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Abstract: Surrogate modelling is an application of Artificial Intelligence in which a Ma-

chine Learning model is trained to produce results that are originally obtained from a more 

complicated (numerical) model, especially when numerous such results are required. This 

article demonstrates two examples of using surrogate modelling in geotechnical applica-

tions involving (constitutive) model parameter selection as part of model fitting (parameter 

optimization) and probabilistic analysis. It gives some practical ideas on how to maintain 

the consistency of parameter sets in the case of parameter inter-dependencies, how to im-

prove the quality of the surrogate in the case of large parameter variations, and how to 

improve model fitting to a target curve. 

 

1 Introduction 

The use of Artificial Intelligence (AI) and Machine Learning (ML) progresses very rapidly in 

all kinds of applications. Although Geotechnical Engineering is historically relatively slow in 

picking up new global trends, there are numerous applications one could think of in which AI 

and ML can improve the efficiency of the geotechnical workflow. To narrow down the scope 

of this contribution, focus is given here on Surrogate Modelling, as a particular application of 

ML. In Surrogate modelling, an ML model (Classification or Regression) is used to provide 

fast output results (‘output features’) based on a set of input parameters (‘input features’), 

thereby replacing more complicated and time-consuming (calculation) models. A representa-

tive set of input features (e.g. geometric parameters, model parameters, model conditions, etc.), 

covering the domain of the intended application, is used a-priori in the more complex model to 

generate the corresponding model results, while input parameters and related output results 

serve as training data for the surrogate model, provided the model results are consistent and 

reliable. Once trained, the surrogate model can be applied instantaneously on a new (‘unseen’) 

set of input parameters, producing results as if they were obtained from the more complex cal-

culation model, but much faster. 

 

Several examples of surrogate modelling have been reported recently, where surrogate models 

replace more complex geotechnical calculation models (mostly finite element models), in cases 

where large numbers of model simulations are required. Mitelman et al. (2023) show how sur-

rogate modelling can be used to support the observational method during the execution of a 

geotechnical construction project. Ruiz López et al. (2024) demonstrate the use of surrogate 
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modelling for an application involving a shaft excavation in London clay, highlighting their 

potential use in the geotechnical design process. Granitzer et al. (2025) describe a surrogate 

modelling framework for evaluating the stability of cantilever walls, considering uncertainty 

and sensitivity of the input parameters. They hint on the possibility of adopting a fully proba-

bilistic approach in the design process. 

 

In this article, surrogate modelling is used to speed up the process of parameter selection in two 

different types of applications, namely parameter optimization and probabilistic analysis. 

 

Section 2 of this article describes an application in which parameter selection in model fitting 

is used to find the best set of constitutive model parameters to best match target stress-strain 

curves for a given series of laboratory tests. In this application, surrogate modelling is used to 

replace non-linear numerical stress point simulations of laboratory tests. 

 

Section 3 describes an application in which parameter selection is used in probabilistic analysis 

to predict the probability of failure of a river dike under high-water design conditions. In this 

application, surrogate modelling is used to replace non-linear 2D finite element calculations. 

 

Section 4 gives some conclusions and recommendations on the use of surrogate models in ap-

plications involving model parameter selection and optimization. The article ends with some 

references for further reading. 

2 Parameter optimization 

In finite element modelling of practical geotechnical applications, numerical single stress point 

simulations of soil lab tests can be used to calibrate constitutive model parameters against real 

lab testing data. Although single stress point simulations are rather quick, the number of runs 

needed in parameter optimization may still cost more time than desired within a broader work-

flow. Surrogate modelling can be a solution to reduce calculation time. 

