
INTERNATIONAL SOCIETY FOR 

SOIL MECHANICS AND 

GEOTECHNICAL ENGINEERING 

This paper was downloaded from the Online Library of 
the International Society for Soil Mechanics and 
Geotechnical Engineering (ISSMGE). The library is 
available here: 

https://www.issmge.org/publications/online-library 

This is an open-access database that archives thousands 
of papers published under the Auspices of the ISSMGE and 
maintained by the Innovation and Development 
Committee of ISSMGE.   

The paper was published in the proceedings of the 
20th International Conference on Soil Mechanics and 
Geotechnical Engineering and was edited by Mizanur 
Rahman and Mark Jaksa. The conference was held from 
May 1st to May 5th 2022 in Sydney, Australia.

https://www.issmge.org/publications/online-library


 

 

Machine earning in eotechnical ngineering: Opportunities and pplicationsl g e a  

Apprentissage automatique en génie géotechnique: opportunités et applications 

 

 

& Suzanne Lacasse 

 

 

ABSTRACT: Geotechnical engineering is benefitting from the rapid development of Machine Learning techniques. Machine 
Learning is particularly relevant for geotechnical engineering, where data are often scarce, the variability in soil and rock can be high 
and measurements are influenced by both testing and measurement techniques and by data transformation uncertainties. This paper 
discusses recent advances in the application of Machine Learning in geotechnical engineering, outlining the opportunities the 
approach offers, discussing challenges and providing several examples taken from real-life geo-infrastructure design. To achieve this 
goal, the paper gives a very brief overview of Machine Learning, introduces emerging trends in the geotechnical profession, and  
exemplifies how Machine Learning and Deep Learning were used for site characterization, underground excavations, tunnel design 
and landslide mapping, including landslide susceptibility and temporal forecasting. A critical discussion of the approach for 
geotechnical engineering is done before conclusions are drawn.  

RÉSUMÉ : L'ingénierie géotechnique peut grandement bénéficier des techniques d'apprentissage automatique (" "). 
L'apprentissage automatique est particulièrement pertinent pour la géotechnique parce que les données sont souvent rares, la 
variabilité du sol et de la roche peut être très grande et les mesures sont influencées par les techniques d'essai et de mesure et par les 
incertitudes de transformation des données. L'article traite des avancées récentes dans l'application de l'apprentissage automatique 
en ingénierie géotechnique, décrivant les opportunités de l'approche, discutant ses défis et fournissant plusieurs exemples tirés de la 
conception des géo-infrastructures. L'article fournit un bref aperçu de l'apprentissage automatique, présente les émergences dans la 
profession géotechnique et illustre comment l'apprentissage automatique (" ") et l'apprentissage en profondeur 
(" ") sont utilisés pour la caractérisation d'un site, excavations souterraines, conception de tunnels, et cartographie de 
glissements de terrain (et prévision et susceptibilité). L'article se termine avec une discussion critique de l'approche. 
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1  INTRODUCTION  

In recent years, with the rapid development of Machine Learning 
(ML) and more recently, Deep Learning (DL) as a Data Science 
branch, and its implementation in many engineering fields, 
researchers have started looking into disciplinary or thematic 
applications of ML methods. For instance, in the geotechnical 
engineering community, the growing interest in ML is led to the 
recent creation (2018) of a technical committee (TC) of the 
International Society of Soil Mechanics and Geotechnical 
Engineering ISSMGE (TC309) specifically on “Machine 
Learning and Big Data”. 

Machine Learning is particularly helpful and relevant for 
geotechnical engineering, where data are often sparse, the 
variability in the characteristics of soil and rock can often be 
high, and the measurements – especially in situ – are influenced 
by both measurement techniques and data transformation 
uncertainties (Jaksa and Liu 2021). There exist a few State-of-
Art reviews on machine learning/deep learning for specific 
geoscience domains, including a short review on DL applications 
in geotechnical engineering (Zhang et al. 2021), ML modelling 
of soil properties (Zhang et al. 2021), ANN applications 
(Moayedi et al. 2020), small to large scale porous media 
(Tahmasebi et al. 2020), underground soil-structure interaction 
(Jong et al. 2021), underground excavations (Zhang et al. 2020), 
geohazard modelling (Dikshit et al. 2021), maintenance of 
railway track (Xie et al. 2020), landslide studies (Mergadi et al. 
2020; Ma et al. 2020; Tehrani et al. 2022) and geological hazard 
analysis (Ma and Mei 2021).  

The purpose of this paper is to present the most recent 
advances in the application of ML in geotechnical engineering, 
and to discuss the challenges and opportunities provided by ML 
and DL for applications by geotechnical engineers. The 
following sections present a very brief overview of ML methods 

(a systematic review of ML in geotechnical engineering was, 
however, not done), introduce emerging opportunities within the 
geotechnical community, and demonstrate, with examples of 
ML/DL geotechnical applications in practice. A critical 
discussion of the approach and conclusions close the paper. 

2  MACHINE LEARNING 

In contrast to traditional physics-driven methods, machine 
learning (ML), a sub-field of the artificial intelligence research, 
is a type of data-driven approach that ‘trains’ a regression or 
classification model through a complex nonlinear mapping with 
adjustable parameters based on the training data set. Deep 
learning (DL) can be regarded as a subset of ML. 

The main distinction between DL and conventional ML 
algorithms falls in the modality of learning from data, i.e. the way 
in which the learning or ‘training’ is done. Besides, DL is 
primarily based on neural networks (NN), whereas conventional 
ML methods include algorithms other than, and as well as, NN. 
In general, DL algorithms typically require more data for training 
than conventional ML algorithms, given their higher number of 
hyperparameters. A hyperparameter is a parameter which value 
is used to control the learning process. The values of other 
parameters, on the other hand, are derived by ‘training’. 
Empirical analysis has shown that the best accuracy estimates are 
attained if we allocate 20-30% of the entire dataset for testing, 
and use the remaining 70-80% for training. Gholamy et al. (2018) 
provided a possible explanation why this ratio is the best division 
into the training and the testing datasets.   

Most of ML modelling falls under 3 categories: Supervised, 
unsupervised (semi-supervised can be seen as a mix of the two), 
and reinforcement learning. Figure 1 illustrates the ‘containment 
relationship' from artificial intelligence to machine learning and 
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deep learning. and gives geotechnical engineering examples for 
the three learning categories. 

1. Supervised Learning: The most common form of learning 
used in geotechnical applications. Supervised machine 
learning is all about giving data to learning algorithms in 
a way to provide context and feedback for learning. By 
'training' with the given input variables and target 
variables, the machine learns how to map inputs to 
corresponding outputs. The training process continues 
until the model achieves a desired level of accuracy using 
the training data. Typical geotechnical applications 
include modelling the mechanical behaviour of soils 
(Zhang et al. 2021), ground improvement (Ranasinghe et 
al. 2017; Hosseini et al. 2020), geo-structure design (piles, 
shallow foundations, soil nail walls) (Kordjazi et al. 2014; 
Ray et al. 2021; Liu et al. 2021), and landslide 
deformation process prediction (Yang et al. 2019; Liu et 
al. 2020).  

2. Unsupervised Learning: Unlike supervised algorithms, 
unsupervised learning data sets only include inputs, and 
the algorithm must learn from those inputs and find 
patterns and commonalities between data points to 
determine the next steps to take. Examples of this type of 
unsupervised learning algorithms are hierarchical 
clustering, K-means, Density-Based Spatial Clustering of 
Applications with Noise (DBSCAN). Typical 
geotechnical applications include clustering underground 
stratification (Wang et al. 2019; Wang et al. 2021; 
Molina-Gomez et al. 2021), rock mass clustering 
(Erharter and Marcher 2021), and exploratory monitoring 
data analysis (Zhou et al. 2019). 

