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Introduction
u Critics to model-driven approaches

Models are often very complex,
but fail to incorporate all data effectively!

So, do you incorporate data 
without the need of any model?

Yes, 
absolutely!

Are your sure?
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So, are your models effective outside 
of the parameters’ calibration range?

Yes, since our models 
are physics-based!

Are your sure?

Introduction
u Critics to data-driven approaches

Correlation is not causation: 
data-driven have low predictive capabilities!
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Introduction
u What is indeed sometimes going on…



1959
Machine learning

is a field of study that gives

computers the ability to learn

without being explicitly

programmed

Arthur Lee Samuel
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A Change of Paradigm

INPUT

PROGRAM

OUTPUT

NEW INPUT INPUT NEW INPUT

ML algorithm MODEL

OUTPUT

VS



1998
Machine learning is the study 

of computer algorithms that

allow computer programs to 

automatically improve

through experience

Tom Mitchell
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Introduction

u A computer program is said to learn from experience E with respect to some task T and some 
performance measure P, if its performance on T, as measured by P, improves with experience E

Experience E

Over time Data

Performance P

I have classified your e-mailsSPAM or NOT-SPAM?

Task T
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An (ordered) Overview 

Credit: LinkedIn - Machine Learning vs Deep Learning
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Artificial Intelligence: an ensemble of systems
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An (ordered) Overview 
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Training of the ML model

Prediction

Evaluation of 
performance (loss)

Use of the ML model

INPUT NEW INPUT

ML algorithm MODEL

OUTPUT

Fundamentals of Machine Learning
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Fundamentals of Machine Learning

Machine 
Learning

Supervised 
Learning

Unsupervised
Learning

Reinforcement
Learning
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u Supervised vs Unsupervised learning

Fundamentals of Machine Learning

Credit: LinkedIn – Supervised Learning
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u Supervised vs Unsupervised learning

Fundamentals of Machine Learning

Credit: Medium – Navigating Unsupervised Learning
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Regression Classification

Machine 
Learning

Supervised 
Learning

Unsupervised
Learning

Reinforcement
Learning

Fundamentals of Machine Learning
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Fundamentals of Machine Learning

Classification

Find the function 
that allows to separate 

data into specific “classes”

Label 1

Label 2

Regression

Find the function 
that allows to explain at best 

the relationship between data

Data: couple {x,y}
Label: given x, then y

u Applications of supervised learning
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Fundamentals of Machine Learning
u A fundamental architecture: Neural Networks

o A neuron collects inputs from other neurons 
using dendrites.

o The neuron sums all the inputs and if the resulting 
value is greater than a threshold, it fires. 

o The fired signal is then sent to other connected 
neurons through the axon.
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Fundamentals of Machine Learning
u A fundamental architecture: Neural Networks

Input Layer Hidden Layers Output Layer

o Activation function fact, like:

j
in1i

in2i

Neuron i

fact(     inki+bi )
k

outi wij

wijouti = inj

Architecture definition: 
 number of layers, number of neurons per layer, 
 number and structure of connections, etc

(Hyper)parameters: 
 weights wij, biases bi TRAINING

OUT

IN1

IN2 o Bias bi 
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Fundamentals of Machine Learning
u A fundamental architecture: Neural Networks
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Fundamentals of Machine Learning
u A fundamental architecture: Neural Networks

OUT

IN1

IN2

0.8

1.2

1.8

0.3

0.8

2.2

IN1 IN2 OUT

1 10 3

5 2 2

… … …

10 2 50

3 5 7

Training dataset
IN1 IN2

1 10

5 2

… …

10 2

3 5

OUT

6

2

…

43

6.8

OUT

3

2

…

50

7

– 

Loss ℒ(𝑤!", 𝑏!)
(measure of error)Backpropagation

𝜂: learning rate

Δ𝑤!" = −𝜂
𝜕ℒ
𝜕𝑤!"