 

Starting point for the development of a framework for parameter selection and optimization 

using surrogate modelling was recent work on the UDCAM-S model (Ragni et al., 2023; Del 

Brocco et al., 2026). This model is based on the NGI-ADP constitutive model (Grimstad et al., 

2012) in which the model parameters are adapted for cyclic loading effects using a cyclic ac-

cumulation procedure. The cyclic accumulation procedure results in target stress-strain curves 

for undrained triaxial compression (TXC), triaxial extension (TXE) and direct simple shear 

(DSS). The parameters of the NGI-ADP model are optimized in a numerical procedure in which 

the soil lab tests are numerically simulated, to provide the best match with the target stress-

strain curves. For details and backgrounds on the UDCAM(-S) model and the accumulation 

procedure, reference is made to Jostad & Andresen (2009), Jostad et al. (2014) and Andersen 

(2015). 

 

The existing PLAXIS-implementation of UDCAM-S (Plaxis, 2018) as well as the updated pro-

cedure (Del Brocco et al., 2026) use Particle Swarm Optimization (PSO) to optimize the NGI-

ADP model parameters. In this context, each ‘particle’ represents a set of model parameters. 

Starting from a certain number of particles (typically 25 – 100) a certain number of iterations 

(typically 25 – 100) are required to provide a converged solution. Each particle evaluation in 

each iteration requires three numerical lab test simulations. While in the existing procedure the 
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optimization is done only once as pre-processing, the updated procedure is performed for mul-

tiple soil layers in an iterative setting. This may eventually result in the order of 106 lab test 

simulations, all together. 

 

2.1 Surrogate model 

A surrogate model in the form of an artificial neural network with intermediate hidden layers 

(Multi-Layer Perceptron, MLP) was created to produce stress-strain curves for all three test 

types for a given set of model parameters. Input features of the MLP are the ten UDCAM-S 

model parameters, and output features are the corresponding (scaled) stress-strain curves rep-

resented by 3 x 101 value pairs (i.e. 101 curve points for each test with corresponding stress 

and strain value), giving 606 output features in total per parameter set. The data was conditioned 

by dividing stress values by the cyclic undrained shear strength in triaxial compression, C. The 

input and output data are further scaled using the StandardScaler function in Python. Between 

the 10 input features and the 606 output features, the MLP comprises three hidden layers of 64, 

256 and 512 neurons, respectively. The MLP model, used as  outputs = model(inputs) 

and the associated data structure are designed to deal with multiple samples (inputs, i.e. a 

series of 10-parameters sets) and corresponding results (outputs, i.e. a series of 606-values 

sets) at once. Moreover, the Python code in which the whole procedure is implemented is de-

signed to make use of the GPU (via the CUDA library) to gain optimum performance when 

used in the context of parameter selection and optimization. 

 

A dataset composed of 47500 10-parameters sets, and corresponding results obtained from nu-

merical single stress point lab test simulations (3x101 stress-strain pairs from TXC, TXE and 

DSS), was used to train the surrogate model. 80% of the data was used for training; 20% for 

testing. By using the surrogate on random samples from unseen parameter sets and comparing 

with numerical lab test simulations, it was verified that the surrogate curves almost perfectly 

match the curves obtained from the numerical simulations. This is essential to let the parameter 

optimization converge towards the right solution. Note that the surrogate verification only 

means that the surrogate is a good representation of the numerical lab test simulations with the 

selected constitutive model; it does not mean it is representative of real lab testing data. 

 

Besides sufficient representative training data, covering the full domain of potential parameter 

values (considering their realistic combinations and correlations; see next section), proper scal-

ing of input and output features is essential to create a high-quality surrogate that can be used 

in parameter optimization. This may also involve taking log-values instead of the actual param-

eter values when variations of more than one order of magnitude are encountered. 