3. Reinforcement Learning (RL): Reinforcement learning 
emphasizes learning agents, or programs acting within 
environments. RL refers to the process of an agent 
learning to achieve a specific objective through 
interaction with its environment. RL has not been used for 
many specific applications in geotechnical engineering. 
One example of RL-based process optimization and 
strategy development in conventional tunnelling was 
presented by Erharter et al. (2021). 

 

Figure 1. The containment relationship between artificial intelligence, 
machine learning and deep learning and example applications of machine 
learning in geotechnical engineering. 

3  EMERGING OPPORTUNITIES WITHIN 
GEOTECHNICAL COMMUNITY  

3.1  Survey on ML in geotechnics 

The TC309 (ISSMGE’s Technical Committee for Machine 
Learning and Big Data) carried out an online survey in 2019, 
receiving 114 responses. Over 85% of respondents thought 
ML/AI will likely or very likely impact large numbers of 
geoscientists in the next 10 years.  

When asked to identify the major obstacles ML/AI faces for 
implementation in geotechnical engineering practice (Figure 2), 
the respondents prioritized 'insufficient data' (over 55%), 'no 
examples to follow' (42%), 'don't know how to use big data' 
(38%), then 'need cheaper & better data acquisition hardware' 
(27%).  

Data-driven methods, such as ML algorithms, are not useful 
if the necessary data are not available. In geotechnical 
engineering, good quality data do not always exist freely, and this 
condition surely limits the application of ML algorithms. It is 
expected, however, that in the near future this limitation may be 
overcome by the growing availability of geotechnical data 
initiated by large research projects (e.g., the NGTS database: 
https://www.geocalcs.com/datamap), and the freeing og 
quantities of remote sensing (e.g., satellite) data.  

The majority of the ML research publicly available did not 
make the utilized computer scripts and original dataset available. 
Therefore, it hampers the utility of these studies and it is a big 
obstacle to finding the resources/benchmark examples to train 
and educate geotechnical engineers. A significant stumbling 
block to any machine learning is accessing data locked away in 
cupboards and electronic folders (Pathmanandavel and 
MacRobert, 2020). 

 

Figure 2. ML survey: “What do you think are the major obstacles to using 
ML/AI to geotechnical engineering? (Select all that apply)". 

 
The survey highlighted that machine learning is expected to 

have a significant impact on monitoring and the observational 
method, site characterization, hazard and risk management and 
material modelling in the coming decade. Site characterization is 
one of the leading areas where machine learning can transform 
practice over the next 10 years (Figure 3).  
 

 

Figure 3. ML survey: “What are the machine learning applications that 
can transform value for our industry in the next 10 years? (Select all that 
apply) 
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Machine learning was seen to have the least impact on future 

practice of geotechnical design, which perhaps reflects the 
commonly held view that much design knowledge remains 
empirical and is held by senior engineers (Pathmanandavel and 
MacRobert, 2020). Although the authors disagree with the first 
part of this statement (design is usually not based mainly on 
empiricism), it is true that geotechnical engineering is a "science 
of experience": the more different types of geo-situations one has 
seen, the better equipped one is to solve a new problem.  

3.2  Machine learning dialogue  

ISSME TC309 (Machine Learning and Big Data) organised the 
first Machine Learning (ML) Dialogue in July 2019 before the 
second International Workshop on Machine Learning and Big 
Data in Geoscience at Tongji University, Shanghai, China. A 
summary of the discussions containing views on data availability, 
machine learning implementation, application of machine 
learning in geotechnical engineering, value and future of 
machine learning was published in ISSMGE Bulletin 13(4), 2019, 
8-14 (https://www.issmge.org/publications/issmge-bulletin/vol-
13-issue-4-august-2019 ).  

The key conclusions of the discussions at this 1st ML 
Dialogue were: 

1. Data: The participants' views on data were focused on three 
main areas: data scattering, data sharing and data quality. 
On data scattering, the participants believed that there was 
typically an insufficient volume of available specific data 
that can be used. Concerning data sharing, the participants 
remarked that there is currently an insufficient effort to 
share geotechnical data among the researchers and 
practitioners. The volume of data produced in research is 
high, but the sharing is not organized in a coherent manner. 
Thus, it was believed that a context, perhaps TC309, should 
be provided to explain the benefits of data sharing to the 
researchers. The third concern was the data quality. It was 
stated that the data to be made public should be reviewed 
in advance and checked for its relevance and quality, 
following appropriate standards of quality for geotechnical 
data. The production of benchmark dataset should actually 
be targeted and documented in terms of quality, to ensure 
that the data can be used safely in research projects. 

2. Machine Learning Implementation: the capabilities of 
machine learning in the field of geotechnics were described. 
Capabilities include: using machine learning to avoid 
subjective outputs when making objective decisions; 
application of machine learning for the analysis of complex 
problems, including cases with heterogenic materials, and 
analysis of nonlinear and multivariate problems. In this 
context, it was mentioned that each problem modelled 
requires its own algorithm which depends strongly on the 
problem scale, quantity of data available and type of 
outputs. 

3. Application of Machine Learning in geotechnical 
engineering: various machine learning geotechnical 
applications, including tunnelling and TBM applications, 
geohazards and landslides and underground structures. The 
views of participants on the use of machine learning were 
categorised in two phases: 'under construction' and 'during 
operation'. The applications were broadly divided into three 
categories: supervised, unsupervised, and semi-supervised 
learning techniques. 

 

1 The TCs are ISSMGE technical committees: TC304 is the technical 
committee on 'Engineering Practice of Risk Assessment and 

Management' and TC210 is the technical committee on 'Embankment 

Dams'. 
2  AlphaGo is a computer program that plays the board game Go. 

Subsequent versions of AlphaGo became increasingly powerful, 

4. Value and Future of Machine Learning in geotechnical 
engineering: Many issues were raised regarding the value 
of machine learning for geotechnical applications. For 
example, machine learning, if supervised, can act as a 
communication tool between the inputs and outputs of the 
problem analyzed. However, in an unsupervised model, 
machine learning has the ability to model cases that may 
not have been known before. Thus, the unsupervised 
learning is perhaps one of the most valuable contributions 
of machine learning. Concerning the future of machine 
learning, it was concluded that the machine learning 
process becomes closer and closer to human learning over 
time, machine learning provides smarter tools and will 
gradually help the user understand geotechnical 
phenomena more effectively. 

The ISSMGE TC304/TC309/TC2101 Second ML Dialogue 
for Geotechnics was held in December 2019 following the 7th 
International Symposium on Geotechnical Safety and Risk 
(ISGSR 2019), at the National Taiwan University, Taipei, Taiwan. 
The aim of the 2nd ML dialogue was to discuss the opportunities 
and challenges in developing and applying ML to geotechnical 
engineering research and practice (Phoon et al. 2019a) 
(https://www.issmge.org/publications/issmge-bulletin/vol-14-
issue-1-february-2020 ). The following recommendations were 
made during the 2nd Dialogue: 

1. Industry is a necessary partner for machine learning-based 
studies in geotechnical engineering. There are two 
compelling reasons. One, machine learning must bring 
transformative value to industry, not universities. This 
value is ultimately linked to the end users that the industry 
serves. Two, real data are generated and owned by projects 
and real data (not simulated data) are absolutely necessary 
ingredients for machine learning development.  

2. A “data sandbox” is needed to enable and accelerate data 
sharing between industry and research. Theoretical and 
pure methodology development of ML was not seen to be 
an effective means of bringing forward the implementation 
of ML in geotechnical engineering.  