Δ𝑏! = −𝜂
𝜕ℒ
𝜕𝑏!

Update: 𝑤!" → 𝑤!" + Δ𝑤!", 𝑏! → 𝑏! + Δ𝑏!



Michele Marino – Fondamenti dei modelli di machine learning e loro utilizzo per valutare la stabilità dei pendii

22

UNTIL Loss<Tol 
(or for a fixed number of epochs)

Fundamentals of Machine Learning
u A fundamental architecture: Neural Networks
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Fundamentals of Machine Learning
u A fundamental architecture: Neural Networks
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Fundamentals of Machine Learning
u A fundamental architecture: Neural Networks

Underfitting OverfittingOptimal

Network 
output

Error 
evolution

K-folds cross validation



Michele Marino – Fondamenti dei modelli di machine learning e loro utilizzo per valutare la stabilità dei pendii

25

Machine 
Learning

Supervised 
Learning

Unsupervised
Learning

Reinforcement
Learning

Fundamentals of Machine Learning

Association Clustering Dimension 
reductionRegression Classification
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Fundamentals of Machine Learning

Clustering

Grouping data based on their 
similarities and differences

u Applications of unsupervised learning

Association

Discover relationships 
between features
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Comparison of clustering algorithms

http://scikit-learn.org/stable/auto_examples/cluster/plot_cluster_comparison.html

Fundamentals of Machine Learning
u Clustering: automatically find the “internal structure” of data

Source: http://scikit-learn.org/stable/auto_examples/cluster/plot_cluster_comparison.html 
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Fundamentals of Machine Learning

Clustering

Grouping data based on their 
similarities and differences

u Applications of unsupervised learning

Association

Discover relationships 
between features

Dimension reduction

From high to low-dimensional 
spaces without compromising data
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Latent space
Low-dimensional representation, 
that is the essential information

Fundamentals of Machine Learning
u Dimension reduction via a powerful architecture: autoencoders
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Fundamentals of Machine Learning

Machine 
Learning

Supervised 
Learning

Unsupervised
Learning

Reinforcement
Learning
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An (ordered) Overview 
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Wang et al 2018, J Manufacturing Systems 48(C):144-156

Machine Learning vs Deep Learning
u Same architecture, raised to the n-th degree

Machine learning

Deep Learning

Data curation



Source: Medium – The mostly complete chart of Neural Networks, explained
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u Qi et al, 2018. Slope stability prediction using integrated metaheuristic and machine learning approaches: 
A comparative study. Computers & Industrial Engineering 118 (2018) 112–122 

The TPR and TNR calculated from Table 3 are illustrated in Fig. 7.
As shown, best classification models regarding the TPR (correctly pre-
dicted stable slope) were the optimum RF and GBM models, in both
cases all 20 stable slopes were correctly predicted. By contrast, the
optimal prediction for the TNR was achieved by the optimum SVM

classification model with the Youden’s cutoff and all unstable slope
cases were correctly predicted. The baseline and Youden’s cutoffs have
no influence on the performance of the optimum RF and GBM models in
this paper. As no OCMs have both the highest TPR and TNR, the model
selection should be based on the AUC values, the accuracy and en-
gineering requirements.

Fig. 8 shows the ROC curves of six OCMs from integrated AI ap-
proaches on the testing set together with their AUC values. As can be
seen, there were no classification models dominating the others
throughout the whole diagram. However, the optimum SVM, GBM and
RF models were generally closer to the left and top axes than the other
OCMs, denoting that they achieved higher overall performance. This
can also be verified by the AUC values of these three OCMs (0.967,
0.962 and 0.957 respectively). The performance of MLPNN on the
testing set was excellent in term of AUC value (0.864). Compared with
RF and GBM, the performance of DT was relatively poor, showing that
tree-based ensemble algorithms (RF and GBM) can achieve higher
predictive performance than DT in classification problems. Moreover,
the optimum LR classification model achieved the smallest AUC value,
and this is likely due to the technique’s incompetence to handle non-
linear relationship modelling.

