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ABSTRACT 

Assuring the safe installation of the self-elevating mobile jack-up units deployed to drill and maintain 

oil and gas platforms and to install renewable energy turbines is of significance to the offshore industry. 

One of the major geohazards is the potential for unexpected punch-through failure during installation 

in seabeds of sand overlying clay. With a reduction of the bearing capacity, the jack-up’s “spudcan” 

footing, can push a frustrum of sand into the lower layer of softer clay. If uncontrolled this can lead to 

rig damage and major safety and financial implications. To reduce the occurrence of failure incidents, 

an accurate prediction of the potential spudcan penetration behaviour is critical before any jack-up 

installation. 

The prediction of spudcan penetration, as detailed in industry guidelines such as the International 

Standard Organisation 19905-1 document, relies on soil parameters obtained from site-specific 

assessment and deterministic formulae to calculate the spudcan’s bearing capacity at each installation 

depth. However, site-specific soil data is limited in both quantity and quality due to the expense and 

practical difficulties of operating in harsh offshore conditions. Uncertainties due to, amongst others, 

sample disturbance during sample retrieval, handling and transportation, subjective interpretation 

methods, imperfect deterministic formulae, and even changing locations between site investigation and 

spudcan operation, are not accounted for in the conventional design approach. Therefore, prediction of 

the spudcan penetration response often deviates from the actual load-penetration observed. 

The aim of this thesis is to develop an novel probabilistic framework for incorporating jack-up 

monitored data to interpret seabed conditions that would then be used in future spudcan penetration 

prediction. To achieve this aim, three advanced probabilistic models are established to: 

1. determine the severity of any potential punch-through failure by providing the statistical 

distribution of vertical penetration during a spudcan punch-through; 

2. probabilistically characterise the seabed by utilising monitored spudcan installation data within a 

Bayesian framework coupled with Metropolis algorithm-based Markov chain Monte Carlo (MCMC) 

simulation; and 

3. predict future spudcan penetrations at unsampled locations by using historical spudcan installation 

observations. 

The proposed probabilistic methods are calibrated and verified against existing centrifuge and offshore 

data, as well as fourteen spudcan foundation tests conducted in the 10 m diameter C72 beam centrifuge 

at the University of Western Australia (UWA). Considering that the existing centrifuge tests are mainly 

performed in homogeneous and well characterized soil conditions, a novel technique was proposed to 

prepare a three-dimensional sand-over-clay model with controlled variability. The performance and 

robustness of the proposed methods in this thesis are demonstrated through retrospective calibrations 

and parametric studies against the updated 85 centrifuge test database as well as one jack-up installation 
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in the Gulf of Mexico. This showed that the assessment of ground conditions and prediction of spudcan 

penetration response can be improved by introducing the spudcan installation measurements. 

Furthermore, soil parameters and future spudcan penetration behaviour at unsampled location can be 

well estimated using the measured data from existing spudcan penetrations at surrounding locations. 

The novel probabilistic framework proposed in this thesis offers more reliable predictive capabilities 

for use in the offshore industry by applying the monitored data. Instead of providing a single-value 

prediction, the possible range of both the spudcan penetration profile and the severity of the punch-

through failure are obtained, which provides engineers with informative guidance about what actions 

should be taken before any jack-up installation. 
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 INTRODUCTION 

1.1 Mobile Jack-Up Units 

Mobile jack-up units (jack-ups) remain a key contributor to the offshore oil and gas industry in shallow 

to moderate water depths (to approximately 150 m) due to their proven flexibility, mobility and cost-

effectiveness (Dean, 2010; Randolph and Gourvenec, 2011). The global demand on offshore jack-ups 

was 345 units on average in 2019 and expected to be increased by 12.5% to 388 units in 2021 

(IHSMarkit, 2019). Unlike a fixed platform or gravity structure, a jack-up unit, as presented in Figure 

1.1, is designed to be mobile. After completion of operations in one place (usually short term), the jack-

up is mobilised at another site. Therefore, a single unit may visit numerous locations worldwide within 

its operating life. Due to their mobility, the jack-up units have been recently applied in the renewable 

energy sector as installation vessels for offshore wind turbines (OWTs). The offshore wind turbine 

(OWT) installation vessels, and associated support vessels, are generally self-propelled 4-legged jack-

up units with quite flat rectangular spudcans. These units proof load the foundation by pre-driving 

diagonally opposite legs, rather than preloading by taking on ballast water, as is done with conventional 

offshore oil and gas (O&G) jack-up units. 

A schematic of a typical jack-up unit for offshore O&G is presented in Figure 1.2. The modern jack-

ups feature a buoyant triangular platform that rests on three independent truss-work legs. Each leg is 

fitted with a rack and pinion system that is used to jack the legs up and down through the deck during 

installation and to lift the jack-up platform above water during operation. The bottom end of each 

independent leg is supported by a large inverted conical foundation that is commonly known as a 

‘spudcan’. Several geometries of spudcans that have been extensively applied in industry are presented 

in Figure 1.3. A shallow conical underside with a sharp protruding spigot is typically featured to 

facilitate initial positioning and improve the stability against sliding. The diameter of a modern spudcan 

varies from approximately 6 m in offshore wind farm installation vessels to 10 – 20 m in oil and gas 

drilling activities. 

Prior to their operation, jack-ups are towed to a site with their hulls floating and legs elevated above 

water (refer to Figure 1.4 (a)). Upon arrival at the designated installation location the legs are jacked 

down until contact is made with the seabed, as presented in Figure 1.4 (b). The floating hull is then 

lifted above water, and the spudcans penetrates the seabed accordingly under the imposed self-weight, 

as shown in Figure 1.4 (c). Once the jack-ups are well supported by the soil, a preloading process is 

conducted by pumping sea water into the ballast tanks within the hull. As depicted in Figure 1.4 (d) this 

further penetrates the spudcans into the soil. Preloading on the foundation is predominately vertical 

because installation can only be conducted in calm weather. This proof tests the foundations by 

exposing them to a higher vertical load than the expected operational load and ensures enough 

foundation penetration and stability to withstand extreme storm events. After the preload is maintained 
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for several hours, the ballast tanks are emptied, and the platform is elevated until sufficient clearance is 

achieved for drilling operations (Figure 1.4 (e) and (f)). 

 

1.2 Potential Punch-Through Failure 

The installation and preloading process for jack-ups is complex and challenging, particularly in layered 

seabeds, where a strong layer overlies a weaker layer. A large uncontrolled penetration of the legs of a 

jack-up may occur due to a sudden reduction in penetration resistance when the spudcan pushes a locally 

strong zone of soil into the underlying softer material. This reduction can cause buckling of the jack-up 

legs, which effectively decommissions the platform and may even overturn the unit. This serious 

foundation failure is known as a ‘punch-through’ (Osborne and Paisley, 2002; Randolph and Gourvenec, 

2011). Soil conditions of sand overlying clay are particularly hazardous and form the basis of this 

research. 

A punch-through event during preloading for a spudcan foundation on sand overlying clay is illustrated 

in Figure 1.5. The jack-up foundation load is initially supported by the sand until an abrupt reduced 

bearing capacity of the underlying layer is experienced. The leg then penetrates into the underlying clay 

with no control for several metres in a few seconds (Baglioni et al., 1982). This process has been 

recognized as one of the major geotechnical related failures in the jack-up industry (Jack et al., 2013). 

Punch-through accidents have severe consequences from structural damage to the collapse of the whole 

structure, with risks for personnel and the environment and a loss of drilling time and economic 

investments. It has been reported that spudcan punch-through failures can potentially cost US $10 

million for a single leg and up to US $200 million for a platform collapse (Bienen and Cassidy, 2013). 