 

2.2 Particle Swarm Optimization 

To generalize the parameter optimization process, the PSO algorithm is designed in terms of 

seven independent parameters {1, ..., 7} with values in the range [0, 1], instead of using the 

ten UDCAM-S model parameters directly. The independent parameters relate in the following 

way to the actual UDCAM-S model parameters, considering their search space in the parameter 

optimization process: 
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Table 1: Parameters in the UDCAM-S model and their respective ranges used in PSO 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

K0 is obtained from the target curves. The select function returns an interpolated value between 

the second (lower bound) and third (upper bound) value in the list, based on the independent 

parameter i. The expressions in the second column with upper and lower bound values are the 

result of a preliminary (internal) research with the purpose of arriving at complete parameter 

sets that are considered realistic for the type of soil in this application. 

 

The advantages of this approach are: 

1. The algorithm becomes model independent; it is easy to make the procedure suitable for 

other models with other parameters. 

2. Correlations between model parameters can be easily accounted for. 

 

It should be realized that advanced constitutive models, such as the NGI-ADP, UDCAM-S, or 

Hardening Soil model (Schanz et al., 1999), may incorporate some implicit limitations and de-

pendencies, which means that parameter values cannot be selected fully independent from each 

other. Examples are the failure strains (γf
C, γf

E, γf
DSS) in Table 1. These are selected (with some 

variation, as expressed by the ranges) from the abstract parameters i in relation to the shear 

modulus ratio (Gur / 
C) as well as the failure strain in TXC (γf

C). Using the model parameters 

directly as independent parameters in PSO could lead to invalid parameter combinations, which 

could break down the optimization procedure. 

 

The PSO algorithm is designed in such a way that all ‘particles’ (where each particle is a set of 

seven abstract parameters i relating to 10 model parameters) are calculated simultaneously. In 

this case, 50 particles are used, which means that inputs contains 50 parameter sets and 

outputs contains the 50 corresponding results (refer to Section 2.1 for a description of        

inputs and outputs). A total of 30 iterations is performed to find the optimum location of 

the particles within the search space. The particle giving the lowest ‘cost’ (i.e. smallest devia-

tion from the target curves) at some point during the iteration process is considered the optimum 

set of parameters. 

 

Since the initial stiffness (i.e. gradient in the stress-strain curve) is an important curve feature 

to match, the cost function is designed such that it not only considers the vertical distance be-

tween the target curve and the model result (as reflected by MAE, MSE or R2 error measures), 

but it also considers differences in (initial) gradients. 

Parameter Expression Unit Meaning 

OCR 1.0 - Over-consolidation ratio (fixed value) 

 0.495 - Undrained Poisson’s ratio (fixed value) 

C select (1, 5, 100) kPa Cyclic undrained shear strength in TXC 

Gur / C select (2, 50, 1000) - Unload/reload shear modulus ratio 

P / C select (3, 0.03, 2.3) - Undr. shear strength ratio in TXE/TXC 

DSS / C select (4, 0.3, 2.3) - Undr. shear strength ratio in DSS/TXC 

γf
C select (5, 400, 2000) / (Gur/C) % Equivalent failure shear strain in TXC 

γf
E select (6, 0.95, 5.0) ∙ γf

C % Equivalent failure shear strain in TXE 

γf
DSS select (7, 0.95, 5.0) ∙ γf

C % Equivalent failure shear strain in DSS 

0 / C 0.5 (1–K0) ’v / C - Initial strength mobilization ratio 
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Figure 1. Comparison of target curves for TXC, TXE and DSS with stress-strain curves ob-

tained from the surrogate model and numerical lab test simulations. 
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Figure 1 shows a comparison between a set of target curves for TXC, TXE and DSS, the results 

obtained from the surrogate model for the optimized parameter set, and the results obtained 

from numerical lab test simulations with the same parameter set.  

 

The plots show that: 

1. The results from the surrogate model match very well with those from the numerical lab 

test simulations 

2. The model results fit quite well to the target curves (with special attention to the initial 

stiffness) 

3 Probabilistic analysis of dike failure 

Recent design guidelines for river dikes in The Netherlands (POVM, 2020) describe the proce-

dure and requirements for the use of Finite Element calculations in the design process. Under 

new climatic conditions, many dikes need to be reinforced. At locations where space is limited 

and dikes cannot be increased in height in the conventional way with the required safety level, 

structures (e.g. piles, sheet piles, anchors) can be used as reinforcement elements to meet the 

safety requirements. Numerical analysis (e.g. finite element analysis) is the only way to take 

soil-structure interaction properly into account, which is essential in such cases. 

