – University of Leeds 
Scholarships for his study at the University of Leeds. 
Jinhyun Choo was supported by the National Research 
Foundation of Korea (NRF) grant funded by the Korean 
government (MIST) (No. RS-2023-00209799). Biao Yuan, 
Zhongqiang Liu, Yanjie Song and Xiaohui Chen would like 
to acknowledge the Horizon EU Marie Skłodowska – Curie 
Actions (MSCA, Grant Agreement ID: 101182689) through 
the GRID project to support this research.

Disclosure statement

No potential conflict of interest was reported by the authors.

Funding

The work was supported by the Horizon EU Marie 
Skłodowska – Curie Actions, the China Scholarship 
Council, and the National Research Foundation of Korea.

ORCID

Jinhyun Choo http://orcid.org/0000-0002-5861-3796
Yanjie Song http://orcid.org/0000-0003-4610-027X
Xiaohui Chen http://orcid.org/0000-0002-2053-2448

CRediT authorship contribution statement

Biao Yuan: Conceptualisation, Methodology, Writing – ori
ginal draft, review & editing. Chung Siung Choo: Writing – 
review & editing, Conceptualisation. Lit Yen Yeo: Writing – 
review & editing, Conceptualisation. Yu Wang: Writing – 
review & editing, Conceptualisation. Zhongxuan Yang: 
Writing – review & editing, Conceptualisation. Qingzheng 
Guan: Writing – review & editing, Conceptualisation. 
Stephen Suryasentana: Writing – review & editing, 
Conceptualisation. Jinhyun Choo: Writing – review & edit
ing, Conceptualisation. Hao Shen: Writing – review & edit
ing, Conceptualisation. Maria Megia: Writing – review & 
editing, Conceptualisation. Jiangwei Zhang: Writing – 
review & editing, Conceptualisation. Zhongqiang Liu: 
Conceptualisation, Writing – review & editing. Yanjie 
Song: Conceptualisation, Writing – review & editing. Hui 
Wang: Conceptualisation, Writing – review & editing. 
Xiaohui Chen: Conceptualisation, Methodology, Writing – 
review & editing, Supervision.

References

Abbas, Q., et al., 2024. Analyzing the impact of geosynthetic 
reinforcement on sinkhole: a numerical investigation 
with machine learning approach. Engineering Failure 
Analysis, 157, 107915. doi:10.1016/j.engfailanal.2023. 
107915  

Ahmad, S., Kalra, A., and Stephen, H., 2010. Estimating soil 
moisture using remote sensing data: a machine learning 
approach. Advances in Water Resources, 33 (1), 69–80. 
doi:10.1016/j.advwatres.2009.10.008  

Ahmed, A.A.M., et al., 2022. New double decomposition 
deep learning methods for river water level forecasting. 
Science of the Total Environment, 831, 21. doi:10.1016/j. 
scitotenv.2022.154722  

Ali, T., Eldin, M.N., and Haider, W., 2023. The effect of 
soil-structure interaction on the seismic response of 
structures using machine learning, finite element model
ing and ASCE 7-16 methods. Sensors (Switzerland), 
23 (4), 2047. doi:10.3390/s23042047  

Ali, T., et al., 2022. A machine learning architecture repla
cing heavy instrumented laboratory tests: In application 
to the pullout capacity of geosynthetic reinforced soils. 
Sensors (Switzerland), 22 (22), 8699. doi:10.3390/ 
s22228699  

Alkroosh, I. and Nikraz, H., 2012. Predicting axial capacity 
of driven piles in cohesive soils using intelligent 
computing. Engineering Applications of Artificial 
Intelligence, 25 (3), 618–627. doi:10.1016/j.engappai. 
2011.08.009  

Alley, W.M. and Taylor, C.J., 2001. The value of long-term 
ground water level monitoring. Ground Water, 39 (6), 
801–801. doi:10.1111/j.1745-6584.2001.tb02466.x  

Amini, D., Haghighat, E., and Juanes, R., 2022. Physics- 
informed neural network solution of thermo–hydro– 
mechanical processes in porous media. Journal of 
Engineering Mechanics, 148 (11), 04022070. doi:10.1061/ 
(ASCE)EM.1943-7889.0002156  

Amini, D., Haghighat, E., and Juanes, R., 2023. Inverse 
modeling of nonisothermal multiphase poromechanics 
using physics-informed neural networks. Journal of 
Computational Physics, 490, 112323. doi:10.1016/j.jcp. 
2023.112323  

Azizzadenesheli, K., et al., 2024. Neural operators for accel
erating scientific simulations and design. Nature Reviews 
Physics, 6 (5), 320–328. doi:10.1038/s42254-024-00712-5  

Baghbani, A., et al., 2022. Application of artificial intelli
gence in geotechnical engineering: a state-of-the-art 
review. Earth-Science Reviews, 228, 103991. doi:10.1016/ 
j.earscirev.2022.103991  

Bahmani, B. and Sun, W., 2024. Physics-constrained sym
bolic model discovery for polyconvex incompressible 
hyperelastic materials. International Journal for 
Numerical Methods in Engineering, 125 (15), e7473. 
doi:10.1002/nme.7473  

Bandai, T. and Ghezzehei, T.A., 2021. Physics‐informed 
neural networks with monotonicity constraints for 
Richardson‐Richards equation: estimation of constitutive 
relationships and soil water flux density from volumetric 
water content measurements. Water Resources Research, 
57 (2), e2020WR027642. doi:10.1029/2020WR027642  

GEOMECHANICS AND GEOENGINEERING 1149

https://doi.org/10.1016/j.engfailanal.2023.107915
https://doi.org/10.1016/j.engfailanal.2023.107915
https://doi.org/10.1016/j.advwatres.2009.10.008
https://doi.org/10.1016/j.scitotenv.2022.154722
https://doi.org/10.1016/j.scitotenv.2022.154722
https://doi.org/10.3390/s23042047
https://doi.org/10.3390/s22228699
https://doi.org/10.3390/s22228699
https://doi.org/10.1016/j.engappai.2011.08.009
https://doi.org/10.1016/j.engappai.2011.08.009
https://doi.org/10.1111/j.1745-6584.2001.tb02466.x
https://doi.org/10.1061/(ASCE)EM.1943-7889.0002156
https://doi.org/10.1061/(ASCE)EM.1943-7889.0002156
https://doi.org/10.1016/j.jcp.2023.112323
https://doi.org/10.1016/j.jcp.2023.112323
https://doi.org/10.1038/s42254-024-00712-5
https://doi.org/10.1016/j.earscirev.2022.103991
https://doi.org/10.1016/j.earscirev.2022.103991
https://doi.org/10.1002/nme.7473
https://doi.org/10.1029/2020WR027642


Bandai, T. and Ghezzehei, T.A., 2022. Forward and inverse 
modeling of water flow in unsaturated soils with discon
tinuous hydraulic conductivities using physics-informed 
neural networks with domain decomposition. Hydrology 
and Earth System Sciences, 26 (16), 4469–4495. doi:10. 
5194/hess-26-4469-2022  

Bekele, Y.W., 2020. Physics-informed deep learning for flow 
and deformation in poroelastic media. arXiv preprint 
arXiv:2010.15426. doi:10.48550/arXiv.2010.15426  

Bekele, Y.W., 2021. Physics-informed deep learning for 
one-dimensional consolidation. Journal of Rock 
Mechanics and Geotechnical Engineering, 13 (2), 
420–430. doi:10.1016/j.jrmge.2020.09.005  

Bi, J., et al., 2021. Modeling of internal erosion using particle 
size as an extra dimension. Computers and Geotechnics, 
133, 104021. doi:10.1016/j.compgeo.2021.104021  

Bischof, R. and Kraus, M.A., 2021. Multi-objective loss 
balancing for physics-informed deep learning. Computer 
Methods in Applied Mechanics and Engineering, 439, 
117914. doi:10.1016/j.cma.2025.117914  

Blazek, J., 2015. Computational fluid dynamics: principles 
and applications. UK: Butterworth- 
Heinemann. https://books.google.com/books?hl=en&lr= 
& i d = r - e c B A A A Q B A J & o i = f n d & p g = P P 1 & d q =  
Computational+fluid+dynamics:+principles+and+appli 
c a t i o n s . + & o t s = j j Q y i H E G R s & s i g =  
DrXNActJn8rrQ9D8FOXOiiQrWb0 

Blum, A. and Rivest, R., 1988. Training a 3-node neural 
network is NP-complete. Advances in Neural 
Information Processing Systems, 1. https://proceedings. 
neur ips .cc/paper/1988/hash/3def184ad8f4755f  
f269862ea77393dd-Abstract.html 

Borja, R.I. and Choo, J., 2016. Cam-clay plasticity, part VIII: 
a constitutive framework for porous materials with evol
ving internal structure. Computer Methods in Applied 
Mechanics and Engineering, 309, 653–679. doi:10.1016/j. 
cma.2016.06.016  

Borja, R.I., Liu, X., and White, J.A., 2012. Multiphysics 
hillslope processes triggering landslides. Acta 
Geotechnica, 7 (4), 261–269. doi:10.1007/s11440-012- 
0175-6  

Bosch, J.A., et al., 2023. Thermo-hydro-mechanical analysis 
of the complete lifetime of the bentonite barrier in the 
FEBEX in-situ test. Geomechanics for Energy and the 
Environment, 34, 100472. doi:10.1016/j.gete.2023.100472  

Brungard, C.W., et al., 2015. Machine learning for predict
ing soil classes in three semi-arid landscapes. Geoderma, 
239, 68–83. doi:10.1016/j.geoderma.2014.09.019  

Bullwinkel, B., et al., 2022. Deqgan: learning the loss func
tion for pinns with generative adversarial networks. arXiv 
preprint arXiv:2209.07081. doi:10.48550/arXiv.2209. 
07081  

Cai, H., et al., 2022. Toward improved lumped groundwater 
level predictions at catchment scale: mutual integration of 
water balance mechanism and deep learning method. 
Journal of Hydrology, 613, 128495. doi:10.1016/j.jhydrol. 
2022.128495  

Cai, S., et al., 2021. DeepM&Mnet: inferring the electrocon
vection multiphysics fields based on operator approxima
tion by neural networks. Journal of Computational 
Physics, 436, 110296. doi:10.1016/j.jcp.2021.110296  .

Cai, S., et al., 2021a. Physics-informed neural networks 
(PINNs) for fluid mechanics: a review. Acta Mechanica 
Sinica, 37 (12), 1727–1738. doi:10.1007/s10409-021- 
01148-1  

Cai, S., et al., 2021b. DeepM&Mnet: inferring the electro
convection multiphysics fields based on operator approx
imation by neural networks. Journal of Computational 
Physics, 436, 110296. doi:10.1016/j.jcp.2021.110296  

Cai, S., et al., 2021c. Physics-informed neural networks for 
heat transfer problems. Journal of Heat Transfer, 143 (6), 
060801. doi:10.1115/1.4050542  

Cao, Q., Goswami, S. & Karniadakis, G.E., 2024. Laplace 
neural operator for solving differential equations. Nature 
Machine Intelligence, 6, 631–640. doi:10.1038/s42256- 
024-00844-4  .