 

1.3 Conventional Assessment Approach 

To reduce the occurrence of failure incidents, it is ideal to ensure that the applied preload does not 

exceed the load required for the spudcan to punch through. Before a jack-up can operate at a given 

location, a site-specific assessment, including in situ investigations (penetrometer and borehole 

sampling) and laboratory tests, must be completed. General principles and basic requirements for the 

site-specific assessment of mobile jack-ups are stated in the International Standards Organisation 

document ISO 19905-1 (ISO, 2016), which was partially developed from the document SNAME TR5-

5A Revision 2 (SNAME, 2008). Geotechnical design parameters of the soil are interpreted and applied 

to estimate the expected spudcan penetration behaviour, as presented in Figure 1.6. 

Although the conventional design guideline has been extensively applied within industry, jack-ups are 

still perceived to have lower reliability than fixed offshore platforms, with many accidents attributed to 
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geotechnical 'failures'. As any model is only an abstraction of the real world, model uncertainty always 

exists in the site-specific assessment, parameter selection, sophistication of design method and 

engineering judgement. Without considering the model uncertainty, the geotechnical predictions, and 

hence, the decisions based on the geotechnical predictions might be biased (Zhang et al., 2009). This 

bias has been demonstrated via an international jack-up leg penetration prediction event that was 

organised by the International Society for Soil Mechanics and Geotechnical Engineering (ISSMGE) 

Technical Committee for Offshore Geotechnics (TC 209). More than 30 predictions for the expected 

spudcan penetration behaviour in the Gulf of Mexico were given from 25 predictors based on the same 

soil data and jack-up details. High scattered prediction was observed from all the predictors, which 

mostly deviated from the actual load-penetration response due to the variation in data interpretation, 

selection of parameters and applied prediction models (Van Dijk and Yetginer, 2015). The major 

drawbacks in the conventional approach are detailed in the following sections. 

 

1.3.1 Uncertainty in the derivation of engineering design parameters 

Derivation of soil parameters from geotechnical site investigations and laboratory tests is highly 

subjective and relies heavily on experience due to the uncertainties in the collection of samples, 

measurement, and interpretation of design parameters (Houlsby, 2016; Lacasse, 2016; Yi et al., 2020). 

First, the jack-up site investigation requires a weather window and approved standby location (Osborne 

et al., 2011), which may not be able to present the true ground condition where the spudcan unit is to 

be installed due to the inherent soil variability. In addition, any sample disturbance due to the drilling 

process, sampling, transportation, and testing may influence the quality of the derived soil properties, 

which need to be appropriate for the analysis procedures being considered (Lacasse et al., 2007). 

Furthermore, the selection of soil parameters for geotechnical assessment is often based on the empirical 

interpretation method and heavily depends on subjective judgement and accumulated experience 

(Bienen et al., 2010). 

 

1.3.2 Uncertainty in the deterministic design methods 

With the soil design parameters obtained, the peak penetration resistance for a spudcan on sand 

overlying clay can be calculated using either the load spread approach or the punching shear mechanism, 

which remain the key recommendations in SNAME (2008) and ISO (2016). However, both the ISO 

methods have been suggested to underpredict the peak capacity, and therefore, provide an unreliable 

assessment of potential punch-through (Lee, 2009; Osborne et al., 2009; Hu et al., 2015a). Taking into 

account the stress level and dilatant response of the upper sand in the spudcan failure mechanism, 

advanced prediction models were developed by Lee et al. (2013b) and Hu et al. (2014b) to assess the 
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full penetration-resistance profile of a spudcan penetrating sand-over-clay. Although the analytical 

methods can retrospectively simulate an experimental database more accurately than the current ISO 

guidelines, without considering the uncertainty, these deterministic methods can only yield the single-

value prediction that often deviate from the true observations. 

 

1.4 Motivation and Objectives of This Research 

Despite awareness of the many uncertainties, conventionally the prediction of spudcan installation into 

sand overlying clay remains determenistic. It relies on a best estimate of soil characterisations from the 

site-specific assessment, even when the geotechnical characterisation of soil parameters is often limited 

in quality, due to the operational conditions, and in quantity, due to the relatively high expense in 

operating offshore. 

In engineering practice, the actual load-penetration response of the jack-up onsite is monitored but 

rarely (if ever) are these data used as a site investigation tool. A rational method for improving the 

understanding of the ground conditions using field observations was first proposed by Peck (1969) for 

the application of soil mechanics and recently introduced as a possibility for jack-ups by the InSafe 

Joint Industry Project (JIP) (Osborne et al., 2011) and Houlsby (2016). Therefore, this research is 

undertaken with the motivation of providing the offshore industry an advanced approach for 

incorporating jack-up monitored data to interpret seabed conditions and then to use in future spudcan 

penetration prediction.  

A novel framework is proposed, as presented in Figure 1.7, for the reliable and cost-efficient jack-up 

installation using historical spudcan penetration measurements. By accounting for the historical 

spudcan load-penetration measurements, a judgement can be made by experienced engineers during a 

desk study to achieve a better understanding of the overall ground conditions by comparing the 

installation behaviour with the site investigation data. In addition, during the project design phase, by 

introducing the measured data of historical spudcan installation, design soil parameters obtained from 

the site investigations can be further updated with reduced uncertainty, which can provide a more 

accurate prediction for future spudcan installation. Furthermore, this design approach enables the 

estimation of spudcan behaviour at an unsampled location, which can effectively reduce both the time 

and the budget cost for site investigations compared to the conventional design approach. By accounting 

for the uncertainties in the soil-spudcan system, the spudcan load-penetration response is predicted in 

both a deterministic and a probabilistic manner, which can potentially provide offshore engineers with 

a comprehensive basis for assessing the reliability of a prediction and making decisions about what 

action should be taken. 
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To achieve the advanced design approach for jack-ups, the objectives of the research covered in this 

thesis are listed as follows: 

1. To develop a probabilistic model for determining the severity of punch-through failure by 

taking into account of the uncertainties in the soil-spudcan system, which cannot be modelled 

and processed explicitly in the deterministic models. 

2. To develop a Bayesian back-analysis model to statistically update the soil characterisation using 

the monitored spudcan load-penetration response. The Bayesian technique is the essential 

means of updating one’s prior judgement in the light of new evidence. 

3. To provide the offshore industry with a novel approach for predicting the spudcan penetration 

behaviour at an unsampled location using the measurements of historical spudcan installations 

at surrounding locations. 

 

1.5 Potential Application in Renewable Energy 

These thesis objectives could see particular application in the offshore renewable energy industry. The 

global offshore wind industry is fast developing due to the world’s desire for de-carbonisation and a 

reduction in fossil fuel use and greenhouse gas emissions (Ortega-Izquierdo and del Río, 2016). Due to 

the ability of self-installation, the mobile jack-up unit has been extensively applied as the installation 

vessel for OWTs, as presented in Figure 1.8. Via the evolution of offshore wind turbines in the past 

decade, current wind turbines are large-sized with higher capacity per unit, and therefore, reduced 

installation time and cost (Lacal-Arántegui et al., 2018). To address the ever-increasing foundation 

dimensions, offshore jack-up installation vessel, named “Voltaire”, has extremely evolved from the first 

generation in 2005 to the current fourth generation in 2023 and 2024. The installation of a total of 2,400 

MW of the 12-MW Haliade-X wind turbines on the Dogger Bank wind farm in the UK is scheduled. 

(Offshore, 2019; Snyder, 2020). Generations of wind turbine installation vessels are described in Table 

1.1.  