Overall, the optimum SVM model with the Youden’s cutoff yielded
better results than the other OCMs, achieving 0.967 AUC value, 0.96
accuracy and the highest TNR. The optimum RF and GBM models,

Fig. 5. Overall procedure for slope prediction using integrated AI techniques.

Fig. 6. Transition of the average AUC values along with generations.

Table 3
Testing set confusion matrices of six OCMs with different cutoffs.

Actual condition Predicted condition

Baseline cutoff Youden’s cutoff

Stable Unstable Accuracy Stable Unstable Accuracy

LR Stable 17 3 0.80 17 3 0.82
Unstable 6 19 5 20

DT Stable 16 4 0.78 15 5 0.80
Unstable 6 19 4 21

RF Stable 20 0 0.93 20 0 0.93
Unstable 3 22 3 22

GBM Stable 20 0 0.93 20 0 0.93
Unstable 3 22 3 22

SVM Stable 19 1 0.73 18 2 0.96
Unstable 11 14 0 25

BPNN Stable 17 3 0.82 17 3 0.84
Unstable 5 20 4 21

C. Qi, X. Tang Computers & Industrial Engineering 118 (2018) 112–122

119

6 ML algorithms

o Classification problem: Stable vs Non-stable

Representative examples

q Supervised learning (78 stable and 70 non-stable)

q 6 slopes attributes (e.g., height, angle, pore water ratio)

q Question 1: which ML algorithm works best?

q Question 2: which is the most important slope attribute?
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u Qi et al, 2018. Slope stability prediction using integrated metaheuristic and machine learning approaches: 
A comparative study. Computers & Industrial Engineering 118 (2018) 112–122 

investigate the effect of variables for the estimation of the slope in-
stances. The selection for these two OCMs was based on their shared
characteristics:

(i) Both of these two OCMs had outstanding performance on the
testing set.

(ii) The feature importance from the solution of the optimum SVM
model, which also had outstanding performance on the testing set,
cannot be directly obtained when the RBF kernel was used (Chen &
Lin, 2006; Tuia, Camps-Valls, Matasci, & Kanevski, 2010).

(iii) The relative importance from GBM and RF can be easily obtained
by the Gini importance, which is a measure of variable importance
based on the Gini impurity index (Breiman, Friedman, Olshen, &
Stone, 1984).

The final feature importance was determined by averaging the re-
sults from the optimum RF and GBM models. Normalization was per-
formed on the feature importance scores and the result is shown in
Fig. 10.

Apparently, cohesion was the most sensitive variable influencing
slope stability in this paper, which accounted for almost one-third of
importance score among all variables. This is a reasonable outcome and
is in accordance with that obtained by Box-Behnken statistical design
(Kostić, Vasović, & Sunarić, 2015). Importance scores of the remaining
influencing variables on slope stability decreased according to the fol-
lowing order: internal friction angle (0.208) > unit weight
(0.163) > slope angle (0.125) > slope height (0.118) > pore pres-
sure ratio (0.0075). It can be seen that most influencing variables had a
non-ignorable importance scores, which means they were also im-
portant as all these influencing variables constitute the basic input
parameters in most engineering projects (Sakellariou & Ferentinou,
2005). Also, it is worth mentioning that different importance scores
might be obtained when different dataset and classification models are
used (Guyon et al., 2006). More representative results can be obtained
as more valid slope cases are available in the future.

5.4. Contribution and limitations

The primary strength of this study is proposing and comparing six
integrated AI approaches on the stability prediction of slopes. This
study contributes to the slope analysis, as well as other fields of in-
dustrial engineering, in the following aspects: (a) the integrated AI
approaches based on ML algorithms and FA are very promising for
classification problems, (b) the stableness and robustness of classifica-
tion models can be well investigated using confusion matrices, the ROC
curve and the AUC value, (c) model recommendation has been made for
slope stability prediction, which can provide reliable suggestion for

future researchers in similar studies, (d) the methodology in this paper
has great potential for a wider application in the rest of industrial en-
gineering where classification problems are widely encountered.