3. Future discussions on this topic, including organization of 
future workshops, should be tied to a specific flagship 
project with the industry. This “AlphaGeo” project (cf. 
Google’s “AlphaGo” project 2 ) would ideally be game-
changing, rather than improving some aspects of existing 
practice in an incremental way. 

The ISSMGE TC309/TC304/TC2223  organised the Third 
Machine Learning in Geotechnics Dialogue (3MLIGD) in 2021, 
with a focus on a specific flagship project, data-driven site 
characterization, and to actively facilitate a discussion among 
researchers and practitioners. The meeting was hosted online 
from Oslo, Norway, by the Norwegian Geotechnical Institute in 
December 2021. A total of 15 academics and 21 practitioners 
took part in this online dialogue.  

The objectives of the dialogue were for academia and 
industry to jointly identify: (1) topics of potential and actual 
value to industry, (2) ideas to foster collaboration between 
academia and industry, and (3) platforms to accelerate progress. 
The common theme was to find novel ways to foster greater 
connectivity between researchers, between practitioners, and 
between joint researchers and practitioners to leverage on the 
limited resources and talents at the disposal of a fledging “data-
centric geotechnics” community.  

including a version that competed under the name Master. After retiring 
from competitive play, AlphaGo Master was succeeded by an even more 

powerful version known as  AlphaGo Zero, which was completely self-

taught without learning from human games. 
3 TC222 is the ISSMGE technical committee on 'Geotechnical BIM and 

Digital Twins'. 
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The following recommendations were gleaned from the 
small group and general discussions. 

1. Notwithstanding the various limitations of geo-data, the 
key limitation is data access. In the absence of a better 
platform, 304dB should be further enhanced by: (a) 
encouraging more researchers/practitioners to share their 
published databases that are already in public domain, (b) 
including more diverse data sources such as geophysical 
and satellite data, and (c) listing links to other public 
sources of geo-data. 

2. TC309/TC304/TC222 should make a contact list of people 
in academia/industry and their current interests to 
encourage people with common interests to dialogue and 
work together.  

3. TC309/TC304/TC222 should make a list of ML projects 
(research) and practical applications to enable one to learn 
from on-going projects and their outcomes, enhance 
awareness of the capabilities of machine learning in 
geotechnics and to create a synergy among the projects 
and/or funding.  

4. Novel collaboration modes should also be explored, for 

example: 

a. A “shadow project” could further facilitate 
industry/academia collaboration by allowing industry 
and academia partners to work on the same project in 
parallel. This mode could lower the cooperation barrier 
arising from contrasting goals between industry (finish a 
project on time and on budget) and academia (discovery 
of novel ideas and high impact publications). The “data 
sandbox” could be viewed as a more restricted 
implementation of a “shadow project”. 

b. It is advantageous to focus on “ML supremacy” projects 
rather than “high value” projects. ML supremacy 
projects are important projects where physics-based 
approaches are impractical or even impossible to apply, 
but data-driven approaches can provide highly effective 
solutions. One broad category can cover projects 
involving large datasets (perhaps real time data) from 
multiple sources that cannot be handled effectively and 
efficiently using conventional methods. There is a strong 
demand for data-driven methods in such projects. 
Specific examples include site characterization maps or 
susceptibility, vulnerability and/or risk maps covering 
large spatial domains. These projects can demonstrate 
“ML supremacy” more convincingly than conventional 
projects where the value added from ML may be 
incremental due to the lack of mature technologies 
applicable to geotechnical engineering within 5G, IoT, 
BIM/digital twinning modelling, robotics, AI etc. 

c. Industry and academia can join hands to create “learn and 
work” projects of more modest scales for educating the 
next generation of young digital and ML talents. This 
could be implemented as internships that are already 
prevalent in most institutions of higher learning. 

3  APPLICATIONS IN GEOTECHNICAL ENGINERING 

Given that a large quantity of data have been collected and stored 
over the past years, ML has been widely used to solve several 
rather complex geotechnical problems. Several applications of 
ML algorithms are described below. 

3.1  Site characterization 

Because of the geological processes leading to the compounded 
deposition and subsequent changes of geomaterials, including 
layering, each stratum exhibits variation from point to point 
within a volume (Liu et al. 2015). Nevertheless, the identification 
of subsurface stratification and the characterization of spatially 

varying soil and rock properties are indispensable for site 
characterization and following design analyses. An improved 
definition of soil and rock characteristics, i.e., smaller 
uncertainty and more reliable mean values, can lead to more 
rational and economic designs. This is where ML algorithms can 
help.  

Three opportunities, as well as challenges, were readily 
identified in data-driven site characterization: (1) stratification 
and soil classification, (2) soil property profile, and (3) 3D 
integrated ground models. 
 
3.1.1  Stratification and soil classification 
The piezocone penetration test (CPTU) allows cost-effective and 
rapid in situ measurements within soils . It is the most widely 
used in situ testing method for geotechnical site investigation, 
and is the best available today for identifying subsurface 
stratification and soil type. One CPTU profiling provides nearly 
continuous data versus depth. Several profiles in one area 
provides therefore a lot of data. With the large amount of CPTU 
data, and existing soil classification charts, ML algorithms can 
be used to classify soils into using such soil type classification 
charts developed from earlier experience (e.g., Robertson, 1990). 
Figure 4 shows one such soil classification chart. It correlates the 
cone resistance (in tis instance the normalized corrected cone 
resistance Qtn with the normalized friction ratio Fr, both 
measured by the cone during essentially continuous penetration. 
The Robertson (1990) chart in Figure 4, called the soil behaviour 
type (SBT) chart, is the most used today, worldwide. 
 

 

Figure 4. Normalized CPT soil behavior chart (Robertson, 1990). 

  
Several machine learning algorithms have been applied for 

the interpretation of CPTU data in terms of soil type  including 
Support Vector Machine, SVM (Rauter and Tschuchnigg 2021), 
Artificial Neural Network, ANN (Reale et al. 2018; Rauter and 
Tschuchnigg 2021; Sastre et al. 2021), Random Forest, RF 
(Rauter and Tschuchnigg 2021; Liu et al. 2021), and Bayesian 
learning (Wang et al. 2019; Xiao et al. 2021).  

Rauter and Tschuchnigg (2021) compared three different 
models to determine soil behavior type, using the SVM, ANN 
and RF algorithms. They applied the algorithms to a database 
consisting of 1339 cone penetration tests (CPT) and concluded 
that the ANN and RF models yielded very accurate results. 

In geotechnical practice, the datasets nearly always show an 
imbalanced distribution among the nine soil type categories 
(abbreviated here with ST) in Robertson’s 1990 chart. In such 
case, it is necessary to find a way of balancing the dataset 
(Erharter et al. 2021). Liu et al. (2021) compiled a database 
consisting of 357 CPT tests sampled at each 0.5 meter. There 
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were 12,921 CPT data points in total that could be used in the 
application of machine learning methods. The number of data 
points was counted for each category of soil type (ST). The 
summary of the soil type categories in the soil dataset is shown 
in Figure 5. The soil types in categories ST 1, 2, 8 and 9 are 
highly underrepresented. The data in those categories sum up to 
only 5% of the entire dataset. On the other hand, ST 3 
category was significantly overrepresented (Fig. 5). 
 

 

Figure 5. Chart of the nine Robertson (1990) soil type categories (ST) 
represented in a dataset of nearly 13,000 data points. (Modified from Liu 
et al. 2021). 