 

Besides the use of partial factors, imposed by the national annex of the Dutch version of Euro-

code 7, as used in standard design calculations, there is a tendency to move towards probabil-

istic analysis. The result of a probabilistic analysis is a probability of failure Pf (considering a 

certain failure mechanism or the overall probability of failure). However, probabilistic analysis, 

especially Monte-Carlo Simulation (MCS), may become extremely time-consuming if the re-

quired number of calculations are to be performed by finite element analysis. Surrogate mod-

elling can be used to make such calculations feasible. In this case, model characteristics (geom-

etry, soil parameters, load conditions, etc.) are parameterized as input features, and the surro-

gate is trained on certain results (output features) of a modest number of finite element calcu-

lations considering variations in (stochastic) input parameters. The trained surrogate model is 

then used to provide the large number of results that is required in the probabilistic analysis. 

 

3.1 Case study: Lekdike near Bergambacht 

In a research project at Delft University of Technology, a case study was elaborated with the 

purpose to implement a workflow and develop the necessary algorithms for finite element-

based probabilistic analysis of dike failure. In a case study, a dike section along the river Lek 

near Bergambacht is assumed to be reinforced by means of a sheet pile wall. The wall starts 

about halfway the inside embankment slope at +2.6 m down to -12 m (with respect to the Dutch 

Reference Level, NAP), into the Pleistocene sand layer. The sand layer is overlain by Holland 

Peat and clay-type soil, similar as the dike itself. In the 2D finite element model, the sheet pile 

wall is modelled by plate elements with interfaces at both sides. In the present study, the original 

site geometry and subsurface profile are slightly simplified to facilitate the probabilistic anal-

yses while retaining the key geotechnical features governing dike stability.  Figure 2 shows a 

schematization of the Bergambacht case study with the most relevant dimensions. 
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Figure 2. Schematization of the Bergambacht case study for probabilistic analysis 

 

The sand layer is modelled by the Hardening Soil (HS) model. The peat and clay layers are 

initially modelled by the Soft Soil Creep (SSC) model to set up the stress state, install the sheet 

pile wall, apply high-water conditions (PL2 in Figure 2) and apply a predefined surface load. 

At the point where design requirements are to be checked, a switch is made to the NGI-ADP 

SHANSEP model. Some of the model parameters are used as stochastic variables in the prob-

abilistic analysis, considering their mean values based on site investigation data and stochastic 

distributions (distribution functions, standard deviations) based on relevant literature.  

 

A complete finite element calculation involves a total of 8 calculation phases, following the 

POVM recommendations (POVM 2020): 

 

1. Initial stress generation using K0-procedure on the original dike geometry and initial 

water level (PL1) 

2. Stress redistribution, restoring equilibrium 

3. 10-years creep period (OCR will evolve) 

4. Dike reinforcement (heightening + sheet pile wall) 

5. 100-years creep period (effects on structural forces for expected lifespan) 

6. Increase to high-water level (PL2) 

7. Clay and peat layers: Switch to NGI-ADP SHANSEP model 

- Apply distributed load 

- Apply partial factors on model parameters: 

➢ check if soil failure does not occur 

➢ check for maximum displacement 

➢ check if structural forces are within structural design values 

8. Global safety factor (SF) analysis 

➢ check that SF is larger than required schematization factor 

 

For further details of the finite element model, reference is made to Ahmad et al. (2025). 

