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In offshore geotechnics, empirical correlations from the literature are often used to interpret CPT data supplementing 
measurements on shear parameters. However, it has been demonstrated that site-specific correlations should be employed 
whenever possible, as they better account for the unique soil behavior at a given project site. For sandy soils, the friction
angle is a parameter with a significant impact on a design and is typically derived from triaxial tests conducted on at least 
three samples per soil type, followed by linear regression analysis. These friction angles are then used to establish site-
specific correlations with CPT parameters. This process inherently introduces uncertainty into the used friction angles. In 
this study, a new model is proposed that integrates the linear regression of sample data with a regression linking the CPT 
parameter and the friction angle, utilizing various Bayesian modeling approaches. The findings indicate that the hierarchical 
Bayesian model applied to the triaxial test samples provides the highest predictive accuracy. However, site-specific 
correlations derived from this method can still be readily adopted by practitioners, enhancing the reliability of project-
specific soil behavior predictions.

Keywords: Hierarchical Bayesian model (HBM), site-specific correlation, transformation model, triaxial test,
friction angle prediction, offshore data, transformation model.

1 Introduction

The characterization of soil strength is crucial for safe and reliable designs. This is often achieved by statistical 
interpretation of Site Investigation (SI) data collected from the project site. In most cases, SI includes 
performing both in-situ and laboratory testing. While the latter provides a more accurate description of soil 
strength, the former is performed faster and has lower cost. Thus, the characterization of soil strength can 
benefit from the use of transformation models, that connect measurements of in-situ test data to soil strength. 

This study focuses on establishing a transformation model between the tip resistance , a measurement of Cone 
Penetration Testing (CPT), and the effective friction angle as peakfriction angle for sandy soils, which 
determines the drained shear strength for an offshore wind project in the North Sea. The derivation of itself 
already depends on the statistical analysis of measurements between the mean effective stresses ,

collected from triaxial testing(linear regression of minimal three tests). In this study, a new approach is 
presented, in which the original data from the triaxial tests , is used, whilealso a transformation model for 
the engineer between and is derived.The different modelling approaches regarding the grouping of 
observations, pooled, unpooled and partially-pooled / hierarchicalmodelling,are taken into consideration.
Particularly the latter has gained more attention in geotechnical engineering in recent years due to its capacity to 
address differences between groups (sites, units, etc.) while accounting for the problem of limited 
observations(Bozorgzadeh et al. 2019).

2 Evaluation of triaxial test data and correlations to CPT-data

2.1 Established correlations
Several correlations have been established between CPT measurement data and the friction angle(e.g. Ching et 
al., 2017). To determine these correlations, data pairs of ( 1, ) were used, where 1 = ( / )/( 0/ )0.5is 

standardised by vertical stress 0at the measurement depth and the atmospheric pressure .One of the most 
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commonly used correlations (Eq. (1)) was derived by Kulhawy and Mayne (1990), which is used as comparison 
in this paper:

= 17.6 + 11 10( 1) (1)
2.2 Data description
The analysed data was published by the German Federal Maritime and Hydrographic Agency (BSH) as public 
institution for maritime tasks containing preliminary investigation data for various wind farms in the German 
North Sea (BSH 2024). A subset was used for this study consisting of three areas (sites), named sites N-6, N-7
and N-9. To compile the data, all field and laboratory test results, the geological and geotechnical investigation 
reports and a classification of the soil layers based on geophysical measurements were included.

The data structure is displayed in Fig. 1. The site data is divided into five soil units, whereby in the following 
analysis, for illustration purpose, only the second unit is considered. For this soil unit,78 samples of sandy soil 
were taken and on each of them three triaxial tests were conducted.

Fig. 1. Data structure

2.3 Proposed model with changed input variables
Since the derivation of the friction angle for every set of triaxial tests is based on the Mohr-Coulomb (MC) 
model its computation is already a linear regression by itself. Hence, a two-stage model is proposed (Fig. 2),
wheretwo model parts are combined: the 1 - relationship and the MC-model for the analysis of the triaxial 
test results.

For the CPT data the variable 1 is taken as input value following Eq. (1). For simplicity a linear relationship as 
input for 1 was chosen, whereas the original Kulhawy and Mayne correlation uses a log-scaled 1-value. 
For derivation of the effective shear parameters the maximum shear stress at failurewas calculated using ISO 
17892-9(2018), Annex B. As only sandy soils are considered,which are assumed to have no effective cohesion,
the cohesion was set to zero in the Mohr-Coulomb model, a modelling choice which is widely accepted in 
practice. The input variables for the statistical model are , and 1.In the model, the latent variables are the 
regression parameters 0and 1for the 1 -model as well as the variable .

Fig. 2. Proposed model for prediction of 

3 Bayesian Data Analysis

3.1 Examined models
The different possibilities for building the model – pooled (P), unpooled (U), hierarchical (H) – were combined
(see Table 1). For explanations of the statistical approaches see Feng et al. (2021) or Gelman et al. (2014). 
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Table 1. Overview of compared models

model name 1 MC-model
PP pooled pooled
UP unpooled pooled
PH pooled hierarchical (regarding tests)
UH unpooled hierarchical (regarding tests)

3.2 Mathematical form of model UH
Since model UH is the most complex model and the models are comparable in their structure, the mathematical
formulationof the model UH is shown in Eq. (2)-(7).The logit transformation constrains the variable to the range 
[0°, 90°]. For 1 = 0the prior of 0results ina mean of 34° and standard deviation of around 20°. The prior of 1

is weakly informative since 1 takes very small values due to the logit transformation and values of 1.