Due to the complexity of the technology, harsh marine environment, and current trend of deeper waters, 

the installation of wind turbines and foundations can be expensive—approximately 16% of the capital 

expenditure (CapEx) of an offshore wind farm (Board, 2010). In addition, the punch-through failure of 

visiting vessels on assignment with OWTs installations may pose a risk to personnel onboard and 

financial loss due to production outages and further maintenance (Dai et al., 2013). For example, in 

June 2020, the collision of an installation vessel occurred at the 109MW Changhua phase 1 offshore 

wind project that was located approximately 8 km off the coast of Taiwan. Due to the damaged piling 

frame and pin pile, the foundation installation was temperately suspended with a potential loss in both 

time and cost of the project. To reduce the risk of collision between service vessels and the OWTs, a 

reliable and cost-efficient design approach is essential for the offshore wind farm. 
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During the engineering design phase, standard site investigation requires a detailed geophysical survey 

for the sub-bottom profile, followed by at least one intrusive geotechnical investigation (e.g. borehole 

and CPT) at each turbine location that extends to a depth of interest larger than the highest base 

dimension of the structure (DNV, 2002; Woebbeking and Argyriadis, 2013). The conventional design 

approach can be extremely time- and cost-consuming considering that the number of turbines to be 

installed in an offshore wind farm is already in the hundreds, but potentially could reach thousands. In 

addition, the uncertainties in the design soil properties also exist due to the inherent variability, 

measurement error and transformation error (Ben-Hassine and Griffiths, 2013), and the interpreted soil 

parameters and predicted installation behaviour can easily deviate from the actual observation. A 

geotechnical exploration method for extensive, low cost and quick geophysical surveys of the offshore 

ground condition has been suggested by Ben-Hassine and Griffiths (2013). The site investigations can 

be limited to approximately 10% of turbine locations, adopting statistical techniques, such as Bayesian 

updating and spatial interpolation for a total estimation of offshore ground conditions. 

This geotechnical exploration method can be further improved by cooperating with the novel 

probabilistic prediction framework proposed in this research due to the similarity in the installation 

procedures between the jack-up unit and the visiting vessels. By monitoring the spudcan penetration 

resistance profile, the overall ground condition assessed from site investigations can be further updated 

and refined with reduced uncertainty. When the installation vessel moves to the unsampled location of 

the next wind turbine, the prediction of the spudcan penetration-resistance profile can be obtained using 

the historical installation records. This prediction also enables real-time updating of the prediction of 

future spudcan installations using the existing operation measurements during the construction phase. 

Furthermore, an efficient operation guideline can be established during the development and design 

phase to determine the number and location of site investigations for the optimised prediction 

performance of further spudcan installations. Therefore, the design approaches in this research can be 

applied not only to oil and gas activities but also to the offshore wind energy as an informative guideline 

to optimise the operation sequence with less site-specific assessments. 

 

1.6 Orientation and Structure 

This research works systematically to arrive at each of the research objectives in Section 1.4. The 

probabilistic models for predicting the punch-through distance and the Bayesian model for back-

analysing soil parameters are initially developed and assessed against the database of 66 existing 

centrifuge modelling tests (Teh et al., 2010; Lee et al., 2013a; Hu et al., 2014a; Hu et al., 2016) and a 

field installation in the Gulf of Mexico (Van Dijk and Yetginer, 2015). These works were initiated and 

authored as technical papers, and these papers are presented in Chapters 4 and 5 in this thesis. 
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Following the probabilistic models, the novel approach is established and presented as a journal paper. 

This paper represents Chapter 6. To validate the design framework, fourteen centrifuge tests were 

conducted in this research as most of the records for field installation are not available in the public 

domain (Osborne et al., 2009) and the majority of the current centrifuge tests are performed in 

homogenous soil without considering the inherent variability and spatial correlation of adjacent 

locations. A novel technique was applied in this study to prepare a three-dimensional (3D) sand-over-

clay soil model with controlled variability. These tests are discussed in Chapter 3. 

Because the experimental tests were performed after the initial papers of Chapters 4 and 5 were 

submitted, supplementary case studies based on the centrifuge test results are further applied for both 

probabilistic models and detailed in APPENDICES III and IV. 

In summary, the outline of this thesis is as follows: 

Chapter 2 initially reviews the analytical and probabilistic models for predicting the penetration-

resistance profile of spudcan footings on sand overlying clay before discussing the statistical methods 

that have been applied to develop the advanced design approach for jack-up installations. 

Chapter 3 explains the methodology of the centrifuge tests. The experimental programme, including 

the advanced preparation of a spatially variable soil sample, is detailed. The results from the centrifuge 

tests are reported to qualitatively examine both the soil samples and the spudcan penetration profiles. 

The experimental results are interpreted and compared with the existing predictive models. 

Chapter 4 illustrates the probabilistic approach for predicting the punch-through distance of spudcan 

penetrating sand-over-clay after the peak penetration is observed. This probabilistic method is 

established with the model uncertainties factor initially characterised based on 66 centrifuge tests and 

57 numerical simulations and illustrated and examined using the published centrifuge testing results. 

The original conference paper of this probabilistic model is presented in this chapter. After the 

experimental tests in Chapter 3, this probabilistic model is further updated for the prediction of punch-

through failure prior to the installation of spudcan and validated against the experimental results in this 

research. These updated results are presented in APPENDIX III. 

Chapter 5 describes the development of an advanced Bayesian back-analysis model for updating the 

statistical soil parameters with spudcan observations. Sensitivity analyses are presented to evaluate the 

influence of the input parameters of the model. The predictive capability of this back-analysis method 

is assessed against the previous centrifuge tests as well as one field installation case. Further studies are 

undertaken using the experimental data described in Chapter 3 and presented in APPENDIX IV.  

Chapter 6 describes the development of a systematic design framework for the offshore industry to 

assess the spudcan penetration behaviour at unsampled locations using historical spudcan penetration 

records. By comparing with the experimental tests described in Chapter 3, the predictive capabilities of 
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this probabilistic framework are examined. The influence of the input parameters of the model are 

further presented via a series of parametric studies. 

Chapter 7 summarises the key conclusion from the research and provides recommendations for future 

studies.  
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Table 1.1 Generations of jack-up installation vessels for offshore wind turbines (after Offshore, 2019) 

Generation 1st 2nd 3rd 4th 

Operational: 
2005 2010 2015 2022 

Description: 

First heavy lift jack-ups 

in offshore wind 

New designs primarily 

for offshore wind 

Scaled-up designs for 

larger turbines 

Next generation for 

future 15 MW turbines 

Average crane capacity: 
500 ton 900 ton 1400 ton 2.5 – 2500 ton 

Average variable load: 
2000 ton 5000 ton 8500 ton 10 – 16000 ton 

Typical wind turbine: 
3 MW 6 MW 9 MW 15 MW 
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Figure 1.1 Typical mobile jack-up unit (courtesy of Keppel Corp. Ltd.) 
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Figure 1.2 Illustration of a typical jack-up unit (after Ma et al., 2020) 
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Figure 1.3 Examples of different spudcan geometries adopted in offshore engineering (after ISO, 2016) 
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Figure 1.4 Schematic of jack-up installation procedure (after Houlsby, 2016) 

(a) (b) (c) 

(d) (e) (f) 
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Figure 1.5 Illustration of punch-through failure on sand overlying clay (after Lee, 2009) 
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Figure 1.6 Conventional procedure for predicting spudcan installation during desk 

study and project design phases
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Figure 1.7 Novel procedure proposed in this research for predicting spudcan installation during desk study and project design phases 
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Figure 1.8 Illustration of a jack-up rig installation vessel for an offshore wind farm (Renewables, 2019) 
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 LITERATURE REVIEW 

2.1 Introduction 

This chapter provides a review of the deterministic and probabilistic advancements in the study of 

spudcans penetrating sand overlying clay. The analytical methods recommended in the current industry 

guidelines and in the literature are reviewed and discussed in the first section, highlighting the need to 

reappraise the existing methods or propose a novel approach for probabilistic prediction of offshore 

jack-up installation. A series of probabilistic methods that can potentially facilitate the development of 

a novel approach in this study are briefly presented in the sequence of the framework as discussed in 

Chapter 1. In the second part, after a brief overview of the probabilistic approaches for characterising 

the uncertainties and providing the probabilistic penetration-resistance percentiles, Bayes’ theorem, 

with its application in the real-time updating of the predictions of spudcan installation behaviour using 

field measurements, is presented. In addition, the Bayesian back analysis method for updating the soil 

parameters using monitored data, which has been applied in other geotechnical fields, is discussed. Its 

association to the study of spudcan installation is also presented. In the last part, the interpolation 

method recommended for estimating the soil parameters at unsampled locations are presented, 

highlighting the potential of predicting future spudcan penetration behaviour with minimal site 

investigation data. 