3.2 Stochastic parameters 

After an initial screening and sensitivity analysis of all parameters using the elementary effects 

method (Morris, 1991), a total of 16 parameters were found to be most relevant for the calcu-

lation results. These parameters were used in the probabilistic analysis. Their stochastic distri-

butions are listed in Table 2. 
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As mentioned in the first example, some model parameters are inter-dependent and cannot be 

selected arbitrarily. Therefore, the parameters of the Hardening Soil model (Pleistocene sand 

layer) were all selected using the correlations by Brinkgreve et al. (2010) based on Relative 

Density (RD) as a stochastic parameter.  

 

Table 2: Stochastic parameters used in probabilistic analysis, with their distributions 

 

For the Soft Soil Creep model (clay and peat layers), the parameters * and * were selected as: 

 

*  = select (1, 5, 10) ∙ *  Modified compression index   (1a) 

*  = select (2, 0.02, 0.08) ∙ * Modified creep index    (1b) 

 

where the parameters i are randomly selected from a uniform distribution in the range [0, 1]. 

This additional variability is meant to account for the epistemic uncertainty in empirical corre-

lations, while keeping the parameter sets in the surrogate model limited. 

 

In the NGI-ADP SHANSEP model, su
A is based on the SHANSEP expression: 

 

 su
A = ’v  OCRm    Undrained shear strength in active loading (2) 

 

in which ’v and OCR in each stress point are based on the finite element results of the calcu-

lation phase preceding the switch to the NGI-ADP SHANSEP model. The power m is set to 0.8 

and the passive strength ratio is set to su
P/su

A = (su
DSS/su

A)2. The failure shear strains are selected 

as: 

γf
C    = 8 (clay) or 10 (peat)  Failure strain in TXC    (3a) 

γf
DSS = select (3, 1.5, 2.0) ∙ γf

C Failure strain in DSS    (3b) 

γf
E    = γf

C + 2 (γf
DSS – γf

C)  Failure strain in TXE    (3c) 

Parameter Model Soil Distribution Mean COV 

γsat HS Sand Normal 20 0.04 

φ‘ HS Sand Truncated normal 32.5 0.1 

Rinter HS Sand Truncated normal 0.67 0.065 

RD HS Sand Truncated normal 0.6 0.3 

γsat SSC Clay Normal 18.45 0.04 

* SSC Clay Lognormal 0.005 0.3 

φ‘ SSC Clay Truncated normal 35 0.1 

POP SSC Clay Lognormal 30 0.2 

* SSC Peat Lognormal 0.025 0.3 

su
DSS / su

A NGI-ADP SHANSEP Clay Truncated normal 0.66 0.1 

 NGI-ADP SHANSEP Clay Normal 0.32 0.2 

Power (m) NGI-ADP SHANSEP Clay Normal 0.8 0.06 

G / su
A NGI-ADP SHANSEP Peat Lognormal 40.9 0.15 

su
DSS / su

A NGI-ADP SHANSEP Peat Truncated normal 0.89 0.1 

 NGI-ADP SHANSEP Peat Normal 0.36 0.2 

Stiff.red.fac-

tor 
Elastic Sheet pile Uniform 0.9 - 
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Geometric uncertainties in terms of variations in soil layer levels, water levels, etc., have not 

been considered as stochastic parameters in the probabilistic analysis. 

 

A total of 25000 sets (i.e. 25000 ‘samples’), each containing the 16 parameters in Table 2, were 

generated using Sobol quasi-random sampling. With these parameter sets, complete finite ele-

ment calculations were performed. The results (based on evaluations from calculation phase 7) 

comprising information about soil collapse, maximum displacement and maximum pile force, 

were stored for each parameter set. 21405 runs completed successfully without soil collapse or 

numerical failure, while soil collapse (macro instability) occurred in 3549 runs and numerical 

failure occurred in 46 runs. The latter (46) were excluded from the dataset, since these failures 

are purely numerical (non-physical). 

 

Considering these results, there can be different definitions of ‘failure’ and ‘non-failure’. 