Priors for 1 -model: 0 ( 0.5, 1), 1 (0, 0.05), +(5) (2)

Functional form 1 -model: , = 0 + 1 1
,  (3)

(Hyper-)prior for MC-model: , 1(
,

, ) /2 (4)

Prior for MC-model: +(100) (5)

Functional form MC model: i,j,k=sin Æj,k Ãm
i,j,k (6)

Likelihood: , , , ,
,  (7)

3.3 Results and model comparison
Selection of the fittest model is based on the expected log predictive density(ELPD) metric (Gelman, et al. 
2014).The study determines the model fitness using theLeave-One-Out Cross Validation (LOO-CV)criterionand
the Leave-One-Group-Out Cross Validation(LOGO-CV) criterion, which offer different assessments of the 

 metric, and provide insights regarding model fitness depending on the model’s expected use. Specifically, 
the former indicates the fittest model in case predictions need to be performed for one of the groups existing in 
the dataset. On the other hand, the latter suggests the fittest model when prediction for a new group is relevant.
Fig. 3summarizes the LOO-CV on the left and LOGO-CV on the right of the examined models. The models 
which use the hierarchical set up for the MC-model have higher ELPD values for both metrics and indicate 
better performance in prediction. Nonetheless, the ELPDdifference indicates that model PH and UH are quite 
similar.It is assumed that the hierarchical approach on the MC model overpowers the influence of the 
transformation model and therefore the predictive accuracyis nearly the same.

Since the shear stress and not the friction angle is modelled,the comparison with measured values can only 
be done for the shear stress.For the winning model, PH, the predictions (black circles) are compared to the 
measurement values (gray crosses) in Fig. 4, includingthe credible interval(CI) of the posterior and the 
prediction interval (PI) as gray lines.For thesmall normal stresses shown, the measured values liein the range of 
the credible intervals, which underline the predictive accuracy of the model.But aiming also for a transformation 
model for practitioners, the indirectly derived transformation models for 1 are important. Based on the 
used data, site-specific / region-specific correlations are derived. Fig. 5 displays model PH on the left side and
on the right side additionally model UH, which contains a transformation model for every considered site. The 
derived models are in grey, whereas the literature model of Kulhawy and Mayne (1990) isshown in black. Due 
to the modelling approach and the data the functional form differs to the literature one. This form has the 
consequence that the model is only applicable for qt1 > 0.The Kulhawy-Mayne correlation would overestimate 

in comparison to the site-specific modelsfor this data. The derived transformations could be used for 
calculating the mean of . Although the transformation models of UH differ significantly, this does not 
influence the predictive accuracy compared to model PH. Further investigation has to be done to evaluate this 
influence directly.
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Fig. 3. ELPD metric for model comparison, left: Leave-one-sample-out (LOO-CV), right: Leave-one-group-out (LOGO-CV)

Fig. 4. Posterior means and 95 % credible and prediction intervals (CI and PI) for the model PH for the first 20 values of the 
first site

Fig. 5. Comparison of the results for the mean of the qt1-Æ• transformation models

4 Conclusions

Instead of limiting ourselves to the known regression procedures for deriving transformation models, this study 
has shown a new modelling approach for deriving transformation models between the standardised value 1 of 
the CPT tip resistance and the friction angle . Datasets of 1, and were used as input values to different 
Bayesian models. By comparing different combinations of pooled, unpooled and hierarchical models, it could be 
shown that the hierarchical modelling of the triaxial tests increases the predictive accuracy of the derived site-
specific correlation models. The model PH (pooled on 1 , hierarchical on the MC model) shows the best 
performance based on ELPD assessment and shows that for this case,the establishedKulhawy-Mayne correlation
would overestimate the friction angle. The model, which is unpooled on the sitesshows quite similarresults for 
the prediction although different transformation models are derived. This indicates that the transformation 
models havemuch less influence in this model than the hierarchical approach on the samples. Further 
investigation has to be conducted on this topic, as well asusing different functional forms or a different 
clustering approach.

Acknowledgement
This work was supported by the Federal Ministry of Economic Affairs and Climate Action, Grant 03EE2050A -
ProbPerModel.



843Proc. of the 9th International Symposium on Geotechnical Safety and Risk (ISGSR)

References
Bozorgzadeh, N., J. P. Harrison, and M. D. Escobar (2019). Hierarchical Bayesian modelling of geotechnical data: 

application to rock strength. Géotechnique, 69(12), 1056–1070. 
BSH (2024). https://pinta.bsh.de/ausschreibungen, visited on: 05/10/2024
Ching, J., G.-H. Lin, J.-R. Chen, and K.-K. Phoon (2017).Transformation models for effective friction angle and relative

density calibrated based on generic database of coarse-grained soils. Canadian geotechnical journal 54(4): 481–501.
Feng, Y., K. Gao, A. Mignan, and J. Li (2021) Improving local mean stress estimation using Bayesian hierarchical 

modelling. International Journal of Rock Mechanics and Mining Sciences 148: 104924.
Gelman, A., J.B. Carlin, H.S. Stern, D.B. Dunson, A. Vehtari, and D.B. Rubin (2014) Bayesian data analysis. (Third 

edition.), CRC Press, Taylor and Francis Group, Boca Raton.
ISO 17892-9: 2018 Geotechnical investigation and testing — Laboratory testing of soil —Part 9: Consolidated triaxial 

compression tests on water saturated soils. International Organization for Standardization
Kulhawy, F. H. and P. W. Mayne (1990). Manual on estimating soil properties for foundation design. Electric Power 

Research Institute, Inc.