 
To balance the dataset, the over-sampling technique SMOTE 

algorithm (Synthetic Minority Over-sampling Technique after 
Chawla et al. 2002) was used. The accuracy for different soil 
types for the test set (80% of the entire dataset) before and after 
over-sampling is summarized in Table 1. The results indicate that 
the prediction accuracy for the two minority classes (ST 1 and 
ST 2) are significantly improved after over-sampling. The 
accuracy for the soils in class ST 8 and ST 9 remained 
unchanged, however.  

Taking into account this aspect of imbalance in the data can 
be very important for some geotechnical designs where the 
potential failure could happen in specific soil types or layers, e.g. 
weaker layers.  
 
Table 1. Accuracy for different soil types ST for the test set before and 
after oversampling, database in Figure 5 (modified from Liu et al. 2021). 

ST 

category 

Prediction accuracy 

before Over-sampling (%) 

Prediction accuracy after 

Over-sampling (%) 

ST 1 83.3 100 

ST 2 89.7 94.3 

ST 3 99 95.2 

ST 4 94.7 98.7 

ST 5 94.7 93.3 

ST 6 97.2 97.9 

ST 7 99 98 

ST 8 96.4 96.4 

ST 9 92.3 92.3 

3.1.2  Soil properties 
A very recent overview of the application of ML algorithms to 
the prediction of soil properties in the past ten years was 

presented by Zhang et al. (2021). The implementation of ML 
techniques has shown an exponential growth since 2018. 
However, important challenges still remain, such as how to 
assess an algorithm’s performance and how to select an optimal 
algorithm.  

Pham et al. (2018) compared the performance of four 
machine learning methods, Particle Swarm Optimization - 
Adaptive Network based Fuzzy Inference System (PANFIS), 
Genetic Algorithm - Adaptive Network based Fuzzy Inference 
System (GANFIS), Support Vector Regression (SVR), and 
Artificial Neural Networks (ANN) for predicting the undrained 
shear strength of soft soils. Zhang et al. (2021) investigated the 
application of ensemble ML methods, i.e., XGBoost-based and 
RF-based models, for the prediction of undrained shear strength 
of soft soils. The comparisons with baseline models (i.e., SVM, 
Multilayer perceptron (MLP) and Multivariate adaptive 
regression spline (MARS)) show the superiority of the XGBoost-
based and RF-based model in terms of predictive performance.  

In Norway, the undrained shear strength interpretation from 
CPTUs for soft clays has been developed based on laboratory 
testing on soil samples of very high quality (large block samples), 
index parameters and measured cone resistance qc and/or CPTU 
pore pressure response u (Paniagua et al. 2019). These 
interpretations work well when the required index parameters are 
known. However, the correlations do not include an uncertainty 
estimate. An ANN-based model that takes into account 
uncertainty estimate was developed in NGI (2020). 

The database of CPTU and triaxial tests used contained 241 
laboratory triaxial tests. All test specimens were of high quality, 
including 180 undisturbed specimens taken with a 72-mm 
diameter fixed piston sampler and 61 undisturbed specimens 
taken with a 40-cm diameter block samples. Figure 6 present the 
undrained shear strength in triaxial compression (su) derived 
from the corrected cone resistance (qt).  
 

 

Figure 6. Undrained shear strength, su (triaxial compression), as a 

function of corrected cone resistance (qt) for 180 specimens taken with 
72-mm diameter piston sampler (black) and 61 specimens taken with 40-

cm diameter block sampler (red). 

 

 
The ANN model requires the water pressure, and effective 

stresses in addition to the CPTU data. The estimate of the 
standard deviation was done based on the "drop out method" 
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approach described by Gal (2016). The predicted and measured 
undrained shear strength in triaxial compression are compared in 
Figure 7. An estimate of the standard deviation of the predicted 
undrained shear strength is also shown.  

 

 

Figure 7. Predicted vs measured CPT undrained shear strength (in kPa) 

using the training dataset. Vertical line shows estimated standard 

deviation estimated. Black dashed line is 1:1 diagonal    

3.1.3  Integrated 3D ground models 

For large geotechnical projects on land and geotechnical offshore 
developments, it is current practice to collect both geophysical 
and geotechnical data.  

Sauvin et al. (2019) developed a generic workflow (Fig. 8) to 
integrate the results of geotechnical and geophysical 
investigations using ML (e.g., Genetic algorithm (GA) and 
ANN) to obtain a quantitative ground model in three dimensions. 

The workflow in Figure 8 includes using isolated 
geotechnical data from boreholes (usually the results of in situ or 
laboratory test on recovered samples of different quality) and 
geophysical data (the combined set of data is often denoted G&G 
data). One-D borehole data provide valuable information on soil 
stratification (often called soil units) and soil characteristics. 
Geophysical data, collected along 2D lines and/or 3D volumes, 
provide the natural link to re-populate geotechnical 
characteristics found in the 1D boreholes onto a larger area.  

For the 1D geotechnical data, the integration is done by 
matching (or correlating) the unit or horizon to establish a ground 
model in 2D or 3D. Geostatistics, comparison of boreholes, 
statistical analysis and parameterization are used to establish the 
model. The parameterization finds parametric equations, 
preferably implicit, of the curve or surface. 

For the geophysical data, the physical properties and volumes 
are assessed using also geostatistics, borehole comparison and 
calibration, rock physics models and empirical relationships. 
 
 

 

Figure 8. Generic workflow for integrating geotechnical and geophysical data into quantitative ground models (Sauvin et al. 2019). 
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The synthetic ground model from the geotechnical data and 
the added information from the geophysical data are then fed to 
a ML algorithm to derive the in situ properties over a surface or 
a volume. The integration of geophysical and geotechnical data 
thereby builds a consistent ground model based on all the 
information available that is as robust as possible, given the 
available information. It will also allow some degree of 
extrapolation outside the site. The framework in Figure 8 
provides a quantitative interpretation, based on G&G, for 
establishing a holistic ground model to serve as input to design. 

Figure 9 shows how the three methods, i.e., geometrical-
statistical (Forsberg et al. 2017), co-kriging and Machine 
Learning, compare at the one location HKZ3-CPT-5. In these 
plots: the black curves correspond to the measured qc data; the 
green curves are the best-fit solutions when the CPTU data set is 
part of the training set, and the orange curve is the prediction 
solution at the given location after removing the CPTU data from 
the database. It is indicated that the ML approach provides the 
most accurate prediction of the geotechnical properties from the 
geophysical data.   

 

 

Figure 9. Example of the results from the geometric-geostatistic approach (left) and co-kriging (middle) and Machine Learning (right) on qc for one 

location HKZ-CPT05 (Sauvin et al. 2019). 

 

Klinkvort et al. (2020) demonstrated this quantitative model 
to obtain an estimate of geotechnical properties and their 
uncertainties using two seismic attributes, i.e. the seismic quality 
factor Qp and acoustic impedance AI. They use geostatistics 
(kriging) across an area of about 25 km2. The predicted values 
were then used for geotechnical design of spudcan penetrations. 
In this case, the geophysical data guided the spatial interpolation 
of the soil properties in a more consistent way than if it had been 
done without the integration.  

Chen et al. (2021) also demonstrated a successful G&G 
integration that uses geophysical data and the integration with 
cone penetration test (CPT) data using ANN networks to create 
synthetic CPT profiles.  

3.2  Underground excavations 

Zhang et al. (2020) presented an overview of soft computing 
techniques and their applications for underground excavations. 
Using a braced excavation case study (Zhang and Goh 2013), 
they compared the predictive performances of soft computing 
methods (SCMs) including eXtreme Gradient Boosting 
(XGBoost), Multivariate Adaptive Regression Splines (MARS), 
Artificial Neural Networks (ANN), and Support Vector Machine 
(SVM) for estimating the maximum lateral wall deflection 
induced by braced excavation. 