 

2.2 Conventional Approaches 

Before a jack-up operates at the designated location, a site-specific assessment must be performed to 

ensure its ability to be installed and preloaded safely. Site-specific assessments of jack-up installations 

typically follow the recently released International Standards Organisation document ISO 19905-1 (ISO, 

2016). The design parameters of the soil at the given location are interpreted through site investigation 

and laboratory testing results and applied in predictive methods for the assessment of potential spudcan 

penetration behaviour. Two widely used methods, the load spread method and the punching shear 

methods, are used as the basis for calculating the peak penetration resistance of a spudcan on sand 

overlying clay as recommended by SNAME (2008) in the new ISO 19905-1 guidelines. By accounting 

for the stress level and dilatant response of the sand, advanced predictive methods have been recently 

proposed to predict the full penetration resistance profile for a spudcan penetrating sand-over-clay based 

on the observations of centrifuge tests and numerical analyses. This section gives a brief overview of 

these predictive methods. 
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2.2.1 Load spread method 

The load spread method (also known as the projected area method) was first proposed by Terzaghi and 

Peck (1948) to calculate the bearing capacity of a foundation on sand overlying clay. This method is 

based on the assumption that the foundation load is spread through the upper sand layer at a dispersion 

angle 𝛼p  (also known as projection angle) to the sand-clay interface over a larger bearing area, as 

presented in Figure 2.1. In the application of the load spread method in ISO (2016), there seems to be 

ambiguity as to where the surcharge should be considered in the calculation of the bearing capacity of 

the fictitious larger foundation. Further interpretations have been provided and suggested that the actual 

surcharge on the clay layer 𝑞0 should account for the weight of the sand layer between the spudcan and 

the fictitious footing (𝛾s
′𝐻s) (Cassidy et al., 2015). For both assumptions, the peak penetration resistance 

𝑞peak  is determined from the interpreted bearing capacity of the underlying clay on the enlarged 

imaginary area over the clay surface. Two design equations for the ultimate vertical capacity of a 

circular footing are formed as Equation 2.1(a) and (b). Both assumptions have been discussed through 

the retrospective prediction of the experimental database by Hu et al. (2015a). 

𝑞peak = (1 + 2
𝐻s

𝐷
tan𝛼p)

2

(𝑠u𝑁c𝑠c𝑑c + 𝑞0) Equation 2.1(a) 

𝑞peak = (1 + 2
𝐻s

𝐷
tan𝛼p)

2

(𝑠u𝑁c𝑠c𝑑c + 𝑞0 + 𝐻s𝛾s
′) Equation 2.1(b) 

where 𝐻s is the sand thickness, 𝐷 is the foundation diameter, 𝑠c is the shape factor, 𝑑c is the depth 

factor, 𝑁c is the shape factor, 𝛾s
′ is the effective unit weight of the upper sand, 𝑠u is the undrained shear 

strength of the underlying clay and 𝑞0 is the effective overburden pressure at the depth of the foundation. 

The value of tan𝛼p represents the load spread ratio, which is typically recommended as 1:5 to 1:3 

(horizontal: vertical) by SNAME (2008) for a conservative design. A flatter case has been suggested 

through analysing offshore spudcan penetration data by Baglioni et al. (1982), which was recently 

verified by Hu et al. (2015a) with the back-calculated load spread ratio from a database of 71 centrifuge 

tests. However, the load spread ratio is heavily dependent on the geometry and strength condition of 

the layered soil, which is not accounted for by using only the predefined value of tan𝛼p. In addition, 

the failure mechanism recommended in this method is over-simplified by ignoring the frictional 

resistance of the upper sand layer.  

 

2.2.2 Punching shear method 

The punching shear method based on Meyerhof (1974) and Hanna and Meyerhof (1980) is the 

alternative design approach recommended in the ISO guidelines (2016). The failure mechanism is 

established by assuming a truncated cone of sand underneath the foundation and pushed into the 
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underlying clay. For simplicity, a cylindrical slip surface is used (SNAME, 2008; ISO, 2016), as 

illustrated in Figure 2.2, for circular foundations. Unlike the load spread method, the frictional 

resistance of the slip surface is considered in the calculation of the bearing capacity of the footing on 

sand overlying clay. The punching shear method has the same ambiguity as the load spread method 

regarding the position of the surcharge, and therefore, both assumptions are taken into account in the 

following expressions, 

𝑞peak = 𝑠u𝑁c𝑠c𝑑c + 𝑞0 + 2
𝐻s

𝐷
(𝐻s𝛾s

′ + 2𝑞0)𝐾stan𝜙′ Equation 2.2(a) 

𝑞peak = 𝑠u𝑁c𝑠c𝑑c + 𝑞0 + 𝐻s𝛾s
′ + 2

𝐻s

𝐷
(𝐻s𝛾s

′ + 2𝑞0)𝐾stan𝜙′ Equation 2.2(b) 

where 𝜙′ is the friction angle of the sand and 𝐾s is the punching shear coefficient that used to calculate 

the frictional resistance on the assumed vertical slip surface. The punching shear coefficient 𝐾s  is 

related to the friction angle of the sand 𝜙′ and the normalised shear strength of the underlying clay layer 

through the ratio of the bearing capacity of the clay to that of the sand, 𝑄clay 𝑄sand⁄ . 𝑄clay and 𝑄sand 

represent the bearing capacity of a foundation in uniform clay and uniform sand and are calculated from 

Equation 2.3(a) and (b) for the circular footing. 

𝑄clay = 𝑠u𝑁c𝑠c𝑑c𝐴 Equation 2.3(a) 

𝑄sand = 𝑠Υ𝑁γ

𝛾s
′𝐷

2
𝐴 Equation 2.3(b) 

where 𝑠γ is the shape factor, 𝑁γ is the bearing capacity factor of the self-weight, and 𝐴 is the area of the 

cross-section of the circular footing. Based on the friction angle 𝜙′  and bearing capacity ratio 

𝑄clay 𝑄sand⁄ , 𝐾s can be determined from the design chart in Figure 2.3. However, this method is not 

easy to use in practice, and different values of 𝑞peak may be obtained by different users due to the errors 

in the process of interpolation or extrapolation required for the cases that are beyond the given values 

in this chart. For practical purposes, an alternative approach is recommended in SNAME (2008) for the 

lower bound of 𝐾stan𝜙′ = 3𝑠u/𝛾s
′𝐷. 