Clearly, the 3549 runs in which soil collapse occurred in phase 7, can be classified as ‘failure’. 

Moreover, runs without soil collapse in phase 7, but resulting in displacements larger than a 

given threshold value, can also be classified as ‘failure’. Finally, runs giving a SF in phase 8 

less than the required schematization factor of 1.1, can also be classified as ‘failure’. Different 

definitions of failure were considered separately and subsequently processed into binary classes 

(‘non-failure’ / ‘failure’) for the training of surrogate models. 

 

3.3 Surrogate model 

Surrogate models were created based on a dataset composed of the 24954 usable results of the 

finite element calculations and their corresponding input parameter sets. The surrogate model 

is a neural network-based classification model with 16 input features and 2 output classes (‘non-

failure’ (0) and ‘failure’ (1)). Input parameters were normalized to zero mean and unit covari-

ance before training. The architecture and training settings of the neural network were deter-

mined through a hyperparameter tuning procedure. Different numbers of hidden layers and neu-

rons per layer were tested, and the architecture yielding the lowest loss was selected. In addition 

to the network architecture, the training procedure included several measures to improve gen-

eralization and prevent overfitting. A dropout rate of 20% was applied during training, and a 

dynamic learning rate was used to adapt the learning rate during optimization. The number of 

training epochs was not fixed; instead, early stopping was applied based on the loss function 

evaluated on the validation/testing data, and training was terminated when further training no 

longer improved the loss. The final architecture consisted of two hidden layers with 64 and 32 

neurons, respectively. 

 

To enhance the training and predictive quality of the surrogate model in the probabilistic anal-

ysis, logistic regression is introduced. For this, a scalar value z (called ‘logit’) is defined as 

outcome for a given parameter set: 

𝑧 = log (
𝑝

1 − 𝑝
) (4) 

 

where p is the probability that failure occurs for the given parameter set. With this definition: 

 

z < 0 means: ‘non-failure’ is more likely than ‘failure’ for this parameter set 

z > 0 means: ‘failure’ is more likely than ‘non-failure’ for this parameter set  

z = 0 means: ‘non-failure’ and ‘failure’ have equal probabilities for this parameter set 
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The sigmoid function can be applied to convert logits into failure probabilities p: 

 

𝜎(𝑧) = (
1

1 + 𝑒−𝑧
) (5) 

 

With logit z in the range -∞, ∞ the sigmoid function σ(z) will give a result in the range 0, 1. 

A sigmoid close to 1.0 means a high probability of failure for the given parameter set, while a 

sigmoid close to 0.0 means a low probability of failure for that set. Based on a model threshold 

of 0.5, the output is classified into ‘non-failure’ (σ(z) ≤ 0.5) or ‘failure’ (σ(z) > 0.5). 

 

3.4 Probabilistic analysis 

In probabilistic analysis, the probability of failure Pf for a given failure criterion can be esti-

mated by means of crude Monte Carlo Simulations (MCS). Considering the use of surrogate 

modelling within MCS, each parameter set (‘sample’) gives a logit, which is turned into a sig-

moid in the range 0, 1 and subsequently into the classification ‘non-failure’ or ‘failure’. If n 

samples are evaluated resulting in m failures (and n–m non-failures), the probability of failure 

for the given failure criterion is estimated as Pf = m / n. 

 

To obtain good accuracy in MCS for low Pf-values, a (very) large number of samples need to 

be evaluated. For example, to be able to predict a Pf in the order of 10-4, given a coefficient of 

variation (COV) of 5%, order 107 sample evaluations are needed. This makes MCS rather in-

efficient for low failure probabilities, albeit quite robust. 