The database included the results of 1120 plane strain finite 
element (FE) analyses of diaphragm walls in a deep braced 
excavation. The influences of different parameters such as 
geometry, soil properties and wall stiffness on the computed wall 
deflections were investigated in Zhang and Goh (2013). Figure 

10 shows the histogram of computed wall deflections. The 
statistical distribution can be approximated by a lognormal 
distribution, and most of the wall deflections were between 50 
and 300 mm. the mean ( ) and standard deviation ( ) were 138 
mm and 69 mm, respectively. The coefficient of variation ( ) 
was 50% (so quite large). 
 

  

Fig. 10. Histogram of lateral wall deflections predicted from 1120 plane 
strain finite element (FE) analyses of diaphragm walls in deep braced 
excavation (Zhang et al. 2020).  
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Figures 11 and 12 show the 'training' and 'testing' results of 
the prediction of wall deflection by XGBoost, MARS, ANN and 
SVM. The training data set comprised xxx% of the total dataset. 
For both the training and the testing data sets, the four ML 
methods achieved reasonably good results up to a predicted wall 
deflection of about 300 mm. The model predicted data points 
below 300-mm deflection fit well on the 45°-line. The calculated 
Root Mean Square Error (RMSE) for each of the four ML 
approaches are shown in Figures 11 and 12. Values close to or 
equal to 0 indicate that the error in prediction is marginal. The 
RMSE-values were slightly higher for the testing dataset than for 
the training dataset, but still quite small. The increase in RMSE 
was about 10%, except for the XGBoost method, which was 
slightly higher.  

The prediction performance was improved by the 'ensemble 
learning approach' XGBoost method, compared to the more 
conventional MARS, ANN and SVM methods. An 'ensemble 
method' is an ML technique that combines several base models 
to produce one optimal predictive model.  

It should also be mentioned that the developed ML models are 
more apt to be updated to improve the models as more 
information becomes available. The new data can be fed to the 
'training' datasets and thereby the predictive model can be 
adjusted and the RMSE reduced.  

 

 

Figure 11. Training results of computed FEM wall deflection using four 

ML algorithms (Zhang et al. 2020). Reference line is 1:1 diagonal. 

 

Figure 12. Testing results of FEM wall deflection using four ML 

algorithms (Zhang et al. 2020). Reference line is 1:1 diagonal. 

3.3  Tunnels 

Digitalization in tunneling has attracted a lot of attention in the 
past years. In drill and blast tunnelling, deciding rock support and 
blasting design based on in-situ rockmass characteristics is 
crucial for safe and efficient tunnel driving. This is normally 
carried out by engineering geologists on the face, based on 
rockmass characterization after blasting using a rock mass 
classification system, e.g., the Q-system (Barton et al. 1974). For 
conventional tunnelling projects in Norway, all drillholes 
(percussion drilling) are required by contract to be logged with 
the Measure While Drilling (MWD) method. MWD data 
collection consists of equipping drilling machines with sensors 
recording various drilling parameters, with subsequent real-time 
data processing (see Fig. 13) for access by the on-site personnel 
and face-engineers to assist them in decision making. The 
growing volume of data (e.g., from sensors, scanning or images) 
generated by methods like MWD data collection, provides 
opportunities for the application of advanced machine learning 
(ML) models, capable of generalising information from big 
datasets, thereby detecting and extrapolating patterns. Hansen et 
al. (2022) attempted to use deep-learning-based computer vision 
techniques to interpret MWD-data framed as images, thereby 
preserving the richness in data and opening for complex and 
nonlinear relationship between data and prediction target. The 
main goal was to investigate the ability of ML to automatically 
map MWD-data to condense rock mass characteristics in a 
consistent and more reproducible way and which is useful for 
making decisions at the rock face, concretely by inferring the Q-
class from one blasting-round of MWD-data. A random forest 
classifier (RFC) and a convolutional neural network (CNN) 
approach were utilized to characterize the rock mass, represented 
by the Q-class, i.e. class A-E in the Q-system, where class A is 
strong and competent, and E is a weak rock mass. 
 

 

 

Figure 13. Example of tunnel section where interpretation of MWD is 

straightforward. Top: Diabase dyke crossing the tunnel. Bottom: The 

same dyke visualised with low penetration in purple colour before the 

round was blasted. Source: BaneNOR/ROCKMA. 
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3.3.1   Database 

MWD-data and its corresponding rock mass classification labels 
are collected from the highway project E39 Kristiansand – 
Mandal (https://www.nyeveier.no/prosjekter/e39-sorvest/e39-
kristiansand-vest-mandal-ost/, accessed Sep. 09, 2021). Fig. 14 
describes the distribution of label values among the 2401 samples 
in the dataset (5 m tunnel sections). The histogram shows the 
dataset as highly unbalanced, with most samples in classes B and 
C. A swarm plot in Fig. 15 describes the distribution of Q-values 
within each Q-class, indicating challenging discrimination 
between classes for samples close to the somewhat arbitrary 
boundaries for rock masses that do not inherently divide into 
strictly exclusive categories. In all Q-classes, the samples within 
one class are spread over the entire range of values. 
 

 

Fig. 14. Frequency of rock quality Q-class labels in dataset. 

 

Fig. 15. Swarm plot of registered Q-values, categorized by Q-class A to 

E. Each point is patterned with the registered rock types. 

The raw input for the ML algorithms is sensor measurements 
collected every 2-3 cm along the 4-6 m long blasting drill holes 
from the drilling machines. The normalised penetration was used 
for rock mass characterization. Input data is processed from raw 
sensor-data to model ready images is described in Hansen et al. 
2022. Fig. 16 shows four randomly picked 5-m sections of image 
and label from MWD-images and supplied to the ML-algorithms. 
Blue colour represents the lowest penetration (presumably strong 
rock). High penetration (presumably weak rock) is represented 
by red and dark colours. 

3.3.2   Data balancing and splitting 

Figures 14 and 15 indicated that the data is highly unbalanced. 

Down-sampling to sample size in each class in the range 200-329 

and up-sampling, if necessary, were done to balance all class-

samples to the same size, both without replacement was utilized 

in this study (see details in Table 2). The down-sampled data was 

split into train- and test datasets with randomly selected samples, 

carrying out random sampling such that the class balance after 

down-sampling was preserved in both datasets. The up-sampling 

was only carried out on the training set to avoid that the same 

samples would be found in both the train and test tests, leading 

to wrong and too optimistic results. Table 2 summarises the 

different balancing techniques for each combination with the 

resulting number of samples in train- and test sets. After 

preprocessing, the total dataset had 2401 samples of 5 m sections 

for the total dataset, divided into 47 Class A, 1038 Class B, 987 

Class C, 220 Class D, and 109 Class E samples.  
 

 

Fig. 16. 5- m sections of penetration-images in random order. Each image 

is linked to an adjusted label-value for that section. Values under each 

image represent (Q-class, (Q-value, RQD)). RQD is Rock Quality 
Designation, and is a measure of fracturing of the rock mass. 

 
Table 2. Recombined datasets, describing balancing technique and 
number of samples, total, and in training and testing sets. (modified after 
Hansen et al. 2022). 

Dataset 

(Class A-E) 
Balancing technique 

Total No. of samples/pr. class 

Total Train Test 

ABCDE Not balanced 2400 1680/336 720/144 

ABCDE Down-sampled to 

200 in class B, C, D. 

Up-sampled to 200 

(without 

replacement) A and 

E in trainset. 

1000 700/140 300/60 

AB/DE Down-sampling 

combined classes to 

329 in each class 

658 460/230 198/99 

3.3.3   Results  

A confusion matrix was used to evaluate the performance of the 

classification model. The matrix compares the actual target 

values with those predicted by the machine learning model. Fig. 