Chao, Z., et al., 2022. Experimental study on 
stress-dependent gas permeability and porosity of artifi
cially cracked cement mortar. Construction and Building 
Materials, 359, 129290. doi:10.1016/j.conbuildmat.2022. 
129290  

Chen, G., et al., 2023. Hierarchical MPM-ANN multiscale 
terrain Model for high-fidelity off-road mobility simula
tions: a coupled MBD-FE-MPM-ANN Approach. Journal 
of Computational and Nonlinear Dynamics, 18 (7). doi:10. 
1115/1.4062204  

Chen, M., Niu, R., and Zheng, W., 2023. Adaptive 
multi-scale neural network with Resnet blocks for solving 
partial differential equations. Nonlinear Dynamics, 
111 (7), 6499–6518. doi:10.1007/s11071-022-08161-4  

Chen, X.-X., Zhang, P., and Yin, Z.-Y., 2024. Physics- 
informed neural network solver for numerical analysis 
in geoengineering. Georisk: Assessment and Management 
of Risk for Engineered Systems and Geohazards, 18 (1), 
33–51. doi:10.1080/17499518.2024.2315301  

Chen, Y., et al., 2024. A deep learning method for dynamic 
process modeling of real landslides based on Fourier 
neural Operator. Earth and Space Science, 11 (3), 
e2023EA003417. doi:10.1029/2023EA003417  

Chen, Y., et al., 2023. Modeling water flow in unsaturated 
soils through physics-informed neural network with 
principled loss function. Computers and Geotechnics, 
161, 105546. doi:10.1016/j.compgeo.2023.105546  

Cheng, W.-C., et al., 2020. Identifying characteristics of 
pipejacking parameters to assess geological conditions 
using optimisation algorithm-based support vector 
machines. Tunnelling and Underground Space 
Technology, 106, 103592. doi:10.1016/j.tust.2020.103592  

Chiachío, M., et al., 2022. Structural digital twin framework: 
formulation and technology integration. Automation in 
Construction, 140, 104333. doi:10.1016/j.autcon.2022. 
104333  

Choo, J. and Sun, W., 2018. Cracking and damage from 
crystallization in pores: coupled chemo-hydro- 
mechanics and phase-field modeling. Computer Methods 
in Applied Mechanics and Engineering, 335, 347–379. 
doi:10.1016/j.cma.2018.01.044  

Cui, C., et al., 2023. Analytical solution for horizontal vibra
tion of end-bearing single pile in radially heterogeneous 
saturated soil. Applied Mathematical Modelling, 116, 
65–83. doi:10.1016/j.apm.2022.11.027  

Cui, C., et al., 2022. Vertical vibration of a floating pile 
considering the incomplete bonding effect of the 

1150 B. YUAN ET AL.

https://doi.org/10.5194/hess-26-4469-2022
https://doi.org/10.5194/hess-26-4469-2022
https://doi.org/10.48550/arXiv.2010.15426
https://doi.org/10.1016/j.jrmge.2020.09.005
https://doi.org/10.1016/j.compgeo.2021.104021
https://doi.org/10.1016/j.cma.2025.117914
https://books.google.com/books?hl=en%26lr=%26id=r-ecBAAAQBAJ%26oi=fnd%26pg=PP1%26dq=Computational+fluid+dynamics:+principles+and+applications.+%26ots=jjQyiHEGRs%26sig=DrXNActJn8rrQ9D8FOXOiiQrWb0
https://books.google.com/books?hl=en%26lr=%26id=r-ecBAAAQBAJ%26oi=fnd%26pg=PP1%26dq=Computational+fluid+dynamics:+principles+and+applications.+%26ots=jjQyiHEGRs%26sig=DrXNActJn8rrQ9D8FOXOiiQrWb0
https://books.google.com/books?hl=en%26lr=%26id=r-ecBAAAQBAJ%26oi=fnd%26pg=PP1%26dq=Computational+fluid+dynamics:+principles+and+applications.+%26ots=jjQyiHEGRs%26sig=DrXNActJn8rrQ9D8FOXOiiQrWb0
https://books.google.com/books?hl=en%26lr=%26id=r-ecBAAAQBAJ%26oi=fnd%26pg=PP1%26dq=Computational+fluid+dynamics:+principles+and+applications.+%26ots=jjQyiHEGRs%26sig=DrXNActJn8rrQ9D8FOXOiiQrWb0
https://books.google.com/books?hl=en%26lr=%26id=r-ecBAAAQBAJ%26oi=fnd%26pg=PP1%26dq=Computational+fluid+dynamics:+principles+and+applications.+%26ots=jjQyiHEGRs%26sig=DrXNActJn8rrQ9D8FOXOiiQrWb0
https://proceedings.neurips.cc/paper/1988/hash/3def184ad8f4755ff269862ea77393dd-Abstract.html
https://proceedings.neurips.cc/paper/1988/hash/3def184ad8f4755ff269862ea77393dd-Abstract.html
https://proceedings.neurips.cc/paper/1988/hash/3def184ad8f4755ff269862ea77393dd-Abstract.html
https://doi.org/10.1016/j.cma.2016.06.016
https://doi.org/10.1016/j.cma.2016.06.016
https://doi.org/10.1007/s11440-012-0175-6
https://doi.org/10.1007/s11440-012-0175-6
https://doi.org/10.1016/j.gete.2023.100472
https://doi.org/10.1016/j.geoderma.2014.09.019
https://doi.org/10.48550/arXiv.2209.07081
https://doi.org/10.48550/arXiv.2209.07081
https://doi.org/10.1016/j.jhydrol.2022.128495
https://doi.org/10.1016/j.jhydrol.2022.128495
https://doi.org/10.1016/j.jcp.2021.110296
https://doi.org/10.1007/s10409-021-01148-1
https://doi.org/10.1007/s10409-021-01148-1
https://doi.org/10.1016/j.jcp.2021.110296
https://doi.org/10.1115/1.4050542
https://doi.org/10.1038/s42256-024-00844-4
https://doi.org/10.1038/s42256-024-00844-4
https://doi.org/10.1016/j.conbuildmat.2022.129290
https://doi.org/10.1016/j.conbuildmat.2022.129290
https://doi.org/10.1115/1.4062204
https://doi.org/10.1115/1.4062204
https://doi.org/10.1007/s11071-022-08161-4
https://doi.org/10.1080/17499518.2024.2315301
https://doi.org/10.1029/2023EA003417
https://doi.org/10.1016/j.compgeo.2023.105546
https://doi.org/10.1016/j.tust.2020.103592
https://doi.org/10.1016/j.autcon.2022.104333
https://doi.org/10.1016/j.autcon.2022.104333
https://doi.org/10.1016/j.cma.2018.01.044
https://doi.org/10.1016/j.apm.2022.11.027


pile-soil interface. Computers and Geotechnics, 150, 
104894. doi:10.1016/j.compgeo.2022.104894  

Cuomo, S., et al., 2022. Scientific machine learning through 
physics–informed neural networks: where we are and 
What’s next. Journal of Scientific Computing, 92 (3), 88. 
doi:10.1007/s10915-022-01939-z  

Dai, Q., Loria, A.F.R., and Choo, J., 2022. Effects of internal 
airflows on the heat exchange potential and mechanics of 
energy walls. Renewable Energy, 197, 1069–1080. doi:10. 
1016/j.renene.2022.07.135  

Dai, Z., et al., 2024. Data-driven prediction for curved pipe 
jacking performance during underwater excavation of 
ancient shipwreck using an attention-based graph con
volutional network approach. Expert Systems with 
Applications, 236, 121393. doi:10.1016/j.eswa.2023. 
121393  

Dashtgoli, D.S., et al., 2024. Performance comparison of 
machine learning algorithms for maximum displacement 
prediction in soldier pile wall excavation. Underground 
Space, 16, 301–313. doi:10.1016/j.undsp.2023.09.013  

de N Santos, Francisco, et al., 2023. Long-term fatigue 
estimation on offshore wind turbines interface loads 
through loss function physics-guided learning of neural 
networks. Renewable Energy, 205, 461–474. doi:10.1016/j. 
renene.2023.01.093  

Depina, I., et al., 2022. Application of physics-informed 
neural networks to inverse problems in unsaturated 
groundwater flow. Georisk: Assessment and Management 
of Risk for Engineered Systems and Geohazards, 16 (1), 
21–36. doi:10.1080/17499518.2021.1971251  

Díaz, E. and Spagnoli, G., 2024. A super-learner machine 
learning model for a global prediction of compression 
index in clays. Applied Clay Science, 249, 107239. doi:10. 
1016/j.clay.2023.107239  

Dolean, V., et al., 2022. Finite basis physics-informed neural 
networks as a Schwarz domain decomposition method.

Dumitrescu, B. and Irofti, P., 2018. Dictionary learning 
algorithms and applications. New York, NY, USA: 
Springer, 1–43. https://link.springer.com/content/pdf/ 
10.1007/978-3-319-78674-2.pdf 

Duro, D.C., Franklin, S.E., and Dube, M.G., 2012. 
A comparison of pixel-based and object-based image 
analysis with selected machine learning algorithms for 
the classification of agricultural landscapes using 
SPOT-5 hRG imagery. Remote Sensing of Environment, 
118, 259–272. doi:10.1016/j.rse.2011.11.020  

Fan, N., et al., 2023. Impact action of submarine slides on 
pipelines: a review of the state-of-the-art since 2008. 
Ocean Engineering, 286, 115532. doi:10.1016/j.oceaneng. 
2023.115532  

Fang, S., et al., 2020. Outlier detection for water supply data 
based on joint auto-encoder. Computers, Materials & 
Continua, 64 (1), 541–555. doi:10.32604/cmc.2020. 
010066  

Fang, Z., 2022. A high-efficient hybrid physics-informed 
neural networks based on convolutional neural network. 
IEEE Transactions on Neural Networks and Learning 
Systems, 33(10), 5514–5526. doi:10.1109/TNNLS.2021. 
3070878  

Farimani, A.B., Gomes, J., and Pande, V.S., 2017. Deep 
learning the physics of transport phenomena. arXiv pre
print arXiv:1709.02432. doi:10.48550/arXiv.1709.02432  

Fraces, C.G., Papaioannou, A., and Tchelepi, H., 2020. 
Physics informed deep learning for transport in porous 
media. Buckley Leverett problem. arXiv preprint 
arXiv:2001.05172. doi:10.48550/arXiv.2001.05172  

Fu, W., Furtney, J., and Valencia, J., 2023. Blast movement 
simulation through a hybrid approach of continuum, 
discontinuum, and machine learning modeling. Paper 
presented at the 57th U.S. Rock Mechanics/Geomechanics 
Symposium, Atlanta, Georgia, USA. doi:10.56952/ 
ARMA-2023-0831  

Fu, Y., et al., 2024. Data-driven real-time prediction for 
attitude and position of super-large diameter shield 
using a hybrid deep learning approach. Underground 
Space, 15, 275–297. doi:10.1016/j.undsp.2023.08.014  

Fuks, O. and Tchelepi, H.A., 2020. Limitations of physics 
informed machine learning for nonlinear two-phase 
transport in porous media. Journal of Machine Learning 
for Modeling and Computing, 1 (1), 19–37. doi:10.1615/ 
JMachLearnModelComput.2020033905  

Gajo, A., Cecinato, F., and Hueckel, T., 2019. Chemo- 
mechanical modeling of artificially and naturally bonded 
soils. Geomechanics for Energy and the Environment, 18, 
13–29. doi:10.1016/j.gete.2018.11.005  

Ganaie, M.A., et al., 2022. Ensemble deep learning: a review. 
Engineering Applications of Artificial Intelligence, 115, 
105151. doi:10.1016/j.engappai.2022.105151  

Gao, H., Sun, L., and Wang, J.-X., 2021a. PhyGeoNet: 
physics-informed geometry-adaptive convolutional 
neural networks for solving parameterized steady-state 
PDEs on irregular domain. Journal of Computational 
Physics, 428, 110079. doi:10.1016/j.jcp.2020.110079  

Gao, H., Sun, L., and Wang, J.-X., 2021b. PhyGeoNet: 
physics-informed geometry-adaptive convolutional 
neural networks for solving parameterized steady-state 
PDEs on irregular domain. Journal of Computational 
Physics, 428, 110079. doi:10.1016/j.jcp.2020.110079  

Gao, H., Zahr, M.J., and Wang, J.-X., 2022. Physics- 
informed graph neural galerkin networks: a unified fra
mework for solving PDE-governed forward and inverse 
problems. Computer Methods in Applied Mechanics and 
Engineering, 390, 114502. doi:10.1016/j.cma.2021.114502  

Gao, W., 2018. A comprehensive review on identification of 
the geomaterial constitutive model using the computa
tional intelligence method. Advanced Engineering 
Informatics, 38, 420–440. doi:10.1016/j.aei.2018.08.021  

Gao, X., et al., 2019. Recurrent neural networks for real-time 
prediction of TBM operating parameters. Automation in 
Construction, 98, 225–235. doi:10.1016/j.autcon.2018.11.013  

Gao, Y., et al., 2023. An improved Physics‐Informed neural 
network algorithm for predicting the phreatic line of 
seepage. Advances in Civil Engineering, 2023, 1–11. 
doi:10.1155/2023/5499645  

Goswami, S., et al., 2023. Physics-Informed Deep Neural 
Operator Networks. In: T. Rabczuk and K. Bathe, eds. 
Machine Learning in Modeling and Simulation. 
Computational Methods in Engineering & the Sciences. 
Cham: Springer. doi:10.1007/978-3-031-36644-4_6  .