The ignorance of other influencing variables for slope stability, such
as vegetation coverage, geological structure, and engineering dis-
turbance, is a clear limitation of the present study. A further limitation
is that the slope dataset is still relatively small. The performance of
proposed AI approaches will improve when more data is available. A
final limitation is that the slope stability analysis can be better con-
sidered to be a multiclass classification problem or regression problem,
which is currently under investigation.

6. Summary and conclusion

In this study, a systematical verification and comparison of six in-
tegrated AI approaches on the prediction of slope stability has been
conducted. These integrated AI approaches using six ML algorithms,
including LR, DT, RF, GBM, SVM, and MLPNN, for the relationship
modelling and FA for the hyper-parameters tuning. 148 slope cases
were collected for the preparation of the dataset after the consideration
of slope failure mechanism and geological conditions. 10-fold CV was
used as the validation method and the performance measures were
chosen to be confusion matrices, the ROC curve and the AUC value. The
relative importance of influencing variables was investigated and ana-
lysed using the results from the optimum RF and GBM models. Based on
the analysis results, the following conclusions can be drawn:

1. FA could effectively assist the hyper-parameters tuning of ML al-
gorithms as the optimum AUC values were obtained within the first
six generations for all ML algorithms.

2. The AUC values of the OCMs on the testing set ranged from 0.822 to
0.967, indicating the OCMs had excellent performance on the
testing set. The largest AUC value on the testing set was achieved by
the optimum SVM model (0.967), followed by the optimum GBM
model (0.962) and the optimum RF model (0.957). All these three
models could be considered to have outstanding performance for
slope stability prediction.

3. Comparison between the baseline and Youden’s cutoffs indicates
that models with the Youden’s cutoff generally had better perfor-
mance than models with the baseline cutoff in the slope stability
prediction.

4. The optimum SVM model with the Youden’s cutoff was re-
commended for slope stability prediction in terms of the AUC value,
the accuracy, and the TNR.

5. Cohesion was found to be the most influential variable for the pre-
diction of slope stability, which achieved a 0.310 importance score
out of 1.
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(SAE) (RGF)(Chukha Dzongkhag, 
Buthan)

u Sameen et al, 2020. Landslide spatial modelling using unsupervised factor optimisation and regularised 
greedy forests. Computers & Geosciences 134 (2020) 104336

o Spatial landslide susceptibility map reconstruction

Representative examples
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evaluated in Chukha Dzongkhag, Bhutan. To the best of our knowledge, 
RGFs have not yet been applied to landslide susceptibility mapping. In 
this sense, this study contributes to evaluating the effect of feature 
compression on susceptibility mapping. The proposed model was 
compared with RGF (without optimisation) and other tree models such 
as RF. 

2. Description of the study area 

For the case study, Chukha Dzongkhag is chosen to evaluate the 
models suggested (Fig. 1). This area lies between longitudes 89! 150–89!

490 and latitudes 26! 440–27! 180 in the southwestern part of Bhutan. It 
covers approximately 1,879.5 km2 and has a population of 88,342 as of 
2015. Its elevation ranges between 0 m and 4,413 m above mean sea 
level, with a mean elevation of 1,905 m. The slope angles vary from 0! to 
89!. 