 

2.2.3 Lee et al. method 

A new analytical method that, for the first time, accounts for the stress level and dilatant response of 

the sand was proposed by Lee (Lee, 2009; Lee et al., 2013a; Lee et al., 2013b) for the prediction of the 

peak penetration resistance and the full penetration-resistance profile of the circular foundations on sand 

overlying clay. The failure mechanism, as illustrated in Figure 2.4(a), assumes a sand frustum with a 

dispersion angle equal to the dilation angle depressed into the underlying clay. The footing pressure and 

the weight of the sand frustum are balanced by the frictional resistance along the side of the sand block 
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and the bearing capacity of the underlying clay. After integrating the vertical force equilibrium of the 

conceptual sand frustum with infinitesimal horizontal discs, the final design equations for the peak 

penetration resistance 𝑞peak and the peak penetration depth 𝑑peak are derived and expressed as: 

𝑞peak = (𝑁c0𝑠um + 𝑞0) (1 +
2𝐻s

𝐷
tan 𝛹)

𝐸∗

+
𝛾s

′𝐷

2 tan 𝛹 (𝐸∗ + 1)
[1 − (1 −

2𝐻s

𝐷
𝐸∗ tan 𝛹) (1 +

2𝐻s

𝐷
tan 𝛹)

𝐸∗

] 

Equation 2.4 

𝑑peak = 0.12𝐻s Equation 2.5 

where 𝐸∗ = 2[1 + 𝐷F (
tan 𝜙∗

tan 𝛹
− 1)], is adopted to simplify the algebra. 𝑁c0  is the bearing capacity 

factor of the clay underneath the foundation based on the relationship proposed by Houlsby and Martin 

(2003) and is obtained as: 

𝑁c0 = 6.34 + 0.56
𝑘(𝐷 + 2𝐻s tan 𝛹)

𝑠um
 Equation 2.6 

where 𝑠um is the undrained shear strength of the clay at the sand-clay interface and 𝑘 is the strength 

gradient of the clay. 𝐷F is an empirical distribution factor, which is determined by back calculating the 

centrifuge test results of 25 flat circular foundation and 5 spudcan penetration tests on sand overlying 

clay. Two linear empirical relationships of 𝐷F versus 𝐻s/𝐷 are obtained using linear regression for the 

flat-based and spudcan foundations, respectively. 

𝐷F = 0.726 − 0.219
𝐻s

𝐷
          (

𝐻s

𝐷
≤ 1.12) Equation 2.7(a) 

for flat-based circular foundations, and 

𝐷F = 1.333 − 0.889
𝐻s

𝐷
          (

𝐻s

𝐷
≤ 0.9) Equation 2.7(b) 

for spudcans with conical bases inclined at 13° to the horizontal. 𝜙∗ is the reduced friction angle due to 

the non-associated flow rule and is expressed as: 

tan 𝜙∗ =
sin 𝜑′ cos 𝛹

1 − sin 𝜑′ cos 𝛹
 Equation 2.8 

where 𝛹 is the dilation angle of the soil, which is applied to account for the stress level and dilatant 

behaviour of the sand in this method, and 𝜑′ is the operative effective friction angle of the soil. Both 

can be derived using an iterative approach (Bolton, 1986). 

𝐼R = 𝐼D(𝑄 − ln(𝑞peak)) − 1               0 < 𝐼R < 4 Equation 2.9 

𝜑′ − 𝜑cv = 2.65𝐼R Equation 2.10 
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0.8𝛹 = 𝜑′ − 𝜑cv Equation 2.11 

where 𝐼R is the dilatancy indicator, 𝑄 is the natural logarithm of the grain crushing strength, and 𝜑cv is 

the critical-state friction angle. 

After reaching the peak penetration resistance 𝑞peak , the bearing capacity reduces abruptly to a 

minimum value termed the post-peak penetration resistance 𝑞post_peak, at which the frictional resistance 

being mobilised is minimal and the operative friction angle is equal to the critical-state friction angle. 

According to the conceptual model illustrated in Figure 2.4(b), the value of 𝑞post_peak is derived and 

simplified as: 

𝑞post_peak = [𝑑c𝑁c0𝑠um + (𝛾c
′ + 𝛾s

′)𝑑post_peak]𝑒𝐸0 + 𝛾s
′(𝐻s

− 𝑑post_peak) [𝑒𝐸0 (1 −
1

𝐸0
) +

1

𝐸0
] 

Equation 2.12 

where 𝛾c
′ is the effective unit weight of the underlying clay. 𝑑post_peak is the depth required to reach the 

critical-state friction angle during post-peak resistance. For design purposes, the depth of the post-peak 

resistance is adopted as 𝑑post_peak = 0.3𝐻s based on the back-analysed values from 25 centrifuge tests 

of flat foundations.  

𝑑c is the depth factor for the bearing capacity factor 𝑁c, which is calculated as: 

𝑑c = 1 + 0.4
𝑑post_peak

𝐷
 Equation 2.13 

Parameter 𝐸0 is adopted to simplify the algebra and is expressed as: 

𝐸0 = 4𝐷Fsin𝜑cv

(𝐻s − 𝑑post_peak)

𝐷
 Equation 2.14 

During the penetration in the underlying clay, the plug of sand trapped underneath the spudcan 

effectively enlarges the footing size and mobilises the soil with a higher shear strength at the base of 

the plug. Accounting for the sand plug while using the classic bearing capacity solution for the 

underlying clay, the bearing capacity factor of clay 𝑁c is derived via small-strain finite element analysis 

based on two failure mechanisms: 

𝑁c = 4
𝑑base

𝐷
+ 9               

𝑑base

𝐷
≥

𝐻fdn

𝐷
 Equation 2.15(a) 

for the shallow failure mechanism, when the entire composite foundation has penetrated into the 

underlying clay, and 

𝑁c = [1 −

1
2 𝜅

𝐻fdn
𝐷

1 + 𝜅
𝑑base

𝐷

] (18.2√
𝐻fdn

𝐷
+ 0.7 − 2) Equation 2.15(b) 
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𝑑base

𝐷
≥

𝐻fdn

𝐷
+ 0.5  𝑎𝑛𝑑  

𝐻fdn

𝐷
≤ 1.2 

for the deep failure mechanism, when part of the foundation is still in the upper sand layer, where 𝑑base 

is the depth from the base of the composite foundation to the sand-clay interface and 𝐻fdn is the total 

height of the composite foundation with the sand block beneath. 𝜅 is the dimensionless stress increasing 

parameter for the non-homogeneous cohesive soils and is calculated as: 

𝜅 = 𝑘𝐷
𝑠um

⁄  Equation 2.16 

According to the failure mechanism illustrated in Figure 2.4(c), the penetration resistance in the 

underlying clay 𝑞clay can be obtained with the following expression: 

𝑞clay = 𝑁c𝑠ub + 𝐻fdn𝛾c
′    Equation 2.17 

where the value of 𝑁c is adopted for design as the minimum of two failure mechanisms, 

𝑁c= minimum (𝑁c for shallow mechanism, 𝑁c for deep mechanism) Equation 2.18 

𝑠ub  is the undrained shear strength of the clay at the base of the composite foundation. The full 

penetration-resistance profile can therefore be interpreted by linking the critical points of 𝑞peak , 

𝑞post_peakand 𝑞clay at the corresponding depth. 

 

2.2.4 Hu et al. method 

The failure-stress-dependent model of Lee et al. (2013a&b) for predicting the peak penetration 

resistance 𝑞peak on sand overlying clay has been modified to consider the embedment depth caused by 

the mobilisation of 𝑞peak and extended to account for different spudcan shapes. As shown in Figure 2.5, 

based on a kinematically admissible failure mechanism, 𝑞peak  in terms of the undisturbed sand 

thickness can be derived with the following expression, 

𝑞peak = (𝑁c0𝑠um + 𝑞0 + 0.12𝛾s
′𝐻s) (1 +

1.76𝐻s

𝐷
tan 𝛹)

𝐸∗

+
𝛾s

′𝐷

2 tan 𝛹 (𝐸∗ + 1)
[1

− (1 −
1.76𝐻s

𝐷
𝐸∗ tan 𝛹) (1 +

1.76𝐻s

𝐷
tan 𝛹)

𝐸∗

] 

Equation 2.19 

To relate the stress at the failure surface to the average vertical effective stress in the modified failure-

stress-dependent model, a new relationship for 𝐷F is recalibrated based on 56 centrifuge tests (Lee et 

al., 2013a; Hu et al., 2014a; Hu et al., 2014b). This new expression accounts for a larger range of 

spudcan shapes (flat and conical from 7° to 21°), sand densities (i.e., loose, medium and dense) and 
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ratios between the sand thickness and the spudcan diameter (𝐻s/𝐷). The distribution factor 𝐷F for 

spudcans with conical bases greater than 7° is expressed as, 

𝐷F = 0.642 (
𝐻s

𝐷
)