Gingold, R.A. and Monaghan, J.J., 1977. Smoothed particle 
hydrodynamics: theory and application to non-spherical 
stars. Monthly Notices of the Royal Astronomical Society, 
181 (3), 375–389. doi:10.1093/mnras/181.3.375  

GEOMECHANICS AND GEOENGINEERING 1151

https://doi.org/10.1016/j.compgeo.2022.104894
https://doi.org/10.1007/s10915-022-01939-z
https://doi.org/10.1016/j.renene.2022.07.135
https://doi.org/10.1016/j.renene.2022.07.135
https://doi.org/10.1016/j.eswa.2023.121393
https://doi.org/10.1016/j.eswa.2023.121393
https://doi.org/10.1016/j.undsp.2023.09.013
https://doi.org/10.1016/j.renene.2023.01.093
https://doi.org/10.1016/j.renene.2023.01.093
https://doi.org/10.1080/17499518.2021.1971251
https://doi.org/10.1016/j.clay.2023.107239
https://doi.org/10.1016/j.clay.2023.107239
https://link.springer.com/content/pdf/10.1007/978-3-319-78674-2.pdf
https://link.springer.com/content/pdf/10.1007/978-3-319-78674-2.pdf
https://doi.org/10.1016/j.rse.2011.11.020
https://doi.org/10.1016/j.oceaneng.2023.115532
https://doi.org/10.1016/j.oceaneng.2023.115532
https://doi.org/10.32604/cmc.2020.010066
https://doi.org/10.32604/cmc.2020.010066
https://doi.org/10.1109/TNNLS.2021.3070878
https://doi.org/10.1109/TNNLS.2021.3070878
https://doi.org/10.48550/arXiv.1709.02432
https://doi.org/10.48550/arXiv.2001.05172
https://doi.org/10.56952/ARMA-2023-0831
https://doi.org/10.56952/ARMA-2023-0831
https://doi.org/10.1016/j.undsp.2023.08.014
https://doi.org/10.1615/JMachLearnModelComput.2020033905
https://doi.org/10.1615/JMachLearnModelComput.2020033905
https://doi.org/10.1016/j.gete.2018.11.005
https://doi.org/10.1016/j.engappai.2022.105151
https://doi.org/10.1016/j.jcp.2020.110079
https://doi.org/10.1016/j.jcp.2020.110079
https://doi.org/10.1016/j.cma.2021.114502
https://doi.org/10.1016/j.aei.2018.08.021
https://doi.org/10.1016/j.autcon.2018.11.013
https://doi.org/10.1155/2023/5499645
https://doi.org/10.1007/978-3-031-36644-4_6
https://doi.org/10.1093/mnras/181.3.375


Grady, T.J., et al., 2023. Model-parallel fourier neural opera
tors as learned surrogates for large-scale parametric 
PDEs. Computers & Geosciences, 178, 105402. doi:10. 
1016/j.cageo.2023.105402  .

Guan, Q.Z., et al., 2023. Finite element geotechnical analysis 
incorporating deep learning-based soil model. Computers 
and Geotechnics, 154, 105120. doi:10.1016/j.compgeo. 
2022.105120  

Habibagahi, G. and Bamdad, A., 2003. A neural network 
framework for mechanical behavior of unsaturated soils. 
Canadian Geotechnical Journal, 40 (3), 684–693. doi:10. 
1139/t03-004  

Haghighat, E., Amini, D., and Juanes, R., 2022. Physics- 
informed neural network simulation of multiphase por
oelasticity using stress-split sequential training. Computer 
Methods in Applied Mechanics and Engineering, 397, 
115141. doi:10.1016/j.cma.2022.115141  

Haghighat, E., et al., 2021. A physics-informed deep learn
ing framework for inversion and surrogate modeling in 
solid mechanics. Computer Methods in Applied 
Mechanics and Engineering, 379, 113741. doi:10.1016/j. 
cma.2021.113741  

Haleem, A., Javaid, M., and Singh, R.P., 2022. An era of 
ChatGPT as a significant futuristic support tool: a study 
on features, abilities, and challenges. BenchCouncil 
Transactions on Benchmarks, Standards and 
Evaluations, 2 (4), 100089. doi:10.1016/j.tbench.2023. 
100089  

Hao, Z., et al., 2022. Physics-informed machine learning: 
a survey on problems, methods and applications. arXiv 
preprint arXiv:2211.08064. doi:10.48550/arXiv.2211. 
08064  

He, Q., et al., 2020. Physics-informed neural networks for 
multiphysics data assimilation with application to subsur
face transport. Advances in Water Resources, 141, 103610. 
doi:10.1016/j.advwatres.2020.103610  

He, Q. and Tartakovsky, A.M., 2021. Physics-informed 
neural network method for forward and backward 
advection-Dispersion equations. Water Resources 
Research, 57 (7), e2020WR029479. doi:10.1029/ 
2020WR029479  

He, S.-Y., Tang, C., and Zhou, W.-H., 2024. Settlement 
prediction of immersed tunnel considering 
time-dependent foundation modulus. Tunnelling and 
Underground Space Technology, 144, 105562. doi:10. 
1016/j.tust.2023.105562  

He, T., Wang, N., and Zhang, D., 2021. Theory-guided full 
convolutional neural network: an efficient surrogate 
model for inverse problems in subsurface contaminant 
transport. Advances in Water Resources, 157, 104051. 
doi:10.1016/j.advwatres.2021.104051  

He, X.L. and Chen, J.S., 2022. Thermodynamically consis
tent machine-learned internal state variable approach for 
data-driven modeling of path-dependent materials. 
Computer Methods in Applied Mechanics and 
Engineering, 402, 115348. doi:10.1016/j.cma.2022.115348  

Herath, H.M.V.V., Chadalawada, J., and Babovic, V., 2021. 
Hydrologically informed machine learning for rainfall– 
runoff modelling: towards distributed modelling. 
Hydrology and Earth System Sciences, 25 (8), 4373–4401. 
doi:10.5194/hess-25-4373-2021  

Heung, B., et al., 2016. An overview and comparison of 
machine-learning techniques for classification purposes 
in digital soil mapping. Geoderma, 265, 62–77. doi:10. 
1016/j.geoderma.2015.11.014  

Hu, S., et al., 2021. An innovative hourly water demand 
forecasting preprocessing framework with local outlier 
correction and adaptive decomposition techniques. 
Water, 13 (5), 582. doi:10.3390/w13050582  

Hu, Y., et al., 2009. Neural-PDE: a rnn based neural network 
for solving time dependent PDEs (2020).

Hu, Z., et al., 2022. Augmented physics-informed neural 
networks (APINNs): a gating network-based soft domain 
decomposition methodology. Engineering Applications of 
Artificial Intelligence, 126, 107183. doi:10.1016/j.engap 
pai.2023.107183  

Huang, S., et al., 2022. Coupling machine learning into 
hydrodynamic models to improve River modeling with 
complex boundary conditions. Water Resources Research, 
58 (10), e2022WR032183. doi:10.1029/2022WR032183  

Huang, Y. and Zhao, L., 2018. Review on landslide suscept
ibility mapping using support vector machines. Catena, 
165, 520–529. doi:10.1016/j.catena.2018.03.003  

Iravanian, A., Kassem, Y., and Gokcekus, H., 2022. Stress– 
strain behavior of modified expansive clay soil: experi
mental measurements and prediction models. 
Environmental Earth Sciences, 81 (4), 107. doi:10.1007/ 
s12665-022-10229-8  

Itasca Consulting Group, Inc, 2019. FLAC3D (Version Q5). 
Computer software, Itasca Consulting Group. https:// 
www.itascacg.com/software/flac3d 

Itasca Consulting Group, Inc, 2023. PFC3D (Version Q40). 
Computer software, Itasca Consulting Group. https:// 
www.itascacg.com/software/pfc3d 

Jagtap, A.D. and Karniadakis, G.E., 2020. Extended 
physics-informed neural networks (XPINNs): 
a generalized space-time domain decomposition based 
deep learning framework for nonlinear partial differential 
equations. Communications in Computational Physics, 
28 (5), 2002–2041. doi:10.4208/cicp.OA-2020-0164  

Jagtap, A.D., Kawaguchi, K., and Karniadakis, G.E., 2020. 
Adaptive activation functions accelerate convergence in 
deep and physics-informed neural networks. Journal of 
Computational Physics, 404, 109136. doi:10.1016/j.jcp. 
2019.109136  

Javadi, A.A. and Rezania, M., 2009. Applications of artificial 
intelligence and data mining techniques in soil modeling. 
Geomechanics and Engineering, 1 (1), 53–74. doi:10. 
12989/gae.2009.1.1.053  

Jefferies, M.G., 1993. Nor-sand: a simle critical state model 
for sand. Géotechnique, 43 (1), 91–103. doi:10.1680/geot. 
1993.43.1.91  

Jiang, L., et al., 2023. PhyGNNet: solving spatiotemporal 
PDEs with physics-informed graph neural network. 
Proceedings of the 2023 2nd Asia Conference on 
Algorithms, Computing and Machine Learning. 
Shanghai, China: Association for Computing Machinery.

Jiang, Q., et al., 2023. Study on pile driving and sound 
propagation in shallow water using physics-informed 
neural network. Ocean Engineering, 281, 114684. doi:10. 
1016/j.oceaneng.2023.114684  

Jiang, S., Zheng, Y., and Solomatine, D., 2020. Improving AI 
system awareness of geoscience knowledge: symbiotic 

1152 B. YUAN ET AL.

https://doi.org/10.1016/j.cageo.2023.105402
https://doi.org/10.1016/j.cageo.2023.105402
https://doi.org/10.1016/j.compgeo.2022.105120
https://doi.org/10.1016/j.compgeo.2022.105120
https://doi.org/10.1139/t03-004
https://doi.org/10.1139/t03-004
https://doi.org/10.1016/j.cma.2022.115141
https://doi.org/10.1016/j.cma.2021.113741
https://doi.org/10.1016/j.cma.2021.113741
https://doi.org/10.1016/j.tbench.2023.100089
https://doi.org/10.1016/j.tbench.2023.100089
https://doi.org/10.48550/arXiv.2211.08064
https://doi.org/10.48550/arXiv.2211.08064
https://doi.org/10.1016/j.advwatres.2020.103610
https://doi.org/10.1029/2020WR029479
https://doi.org/10.1029/2020WR029479
https://doi.org/10.1016/j.tust.2023.105562
https://doi.org/10.1016/j.tust.2023.105562
https://doi.org/10.1016/j.advwatres.2021.104051
https://doi.org/10.1016/j.cma.2022.115348
https://doi.org/10.5194/hess-25-4373-2021
https://doi.org/10.1016/j.geoderma.2015.11.014
https://doi.org/10.1016/j.geoderma.2015.11.014
https://doi.org/10.3390/w13050582
https://doi.org/10.1016/j.engappai.2023.107183
https://doi.org/10.1016/j.engappai.2023.107183
https://doi.org/10.1029/2022WR032183
https://doi.org/10.1016/j.catena.2018.03.003
https://doi.org/10.1007/s12665-022-10229-8
https://doi.org/10.1007/s12665-022-10229-8
https://www.itascacg.com/software/flac3d
https://www.itascacg.com/software/flac3d
https://www.itascacg.com/software/pfc3d
https://www.itascacg.com/software/pfc3d
https://doi.org/10.4208/cicp.OA-2020-0164
https://doi.org/10.1016/j.jcp.2019.109136
https://doi.org/10.1016/j.jcp.2019.109136
https://doi.org/10.12989/gae.2009.1.1.053
https://doi.org/10.12989/gae.2009.1.1.053
https://doi.org/10.1680/geot.1993.43.1.91
https://doi.org/10.1680/geot.1993.43.1.91
https://doi.org/10.1016/j.oceaneng.2023.114684
https://doi.org/10.1016/j.oceaneng.2023.114684


integration of physical approaches and deep learning. 
Geophysical Research Letter, 47 (13), e2020GL088229. 
doi:10.1029/2020GL088229  

Jitchaijaroen, W., et al., 2024. Machine learning approaches 
for stability prediction of rectangular tunnels in natural 
clays based on MLP and RBF neural networks. Intelligent 
Systems with Applications, 21, 200329. doi:10.1016/j.iswa. 
2024.200329  

Jong, S.C., Ong, D.E.L., and Oh, E., 2021. State-of-the-art 
review of geotechnical-driven artificial intelligence tech
niques in underground soil-structure interaction. 
Tunnelling and Underground Space Technology, 113, 
103946. doi:10.1016/j.tust.2021.103946  

Kadeethum, T., et al., 2020. Physics-informed neural net
works for solving nonlinear diffusivity and Biot’s equa
tions. PLOS ONE, 15 (5), e0232683. doi:10.1371/journal. 
pone.0232683  

Kaewnuratchadasorn, C., Wang, J., and Kim, C.-W., 2024. 
Physics-informed neural operator solver and 
super-resolution for solid mechanics. Computer-Aided 
Civil and Infrastructure Engineering, 39 (22), 3435–3451. 
doi:10.1111/mice.13292  

Kalla, D., et al., 2023. Study and analysis of chat GPT and its 
impact on different fields of study. International Journal 
of Innovative Science & Research Technology, 8

Karapiperis, K., et al., 2021. Data-driven multiscale model
ing in mechanics. Journal of the Mechanics and Physics of 
Solids, 147, 104239. doi:10.1016/j.jmps.2020.104239  

Karniadakis, G.E., et al., 2021. Physics-informed machine 
learning. Nature Reviews Physics, 3 (6), 422–440. doi:10. 
1038/s42254-021-00314-5  

Kharazmi, E., Zhang, Z., and Karniadakis, G.E.M., 2021. 
Hp-VPINNs: variational physics-informed neural net
works with domain decomposition. Computer Methods 
in Applied Mechanics and Engineering, 374, 113547. 
doi:10.1016/j.cma.2020.113547  

Kim, N., et al., 2024. Physics-inspired geophysical assess
ment of liquefaction potential in Pohang, South Korea. 
Acta Geotechnica, 19 (4), 1799–1813. doi:10.1007/s11440- 
023-02083-0  

Kim, S., et al., 2021. Integration of neural network-based 
symbolic regression in deep learning for scientific 
discovery. IEEE Transactions on Neural Networks and 
Learning Systems, 32 (9), 4166–4177. doi:10.1109/ 
TNNLS.2020.3017010  

Kim, Y., et al., 2022. Development of a data-driven ensemble 
regressor and its applicability for identifying contextual 
and collective outliers in groundwater level time-series 
data. Journal of Hydrology, 612 (1), 15. doi:10.3390/ 
hydrology9010015  

Kocoń, J., et al., 2023. ChatGPT: Jack of all trades, master of 
none. Information Fusion, 99, 101861. doi:10.1016/j. 
inffus.2023.101861  

Kohestani, V.R. and Hassanlourad, M., 2016. Modeling the 
mechanical behavior of carbonate sands using artificial 
neural networks and support vector machines. 
International Journal of Geomechanics, 16 (1), 04015038. 
doi:10.1061/(ASCE)GM.1943-5622.0000509  

Koric, S. and Abueidda, D.W., 2023. Data-driven and 
physics-informed deep learning operators for solution of 
heat conduction equation with parametric heat source. 