Chukha Dzongkhag is in the subtropical and temperate climatic 
zones. It experiences high annual rainfall (the highest being 
4,000–6,000 mm) and nearly regular heavy rains up to 800 mm. day"1, 
mostly during the southwestern monsoon between June and September. 
Consequently, the area is highly vulnerable to landslides, particularly 
during the rainy season. Most landslides occur alongside the Phuent-
sholing–Thimphu dual carriageway, a lifeline infrastructure that links 
the capital Thimphu with neighbouring nations. The vicinity is also 

Fig. 1. Location of the study area and landslide inventories provided in 
this research. 
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where α is the cumulative upslope area (per unit contour length), and β 
is the angle of slope at the calculation point. The TWI map for the study 
region was categorised into six classes (Fig. 3).  

g) STI: This parameter indicates the amount of sediment transportation 
through overland flow and is based mainly on the erosion of catch-
ment evolution theories and transportation capacity that restricts 
sediment flux. In this study, the following equation was used to 
calculate STI. The generated values were classified into six classes 
(Fig. 3): 

STI¼
!

As

22:13

"0:6
:

!
sinβ

0:0896

"1:3
; (2)  

where As is the specific catchment area (m2/m), and β is the slope 
gradient. 

3.2.2. Geo-environmental factors 
Three geo-environmental elements, namely, lithology, proximity to 

roads and proximity to streams, were used in this study, as explained in 
the following subsection.  

a) Lithology: The area geologically belongs to the Lesser Himalayan 
formation. It includes sedimentary and low-grade metamorphic 
rocks. It consists primary of metasedimentary rocks like phyllite, 
schist, quartzite, and limestone that are tectonically active. The 
north part of the area is comprised of the Higher Himalayan 

crystalline rocks such as garnetiferous mica-shist, quartzite, and 
gneiss. Lithology is important in the analysis of landslide sus-
ceptibility because soft and weathered rocks are more vulnerable 
to landslides than hard unjointed rocks. The study area, Chukha 
Dzongkhag, is made up of various types of lithological units 
(Fig. 3).  

b–c) Proximity to roads and streams: Anthropogenic factors, 
including proximity to roads and streams, are regularly utilised in 
landslide susceptibility evaluation. Shallow to deep excavations, 
application of foreign loads and eviction of vegetative cover are 
common actions during construction along highways and roads. 
In addition, the intermittent flow regime of a hydrological com-
munity and gullies encompasses erosive and saturation processes. 
Subsequently, pore water pressure can be increased, which may 
lead to landslides in regions that adjoin drainage channels 
(Fig. 3). Land use and land cover were not considered in this 
research because all the landslide points fall into one class (forest 
area) and no variance was in the data. 

3.3. Proposed models 

A modelling approach based on two machine learning algorithms, 
namely, SAEs and RGFs, was developed for landslide susceptibility 
assessment in Chukha Dzongkhag. The flowchart of this approach is 
presented in Fig. 4. The landslide presence-absence samples were 
created after collecting and preparing the landslide inventory map, the 
spatial digital elevation model, and thematic layers. The landslide 

Fig. 3. Landslide conditioning factors.  
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inventory samples were counted and used to randomly generate the 
absence samples. The final data combined the landslide presence and 
absence samples with a defined label (1 and 0, respectively) for each 
sample. Ten landslide conditioning elements were prepared from a 
spatial database. The values of the landslide conditioning elements at 
each sample location were utilised, and the derived information was 
prepared using a Microsoft Excel sheet. 

The independent variables in the data were scaled (zero mean, unit 
variance) to improve the training process of SAE (only applied to the 
factors with continuous values). The dependent variable was converted 
with one-hot encoding. The data were then categorised into three 

subsets: for training (70%), validation (10%) and testing (20%). The SAE 
model was trained in an unsupervised manner, and a set of new features 
was generated. These new features were used to train the RGF model. In 
this study, the validation of the proposed models was based on a well- 
known area under the receiver operating characteristic curve 
(AUROC). Sensitivity analysis was also considered to assess the conse-
quences of dimensionality reduction on the RGF model. 