−0.576

          (0.16 <
𝐻s

𝐷
< 1.0) Equation 2.20(a) 

and that for a flat spudcan is calculated as, 

𝐷F = 0.623 (
𝐻s

𝐷
)

−0.174

          (0.21 <
𝐻s

𝐷
< 1.12) Equation 2.20(b) 

As the spudcan penetrates through the sand layer, the bearing capacity in the clay layer, accounting for 

buoyancy, is expressed as 

𝑞clay = 𝑁c𝑠u0 + 𝐻plug𝛾c
′         (0.16 <

𝐻s

𝐷
< 1) Equation 2.21 

where 𝑠u0 is the soil strength at the lowest elevation of the spudcan’s widest cross-sectional area and 

𝐻plug is the height of the trapped sand plug, which is estimated as 0.9Hs according to examination of 

52 centrifuge and retrospective numerical coupled Eulerian Lagrangian (CEL) large-deformation 

analyses. Based on a large database incorporating various footing shapes and soil conditions, a 

simplified relationship for the bearing capacity factor 𝑁c is proposed, 

𝑁c = 11
𝐻s

𝐷
+ 10.5                         0.16 ≤

𝐻s

𝐷
≤ 1.12   Equation 2.22 

This method requires no prior assumptions of the failure mechanisms in the Lee et al. method (Lee, 

2009) and tends to provide a better prediction for the full penetration resistance profile than the ISO 

methods and the Lee et al. method. 

 

2.3 Current Probabilistic Methods 

Although these analytical methods have been widely applied in the current design approach, there are 

considerable uncertainties in the predictions. As mentioned previously, an international jack-up leg 

penetration prediction event was held by the International Society for Soil Mechanics and Geotechnical 

Engineering (ISSMGE) Technical Committee for Offshore Geotechnics (Van Dijk and Yetginer, 2015). 

In total, there were 25 professionals invited to give 30 predictions for the leg penetration behaviour of 

a Marathon LeTourneau 116-C jack-up rig installation on the soil profile of sand overlying clay in the 

Gulf of Mexico. The predictions and measured spudcan penetrations are presented in Figure 2.6. Even 

though all predictors were provided with the same information, there was a large spread in the predicted 

vertical bearing capacity in both the sand layer and underlying clay, mostly deviating from the field 

measurements. This is mainly due to the following uncertainties: 
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1) Limited quantity and quality of site investigations and laboratory tests. 

2) Variance in the data interpretation depending on the engineering judgement. 

3) Spatial variability in the soil properties across the site. 

4) Appropriateness and application of the predictive model. 

5) Uncertainties in the measurements during spudcan installation. 

Without accounting for the uncertainties, the single-value prediction provided by the current 

deterministic methods is usually different from the field measurements. To define and characterise the 

uncertainties, statistical interpretation methods and probabilistic prediction models are proposed among 

researchers and recommended in the InSafe guidelines (Osborne et al., 2011). 

 

2.3.1 Characterisation of soil parameters 

The statistical method used to characterise values of soil parameters based on observed data has been 

advocated by Lacasse et al. (2007) and further detailed in DNV (2012). For independent soil parameters, 

such as the undrained shear strength 𝑠u, which varies with soil depth 𝑧 following the linear relationship: 

𝑠u = 𝑠u0 + 𝑘𝑧 + 휀 
Equation 2.23 

and where 휀  represents natural variability about the mean value, the parameters 𝑠u0  and 𝑘  can be 

obtained from 𝑛 observed data by 

𝑘 =
∑ (𝑧i − 𝑧̅)(𝑠ui − 𝑠u̅)𝑛

𝑖=1

∑ (𝑧i − 𝑧̅)2𝑛
𝑖=1

 Equation 2.24 

𝑠u0 = 𝑠u̅ − 𝑘𝑧̅ 
Equation 2.25 

where 𝑠ui are the observed undrained shear strength at soil depth of 𝑧i. The mean values of undrained 

shear strength and soil depth, 𝑠u̅ and 𝑧̅ are respectively calculated as: 

𝑠u̅ =
1

𝑛
∑ 𝑠ui

𝑛

𝑖=1

 Equation 2.26 

𝑧̅ =
1

𝑛
∑ 𝑧i

𝑛

𝑖=1

 Equation 2.27 

The prediction accuracy required by engineers can be expressed with a two-sided confidence interval, 

[𝑠u̅ − 𝑡n−1 (
𝛼

2
) ∙

𝜎

√𝑛
; 𝑠u̅ + 𝑡n−1 (

𝛼

2
) ∙

𝜎

√𝑛
] Equation 2.28 

where 𝜎 is the standard deviation of characterised undrained shear strength based on Equation 2.27. 

𝑡n−1 (
𝛼

2
) is the value of T-distribution at the probability of (1 − 𝜎) with (𝑛 − 1) degrees of freedom. 
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𝜎 = √
1

𝑛 − 2
∑ (𝑠ui − (𝑠uo + 𝑘i𝑧i))

2𝑛

𝑖=1
 Equation 2.29 

In predicting jack-up spudcan installation, Bienen et al. (2010) provided the statistical interpretation of 

the undrained shear strength by fitting the data to a number of soil profile in the InSafe JIP database 

(Osborne et al., 2011). The coefficients of variation (COVs), representing the variation in the measured 

data derived from each testing method, are summarised in Table 2.1. A general approach is further 

derived by Lacasse et al. (2013) to help determine the soil layering by including data analyses such as  

screening, sorting, and filtering before estimating the mean value and standard deviation of the tip 

resistance of cone penetration tests. 

 

2.3.2 Characterisation of model uncertainty 

To provide the probabilistic estimation of the spudcan penetration behaviour on sand-over-clay, the 

uncertainties in the soil-spudcan system as well as the predictive methods need to be quantified. An 

approach for investigating the uncertainties was illustrated by Li et al. (2018) through the comparison 

of the measurements of centrifuge experiments with the predicted values using the Hu et al. method 

(Hu et al., 2014b). To estimate the uncertainties in the peak penetration resistance 𝑞peak, the measured 

peak resistance 𝑞peak,m is plotted against the deterministic prediction 𝑞peak,det in Figure 2.7(a). Ideally, 

all the data points lie on the diagonal line if the estimated values are consistent with the measured ones. 

However, scatter is present, representing the uncertainties in either the soil parameters or the 

deterministic model. The variation can be quantified by using a multiplicative model factor 휀q because 

the scatter tends to increase with increasing calculated peak resistance 𝑞peak,det.  

𝑞peak = 𝑞peak,det × 휀q 
Equation 2.30 

Based on a computational Bayesian Markov Chain Monte Carlo (MCMC) approach (Li et al., 2018), 

the model factor 휀q is assumed to be PERT distributed with the minimum, mode and maximum values 

of 0.69, 1.01 and 1.2, respectively. The probability distribution function (PDF) and the corresponding 

cumulative distribution function (CDF) of the model uncertainty factor 휀q are presented in Figure 2.8(a). 

Realisations of the model uncertainty factor can be sampled from this distribution to replicate the scatter 

associated with the deterministic model. Through the sampling of the values of the model uncertainty 

factor in Equation 2.30, 20,000 realisations of the peak resistance model are obtained, shown by the 

grey area in Figure 2.7(a). The scatter in the predictions of the peak penetration resistance replicates the 

uncertainties observed in the centrifuge data well. A similar analysis was performed on the peak 

penetration depth. As presented in Figure 2.7(b), the 𝑑peak  increases with increasing sand layer 
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thickness 𝐻s , and a multiplicative random variate 휀d  following the PERT distribution is used to 

parameterise the uncertainty in the peak penetration depth. 