International Journal of Heat and Mass Transfer, 203, 
123809. doi:10.1016/j.ijheatmasstransfer.2022.123809  

Kovačević, M., Bajat, B., and Gajić, B., 2010. Soil type clas
sification and estimation of soil properties using support 
vector machines. Geoderma, 154 (3–4), 340–347. doi:10. 
1016/j.geoderma.2009.11.005  

Kovachki, N., et al., 2023. Neural operator: learning maps 
between function spaces with applications to pdes. 
Journal of Machine Learning Research, 24 (89), 1–97. 
http://jmlr.org/papers/v24/21-1524.html .

Krishnapriyan, A., et al., 2021. Characterizing possible fail
ure modes in physics-informed neural networks. 
Advances in Neural Information Processing Systems, 34, 
26548–26560.

Kulanuwat, L., et al., 2021. Anomaly detection using 
a sliding window technique and data imputation with 
machine learning for hydrological time series. Water, 
13 (13), 1862. doi:10.3390/w13131862  

Lahariya, M., et al., 2022. Physics-informed LSTM network 
for flexibility identification in evaporative cooling system. 
IEEE Transactions on Industrial Informatics, 19 (2), 
1484–1494. doi:10.1109/TII.2022.3173897  

Lan, P., et al., 2024a. Application of improved 
physics-informed neural networks for nonlinear consoli
dation problems with continuous drainage boundary 
conditions. Acta Geotechnica, 19 (1), 495–508. doi:10. 
1007/s11440-023-01899-0  

Lan, P., Su, J., and Zhang, S., 2024. Surrogate modeling for 
unsaturated infiltration via the physics and 
equality-constrained artificial neural networks. Journal 
of Rock Mechanics and Geotechnical Engineering, 16 (6), 
2282–2295. doi:10.1016/j.jrmge.2023.09.014  

Lan, P., et al., 2024b. Reconstructing unsaturated infiltration 
behavior with sparse data via physics-informed deep 
learning. Computers and Geotechnics, 168, 106162. 
doi:10.1016/j.compgeo.2024.106162  

Lee, J.D., et al., 2016. Gradient descent only converges to 
minimizers. MLR, 1246–1257.

Leiva, C., 2016. Demystifying the digital thread and digital 
twin concepts. Industry Week, 1 (2016), 2016. https://info. 
ibaset.com/hubfs/Demystifying_the_Digital_Thread_ 
and_Digital_Twin.pdf 

Leung, W.T., Lin, G., and Zhang, Z., 2022. NH-PINN: 
neural homogenization-based physics-informed neural 
network for multiscale problems. Journal of 
Computational Physics, 470, 111539. doi:10.1016/j.jcp. 
2022.111539  

Leveque, R.J., 1998. Finite difference methods for differen
tial equations. Draft Version for Use in AMath, 585, 112.

Li, D., Zainab, B., and Tian, K., 2021. Effect of effective stress 
on hydraulic conductivity of bentonite–polymer geosyn
thetic clay liners to coal combustion product leachates. 
Environmental Geotechnics, 11 (2), 65–76. doi:10.1680/ 
jenge.21.00077  

Li, H.-W.-X., Lu, L., and Q, C.A.O., 2023. Motion estimation 
and system identification of a moored buoy via 
physics-informed neural network. Applied Ocean 
Research, 138, 103677. doi:10.1016/j.apor.2023.103677  

Li, K., et al., 2020. D3M: a deep domain decomposition 
method for partial differential equations. Institute of 
Electrical and Electronics Engineers Access, 8, 5283–5294. 
doi:10.1109/ACCESS.2019.2957200  

GEOMECHANICS AND GEOENGINEERING 1153

https://doi.org/10.1029/2020GL088229
https://doi.org/10.1016/j.iswa.2024.200329
https://doi.org/10.1016/j.iswa.2024.200329
https://doi.org/10.1016/j.tust.2021.103946
https://doi.org/10.1371/journal.pone.0232683
https://doi.org/10.1371/journal.pone.0232683
https://doi.org/10.1111/mice.13292
https://doi.org/10.1016/j.jmps.2020.104239
https://doi.org/10.1038/s42254-021-00314-5
https://doi.org/10.1038/s42254-021-00314-5
https://doi.org/10.1016/j.cma.2020.113547
https://doi.org/10.1007/s11440-023-02083-0
https://doi.org/10.1007/s11440-023-02083-0
https://doi.org/10.1109/TNNLS.2020.3017010
https://doi.org/10.1109/TNNLS.2020.3017010
https://doi.org/10.3390/hydrology9010015
https://doi.org/10.3390/hydrology9010015
https://doi.org/10.1016/j.inffus.2023.101861
https://doi.org/10.1016/j.inffus.2023.101861
https://doi.org/10.1061/(ASCE)GM.1943-5622.0000509
https://doi.org/10.1016/j.ijheatmasstransfer.2022.123809
https://doi.org/10.1016/j.geoderma.2009.11.005
https://doi.org/10.1016/j.geoderma.2009.11.005
http://jmlr.org/papers/v24/21-1524.html
https://doi.org/10.3390/w13131862
https://doi.org/10.1109/TII.2022.3173897
https://doi.org/10.1007/s11440-023-01899-0
https://doi.org/10.1007/s11440-023-01899-0
https://doi.org/10.1016/j.jrmge.2023.09.014
https://doi.org/10.1016/j.compgeo.2024.106162
https://info.ibaset.com/hubfs/Demystifying_the_Digital_Thread_and_Digital_Twin.pdf
https://info.ibaset.com/hubfs/Demystifying_the_Digital_Thread_and_Digital_Twin.pdf
https://info.ibaset.com/hubfs/Demystifying_the_Digital_Thread_and_Digital_Twin.pdf
https://doi.org/10.1016/j.jcp.2022.111539
https://doi.org/10.1016/j.jcp.2022.111539
https://doi.org/10.1680/jenge.21.00077
https://doi.org/10.1680/jenge.21.00077
https://doi.org/10.1016/j.apor.2023.103677
https://doi.org/10.1109/ACCESS.2019.2957200


Li, T., et al., 2024. Digital twin for intelligent tunnel 
construction. Automation in Construction, 158, 105210. 
doi:10.1016/j.autcon.2023.105210  

Li, X., et al., 2023. Digital-twin-enabled JIT design of rock 
tunnel: methodology and application. Tunnelling and 
Underground Space Technology, 140, 105307. doi:10. 
1016/j.tust.2023.105307  

Li, Z., et al., 2020. Fourier neural operator for parametric 
partial differential equations. arXiv preprint 
arXiv:2010.08895. doi:10.48550/arXiv.2010.08895  

Li Z., et al., 2020. Neural operator: graph kernel network for 
partial differential equations. arXiv preprint 
arXiv:2003.03485. doi:10.48550/arXiv.2003.03485  .

Li, Z., et al., 2024. Physics-informed neural Operator for 
learning partial differential equations. IMS J. Data Sci/ 
IMS J. Data Sci, 1 (3), 27. doi:10.1145/3648506  .

Li, Z., et al., 2020. Multipole graph neural operator for 
parametric partial differential equations. Advances in 
Neural Information Processing Systems, 33, 6755–6766. 
https://proceedings.neurips.cc/paper/2020/hash/ 
4b21cf96d4cf612f239a6c322b10c8fe-Abstract.html .

Li, Z., Meidani, K., and Farimani, A.B., 2022. Transformer 
for partial differential equations’ operator learning. arXiv 
preprint arXiv:2205.13671. doi:10.48550/arXiv.2205. 
13671  

Liang, J., et al., 2019. Physics-informed data-driven models 
to predict surface runoff water quantity and quality in 
agricultural fields. Water, 11 (2), 200. doi:10.3390/ 
w11020200  

Liang, M., et al., 2016. Rock strength assessment based on 
regression tree technique. Engineering with Computers, 
32 (2), 343–354. doi:10.1007/s00366-015-0429-7  

Lin, P., et al., 2019. Mechanism of microstructural variation 
under cyclic shearing of Shantou marine clay: experimen
tal investigation and model development. Geotechnical 
and Geological Engineering, 37 (5), 4163–4210. doi:10. 
1007/s10706-019-00900-6  

Lin, P., et al., 2024. Physics-informed deep reinforcement 
learning for enhancement on tunnel boring machine’s 
advance speed and stability. Automation in 
Construction, 158, 105234. doi:10.1016/j.autcon.2023. 
105234  

Lin, P., Wu, M., and Zhang, L., 2023. Probabilistic safety risk 
assessment in large-diameter tunnel construction using 
an interactive and explainable tree-based pipeline opti
mization method. Applied Soft Computing, 143, 110376. 
doi:10.1016/j.asoc.2023.110376  

Liu, F., et al., 2023. A novel physics-informed framework for 
real-time adaptive modal parameters estimation of off
shore structures. Ocean Engineering, 280, 114517. doi:10. 
1016/j.oceaneng.2023.114517  

Liu, G.-Y., et al., 2024. CEM–DSR-based explicit solution of 
limit expansion pressure in unsaturated soils and its 
application. Computers and Geotechnics, 166, 106007. 
doi:10.1016/j.compgeo.2023.106007  

Liu, L., Zhou, W., and Gutierrez, M., 2023. Physics- 
informed ensemble machine learning framework for 
improved prediction of tunneling-induced short-and 
long-term ground settlement. Sustainability, 15 (14), 
11074. doi:10.3390/su151411074  

Liu, S., et al., 2023. A physics-informed data-driven model 
for landslide susceptibility assessment in the Three 

Gorges reservoir area. Geoscience Frontiers, 14 (5), 
101621. doi:10.1016/j.gsf.2023.101621  

Liu, X., et al., 2022a. Development of a slope digital twin for 
predicting temporal variation of rainfall-induced slope 
instability using past slope performance records and 
monitoring data. Engineering Geology, 308, 106825. 
doi:10.1016/j.enggeo.2022.106825  

Liu, X., et al., 2024. Mitigating spectral bias for the multi
scale operator learning. Journal of Computational Physics, 
506, 112944. doi:10.1016/j.jcp.2024.112944  .

Liu, X., Xu, B., and Zhang, L., 2022. HT-Net: hierarchical 
transformer based Operator learning Model for multi
scale PDEs.

Liu, X., et al., 2022b. A novel meta-learning initialization 
method for physics-informed neural networks. Neural 
Computing and Applications, 34 (17), 14511–14534. 
doi:10.1007/s00521-022-07294-2  

Liu, Y., et al., 2023. Summary of chatgpt-related research 
and perspective towards the future of large language 
models. Meta-Radiology, 1 (2), 100017. doi:10.1016/j. 
metrad.2023.100017  

Liu, Z., et al., 2021. Modelling of shallow landslides with 
machine learning algorithms. Geoscience Frontiers, 12 (1), 
385–393. doi:10.1016/j.gsf.2020.04.014  

Lu, L., et al., 2021. Learning nonlinear operators via 
DeepONet based on the universal approximation theo
rem of operators. Nature Machine Intelligence, 3 (3), 
218–229. doi:10.1038/s42256-021-00302-5  

Lu, Q., et al., 2020. From BIM towards digital twin: strategy 
and future development for smart asset management. IN 
Service Oriented, Holonic and Multi-agent Manufacturing 
Systems for Industry of the Future: Proceedings of 
SOHOMA 2019, ed. T. Borangiu, D. Trentesaux, P. 
Leitão, A. Giret Boggino, and V. Botti. vol. 853, 392– 
404. Springer, Cham. doi:10.1007/978-3-030-27477-1_30  .