16 describes the validation confusion matrix and accuracy 

measurements for each of the five algorithm-pipeline (1) full-

class unbalanced dataset denoted CNN ABCDE; (2) RFC 

ABCDE dataset balanced; (3) CNN ABCDE dataset balanced; 

(4) RFC AB/DE dataset balanced; and (5) CNN AB/DE dataset 

balanced, where CNN and RFC stand for Convolutional Neural 

Network and RFC for Random Forest Classifier. In the figure, 

the shade of grey is an indicator of the goodness of the prediction, 

with the darkest being above 80% and the entirely while shades 

less than 3%. In the figure, the "true" Q-class was the one set by 

humans, as normally done in practice. 

Looking at the five confusion matrices, the results are in 

general unsatisfactory for all models trained including all five (5) 

classes (Parts (1) to (3) in Fig. 17), with total accuracies for all 

classes ranging from 0.35 – 0.52. The total accuracy gives an 

overall evaluation of the number of correct predictions over the 

total number of predictions. The value ranges from 0 or no 
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correct predictions, to 1 where 100% of the predictions are 

correct.  

Based on Parts (2), (3), (4) and (5) of the figure, the CNN-

pipeline performs slightly better than the RFC pipeline. Further 

discussion focuses on the CNN-results.  

There is an increasing trend of improved performance, both 

qualitatively in the confusion matrix structure and in the accuracy 

values, when the classes were combined into groups including 

more than one class. ABCDE in Fig. 17 (3) is the most 

challenging case in predicting Q-class from MWD-images, due 

to the necessary number of discrimination borders between 

classes. ABCDE has a positive structure for further development, 

but the classifier struggles to divide between classes, indicating 

the need for more feature-information, e.g. including more 

MWD-parameters in the analysis.  

The resulting classifier of AB/DE in Fig. 17 (5), both in terms 

of accuracy and confusion matrix, is closer to a useful classifier: 

if seems to be able to discriminate between a strong and weak 

rock mass, with the input of an objective MWD-image of 

measured normalised penetration only. It can be argued, when 

optimising classifiers, that it is preferable to divide between good 

rock and bad rock, since this is crucial information for face-

engineers, especially for decisions involving the rock mass in 

front of the tunnel face. The results for the combined dataset 

AB/DE can in that respect be seen as the most promising result 

for this dataset. 

There are two inherent challenges in this balancing and 

splitting task that will reduce or even prohibit the performance of 

the models: 

 Label set by humans: the resulting Q-value from the rock 

mass characterisation on the face is a product of many input 

parameters, leading to a natural spread in outcome when 

the same rock mass is evaluated by different face 

engineers. 

 Imposing a classification on the inherently non-categorical 

rock mass: the Q-values will then be spread continuously 

along one distribution, meaning that there will be Q-values 

at class-boundaries with similar feature information, 

leading to difficulties in the discrimination of samples. 

 
(1) CNN: ABCDE unbalanced

 

 

(2) RFC: ABCDE balanced

 
 

(3) CNN: ABCDE balanced

 

 

(4) RFC: AB/DE balanced

 

 

(5) CNN: AB/DE balanced
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Fig. 17. Confusion matrixes for validation data from recombined 
datasets. The confusion matrix shows the number in "%-predicted-class" 

for each of the classes, with true labels on the horizontal axes and 

predicted label on the vertical axes (e.g., in the top figure (1), the trained 
classifier correctly classified 67% of class B samples).   

3.4  Landslides 

Considering the increasing availability of observational data, 
such as remote sensing satellite data, landslide studies adopting 
ML algorithms and methods have emerged in the literature with 
increasing frequency. Focus is set on landslide detection and 
mapping (e.g., Stumpf and Kerle, 2011; Keyport et al. 2018), 
landslide susceptibility mapping (e.g., Pourghasemi and 
Rahmati, 2018; Mergadi et al. 2020) and temporal forecasting of 
landslides (e.g., Yoon et al. 2011; Huang and Xiang, 2018; 
Stanley et al. 2020). The following two sections will present two 
examples on landslide spatial prediction and landslide temporal 
forecasting.   

3.4.1   Spatial prediction 

ML algorithms are frequently used to compute landslide 
susceptibility, i.e. the “likelihood of a landslide occurring in a 
given area” (Brabb 1984), relying on two standard key 
assumptions: i) future landslides are more likely to occur under 
conditions that led to slope instabilities in the past; ii) conditions 
that are directly or indirectly linked to slope failures can be 
collected and used to build predictive models of landslide spatial 
occurrence. These two assumptions are common to both 
statistical and ML approaches developed for landslide 
susceptibility analysis and zoning (e.g., Varnes 1984; 
Reichenbach et al. 2018). 

A very recent overview of the most popular machine learning 
techniques available for landslide susceptibility studies is 
presented by Mergadi et al. (2020), who also statde that "only a 
handful of researchers use machine learning techniques in 
landslide susceptibility mapping studies." They identified 10 
authors who were responsible for approximately 50% of the 
published landslide susceptibility studies adopting neural 
networks, 70% of studies adopting random forest (RF) 
algorithms, 85% of studies adopting decision tree (DT) 
algorithms, and 85% of studies adopting support vector machines 
(SVM) algorithms. 

Liu et al. (2021) introduced three machine learning (ML) 
algorithms, the 'ensemble' Random Forest (RF), the 'ensemble' 
Gradient Boosted Regression Tree (GBRT) and the MultiLayer 
Perceptron neural network (MLP) and applied them to the spatial 
modelling of shallow landslides near Kvam in eastern Norway 
(Fig. 18). The major natural hazards in the study area are soil 

slides, debris flows and floods, snow avalanches. Rockfalls also 
present a serious threat in certain locations.  

The Norwegian landslide database indicates that past events 
were often hydrometeorological in origin, with the timing of 
release related to periods of rapid snowmelt or intense rainfall, 
frequently in combination. The event database for the 
investigation in this paper comprised landslide release zones and 
runout areas triggered by a very intense rainfall on 9–10 June 
2011. The inventory was compiled from field survey 
observations in conjunction with high-resolution aerial 
photographs taken in the weeks following the landslide events. 

In total, 86 landslides were identified. This 2011 intensive 
rainfall resulted in a comprehensive landslide inventory and was 
selected for further investigation in this study. The locations of 
the landslides recorded in the database are shown in Fig. 18. 

 

 

Fig. 18. Spatial extent of landslide release in study area during 2011 

rainfall, Kvam, Norway. 

 
Spatial landslide mapping is considered to be a binary 

classification in which the landslide index is separated into two 
classes, i.e., landslide and non-landslide. Landslide pixels are as-
signed a value of "1", and non-landslide pixels are assigned a 
value of "0". 

In this study, the area comprised 535 839 location points, of 
which 3 399 were release areas. To avoid unbalanced data points 
between landslide and non-landslide, 6 798 non-landslide points, 
i.e. twice the number of release areas, were randomly selected. 
In total, 10 197 location points were considered in the dataset. 
The 3 399 landslide points were then randomly split into two 
parts: 70% of the data were used for training the ML landslide 
susceptibility models and 30% were kept for model validation. 
The 6 798 non-landslide points were also randomly split into the 
same ratio of 70/30. 

Eight static landslide conditioning factors and three time-
dependent triggering factors were selected for input into the 
machine learning models. The landslide conditioning factors 
were: slope angle, aspect, plan curvature, profile curvature, flow 
accumulation, flow direction, distance to rivers, and distance to 
roads. The three time-dependent triggering factors were: total 
water content, saturation, and rainfall These are illustrated in 11 
vignettes on Fig. 19.  