3.3.1. Unsupervised factor optimisation by SAEs 
Autoencoders are neural networks that can be used to learn features 

from a dataset in an unsupervised manner (Hinton and Salakhutdinov 
2006). They can be shallow (i.e. with one hidden layer) or deep (i.e. with 
two or more hidden layers). The addition of more hidden layers depends 
on the complexity and amount of data. The proposed SAE model 
structure, as presented in Fig. 5, has three hidden layers in addition to 
the input and output layers. The input x 2 RN is mapped into a hidden 
representation hð1Þ 2 RN using hð1Þ ¼ fθ1 ðW1x þ b1Þ, which is then used 
to learn another hidden illustration hð2Þ 2 RN by hð2Þ ¼ fθ2 ðhð1Þ þ b2Þ. 
The output of this illustration is used to learn a third hidden illustration 
hð3Þ 2 RN by hð3Þ ¼ fθ3 ðhð2Þ þ b3Þ. The hidden representation hð3Þ is then 
utilised to regenerate an approximation bx of the input. The hidden layer 
hð2Þ is considered the new feature representation of the input data. The 
dimension of the input layer x is 10, and each hð1Þ and hð3Þ has 14 hidden 
nodes, whereas the new feature representation hð2Þ has only 7 nodes. 
Therefore, the proposed SAE learns compressed representation, which 
can reduce the computational time of the RGF model. A sparsity 
constraint of L1 regularisation (10e-5) was enforced on the three hidden 
layers of the model to avoid overfitting in the model. The rectified linear 
unit activation function was used for the hidden layers (encoder), 
whereas the sigmoid function was used for the output layer (decoder). 

The optimal parameters of the SAE model were selected by mini-
mising the binary cross-entropy cost function using a backpropagation 
algorithm and stochastic gradient descent (i.e. Adamax). The model was 
trained for 1,000 epochs with a batch size of 32 and a learning rate of 
0.002. The training was stopped when validation accuracy stopped 
improving (patience ¼ 20 epochs). After the learning process, the SAE 

Fig. 4. Flowchart of the proposed methodology.  

Fig. 5. Structure of the proposed SAE model.  
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the landslides. However, the map and AUROC values (success 
rate ¼ 0.972, prediction rate ¼ 0.865) implied that this phenomenon 
was due to the overfitting of the training data, and the model failed to 
predict the absence samples correctly. The very high and high suscep-
tibility classes for the map produced by the RF model contained 27% and 
13% of the landslides, respectively. This finding also suggested that the 
proposed SAE–RGF model helped identify numerous landslides located 
in the very high susceptible zone without considerable overfitting to the 
training data and produced reliable landslide susceptibility maps in the 
study region. 

Tree-based landslide susceptibility modelling methods, including 
their ensemble, such as RF, are frequently affected by variations and 
noise in data. The SAE model proposed in this study helps reduce in-
formation redundancy and noise in the data by learning a new set of 
nonlinear feature representations from the input data with a lower 
dimension than that of the original feature set. Previous methods on 
factor optimisation for landslide susceptibility mappings, such as the 
methods presented by Jebur et al. (2014) and Dou et al. (2015), are 
supervised and select a subset from the original data without any 
transformation to the input features. Although these methods help 
improve the prediction ability of statistical and machine learning 
methods, such as statistical index, logistic regression and support vector 
machines, they require high-quality training data and do not reduce 
noise nor improve input features in terms of information content. By 
contrast, the proposed SAE–RGF is unsupervised (no training data are 
required) and helps tree-based models that are highly sensitive to noise 
and data variations. Consequently, using the new representations 
learned by the SAE–RGF model can help improve tree-based models, 
such as RGF and RF, for landslide susceptibility within a study region. 
The proposed SAE–RGF model also helps reduce the training and 
inference prediction times of the RGF and RF models by reducing the 
input data dimension from 10 to 7 features. 