Lu, Y. and Mei, G., 2022. A deep learning approach for 
predicting two-dimensional soil consolidation using 
physics-informed neural networks (pinn). Mathematics, 
10 (16), 2949. doi:10.3390/math10162949  

Ma, Y., et al., 2022. Advancing AI-based pan-European 
groundwater monitoring. Environmental Research 
Letters, 17 (11), 114037. doi:10.1088/1748-9326/ac9c1e  

Mcclenny, L.D. and Braga-Neto, U.M., 2023. Self-adaptive 
physics-informed neural networks. Journal of 
Computational Physics, 474, 111722. doi:10.1016/j.jcp. 
2022.111722  

Mcgreivy, N. and Hakim, A., 2024. Weak baselines and 
reporting biases lead to overoptimism in machine learn
ing for fluid-related partial differential equations. Nature 
Machine Intelligence, 6 (10), 1256–1269. doi:10.1038/ 
s42256-024-00897-5  

Meng, S., et al., 2024. A novel deep learning framework for 
landslide susceptibility assessment using improved deep 
belief networks with the intelligent optimization 
algorithm. Computers and Geotechnics, 167, 106106. 
doi:10.1016/j.compgeo.2024.106106  

Meng, X., et al., 2020. PPINN: parareal physics-informed 
neural network for time-dependent PDEs. Computer 
Methods in Applied Mechanics and Engineering, 370, 
370. doi:10.1016/j.cma.2020.113250  

Mo, S., et al., 2022. Hydrological droughts of 2017–2018 
explained by the bayesian reconstruction of GRACE(- 

1154 B. YUAN ET AL.

https://doi.org/10.1016/j.autcon.2023.105210
https://doi.org/10.1016/j.tust.2023.105307
https://doi.org/10.1016/j.tust.2023.105307
https://doi.org/10.48550/arXiv.2010.08895
https://doi.org/10.48550/arXiv.2003.03485
https://doi.org/10.1145/3648506
https://proceedings.neurips.cc/paper/2020/hash/4b21cf96d4cf612f239a6c322b10c8fe-Abstract.html
https://proceedings.neurips.cc/paper/2020/hash/4b21cf96d4cf612f239a6c322b10c8fe-Abstract.html
https://doi.org/10.48550/arXiv.2205.13671
https://doi.org/10.48550/arXiv.2205.13671
https://doi.org/10.3390/w11020200
https://doi.org/10.3390/w11020200
https://doi.org/10.1007/s00366-015-0429-7
https://doi.org/10.1007/s10706-019-00900-6
https://doi.org/10.1007/s10706-019-00900-6
https://doi.org/10.1016/j.autcon.2023.105234
https://doi.org/10.1016/j.autcon.2023.105234
https://doi.org/10.1016/j.asoc.2023.110376
https://doi.org/10.1016/j.oceaneng.2023.114517
https://doi.org/10.1016/j.oceaneng.2023.114517
https://doi.org/10.1016/j.compgeo.2023.106007
https://doi.org/10.3390/su151411074
https://doi.org/10.1016/j.gsf.2023.101621
https://doi.org/10.1016/j.enggeo.2022.106825
https://doi.org/10.1016/j.jcp.2024.112944
https://doi.org/10.1007/s00521-022-07294-2
https://doi.org/10.1016/j.metrad.2023.100017
https://doi.org/10.1016/j.metrad.2023.100017
https://doi.org/10.1016/j.gsf.2020.04.014
https://doi.org/10.1038/s42256-021-00302-5
https://doi.org/10.1007/978-3-030-27477-1_30
https://doi.org/10.3390/math10162949
https://doi.org/10.1088/1748-9326/ac9c1e
https://doi.org/10.1016/j.jcp.2022.111722
https://doi.org/10.1016/j.jcp.2022.111722
https://doi.org/10.1038/s42256-024-00897-5
https://doi.org/10.1038/s42256-024-00897-5
https://doi.org/10.1016/j.compgeo.2024.106106
https://doi.org/10.1016/j.cma.2020.113250


FO) fields. Water Resources Research, 58 (9). doi:10.1029/ 
2022WR031997  

Moeineddin, A., et al., 2023. Physics-informed neural net
works applied to catastrophic creeping landslides. 
Landslides, 20 (9), 1853–1863. doi:10.1007/s10346-023- 
02072-0  

Moseley, B., Markham, A., and NISSEN-MEYER, T., 2021. 
Finite basis physics-informed neural networks 
(FBPINNs): a scalable domain decomposition approach 
for solving differential equations. Advances in 
Computational Mathematics, 49, 62. doi:10.1007/s10444- 
023-10065-9  

Nagrecha, K., et al., 2020. As-encountered prediction of 
tunnel boring machine performance parameters using 
recurrent neural networks. Transportation Research 
Record, 2674 (10), 241–249. doi:10.1177/ 
0361198120934796  

Nascimento, R.G. and Viana, F.A., 2019. Fleet prognosis 
with physics-informed recurrent neural networks. arXiv 
preprint arXiv:1901.05512. doi:10.48550/arXiv.1901. 
05512  

Nguyen, T., Shiau, J., and Ly, D.-K., 2024. Enhanced earth 
pressure determination with negative wall-soil friction 
using soft computing. Computers and Geotechnics, 167, 
106086. doi:10.1016/j.compgeo.2024.106086  

Noureldin, M., Ali, T., and Kim, J., 2023. Machine 
learning-based seismic assessment of framed structures 
with soil-structure interaction. Frontiers of Structural and 
Civil Engineering, 17 (2), 205–223. doi:10.1007/s11709- 
022-0909-y  

Oñate, E., et al., 2004. The particle finite element method — 
an overview. International Journal of Computational 
Methods, 1 (2), 267–307. doi:10.1142/ 
S0219876204000204  

Ouyang, W., et al., 2024. Physics-informed neural networks 
for large deflection analysis of slender piles incorporating 
non-differentiable soil-structure interaction. 
International Journal for Numerical and Analytical 
Methods in Geomechanics, 48 (5), 1278–1308. doi:10. 
1002/nag.3679  

Ovadia, O., et al., 2023. Vito: Vision transformer-operator. 
Computer Methods in Applied Mechanics and 
Engineering, 428:117109. doi:10.1016/j.cma.2024.117109  

Ozelim, L.C.D.S.M., Casagrande, M.D.T., and 
Cavalcante, A.L.B., 2024. NorSand4AI: a comprehensive 
triaxial test simulation database for NorSand constitutive 
model materials. Geoscientific Model Development, 17 (8), 
3175–3197. doi:10.5194/gmd-17-3175-2024  

Pachalieva, A., et al., 2022. Physics-informed machine learn
ing with differentiable programming for heterogeneous 
underground reservoir pressure management. Scientific 
Reports, 12 (1), 18734. doi:10.1038/s41598-022-22832-7  

Pan, S.J. and Yang, Q., 2009. A survey on transfer learning. 
IEEE Transactions on Knowledge and Data Engineering, 
22 (10), 1345–1359. doi:10.1109/TKDE.2009.191  

Penwarden, M., et al., 2023. A unified scalable framework 
for causal sweeping strategies for physics-informed 
neural networks (PINNs) and their temporal 
decompositions. Journal of Computational Physics, 493, 
112464. doi:10.1016/j.jcp.2023.112464  

Pham, B.T., et al., 2019. A novel hybrid intelligent model of 
support vector machines and the MultiBoost ensemble 
for landslide susceptibility modeling. Bulletin of 
Engineering Geology and the Environment, 78 (4), 
2865–2886. doi:10.1007/s10064-018-1281-y  

Phoon, K.-K., Ching, J., and Shuku, T., 2022. Challenges in 
data-driven site characterization. Georisk: Assessment and 
Management of Risk for Engineered Systems and 
Geohazards, 16 (1), 114–126. doi:10.1080/17499518. 
2021.1896005  

Phoon, K.-K. and Zhang, W., 2023. Future of machine 
learning in geotechnics. Georisk: Assessment and 
Management of Risk for Engineered Systems and 
Geohazards, 17 (1), 7–22. doi:10.1080/17499518.2022. 
2087884  

Potts, D.M., et al., 2001. Finite element analysis in geotech
nical engineering: application. vol. 2. London: Thomas 
Telford, 427. doi:10.1680/feaigea.27831.fm  

Psaros, A.F., Kawaguchi, K., and Karniadakis, G.E., 2022. 
Meta-learning PINN loss functions. Journal of 
Computational Physics, 458, 111121. doi:10.1016/j.jcp. 
2022.111121  

Qu, J., Cai, W., and Zhao, Y., 2022. Learning 
time-dependent PDEs with a linear and nonlinear sepa
rate convolutional neural network. Journal of 
Computational Physics, 453, 110928. doi:10.1016/j.jcp. 
2021.110928  

Qu, T., et al., 2023. Deep active learning for constitutive 
modelling of granular materials: from representative 
volume elements to implicit finite element modelling. 
International Journal of Plasticity, 164, 103576. doi:10. 
1016/j.ijplas.2023.103576  

Radford, A., Metz, L., and Chintala, S., 2015. Unsupervised 
representation learning with deep convolutional genera
tive adversarial networks. arXiv preprint 
arXiv:1511.06434. doi:10.48550/arXiv.1511.06434  

Rahaman, N., et al., 2019. On the spectral bias of neural 
networks. In International conference on machine learn
ing. PMLR, 5301–5310. http://proceedings.mlr.press/v97/ 
rahaman19a.html 

Raissi, M., Perdikaris, P., and Karniadakis, G.E., 2019. 
Physics-informed neural networks: a deep learning fra
mework for solving forward and inverse problems invol
ving nonlinear partial differential equations. Journal of 
Computational Physics, 378, 686–707. doi:10.1016/j.jcp. 
2018.10.045  

Rathore, P., et al., 2024. Challenges in training PINNs: a loss 
landscape perspective. arXiv preprint arXiv:2402.01868. 
doi:10.48550/arXiv.2402.01868  

Reichstein, M., et al., 2019. Deep learning and process 
understanding for data-driven earth system science. 
Nature, 566 (7743), 195–204. doi:10.1038/s41586-019- 
0912-1  

Ren, P., et al., 2022. PhyCRNet: physics-informed 
convolutional-recurrent network for solving spatiotem
poral PDEs. Computer Methods in Applied Mechanics and 
Engineering, 389, 389. doi:10.1016/j.cma.2021.114399  

Raonic, B., et al., 2023a. Convolutional neural operators. 
ICLR 2023 Workshop on Physics for Machine Learning, 
February

GEOMECHANICS AND GEOENGINEERING 1155

https://doi.org/10.1029/2022WR031997
https://doi.org/10.1029/2022WR031997
https://doi.org/10.1007/s10346-023-02072-0
https://doi.org/10.1007/s10346-023-02072-0
https://doi.org/10.1007/s10444-023-10065-9
https://doi.org/10.1007/s10444-023-10065-9
https://doi.org/10.1177/0361198120934796
https://doi.org/10.1177/0361198120934796
https://doi.org/10.48550/arXiv.1901.05512
https://doi.org/10.48550/arXiv.1901.05512
https://doi.org/10.1016/j.compgeo.2024.106086
https://doi.org/10.1007/s11709-022-0909-y
https://doi.org/10.1007/s11709-022-0909-y
https://doi.org/10.1142/S0219876204000204
https://doi.org/10.1142/S0219876204000204
https://doi.org/10.1002/nag.3679
https://doi.org/10.1002/nag.3679
https://doi.org/10.1016/j.cma.2024.117109
https://doi.org/10.5194/gmd-17-3175-2024
https://doi.org/10.1038/s41598-022-22832-7
https://doi.org/10.1109/TKDE.2009.191
https://doi.org/10.1016/j.jcp.2023.112464
https://doi.org/10.1007/s10064-018-1281-y
https://doi.org/10.1080/17499518.2021.1896005
https://doi.org/10.1080/17499518.2021.1896005
https://doi.org/10.1080/17499518.2022.2087884
https://doi.org/10.1080/17499518.2022.2087884
https://doi.org/10.1680/feaigea.27831.fm
https://doi.org/10.1016/j.jcp.2022.111121
https://doi.org/10.1016/j.jcp.2022.111121
https://doi.org/10.1016/j.jcp.2021.110928
https://doi.org/10.1016/j.jcp.2021.110928
https://doi.org/10.1016/j.ijplas.2023.103576
https://doi.org/10.1016/j.ijplas.2023.103576
https://doi.org/10.48550/arXiv.1511.06434
http://proceedings.mlr.press/v97/rahaman19a.html
http://proceedings.mlr.press/v97/rahaman19a.html
https://doi.org/10.1016/j.jcp.2018.10.045
https://doi.org/10.1016/j.jcp.2018.10.045
https://doi.org/10.48550/arXiv.2402.01868
https://doi.org/10.1038/s41586-019-0912-1
https://doi.org/10.1038/s41586-019-0912-1
https://doi.org/10.1016/j.cma.2021.114399


Raonic, B., et al., 2023b. Convolutional neural operators for 
robust and accurate learning of PDEs. Advances in Neural 
Information Processing Systems, 36, 77187–77200.