The results of a Receiver Operating Characteristic (ROC) 

analysis for three ML models and for a numerical analysis 

(TRIGRS) are shown on Fig. 20. The three different landslide 

models used the validation dataset with 2 040 non-landslide 

points and 1 020 landslide points. An AUC indication (Area 

Under the Curve) was calculated to measure the performance 

measurement for the ML models.  

The ROC curves show that the GBRT and RF models have 

the highest AUC value as 0.99, followed by the MLP model 

(0.97). The physically-based numerical model TRIGRS model 

(0.87). TRIGRS is a coupled hydro-mechanical slope-stability 

assessment model that combines modules for the infiltration and 
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subsurface flow of storm water with those for runoff routing and 

slope stability. The steady infiltration rate, saturated hydraulic 

conductivity, and slope angle determine the steady (initial) flow 

direction. The transient component assumes one-dimensional 

(1D), vertical downward flow. TRIGRS is a strong tool for 

shallow landslide estimation, particularly in large areas where 

input data for simulation is not fully available, and has been 

widely used in the past 15 years or so, e.g., Park et al. (2013). 
 

 

Fig. 19. Maps of landslide conditioning (8) and triggering factors (3) in 

Kvam study area: (a) slope angle, (b) aspect, (c) plan curvature, (d) 

profile curvature, (e) flow accumulation, (f) flow direction, (g) distance 
to rivers, (h) water content, (i) saturation, (j) rainfall from radar, and (k) 

distance to roads. 

 

 

 
Fig. 20. The ROC curves and performance (AUC) of three ML and one 

numerical landslide models, with testing dataset only. 

Figure 21 illustrates the predictions of landslide occurrence 

with the RF, GBRT and MLP models. The factor of safety in the 

study area, as computed by TRIGRS is shown in the upper right 

panel. The three ML approaches resulted in accuracies above 

90%. This accuracy was much better than the prediction accuracy 

of the geomechanical model TRIGRS which accuracy was 87%. 
 

 

 
Fig. 21. Prediction of landslide occurrence by RF, GBRT and MLP 

models: black circles (True Negative) represent correct predictions of 
non-landslide locations; red rectangles (False Negative) represent 

incorrect predictions of actual landslide locations; blue rectangles (False 

Positive) represent incorrect predictions of non-landslide locations; and 
green rectangles (True Positive) represent correct predictions of actual 

landslide locations; the Factors of computed by TRIGRS are shown in 

the upper right panel. 

3.4.2   Temporal forecasting 

The prediction of the evolution of landslides in time, and more 
generally forecasts of the time evolution of key factors affecting 
the slope safety level, can be performed at both a global/regional 
scale and at a local slope scale. The choice of the scale is usually 
linked to the type of monitored parameters, which in turn is 
related to the type of landslides. Typically, regional scale 
predictions are based on rainfall monitoring, geomorphological, 
and hydro-meteorological approaches, while local slope scale 
predictions take advantage of a geotechnical engineering method 
relating displacement or other monitoring data to the time of 
failure (Intrieri et al. 2019).  

There is a relationship between monitored parameters and 
types of landslide; for example, for shallow landslides triggered 
by extreme precipitation events or by a combination of hydro-
meteorological events, meteorological data dominates the 
monitored parameters. For slow moving deep-seated landslides, 
displacements can be a crucial input to assess slope behavior. 
New data assembling methods and Internet of Things (IoT) 
techniques have recently started to provide large datasets of 
monitored data that can be advantageously be used by ML 
techniques for temporal forecasting of landslides.  

Landslide displacement forecasting is an essential component 
for developing modern early warning systems. It can be used to 
set warning thresholds and to recognize when a landslide 
undergoes a sudden acceleration and then failure. Time series of 
real-time data collected from landslide monitoring systems, e.g. 
Geophones, Interferometric Synthetic Aperture Radar (InSAR), 
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and Global Navigation Satellite System (GNSS), along with 
triggering data, e.g. water level and precipitation, provide critical 
inputs to ML modelling. However, the prediction of landslide 
displacement that changes over time is very challenging and it is 
inevitably linked to complex deformation mechanisms in the 
slope.  

Liu et al. (2020) explored how several machine learning 
algorithms (long short term memory (LSTM), random forest 
(RF), support-vector machine (SVM), and gated recurrent unit 
(GRU)) might predict ground displacements for slopes with 
distinct step-wise displacement characteristics in the Three 
Gorges Dam reservoir (China). 

Figure 22 compares the measured and predicted 
displacements for three landslides with three of the ML 
algorithms, using the testing dataset only. The periodic landslide 
displacement was initiated and aggravated by rainfall and by the 
annually periodic lowering and raising of the water level in the 
Three Gorges dam reservoir. Table 3 compares the accuracy 
indicators MAPE (Mean Absolute Percentage Error) and RMSE 
(Root Mean Square Error) for each of the three ML models for 
the three landslides.  
 

 

Fig. 22. Measured and predicted periodic displacements for the validation 

dataset only, using 3 ML models, the LSTM, GRU, and RF for (a) 

Baishuihe landslide; (b) Bazimen landslide; and (c) Baijiabao landslide. 
Table 3. Comparison of accuracy of predicted periodic displacement for 
three landslides. (Liu et al. 2020). 

Landslide 
MAPE (%) RMSE (mm) 

LSTM GRU RF LSTM GRU RF 

Baishuihe 10.5 10.7 13.5 7.5 8.0 6.5 

Bazimen 8.6 8.4 14.2 13.8 12.6 26.0 

Baijiabao 14.2 15.6 24.4 9.2 8.8 10.5 

 

The predictions by the LSTM and GRU models were similar 
and had approximately the same margin of error. For the 
Baishuihe and Baijiabao landslides, the results with the three 
machine learning algorithms were approximately equivalent. 
The RMSE values are less than 10 mm and the MAPE values are 
between 10% and 16% for the LSTM and the GRU models. The 
LSTM neural network and the GRU models agreed especially 
well with the measurements during the period of the step-wise 
increase in the displacement (May to July), as illustrated in Fig. 
22. The RF model gives higher values of MAPE, although the 
RMSE values are similar to those from the other models. For the 
Bazimen landslide, the LSTM and GRU models appear to predict 
the displacement more reliably than the RF model. The reason 
for this difference might be because the RF algorithm, as a 
combination of binary decision trees, is not able to predict time 
series observations as well as the other deep learning algorithms.  

For the same input from the Baijiabao Landslide, the dynamic 

model LSTM showed higher prediction accuracy than the static 

model SVM. The LSTM model could establish connections 

between the data in different time steps. The LSTM model learns 

rules from historical information and then applies these rules to 

the current step. The LSTM model can judge, filter and 

remember the information from previous time steps. The useful 

information is remembered; the useless information is forgotten. 

For the SVM model, connections between different time steps 

are not possible. The SVM model learn rules from a time step but 

cannot use historical data, and therefore cannot model the 

response of landslide deformation as well. 

Although good performances have been achieved in the 

deterministic prediction, no information was given on the 

reliability of the prediction results because these studies did not 

consider different types of uncertainties in the prediction. 

However, many different uncertainties exist, due to both inherent 

and external factors in the evolution process of step-like 

landslides (Wu et al. 2013). 

Ge et al. (2021) developed a novel approach for the interval 

prediction (i.e. uncertainty) of landslide with step-like 

displacement pattern in the Three Gorges Reservoir (TGR) area 

using Density-Based Spatial Clustering of Applications with 

Noise (DBSCAN), Synthetic Minority Oversampling Technique 

and Edited Nearest Neighbor (SMOTEENN) based Random 

Forest (RF) and bootstrap-Multilayer Perceptron (MLPs). 