𝑑peak = 𝑑peak,det × 휀d 
Equation 2.31 

The fitted PDF and the corresponding CDF of the model factor 휀d are shown in Figure 2.8(b) with the 

PERT-distributed parameters estimated as 0.13, 0.85 and 2.9 with the MCMC approach. A total of 

20,000 random realisations of 𝑑peak are generated according to Equation 2.31 and presented in Figure 

2.7(b). The scatters in the deterministic model are fully covered by the simulated peak penetration depth 

model, demonstrating that the model factor, 휀d is appropriate for characterising the uncertainty in the 

deterministic model. 

 

2.3.3 “Best estimation” and “lower” and “upper estimations” 

The common practice for the prediction of jack-up installation as highlighted in the InSafe JIP is to find 

the “best estimation” of soil strength properties and derive a “best estimate” of the load-penetration 

curve following the deterministic methods, as presented in Figure 2.9. The “best estimate” of soil 

strength is usually calculated as the statistical average of all the different soil characterization tests, 

following the statistical methods in Section 2.3.1. Considering the uncertainty in the prediction, the 

“lower estimation” and “upper estimation” are produced using the lower and upper bound of soil 

strength properties. However, the definition of “lower bound” and “upper bound” strength depends on 

the subjective judgement of the engineer. In addition, soil strength is the only parameter being accounted 

for in this methodology. In the spudcan-soil system, uncertainty is also associated with other parameters, 

such as the spudcan geometry, although it is minor compared to those related to soil strength. 

 

2.3.4 Monte-Carlo approach by Houlsby (2010) 

A Monte-Carlo approach was proposed by Houlsby (2010) to provide the probabilistic percentile curves 

of the penetration-resistance profile by accounting for the variability in soil condition, geometry, 

calculation and observation uncertainties. In the context of reliability theory, each variable that affects 

the prediction of spudcan installation is assigned a statistical distribution, represented by its mean and 

standard deviation or the COV. For instance, the main dimensional uncertainty in spudcan geometry is 

introduced by specifying a tolerance T for the liner dimension of the spudcan. The standard deviation 

is directly proportional to tolerance 𝜎 ≈ 1.483𝑇. A pragmatic approach for selecting the uncertainties 

of each variable is summarised in Table 2.2. 

To provide a robust estimate of the spread of the predictions, a large number of simulations are carried 

out with the values of the input parameters randomly chosen, based on the statistical distributions. Then, 
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the calculated penetration resistances at each depth are ranked in ascending order in the form of a 

cumulative distribution. The percentile points (i.e., 5th, 25th, 50th, 75th, and 95th) at different depths are 

joined, forming the penetration-resistance profile at a particular cumulative probability density as a 

“percentile curve”, as presented in Figure 2.10. In these curves, if the statistical parameters correctly 

define the true uncertainty, an experienced engineer would expect that approximately 50% of 

measurements would fall between the 25th and 75th percentiles and 90% of the measurements would fall 

between the 5th and 95th percentiles (Houlsby, 2016). Rather than tracking any single load-penetration 

profile, the percentile curves reflect the uncertainty in the predictions. 

As highlighted in the InSafe JIP (Osborne et al., 2011), a rationale based on this approach is introduced 

to potentially guide decisions by comparing the spudcan installation measurements against the 

probabilistic curves. Based on where the measurements are and whether they follow the expected trend, 

a tentative set of decisions are provided in Table 2.3. However, the confidence in the decision-making 

depends on the capability of the chosen statistical variation to capture the variability in the site. For 

example, if the COV assumed for the design parameter is too wide, almost every observation would fall 

between the 25th and 75th percentile curves, which will misguide the engineers with the conclusion that 

the response can be predicted well. As no guidance has been given on the appropriate assumption of 

the uncertainties for either the design parameters or the predictive models, only general comments and 

suggestions can be provided for the appropriate actions. In addition, the initial predictions are not 

updated with the new information from the monitored data. 

 

2.4 Calibration of Uncertainties Using the Measured Data 

As proposed by Peck (1969), field observations allow great improvement in the understanding of 

ground condition and the prediction of further response, which has been applied in the geotechnical 

sectors. For jack-up design, the installation records can also be used to modify the design variables (i.e. 

soil conditions and spudcan geometry) and improve the future prediction of jack-up installation at that 

site with greater confidence. Such approaches of using the measured data during spudcan installation 

for updating the prediction of peak penetration behaviour in real-time, were provided by Uzielli et al. 

(2015) and Li et al. (2018) for spudcan penetration on stiff clay over soft clay and sand overlying clay, 

respectively. In addition, to determine why an initial prediction was inconsistent with the field 

observations and therefore improve the accuracy of further predictions using the observations, a 

probabilistic approach implementing Bayesian techniques was recommended by Houlsby (2016). The 

methodology of Bayes’ theorem, as well as its applications in updating the prediction performance and 

the design parameters, are briefly described. 



Chapter 2 Literature Review 

32 

 

2.4.1 Bayesian techniques 

As the basic tool for this updating, Bayes’ theorem is a stochastic method that consecutively updates 

the current probability from the prior probability by accounting for new (or additional) information. 

The basic relationship of Bayes’ theorem is expressed as: 

𝑃(𝐀|𝐁) =
𝑃(𝐀)𝑃(𝐁|𝐀)

P(𝐁)
 Equation 2.32 

It converts the prior assessment P(𝐀)  into the so-called posterior assessment P(𝐀|𝐁)  with the 

penetration observations 𝐁. In this relationship, 𝐀 is the parameter of interest. 𝑃(𝐀) and P(𝐁) are the 

probabilities of occurrence of 𝐀 and 𝐁. 𝑃(𝐁|𝐀), called the conditional probability, is the probability of 

𝐀 given that 𝐁 is true. Bayes’ theorem can potentially allow improvement in the level of understanding 

of the ground conditions as well as the predictions of future spudcan installation responses using the 

field observations. 

 

2.4.2 Bayesian prediction of peak penetration resistance and depth (Li et al., 2018) 

The Bayesian updating approach has been applied to provide a theoretical framework to update the prior 

probabilistic prediction of the peak penetration behaviour using the monitored penetration-resistance 

points during spudcan installation. In this study, the former example is applied to illustrate this Bayesian 

updating approach. In the analysis of spudcan penetration of sand-over-clay, Bayes’ theorem can be 

expressed as:  

𝑃(𝑞p𝑖, 𝑑p𝑗|𝑞mon, 𝑑mon) =
𝑃(𝑞p𝑖, 𝑑p𝑗)𝑃(𝑞mon, 𝑑mon|𝑞p𝑖, 𝑑p𝑗)

∑ P(𝑞p𝑖, 𝑑p𝑗)𝑖,𝑗 𝑃(𝑞mon, 𝑑mon|𝑞p𝑖, 𝑑p𝑗)
 Equation 2.33 

where 𝑞p𝑖 (𝑖 = 1, … , 𝑁int) and 𝑑p𝑗 (𝑗 = 1, … , 𝑁int) are the 𝑖𝑡ℎ and 𝑗𝑡ℎ discrete candidate values of the 

potential peak penetration resistance and depth 𝑞peak and 𝑑peak, respectively; 𝑁int is the number of 

candidate values for the peak behaviour; 𝑃(𝑞p𝑖, 𝑑𝑝𝑗) is the prior probability of the peak behaviour 

occurring for the 𝑖𝑡ℎ  candidate peak penetration resistance 𝑞p𝑖  and at the 𝑗𝑡ℎ  candidate penetration 

depth. 𝑞mon  and 𝑑mon  are the measured load-penetration points during spudcan installation; 

𝑃(𝑞mon, 𝑑mon|𝑞p𝑖, 𝑑p𝑗)  is the probability of predicting spudcan penetration values that may be 

compatible with the penetration values (𝑞mon, 𝑑mon) observed during installation, given the occurrence 

of peak behaviour at (𝑞p𝑖, 𝑑p𝑗); and 𝑃(𝑞p𝑖, 𝑑p𝑗|𝑞mon, 𝑑mon) is the posterior probability of the peak 

behaviour occurring at candidate (𝑞p𝑖, 𝑑p𝑗) given that the monitored data (𝑞mon, 𝑑mon) are observed.  