Roumeliotis, K.I. and Tselikas, N.D., 2023. Chatgpt and 
open-ai models: a preliminary review. Future Internet, 
15 (6), 192. doi:10.3390/fi15060192  

Samui, P., 2011. Prediction of pile bearing capacity using 
support vector machine. International Journal of 
Geotechnical Engineering, 5 (1), 95–102. doi:10.3328/ 
IJGE.2011.05.01.95-102  

Samui, P., 2012. Application of statistical learning algo
rithms to ultimate bearing capacity of shallow foundation 
on cohesionless soil. International Journal for Numerical 
and Analytical Methods in Geomechanics, 36 (1), 
100–110. doi:10.1002/nag.997  

Sauer, T., 2011. Numerical analysis. USA: Addison-Wesley 
Publishing Company. https://dl.acm.org/doi/abs/10. 
5555/2161609 

Shen, C., 2018. A transdisciplinary review of deep learning 
research and its relevance for water resources scientists. 
Water Resources Research, 54 (11), 8558–8593. doi:10. 
1029/2018WR022643  

Shi, C., et al., 2023. A BIM-based framework for automatic 
numerical modelling and geotechnical analysis of a 
large-scale deep excavation for transportation 
infrastructures. Intelligent Transportation Infrastructure, 
2, liad012. doi:10.1093/iti/liad012  

Shi, C. and Wang, Y., 2021a. Development of subsurface 
geological cross-section from limited site-specific bore
holes and prior geological knowledge using iterative con
volution XGBoost. Journal of Geotechnical and 
Geoenvironmental Engineering, 147 (9), 04021082. 
doi:10.1061/(ASCE)GT.1943-5606.0002583  

Shi, C. and Wang, Y., 2021b. Nonparametric and 
data-driven interpolation of subsurface soil stratigraphy 
from limited data using multiple point statistics. 
Canadian Geotechnical Journal, 58 (2), 261–280. doi:10. 
1139/cgj-2019-0843  

Shi, C. and Wang, Y., 2022a. Data-driven construction of 
three-dimensional subsurface geological models from 
limited site-specific boreholes and prior geological 
knowledge for underground digital twin. Tunnelling and 
Underground Space Technology, 126, 104493. doi:10. 
1016/j.tust.2022.104493  

Shi, C. and Wang, Y., 2022b. Machine learning of 
three-dimensional subsurface geological model for 
a reclamation site in Hong Kong. Bulletin of Engineering 
Geology and the Environment, 81 (12), 504. doi:10.1007/ 
s10064-022-03009-y  

Shi, C. and Wang, Y., 2023. Data-driven sequential devel
opment of geological cross-sections along tunnel 
trajectory. Acta Geotechnica, 18 (4), 1739–1754. doi:10. 
1007/s11440-022-01707-1  

Shin, H.S. and Pande, G.N., 2000. On self-learning finite 
element codes based on monitored response of structures. 
Computers and Geotechnics, 27 (3), 161–178. doi:10.1016/ 
S0266-352X(00)00016-1  

Shin, Y., Darbon, J., and Karniadakis, G.E., 2020. On the 
convergence of physics informed neural networks for 
linear second-order elliptic and parabolic type PDEs. 
arXiv preprint arXiv:2004.01806. doi:10.48550/arXiv. 
2004.01806  

Shukla, K., Jagtap, A.D., and Karniadakis, G.E., 2021. 
Parallel physics-informed neural networks via domain 
decomposition. Journal of Computational Physics, 447, 
110683. doi:10.1016/j.jcp.2021.110683  

Smith, G.D., 1985. Numerical solution of partial differential 
equations: finite difference methods. New York: Oxford 
university press.

Song, S.-J. and Jang, Y.-G., 2018. Construction of digital 
twin geotechnical resistance model for liquefaction risk 
evaluation. Proceedings of the 2nd International 
Symposium on Computer Science and Intelligent Control 
(ISCSIC ‘18). Association for Computing Machinery, 
New York, NY, USA. 1–6. doi:10.1145/3284557.3284739  

Song, S., Mukerji, T., and Zhang, D., 2025. Physics-informed 
multi-grid neural operator: theory and an application to 
porous flow simulation. Journal of Computational 
Physics, 520, 113438. doi:10.1016/j.jcp.2024.113438  

Song, Y., et al., 2024. Loss-attentional physics-informed 
neural networks. Journal of Computational Physics, 501, 
112781. doi:10.1016/j.jcp.2024.112781  

Stuyts, B. and Suryasentana, S., 2023. Applications of data 
science in offshore geotechnical engineering: state of 
practice and future perspectives. Paper presented at the 
Offshore Site Investigation Geotechnics 9th International 
Conference, London, England, UK, 2710593. doi:10.3723/ 
YDGB3400  

Su, M.M., et al., 2024. A thermodynamics-informed neural 
network for elastoplastic constitutive modeling of gran
ular materials. Computer Methods in Applied Mechanics 
and Engineering, 430, 117246. doi:10.1016/j.cma.2024. 
117246  

Suh, H.S., et al., 2024. Data-driven discovery of interpretable 
water retention models for deformable porous media. 
Acta Geotechnica, 19 (6), 3821–3835. doi:10.1007/ 
s11440-024-02322-y  

Sulsky, D., Chen, Z., and Schreyer, H.L., 1994. A particle 
method for history-dependent materials. Computer 
Methods in Applied Mechanics and Engineering, 
118 (1–2), 179–196. doi:10.1016/0045-7825(94)90112-0  

Sun, Z., et al., 2023. Intelligent risk prognosis and control of 
foundation pit excavation based on digital twin. 
Buildings, 13 (1), 247. doi:10.3390/buildings13010247  

Suryasentana, S.K., Sheil, B.B., and Stuyts, B., 2024. Practical 
approach for data-efficient metamodeling and real-time 
modeling of monopiles using physics-informed multifi
delity data fusion. Journal of Geotechnical and 
Geoenvironmental Engineering, 150 (8), 06024005. 
doi:10.1061/JGGEFK.GTENG-12395  

Tan, C., et al., 2018. A survey on deep transfer learning. In: 
V. Kůrková, Y. Manolopoulos, B. Hammer, L. Iliadis, and 
I. Maglogiannis, eds. Artificial neural networks and 
machine learning – ICANN 2018. Cham. Springer 
International Publishing, 270–279. doi:10.1007/978-3- 
030-01424-7_27  

Tang, K., Wan, X., and Yang, C., 2023. DAS-PINNs: a deep 
adaptive sampling method for solving high-dimensional 
partial differential equations. Journal of Computational 
Physics, 476, 111868. doi:10.1016/j.jcp.2022.111868  

Tao, R., et al., 2023. A physics-inspired machine learning 
approach for water-tightness estimation of defective 
cut-off walls with random construction errors. Acta 

1156 B. YUAN ET AL.

https://doi.org/10.3390/fi15060192
https://doi.org/10.3328/IJGE.2011.05.01.95-102
https://doi.org/10.3328/IJGE.2011.05.01.95-102
https://doi.org/10.1002/nag.997
https://dl.acm.org/doi/abs/10.5555/2161609
https://dl.acm.org/doi/abs/10.5555/2161609
https://doi.org/10.1029/2018WR022643
https://doi.org/10.1029/2018WR022643
https://doi.org/10.1093/iti/liad012
https://doi.org/10.1061/(ASCE)GT.1943-5606.0002583
https://doi.org/10.1139/cgj-2019-0843
https://doi.org/10.1139/cgj-2019-0843
https://doi.org/10.1016/j.tust.2022.104493
https://doi.org/10.1016/j.tust.2022.104493
https://doi.org/10.1007/s10064-022-03009-y
https://doi.org/10.1007/s10064-022-03009-y
https://doi.org/10.1007/s11440-022-01707-1
https://doi.org/10.1007/s11440-022-01707-1
https://doi.org/10.1016/S0266-352X(00)00016-1
https://doi.org/10.1016/S0266-352X(00)00016-1
https://doi.org/10.48550/arXiv.2004.01806
https://doi.org/10.48550/arXiv.2004.01806
https://doi.org/10.1016/j.jcp.2021.110683
https://doi.org/10.1145/3284557.3284739
https://doi.org/10.1016/j.jcp.2024.113438
https://doi.org/10.1016/j.jcp.2024.112781
https://doi.org/10.3723/YDGB3400
https://doi.org/10.3723/YDGB3400
https://doi.org/10.1016/j.cma.2024.117246
https://doi.org/10.1016/j.cma.2024.117246
https://doi.org/10.1007/s11440-024-02322-y
https://doi.org/10.1007/s11440-024-02322-y
https://doi.org/10.1016/0045-7825(94)90112-0
https://doi.org/10.3390/buildings13010247
https://doi.org/10.1061/JGGEFK.GTENG-12395
https://doi.org/10.1007/978-3-030-01424-7_27
https://doi.org/10.1007/978-3-030-01424-7_27
https://doi.org/10.1016/j.jcp.2022.111868


Geotechnica, 18 (11), 5959–5982. doi:10.1007/s11440- 
023-02030-z  

Tartakovsky, A.M., et al., 2020. Physics-informed deep 
neural networks for learning parameters and constitutive 
relationships in subsurface flow problems. Water 
Resources Research, 56 (5), e2019WR026731. doi:10. 
1029/2019WR026731  

Tehrani, F.S., et al., 2022. Machine learning and landslide 
studies: recent advances and applications. Natural 
Hazards, 114 (2), 1197–1245. doi:10.1007/s11069-022- 
05423-7  

Tian, H.-M. and Wang, Y., 2024. Optimal selection of dic
tionary atoms for sparse dictionary learning of 
time-varying monitoring data in two-dimensional geo
technical problems. Computers and Geotechnics, 165, 
105953. doi:10.1016/j.compgeo.2023.105953  

Tian, H. and Wang, Y., 2023. Data-driven and 
physics-informed Bayesian learning of spatiotemporally 
varying consolidation settlement from sparse site investi
gation and settlement monitoring data. Computers and 
Geotechnics, 157, 105328. doi:10.1016/j.compgeo.2023. 
105328  

Tian, H., Wang, Y., and Phoon, K.-K., 2024. Real-time 
fusion of multi-source monitoring data with geotechnical 
numerical Model results using data-driven and 
physics-informed sparse dictionary learning. Canadian 
Geotechnical Journal, 61 (11), 2535–2552. doi:10.1139/ 
cgj-2023-0457  

Tian, Y. and Yao, Y.-P., 2017. Modelling the non-coaxiality of 
soils from the view of cross-anisotropy. Computers and 
Geotechnics, 86, 219–229. doi:10.1016/j.compgeo.2017.01. 
013  

Tošić, I. and Frossard, P., 2011. Dictionary learning. IEEE 
Signal Processing Magazine, 28 (2), 27–38. doi:10.1109/ 
MSP.2010.939537  

Tripura, T. and Chakraborty, S., 2023. Wavelet neural 
operator for solving parametric partial differential equa
tions in computational mechanics problems. Computer 
Methods in Applied Mechanics and Engineering, 404, 
115783. doi:10.1016/j.cma.2022.115783  .

Vaswani, A., et al., 2017. Attention is all you need. Advances 
in Neural Information Processing Systems, 30. https://pro 
c e e d i n g s . n e u r i p s . c c / p a p e r / 2 0 1 7 / h a s h /  
3f5ee243547dee91fbd053c1c4a845aa-Abstract.html 

Vlassis, N.N., Ma, R., and Sun, W., 2020. Geometric deep 
learning for computational mechanics part i: anisotropic 
hyperelasticity. Computer Methods in Applied Mechanics 
and Engineering, 371, 113299. doi:10.1016/j.cma.2020. 
113299  

Vlassis, N.N. and Sun, W., 2023. Geometric learning for 
computational mechanics part II: graph embedding for 
interpretable multiscale plasticity. Computer Methods in 
Applied Mechanics and Engineering, 404, 115768. doi:10. 
1016/j.cma.2022.115768  

Wang, C., et al., 2024. Distributed hydrological modeling 
with physics-encoded deep learning: a General frame
work and its application in the Amazon. Water 
Resources Research, 60 (4), e2023WR036170. doi:10. 
1029/2023WR036170  

Wang, H., et al., 2019. A Bayesian unsupervised learning 
approach for identifying soil stratification using cone 

penetration data. Canadian Geotechnical Journal, 56 (8), 
1184–1205. doi:10.1139/cgj-2017-0709  

Wang, K. and Sun, W., 2018. A multiscale 
multi-permeability poroplasticity model linked by recur
sive homogenizations and deep learning. Computer 
Methods in Applied Mechanics and Engineering, 334, 
337–380. doi:10.1016/j.cma.2018.01.036  

Wang, N., Chang, H., and Zhang, D., 2021a. Deep-learning- 
based inverse modeling approaches: a subsurface flow 
example. Journal of Geophysical Research: Solid Earth, 
126 (2), e2020JB020549. doi:10.1029/2020JB020549  

Wang, N., Chang, H., and Zhang, D., 2021b. Efficient uncer
tainty quantification and data assimilation via 
theory-guided convolutional neural network. SPE 
Journal, 26 (6), 4128–4156. doi:10.2118/203904-PA  

Wang, N., Chang, H., and Zhang, D., 2021c. Theory-guided 
auto-encoder for surrogate construction and inverse 
modeling. Computer Methods in Applied Mechanics and 
Engineering, 385, 385. doi:10.1016/j.cma.2021.114037  

Wang, S., Sankaran, S., and Wang, H., 2023. An expert’s 
guide to training physics-informed neural networks. 
Computer Methods in Applied Mechanics and 
Engineering, 421, 116813. doi:10.1016/j.cma.2024.116813  

Wang, S., Teng, Y., and Perdikaris, P., 2021. Understanding 
and mitigating gradient flow pathologies in 
physics-informed neural networks. SIAM Journal on 
Scientific Computing, 43 (5), A3055–A3081. doi:10.1137/ 
20M1318043  

Wang, S., et al., 2021. Learning the solution operator of 
parametric partial differential equations with physics- 
informed DeepONets. Science Advances, 7, eabi8605. 
doi:10.1126/sciadv.abi8605  .