However, the model also has several limitations at the current 
implementation. First, the selection of a new dimension, which is often 
lower than the original dimension of the landslide factors, can be chal-
lenging. It requires several experiments to evaluate different alternatives 
until the optimum one can be found. This challenge is getting harder 
when the original dimensionality is larger. Search methods can be used 
such as a grid or random search but that can be computationally 

Fig. 6. Landslide susceptibility maps produced by (a) SAE–RGF, (b) RGF and 
(c) RF. 

Table 2 
Success and prediction rates of the landslide susceptibility models.  

Susceptibility model Success rate Prediction rate 

SAE–RGF 0.931 0.892 
RGF 0.972 0.865 
RF 0.876 0.824  

Fig. 7. Graph showing landslides (in %) for different susceptibility classes for 
the three models. 
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The distribution of FOSs is shown in form of probability density 
function in Fig. 16. Each slope stability simulation requires about 5 min 
to finish on a system with Intel (R) Core (TM) i7-6700HQ CPU @ 2.60 
GHz. The dataset with 100 samples is generated in 8.3 h. However, the 
estimated PDF using only 100 samples is unsatisfactory as shown in 

Fig. 16 (blue bins). Trained on the same 100 samples, the ML model 
predicted 10,000 MC sample FOS outputs resulting in the solid red line 
in Fig. 16 demonstrating the satisfactory smooth PDF of FOSs. If one 
wants to generate the same PDF with conducting conventional FOS 
computations of 10,000 random fields, the analysis will take about 34.7 
days to finish. However, the ML prediction can be conducted over sec-
onds. The ML model can also be developed and optimised relatively fast 
by an experienced user. A comparison of the time required for ML 
assisted method (more than 8 h) and conventional random field analysis 
(about 35 days) denotes 100-folds higher efficiency of the proposed ML 
models in random field geotechnical analysis. 

Fig. 13. Model illustration of the two-layer slope.  

Table 11 
Stratified slope model characteristics.   

Unit weight (kN
m3 )

Undrained shear strength (kPa)  

Mean COV δh(m) δv(m)

Clay layer 1 19 75  0.3 12 2 
Clay layer 2 19 95  0.3 12 2  

Fig. 14. ML model performances on predicting FOSs for stratified random field slopes.  
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9. Conclusion and future research direction 

In a systematic approach in this study, we investigated the efficiency 
of ML classifier methods as response/surrogate models to predict the 
results of the random field slope stability with spatial variability. A 
complete Monte Carlo database of heterogenous anisotropic slopes 
containing 120,000 simulations is generated. The random field variable 
is the soil undrained shear strength with COV ranging from 0.1 to 0.5, 
and the anisotropy ratio, ξ ranging from 1 to 25. Predictions on the 
whole database are made by machine learning surrogate models trained 
on only 500 samples. We also examined ML predictions of FOSs for 
stratified random field slopes. The findings of this research can be 
summarised as follows:  

• Repeated k-fold cross-validation revealed the appropriateness of SVC 
and RF classifiers for slope stability random field classification. ANNs 
although upon extensive optimisation, are not necessarily advanta-
geous over other models. 

• The efficiency of ML surrogate models for the slope stability classi-
fication task generally decreases with higher heterogeneity and 
anisotropy of random fields. 

• The overall performance of ML surrogate models for the classifica-
tion task on the entire random filed database (all COV and ξ values) 
when trained on 500 samples (%0.42 of data) is promising with ac-
curacy = %84.7 and AUC = %91.2. 

• Using the proposed probability summation method, for the ML pre-
dicted probability of failure using only 6000 samples without FOS 
calculations (5 % of MC data) for all heterogeneity and anisotropy 
levels, the error is limited to %1 with an average of %0.46 for the 
entire MC dataset. Such an approach reduced the CPU computational 
time from 306 days to only 3 days for the current study (100 folds 
faster analysis). 