DBSCAN was employed to carry out clustering analysis for 

different deformation states of the landslide with step-like 

displacement pattern. The SMOTEENN based RF classifier was 

trained to deal with imbalanced classification problems. A 

dynamic switching prediction scheme to construct high quality 

Prediction Intervals (PIs) using bootstrap-MLPs was established. 

The final interval prediction results of the Bazimen landslide 

are presented in Figure 23. It shows that the widths of the 

constructed prediction intervals (i.e. the uncertainties) vary 

significantly from one point in time to another. Since the 

influence factors of landslide displacements vary with time, the 

uncertainties keep changing accordingly. The results show that 

the widths of the prediction intervals of the mutational points are 

larger than that of the stationary points, which indicates that the 

risk level and the uncertainty of the predicted landslide 
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deformation are relatively high under the influence of the heavy 

rainfall and rapid drawdown of the reservoir. 

 

 

Fig.23. Interval prediction results of at 96% confidence level of the Bazimen landslide. 

4  DISCUSSION 

Machine Learning (ML) algorithms aim at making accurate 
predictions, while the understanding of the "why" may be often 
only come in second place (Therani et al. 2022). Applications of 
ML methods in landslide studies should therefore focus on 
problems where there is a need for predictions. Features detected 
by ML, for instance related to relative significance of 
conditioning or triggering factors, will however help understand 
the undergoing processes. 

The paper presented positive ML applications on (1) site 
characterization (stratification and soil characterization with the 
piezocone, derivation of the undrained shear strength of clay, and 
3D ground model integrating geotechnics and geophysics); (2) 
braced excavations (comparing four ML models with the results 
of finite element simulations); (3) tunneling (predicting the rock 
mass quality at the tunnel face for rapid decision-making); and 
(4) landslides assessment (spatial landslide susceptibility 
prediction, temporal landslide forecasting, and displacement 
interval prediction). In each case, the ML models adopted 
performed well, and better than more traditional models, 
although a number of data balancing techniques had to be trialed 
to obtain optimum results.  

With ML techniques, there will also be a need for sufficient 
quantity of data. Data-driven methods, such as ML algorithms, 
are not useful if the necessary data are not available. For 
landslide detection and landslide susceptibility mapping, where  
satellite images at various resolutions are available, data 
availability is less problematic. However, for many cases in 
geotechnical engineering, good quality, comparable and relevant 
data are often in limited quantity. This restricts the application of 
ML algorithms.  

Model generalization is an important aspect of ML modelling 
that is often neglected. There is a lack of benchmark case studies 
available for testing various ML methods. 

The paper presented one comparison of ML models with a 
geomechanical numerical analysis model. Compared to ML-
based models, the geomechanical model requires fewer data for 

calibration, but did not perform as well as the ML models. The 
two approaches are, however complementary alternatives. Data-
driven models are often called upon only when the use of 
physically-based models is deemed unfeasible or prohibitive in 
costs. In landslide studies, ML algorithms are currently being 
adopted in lieu of statistical techniques. However, physical or 
numerical models can be used in combination with ML models, 
for example, to 1) help explain the ML model, 2) complement 
the number of data points to train the ML model, 3) produce 
synthetic data for data-scarce problems.  

ML and statistically-based approaches share many common 
characteristics. The spatial landslide forecasting studies adopting 
ML algorithms draw from the experience accumulated since the 
seminal publication by Varnes (1984) on bivariate and 
multivariate statistical techniques and procedures for landslide 
susceptibility assessment and zoning.  

There is no consensus on an "optimal" ML (or deep learning 
DL) algorithm for the different types of studies illustrated in this 
paper. There is a growing tendency in the literature to propose 
the systematic use of an ensemble of algorithms, rather than 
unique ML algorithms such as Random Forest (RF), and then 
choose the best-performing one. The general opinion is that more 
complex algorithms show higher accuracy, although simpler 
algorithms with proper feature can outperform them.  

The selection of an algorithm depends on the type and 
quantity of available data. In general, DL algorithms are not 
expected to outperform conventional ML if the size of training 
data is not very large. Number of features, attributes and 
preference over feature engineering also affect this choice. 
Tehrani et al. (2022) suggested that for structured data, 
conventional ML algorithms are to be preferred, whereas for 
unstructured data (e.g. text, video, imagery, etc.), DL algorithms 
can be more suitable. 

The ML approach can be very useful to help forewarn of 
future scenarios, especially if these fall within the realm of the 
available data body, because ML models have already learned 
from a broad spectrum of data. For extrapolation, ML may not 
be the preferred approach. 

Especially for landslide susceptibility mapping, and spatial 
and temporal forecasting, the ML approach offers promising 

Training Testing

Time (month-year)

A
cc

u
m

u
la

te
d

d
is

p
la

ce
m

en
t

(m
m

)

W
id

th
o
f

th
e

p
re

d
ic

ti
o
n

in
te

rv
al

(m
m

)

Incorrect

classification

Point

Point not been

covered

556



 

 

opportunities. Over the years, the complexity of ML algorithms 
used in landslide studies has been matching the rapid 
development that is occurring in the AI/ML community. At the 
same time, ML still has a long path to follow in the landslide 
community.  

It is also expected that the application of ML algorithms to 
other areas of geotechnical research than those discussed in this 
paper will expand significantly in the coming years. 

5  CONCLUSIONS AND OUTLOOKS 

The paper gives an overview of some of the applications of 
Machine Learning (ML) in geotechnical engineering, mainly 
from the perspective of how using the ML techniques will help 
improve the practice of geotechnical engineering. The ML 
approach was briefly summarized to outline the emerging 
opportunities and demonstrate their use.  

Machine Learning is particularly helpful and relevant for 
geotechnical engineering, where data are often sparse, the 
variability in the characteristics of soil and rock can often be 
high, and the measurements, especially in situ, are influenced by 
both measurement techniques and data transformation 
uncertainties. Time may be a key factor, for example, for the 
development of an Early Warning System, where it is crucial to 
make a decision within in a limited time, based on real time 
monitored data and using threshold values with uncertainties. 
ML models can help reduce the uncertainties and obtain answers 
to queried rapidly. 

Machine Learning (ML) in geotechnical engineering is a 
dynamic new frontier destined to have many more applications, 
including in the area of virtual reality testing (i.e. modelling 
virtually millions of laboratory tests) and the new developments 
within digital twinning.  

ML is an inspiration for the geotechnical community for 
developing and implementing innovative data-driven methods 
for a variety of new applications, also beyond those given as 
examples herein. There is surely an initial challenge to start 
implementing ML algorithms appropriately, but the authors are 
confident that the efforts will advance the ability to predict geo-
behaviour and reduce risk, for example, with improved "Alert-
Alarm-Action" levels in an early warning system.  

It is also quite obvious that the younger generation has a keen 
interest in ML techniques. The entire profession needs therefore 
to keep up with this new development. There is potential for 
wider applications in practice in the future, but further research 
is also needed to meet this objective. 

To move forward industry is a necessary partner for machine 
learning-based studies in geotechnical engineering for two 
reasons. One, machine learning must bring transformative value 
to industry, not universities. This value is ultimately linked to the 
end-users. Two, real data are generated and owned by projects 
and real data (not simulated data) are absolutely necessary 
ingredients for machine learning development.  

Feedback arenas where industry can interact with the 
researchers, discuss goals and results and match those with 
industry needs. The aim is to create a 'revolving door' for industry 
and researchers in a learning partnership: industry to define needs 
and give feedback, researchers to provide innovation to solve 
present needs and perspective to respond to future needs. 
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