Wang, S., Wang, H., and Perdikaris, P., 2021a. Learning the 
solution operator of parametric partial differential equa
tions with physics-informed DeepONets. Science 
Advances, 7 (40), eabi8605. doi:10.1126/sciadv.abi8605  

Wang, S., Wang, H., and Perdikaris, P., 2021b. On the 
eigenvector bias of Fourier feature networks: from regres
sion to solving multi-scale PDEs with physics-informed 
neural networks. Computer Methods in Applied 
Mechanics and Engineering, 384, 384. doi:10.1016/j.cma. 
2021.113938  

Wang, S., Yu, X., and Perdikaris, P., 2022. When and why 
PINNs fail to train: a neural tangent kernel perspective. 
Journal of Computational Physics, 449, 110768. doi:10. 
1016/j.jcp.2021.110768  

Wang, X., et al., 2016. Probabilistic analysis of shield-driven 
tunnel in multiple strata considering stratigraphic 
uncertainty. Structural Safety, 62, 88–100. doi:10.1016/j. 
strusafe.2016.06.007  

Wang, X., et al., 2018. A hidden Markov random field model 
based approach for probabilistic site characterization 
using multiple cone penetration test data. Structural 
Safety, 70, 128–138. doi:10.1016/j.strusafe.2017.10.011  

Wang, X., et al., 2022. TransFlowNet: a physics-constrained 
transformer framework for spatio-temporal 
super-resolution of flow simulations. Journal of 
Computational Science, 65, 101906. doi:10.1016/j.jocs. 
2022.101906  

Wang, Y., et al., 2024. Artificial intelligence for partial 
differential equations in computational mechanics: a 

GEOMECHANICS AND GEOENGINEERING 1157

https://doi.org/10.1007/s11440-023-02030-z
https://doi.org/10.1007/s11440-023-02030-z
https://doi.org/10.1029/2019WR026731
https://doi.org/10.1029/2019WR026731
https://doi.org/10.1007/s11069-022-05423-7
https://doi.org/10.1007/s11069-022-05423-7
https://doi.org/10.1016/j.compgeo.2023.105953
https://doi.org/10.1016/j.compgeo.2023.105328
https://doi.org/10.1016/j.compgeo.2023.105328
https://doi.org/10.1139/cgj-2023-0457
https://doi.org/10.1139/cgj-2023-0457
https://doi.org/10.1016/j.compgeo.2017.01.013
https://doi.org/10.1016/j.compgeo.2017.01.013
https://doi.org/10.1109/MSP.2010.939537
https://doi.org/10.1109/MSP.2010.939537
https://doi.org/10.1016/j.cma.2022.115783
https://proceedings.neurips.cc/paper/2017/hash/3f5ee243547dee91fbd053c1c4a845aa-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/3f5ee243547dee91fbd053c1c4a845aa-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/3f5ee243547dee91fbd053c1c4a845aa-Abstract.html
https://doi.org/10.1016/j.cma.2020.113299
https://doi.org/10.1016/j.cma.2020.113299
https://doi.org/10.1016/j.cma.2022.115768
https://doi.org/10.1016/j.cma.2022.115768
https://doi.org/10.1029/2023WR036170
https://doi.org/10.1029/2023WR036170
https://doi.org/10.1139/cgj-2017-0709
https://doi.org/10.1016/j.cma.2018.01.036
https://doi.org/10.1029/2020JB020549
https://doi.org/10.2118/203904-PA
https://doi.org/10.1016/j.cma.2021.114037
https://doi.org/10.1016/j.cma.2024.116813
https://doi.org/10.1137/20M1318043
https://doi.org/10.1137/20M1318043
https://doi.org/10.1126/sciadv.abi8605
https://doi.org/10.1126/sciadv.abi8605
https://doi.org/10.1016/j.cma.2021.113938
https://doi.org/10.1016/j.cma.2021.113938
https://doi.org/10.1016/j.jcp.2021.110768
https://doi.org/10.1016/j.jcp.2021.110768
https://doi.org/10.1016/j.strusafe.2016.06.007
https://doi.org/10.1016/j.strusafe.2016.06.007
https://doi.org/10.1016/j.strusafe.2017.10.011
https://doi.org/10.1016/j.jocs.2022.101906
https://doi.org/10.1016/j.jocs.2022.101906


review. arXiv preprint arXiv:2410.19843. doi:10.48550/ 
arXiv.2410.19843  .

Wang, Y. and Tian, H.-M., 2024. Digital geotechnics: from 
data-driven site characterisation towards digital transfor
mation and intelligence in geotechnical engineering. 
Georisk: Assessment and Management of Risk for 
Engineered Systems and Geohazards, 18 (1), 8–32. 
doi:10.1080/17499518.2023.2278136  

Wei, X., et al., 2024. Improving pixel-based regional land
slide susceptibility mapping. Geoscience Frontiers, 15 (4), 
101782. doi:10.1016/j.gsf.2024.101782  

Wu, C., et al., 2023. A comprehensive study of non-adaptive 
and residual-based adaptive sampling for 
physics-informed neural networks. Computer Methods 
in Applied Mechanics and Engineering, 403, 403. doi:10. 
1016/j.cma.2022.115671  

Wu, H., et al., 2022. Multi-level voxel representations for 
digital twin models of tunnel geological environment. 
International Journal of Applied Earth Observation and 
Geoinformation, 112, 102887. doi:10.1016/j.jag.2022. 
102887  

Wu, J., et al., Theory and technology of digital twin Model for 
geotechnical engineering. 2021. Springer. 403–411.

Wu, K. and Xiu, D., 2020. Data-driven deep learning of 
partial differential equations in modal space. Journal of 
Computational Physics, 408, 109307. doi:10.1016/j.jcp. 
2020.109307  

Wu, S., Zhu, A., and Yifa Tang, Y.T., 2023. Convergence of 
physics-informed neural networks applied to linear 
second-order elliptic interface problems. 
Communications in Computational Physics, 33 (2), 
596–627. doi:10.4208/cicp.OA-2022-0218  

Wunsch, A., Liesch, T., and Broda, S., 2022. Deep learning 
shows declining groundwater levels in Germany until 
2100 due to climate change. Nature Communications, 
13 (1), 1221. doi:10.1038/s41467-022-28770-2  

Xiang, Z., et al., 2022. Self-adaptive loss balanced 
physics-informed neural networks. Neurocomputing, 
496, 11–34. doi:10.1016/j.neucom.2022.05.015  

Xiao, M., Ma, R., and Sun, W., 2023. Geometric learning for 
computational mechanics, part III: physics-constrained 
response surface of geometrically nonlinear shells. 
Computer Methods in Applied Mechanics and 
Engineering, 415, 116219. doi:10.1016/j.cma.2023.116219  

Xiong, R., et al., 2022. Predicting dynamic riverine nitrogen 
export in unmonitored watersheds: leveraging insights of 
AI from Data-Rich regions. Environmental Science & 
Technology, 56 (14), 10530–10542. doi:10.1021/acs.est. 
2c02232  

Xiong, W. and Wang, J., 2024. Deep transfer learning-aided 
constitutive modelling of granular soils considering 
out-of-range particle morphology. Tunnelling and 
Underground Space Technology, 144, 105547. doi:10. 
1016/j.tust.2023.105547  

Xu, T. and Liang, F., 2021. Machine learning for hydrologic 
sciences: an introductory overview. WIREs Water, 8 (5). 
doi:10.1002/wat2.1533  

Xu, W., Chen, J., and Zhang, X.J., 2022. Scale effects of the 
monthly streamflow prediction using a state-of-the-art 
deep learning Model. Water Resources Management, 
36 (10), 3609–3625. doi:10.1007/s11269-022-03216-y  

Yan, W., et al., 2023. A hybrid physical data informed DNN 
in axial displacement prediction of immersed tunnel 
joint. Georisk: Assessment and Management of Risk for 
Engineered Systems and Geohazards, 17 (1), 169–180. 
doi:10.1080/17499518.2023.2169941  

Yang, C.-H., et al., 2021. Deep learning for imputation and 
forecasting tidal level. IEEE Journal of Oceanic 
Engineering, 46 (4), 1261–1271. doi:10.1109/JOE.2021. 
3073931  

Yang, J., et al., 2019. Modeling coupled erosion and filtra
tion of fine particles in granular media. Acta Geotechnica, 
14 (6), 1615–1627. doi:10.1007/s11440-019-00808-8  

Yang, L., Zhang, D., and Karniadakis, G.E., 2020. Physics- 
informed generative adversarial networks for stochastic 
differential equations. SIAM Journal on Scientific 
Computing, 42 (1), A292–A317. doi:10.1137/ 
18M1225409  

Ye, J., et al., 2022. Physics-informed neural networks for 
hydraulic transient analysis in pipeline systems. Water 
Research, 221, 118828. doi:10.1016/j.watres.2022.118828  

Ye, Z., et al., 2023. A digital twin approach for tunnel 
construction safety early warning and management. 
Computers in Industry, 144, 103783. doi:10.1016/j.com 
pind.2022.103783  

Yeo, Y.E.N., et al., 2023. Feature visualization using a deep 
learning technique with attention-based mechanism for 
pipe jacking through “soft rocks”. Geo- 
Risk, 42–54. doi:10.1061/9780784484982.005  

Yeo, L.Y., Choo, C.S., and Lee, S.H., 2022. To Jack or not to 
Jack: inside the minds of pipe jacking operators. Springer. 
313–323.

Yeo, L.Y., et al., 2024. Evaluation of jacking forces in weath
ered phyllite based on in situ pressuremeter testing and 
deep learning. Geosciences, 14 (3), 55. doi:10.3390/ 
geosciences14030055  

Yin, M., et al., 2022. Interfacing finite elements with deep 
neural operators for fast multiscale modeling of 
mechanics problems. Computer Methods in Applied 
Mechanics and Engineering, 402, 115027. doi:10.1016/j. 
cma.2022.115027  .

Yin, Z.-Y., et al., 2010. An anisotropic elastic–viscoplastic 
model for soft clays. International Journal of Solids and 
Structures, 47 (5), 665–677. doi:10.1016/j.ijsolstr.2009.11. 
004  

Yousheng, D., et al., 2024Machine learning based prediction 
model for the pile bearing capacity of saline soils in cold 
regions, Structures. 59:105735. doi:10.1016/j.istruc.2023. 
105735  .

Yu, G., et al., 2021. A digital twin-based decision analysis 
framework for operation and maintenance of tunnels. 
Tunnelling and Underground Space Technology, 116, 
104125. doi:10.1016/j.tust.2021.104125  

Yu, J., et al., 2022. Gradient-enhanced physics-informed 
neural networks for forward and inverse PDE problems. 
Computer Methods in Applied Mechanics and 
Engineering, 393, 393. doi:10.1016/j.cma.2022.114823  

Yu, S., et al., 2024. A performance-based hybrid deep learn
ing model for predicting TBM advance rate using 
attention-ResNet-LSTM. Journal of Rock Mechanics and 
Geotechnical Engineering, 16 (1), 65–80. doi:10.1016/j. 
jrmge.2023.06.010  

1158 B. YUAN ET AL.

https://doi.org/10.48550/arXiv.2410.19843
https://doi.org/10.48550/arXiv.2410.19843
https://doi.org/10.1080/17499518.2023.2278136
https://doi.org/10.1016/j.gsf.2024.101782
https://doi.org/10.1016/j.cma.2022.115671
https://doi.org/10.1016/j.cma.2022.115671
https://doi.org/10.1016/j.jag.2022.102887
https://doi.org/10.1016/j.jag.2022.102887
https://doi.org/10.1016/j.jcp.2020.109307
https://doi.org/10.1016/j.jcp.2020.109307
https://doi.org/10.4208/cicp.OA-2022-0218
https://doi.org/10.1038/s41467-022-28770-2
https://doi.org/10.1016/j.neucom.2022.05.015
https://doi.org/10.1016/j.cma.2023.116219
https://doi.org/10.1021/acs.est.2c02232
https://doi.org/10.1021/acs.est.2c02232
https://doi.org/10.1016/j.tust.2023.105547
https://doi.org/10.1016/j.tust.2023.105547
https://doi.org/10.1002/wat2.1533
https://doi.org/10.1007/s11269-022-03216-y
https://doi.org/10.1080/17499518.2023.2169941
https://doi.org/10.1109/JOE.2021.3073931
https://doi.org/10.1109/JOE.2021.3073931
https://doi.org/10.1007/s11440-019-00808-8
https://doi.org/10.1137/18M1225409
https://doi.org/10.1137/18M1225409
https://doi.org/10.1016/j.watres.2022.118828
https://doi.org/10.1016/j.compind.2022.103783
https://doi.org/10.1016/j.compind.2022.103783
https://doi.org/10.1061/9780784484982.005
https://doi.org/10.3390/geosciences14030055
https://doi.org/10.3390/geosciences14030055
https://doi.org/10.1016/j.cma.2022.115027
https://doi.org/10.1016/j.cma.2022.115027
https://doi.org/10.1016/j.ijsolstr.2009.11.004
https://doi.org/10.1016/j.ijsolstr.2009.11.004
https://doi.org/10.1016/j.istruc.2023.105735
https://doi.org/10.1016/j.istruc.2023.105735
https://doi.org/10.1016/j.tust.2021.104125
https://doi.org/10.1016/j.cma.2022.114823
https://doi.org/10.1016/j.jrmge.2023.06.010
https://doi.org/10.1016/j.jrmge.2023.06.010


Yuan, B., et al., 2024. f-PICNN: a physics-informed convo
lutional neural network for partial differential equations 
with space-time domain. Journal of Computational 
Physics, 515, 113284. doi:10.1016/j.jcp.2024.113284  

Yuan, B., et al., 2025. High-fidelity multiphysics modelling 
for rapid predictions using physics-informed parallel 
neural Operator. arXiv preprint arXiv:2502.19543. 
doi:10.48550/arXiv.2502.19543  .