• The ML assisted reliability analysis proved efficient for FOS pre-
dictions as shown on a stratified random field slope. The method 
using only 100 samples, can accurately predict FOSs (the average 
absolute errors in FOS prediction<0.043). Such ML assisted method 
reduced the computational time for 100-folds. 

This study portraits the efficiency of ML algorithms as surrogate 
models in MC simulations with and without FOS calculations. The 
probability summation approach is defined which assured high accuracies 
in predicted pf with small number of training samples. In another pub-
lication (Aminpour et al. (2022)), we have further explored the effi-
ciency of ML surrogate models in determining the reliability of 
heterogeneous anisotropic slopes outlining the extent of expected errors. 

To improve the performance of ML surrogate models, feature clas-
sification (e.g., classifying the input random field data with geometrical 
aspects within the problem) can be a potential research approach. The 
dimension reduction techniques applied on the random field data can 
also be investigated aiming to improve the model performances. Further 
investigations on the training of deep and convolutional neural networks 
on random field data with failure, non-failure results (without FOS 
calculations) can further improve the efficiency of machine learning 
approaches as a computationally efficient surrogate model for 

Fig. 15. Actual versus ML predicted FOSs for stratified random field slopes.  

Fig. 16. Estimated probability density function for FOSs of stratified random 
field slopes. ML predicted PDF is obtained by a model trained on the same 
100 samples. 
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o Regression study: ML to account for uncertainty of geotechnical parameters

COMPUTATIONAL COST:
- ML surrogate: 8h
- Monte-Carlo simulation = 35 days

Computers and Geotechnics 153 (2023) 105094
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The distribution of FOSs is shown in form of probability density 
function in Fig. 16. Each slope stability simulation requires about 5 min 
to finish on a system with Intel (R) Core (TM) i7-6700HQ CPU @ 2.60 
GHz. The dataset with 100 samples is generated in 8.3 h. However, the 
estimated PDF using only 100 samples is unsatisfactory as shown in 

Fig. 16 (blue bins). Trained on the same 100 samples, the ML model 
predicted 10,000 MC sample FOS outputs resulting in the solid red line 
in Fig. 16 demonstrating the satisfactory smooth PDF of FOSs. If one 
wants to generate the same PDF with conducting conventional FOS 
computations of 10,000 random fields, the analysis will take about 34.7 
days to finish. However, the ML prediction can be conducted over sec-
onds. The ML model can also be developed and optimised relatively fast 
by an experienced user. A comparison of the time required for ML 
assisted method (more than 8 h) and conventional random field analysis 
(about 35 days) denotes 100-folds higher efficiency of the proposed ML 
models in random field geotechnical analysis. 

Fig. 13. Model illustration of the two-layer slope.  

Table 11 
Stratified slope model characteristics.   

Unit weight (kN
m3 )

Undrained shear strength (kPa)  

Mean COV δh(m) δv(m)

Clay layer 1 19 75  0.3 12 2 
Clay layer 2 19 95  0.3 12 2  

Fig. 14. ML model performances on predicting FOSs for stratified random field slopes.  
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x

y

Kirchdoerfer and Ortiz, 2016; Liu et al, 2016; 
Eggersmann et al, 2019; Carrara et al, 2020; 
Logarzo et al, 2021; Yvonnet et al, 2023

x

y

Since Galileo Galilei, Robert Hooke, 
Daniel Bernoulli, Claude-Louis Navier, 
and many others…

x

y
Data-driven approaches:

Simulation methods able to integrate 
and perform data acquisition, reduction, 

assimilation and analysis (Chinesta et al, 2018)

Model-driven approaches:
Simulation methods a priori incorporating 

constitutive relationships, defined such to be 
able to reproduce and explain available data

Conclusion: a futile struggle
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I have too 
many data!

I don’t have 
enough data!

Hybrid model-data driven approaches

PINN: Physics-Informed Neural Networks
Data augmentation and constraints enforcement

Conclusion: a futile struggle

x

y
Ground 

truth

f(x)
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