 

First Order Reliability Method (FORM) and Importance Sampling (IS) are two alternative tech-

niques to estimate the probability of failure, giving similar accuracy with a lesser number of 

sample evaluations, especially for low Pf-values. In FORM, the limit state function (defining 

the boundary between ‘failure’ and ‘non-failure’) is linearized and the probability of failure is 

approximated in what is called the ‘design point’. It is an optimization process that uses gradi-

ents to arrive at the design point. Importance Sampling is an improvement of MCS to reduce 

the variance and hence improve the accuracy around the limit state. After an initial estimate of 

the limit state with a modest number of samples, IS continues by sampling around the estimated 

limit state, using the ‘likelihood ratio’ of the reduced search space within the original distribu-

tion as weighting factor to evaluate the failure probability. 

 

Both MCS and Importance Sampling with predictions from a trained surrogate model were 

utilized to calculate the probability of failure for the Bergambacht case. Separate surrogate 

models were trained for two failure criteria as obtained from the results of phase 7 of the finite 

element calculations, namely: 

 

 

1. Soil collapse occurring 

2. Maximum displacement exceeding 0.20 m 

 

The accuracy and convergence of the surrogate modelling was checked by varying the number 

of data points taken from the entire dataset to train a surrogate model, and by subsequently 

calculating the failure probability using MCS and IS with the respective surrogate. This was 

done for both failure criteria by evaluating and plotting Recall and Precision as classification 
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metrics (Figure 3a), as well as the failure probability Pf (Figure 3b); both as a function of the 

number of data points used for training, where: 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
                                𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (6a,b) 

and: 

TP (True Positive) meaning: ‘failure’ correctly predicted 

FP (False Positive) meaning: ‘non-failure’ predicted as ‘failure’ 

FN (False Negative) meaning: ‘failure’ predicted as ‘non-failure’ 

 

 
 

Figure 3. Accuracy and convergence of the solution 

      a) Classification metrics      b) Probability of failure (log scale) 

 

Figure 3 shows that a reasonable accuracy and convergence is obtained when using the entire 

dataset in the training process (24954 usable data points), although there is room for further 

improvement. Starting from an over-estimated Pf for a low number of training data points, the 

reduction of Pf seems to stabilize beyond 12.500 data points used for training. 

 

A further comparison is made between the results from Importance Sampling considering 5∙105 

samples, and those from MCS considering 1∙107 samples, when the surrogate is trained with a 

varying number of data points (Figure 4). Figure 4 shows that IS can obtain similar results as 

MCS with a significantly reduced number of samples (factor 20 less) used in the probabilistic 

analysis, and hence a significantly reduced calculation time. 
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Figure 4. Comparison of Pf (soil collapse) from MCS (107 samples) and IS (5∙105 samples) 

using surrogates trained by a varying number of data points 

4 Conclusions and recommendations 

Surrogate modelling can be an efficient alternative for calculation processes involving large 

numbers of complex calculations. This article demonstrates the use of surrogate modelling in 

parameter selection for model fitting and probabilistic analysis. Based on the findings acquired 

in the research related to these topics, the following conclusions and recommendations are for-

mulated: 

 

• Rather than using actual (constitutive) model parameters, it is useful to define abstract pa-

rameters relating to the actual model parameters, to facilitate the selection of consistent 

parameter sets. 

• Using sufficient data points and proper scaling of input and output features are essential in 

obtaining accurate surrogate results. 

• Depending on the application, it is efficient to integrate the surrogate in other calculation 

processes in such a way that it can handle multiple parameter sets (‘particles’, ‘samples’, 

‘data points’) at the same time. 

• Gradient-based error measures in addition to MAE, MSE and R2 can be helpful in model 

fitting-based parameter optimization. 

• When using binary classification surrogates (involving output classes such as ‘non-failure’/ 

‘failure’), it is useful to introduce logistic regression (using logit and sigmoid function) to 

improve the performance and predictive quality of the surrogate. 

• Importance Sampling combined with surrogate modelling makes it feasible to perform fi-

nite element-based probabilistic analysis for geotechnical applications. 

 

Further improvement on the use of surrogate models in processes involving parameter selection 

is subject of continuing research. 
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