Zainab, B., et al., 2021. Hydraulic conductivity of 
bentonite-polymer geosynthetic clay liners to coal com
bustion product leachates. Geotextiles and 
Geomembranes, 49 (5), 1129–1138. doi:10.1016/j.geotex 
mem.2021.03.007  

Zeng, S., Zhang, Z., and Zou, Q., 2022. Adaptive deep neural 
networks methods for high-dimensional partial differen
tial equations. Journal of Computational Physics, 463, 
111232. doi:10.1016/j.jcp.2022.111232  

Zhang, J., et al., 2021. Daily runoff forecasting by deep 
recursive neural network. Journal of Hydrology, 596, 
126067. doi:10.1016/j.jhydrol.2021.126067  

Zhang, J., et al., 2023. Deep transfer learning for ground
water flow in heterogeneous aquifers using a simple ana
lytical model. Journal of Hydrology, 626, 130293. doi:10. 
1016/j.jhydrol.2023.130293  

Zhang, L., et al., 2024. Digital twin enabled real-time 
advanced control of TBM operation using deep learning 
methods. Automation in Construction, 158, 105240. 
doi:10.1016/j.autcon.2023.105240  

Zhang, P., et al., 2022a. Physics-constrained hierarchical 
data-driven modelling framework for complex 
path-dependent behaviour of soils. International Journal 
for Numerical and Analytical Methods in Geomechanics, 
46 (10), 1831–1850. doi:10.1002/nag.3370  

Zhang, P., Yin, Z.-Y., and Sheil, B., 2023. Interpretable 
data-driven constitutive modelling of soils with sparse 
data. Computers and Geotechnics, 160, 105511. doi:10. 
1016/j.compgeo.2023.105511  

Zhang, P., Yin, Z.-Y., and Sheil, B., 2022. A 
physics-informed data-driven approach for consolidation 
analysis. Géotechnique, 74(7), 620–631. doi:10.1680/jgeot. 
22.00046  

Zhang, P., Yin, Z.Y., and Jin, Y.F., 2021. State-of-the-art 
review of machine learning applications in constitutive 
modeling of soils. Archives of Computational Methods in 
Engineering, 28 (5), 3661–3686. doi:10.1007/s11831-020- 
09524-z  

Zhang, P., et al., 2022b. Physics-constrained hierarchical 
data-driven modelling framework for complex 
path-dependent behaviour of soils. International Journal 
for Numerical and Analytical Methods in Geomechanics, 
46 (10), 1831–1850. doi:10.1002/nag.3370  

Zhang, P., et al., 2022c. Physics‐constrained hierarchical 
data‐driven modelling framework for complex path‐ 
dependent behaviour of soils. International Journal for 
Numerical and Analytical Methods in Geomechanics, 
46 (10), 1831–1850. doi:10.1002/nag.3370  

Zhang, R., Liu, Y., and Sun, H., 2020. Physics-informed 
multi-LSTM networks for metamodeling of nonlinear 
structures. Computer Methods in Applied Mechanics and 
Engineering, 369, 113226. doi:10.1016/j.cma.2020.113226  

Zhang, S., et al., 2022. Physics-informed neural networks for 
consolidation of soils. Engineering Computations, 39 (7), 
2845–2865. doi:10.1108/EC-08-2021-0492  

Zhang, W., et al., 2023. Influence of chopped basalt fibers on 
the fracture performance of concrete subjected to calcium 
leaching. Theoretical and Applied Fracture Mechanics, 
125, 103934. doi:10.1016/j.tafmec.2023.103934  

Zhang, Z., et al., 2023. Physics-informed deep learning 
method for predicting tunnelling-induced ground 
deformations. Acta Geotechnica, 18 (9), 4957–4972. 
doi:10.1007/s11440-023-01874-9  

Zhang, Z., et al., 2024. Bayesian ensemble methods for 
predicting ground deformation due to tunnelling with 
sparse monitoring data. Underground Space, 16, 79–93. 
doi:10.1016/j.undsp.2023.09.001  

Zhao, S., Zhang, J., and Feng, S.-J., 2023. The era of 
low-permeability sites remediation and corresponding 
technologies: a review. Chemosphere, 313, 137264. 
doi:10.1016/j.chemosphere.2022.137264  

Zhou, H., et al., 2023. Prediction of jacking force using 
PSO-BPNN and PSO-SVR algorithm in curved pipe 
roof. Tunnelling and Underground Space Technology, 
138, 105159. doi:10.1016/j.tust.2023.105159  

Zhou, H., et al., 2021. Informer: beyond efficient transfor
mer for long sequence time-series forecasting. 
Proceedings of the AAAI Conference on Artificial 
Intelligence. 35(12), 11106–11115. doi:10.1609/aaai. 
v35i12.17325  

Zhou, J., et al., 2017. Feasibility of random-forest approach 
for prediction of ground settlements induced by the con
struction of a shield-driven tunnel. International Journal 
of Geomechanics, 17 (6), 04016129. doi:10.1061/(ASCE) 
GM.1943-5622.0000817  

Zhu, S., et al., 2020. Forecasting of water level in multiple 
temperate lakes using machine learning models. Journal 
of Hydrology, 585, 124819. doi:10.1016/j.jhydrol.2020. 
124819  

Zhu, W., et al., 2021. A general approach to seismic inver
sion with automatic differentiation. Computers & 
Geosciences, 151, 104751. doi:10.1016/j.cageo.2021. 
104751  

Zienkiewicz, O.C. and Morice, P., 1971. The finite element 
method in engineering science. vol. 1977. London: 
MCgraw-hill  London. https://cir.nii .ac. jp/crid/ 
1130282269670451328 

Zienkiewicz, O.C., Taylor, R.L., and Zhu, J.Z., 2005. The finite 
element method: its basis and fundamentals. Elsevier. 
https://books.google.com/books?hl=en&lr=&id= 
YocoaH8lnx8C&oi=fnd&pg=PP1&dq=The+finite+ele 
ment+method:+its+basis+and+fundamentals&ots= 
idXx6uJTeO&sig=r3yJ3vqmhw0U3LHhZ8Qm9VwQBfw

GEOMECHANICS AND GEOENGINEERING 1159

https://doi.org/10.1016/j.jcp.2024.113284
https://doi.org/10.48550/arXiv.2502.19543
https://doi.org/10.1016/j.geotexmem.2021.03.007
https://doi.org/10.1016/j.geotexmem.2021.03.007
https://doi.org/10.1016/j.jcp.2022.111232
https://doi.org/10.1016/j.jhydrol.2021.126067
https://doi.org/10.1016/j.jhydrol.2023.130293
https://doi.org/10.1016/j.jhydrol.2023.130293
https://doi.org/10.1016/j.autcon.2023.105240
https://doi.org/10.1002/nag.3370
https://doi.org/10.1016/j.compgeo.2023.105511
https://doi.org/10.1016/j.compgeo.2023.105511
https://doi.org/10.1680/jgeot.22.00046
https://doi.org/10.1680/jgeot.22.00046
https://doi.org/10.1007/s11831-020-09524-z
https://doi.org/10.1007/s11831-020-09524-z
https://doi.org/10.1002/nag.3370
https://doi.org/10.1002/nag.3370
https://doi.org/10.1016/j.cma.2020.113226
https://doi.org/10.1108/EC-08-2021-0492
https://doi.org/10.1016/j.tafmec.2023.103934
https://doi.org/10.1007/s11440-023-01874-9
https://doi.org/10.1016/j.undsp.2023.09.001
https://doi.org/10.1016/j.chemosphere.2022.137264
https://doi.org/10.1016/j.tust.2023.105159
https://doi.org/10.1609/aaai.v35i12.17325
https://doi.org/10.1609/aaai.v35i12.17325
https://doi.org/10.1061/(ASCE)GM.1943-5622.0000817
https://doi.org/10.1061/(ASCE)GM.1943-5622.0000817
https://doi.org/10.1016/j.jhydrol.2020.124819
https://doi.org/10.1016/j.jhydrol.2020.124819
https://doi.org/10.1016/j.cageo.2021.104751
https://doi.org/10.1016/j.cageo.2021.104751
https://cir.nii.ac.jp/crid/1130282269670451328
https://cir.nii.ac.jp/crid/1130282269670451328
https://books.google.com/books?hl=en%26lr=%26id=YocoaH8lnx8C%26oi=fnd%26pg=PP1%26dq=The+finite+element+method:+its+basis+and+fundamentals%26ots=idXx6uJTeO%26sig=r3yJ3vqmhw0U3LHhZ8Qm9VwQBfw
https://books.google.com/books?hl=en%26lr=%26id=YocoaH8lnx8C%26oi=fnd%26pg=PP1%26dq=The+finite+element+method:+its+basis+and+fundamentals%26ots=idXx6uJTeO%26sig=r3yJ3vqmhw0U3LHhZ8Qm9VwQBfw
https://books.google.com/books?hl=en%26lr=%26id=YocoaH8lnx8C%26oi=fnd%26pg=PP1%26dq=The+finite+element+method:+its+basis+and+fundamentals%26ots=idXx6uJTeO%26sig=r3yJ3vqmhw0U3LHhZ8Qm9VwQBfw
https://books.google.com/books?hl=en%26lr=%26id=YocoaH8lnx8C%26oi=fnd%26pg=PP1%26dq=The+finite+element+method:+its+basis+and+fundamentals%26ots=idXx6uJTeO%26sig=r3yJ3vqmhw0U3LHhZ8Qm9VwQBfw

	Abstract
	1. Introduction
	1.1. Introduction of physics-informed machine learning into geotechnical engineering
	1.2. Overview of machine learning in geotechnical engineering
	1.3. Integration of physics-based models and data-driven approaches
	1.3.1. PINNs architecture
	1.3.2. Hybrid models
	1.3.3. Graph neural networks (GNNs)
	1.3.4. Loss function design
	1.3.5. Domain-specific customisations


	2. Advantages with PIML in geotechnical engineering
	2.1. Dealing with imperfect data
	2.2. Surrogate modelling
	2.2.1. Elemental tests as a prior
	2.2.2. Expanding PiNet for more complex projects


	3. State-of-the-art PIML methods in geotechnical engineering
	3.1. Physics-informed neural networks
	3.1.1. PINNs for geotechnical engineering
	3.1.2. Different neural networks
	3.1.3. Optimisation of PINNs

	3.2. Physics-informed sparse dictionary learning (PISDL)
	3.3. Physics-informed neural operators

	4. Application highlights of PIML in geotechnical engineering
	4.1. Constitutive modelling of soils
	4.1.1. DL-based constitutive models
	4.1.2. Physics-informed neural networks
	4.1.3. More sophisticated models
	4.1.4. Numerical analysis incorporating DL-based soil models

	4.2. Hydrology
	4.2.1. Deep learning
	4.2.2. Physics-encoded deep learning (PEDL)
	4.2.3. Transfer learning

	4.3. Geotechnical site investigation
	4.4. Landslide studies
	4.5. Offshore foundations

	5. Current challenges
	5.1. Intrinsic defects of PIML frameworks
	5.2. Multiphysics and multiscale problems
	5.3. Complex geotechnical materials and constitutive models

	6. Outlook and future directions
	6.1. Digital twins
	6.2. Monitoring and fast prediction of geotechnical responses

	Acknowledgments
	Disclosure statement
	Funding
	ORCID
	CRediT authorship contribution statement
	References