The prior probability 𝑃(𝑞p𝑖, 𝑑p𝑗)  is calculated as the joint probability density in (𝑞p𝑖, 𝑑p𝑗)  by 

multiplying two marginal probabilities, that are assumed to be mutually independent: 
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𝑃(𝑞p𝑖, 𝑑p𝑗) = 𝑃(𝑞p𝑖)𝑃(𝑑p𝑗) 
Equation 2.34 

in which the marginal probability of the candidate value for the peak penetration resistance and depth 

is obtained using the PERT-distributed model uncertainty factors 휀q and 휀d based on Equation 2.30 and 

Equation 2.31. Through the calculation and summation of the prior probabilities for all the candidates 

with Equation 2.34, a set of contours presenting the probability that the peak behaviour will occur before 

installation is plotted together with the predicted and measured values in Figure 2.11. The marginal 

probability distribution function (PDF) of 𝑞peak and 𝑑peak are presented on the top and right of the 

contour plot, respectively. 

For the estimation of the likelihood term 𝑃(𝑞mon, 𝑑mon|𝑞p𝑖, 𝑑p𝑗) in the formulation of Bayes’ theorem, 

a load-displacement curve model, as presented in Equation 2.35 is developed from 66 centrifuge tests 

to predict the penetration depth 𝑑det at which the monitored bearing capacity 𝑞mon can be observed. 

The relationship is expressed as: 

𝑑det − 𝑑off

𝑑p𝑗 − 𝑑off
= exp [

1

𝜉
(

𝑞mon

𝑞p𝑗
− 1)] Equation 2.35 

where 𝑑off is the offset depth and the parameter 𝜉 is obtained for each test using a generalised least-

square regression analysis. The obtained values of 𝜉 based on the centrifuge tests are plotted against the 

relative density of the sand 𝐼D in Figure 2.12. The following power model is estimated to fit the trend 

of the parameter with a multipliable model factor 휀ld to account for the dispersion. 

𝜉 = 0.515(𝐼D)1.8 × 휀ld 
Equation 2.36 

The uncertainty in the deterministic regression model can be captured well by the model realisations 

following Equation 2.36 once a proper distribution is assigned to the model factor 휀ld, as presented in 

Figure 2.12. The Bayesian likelihood is then calculated for each candidate scenario (𝑞p𝑖 , 𝑑p𝑗) and 

monitored resistance 𝑞mon using the Monte Carlo simulations by applying the model uncertainty factor 

휀ld to Equation 2.35 and Equation 2.36. 

The posterior probability of peak penetration resistance for candidate values (𝑞p𝑖, 𝑑p𝑗) is calculated by 

incorporating the prior probability and the likelihood into Bayes’ theorem as expressed in Equation 2.33. 

As illustrated in Figure 2.13, with the help of monitored data, the prior prediction of the peak behaviour 

is updated towards the actual measurements with reduced variability in the prediction. This method 

allows the real-time updating of the probability of peak behaviour during installation by incorporating 

the monitoring data into the assessment. 
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2.4.3 Back analysis soil parameters using the measured data 

For any given site, the measured data recorded during the historical operations were recommended in 

InSafe JIP (Osborne et al., 2011) as a benchmark for a better understanding of the ground condition by 

comparison with the predictions. The Bayesian technique has been widely applied as a robust and 

effective method for updating soil parameters and predicting geotechnical system responses by 

combining new observed information within an existing model (Zhang et al., 2010b). There are many 

successful applications of the Bayesian back-analysis method following Equation 2.32 for updating 

geotechnical parameters in different fields, such as the design of embankments (Kelly and Huang, 2015; 

Zheng et al., 2018b), slope stability (Zhang et al., 2010a; Zhang et al., 2010b) and serviceability of 

excavation (Park et al., 2011; Juang et al., 2013). The Bayesian method developed by (Wu and Chen, 

2009) for back calculating the input parameters in a sediment entrainment model is illustrated here. In 

this analysis, the Bayes’ theorem is expressed as 

𝑃(𝛉|𝐝) =
𝑃(𝛉)𝑃(𝐝|𝛉)

∫ 𝑃(𝛉)𝑃(𝐝|𝛉)𝑑𝛉
∝ 𝑃(𝛉)𝑃(𝐝|𝛉) Equation 2.37 

where 𝛉 is the vector of the input parameters and d is the vector of the monitored data. For simplicity 

and efficiency, the Markov chain Monte Carlo simulation method is adopted by drawing samples from 

a symmetric proposal distribution based on the Metropolis algorithm and then correcting those samples 

to better approximate and finally converge to the target posterior distribution. The Metropolis algorithm 

can be written as follows: 

1. Generate a candidate 𝛉∗ from a symmetric proposal distribution 𝑔(𝛉∗|𝛉𝑖−1) (𝑖 = 1, … , 𝑛). 

2. Calculate the acceptance probability 𝛼, 

𝛼 =
𝑃(𝛉∗|𝐝)𝑔(𝛉𝑖−1|𝛉∗)

𝑃(𝛉𝑖−1|𝐝)𝑔(𝛉∗|𝛉𝑖−1)
=

𝑃(𝛉∗)𝑃(𝐝|𝛉∗)

𝑃(𝛉𝑖−1)𝑃(𝐝|𝛉𝑖−1)
 Equation 2.38 

where the proposals are cancelled out as 𝑔(𝛉𝑖−1|𝛉∗) =  𝑔(𝛉∗|𝛉𝑖−1) for symmetric distribution. 

3. Realise of the parameter vector for the next step by comparing the acceptance probability with 

a random sample drawn from Uniform (0,1). The acceptance criterion is expressed as, 

𝛉𝑖 = 𝛉∗,             if min(𝛼, 1) ≥ 휁 Equation 2.39 

𝛉𝑖 = 𝛉𝑖−1,          if min(𝛼, 1) ≤ 휁 Equation 2.40 

The Markov chain generated would eventually converge to the target posterior outputs. The Bayesian 

method can update the multiple variables with reduced uncertainties by incorporating the monitored 

data. With all the parameters updated, the sediment entrainment model is capable of more accurately 

and realistically computing the entrainment probabilities. 
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In offshore construction, where the geotechnical characterisation of soil parameters is necessarily 

limited due to expenses and the difficult operational environment, the potential to back analyse soil 

parameters with field observations is of interest. Although such an approach has been suggested by 

Houlsby (2016), the application of the back analysis of soil parameters with field observations for jack-

up installation is lacking any detailed method. In addition, the Bayesian back-analysis methods as 

applied to slopes, excavation and embankment previously assumed that the parameters followed the 

same type of statistical distribution. A single type of distribution is not capable of characterising the 

properties of all the soil parameters involved in the prediction of spudcan punch-through failure. 

Therefore, a Bayesian back analysis framework is aimed to be developed in this study for optimising 

multiple soil parameters with multi-type statistical distributions associated with multiple readings 

during spudcan penetration from dense sand into underlying soft clay. 

 

2.5 Spatial Interpolation 

The current predictive methods, both the deterministic and probabilistic, for spudcan penetration 

behaviour heavily depend on the soil parameters at the designated location from site-specific assessment. 

However, natural offshore soil is rarely homogeneous, and its properties may be greatly varied across 

a site (Uzielli et al., 2007; Cheon and Gilbert, 2014).  

Therefore, without site-investigation results, the evaluation of future spudcan installation, even at a 

location near a historical operation, remains an unsolved problem. By accounting for the spatial 

variability and correlation, the interpolation technique can give a rough estimation of a certain soil 

parameter at unsampled locations based on existing soil parameters at surrounding locations (Lacasse 

and Nadim, 1997; Baecher and Christian, 2005). As recommended by DNV (2002), Kriging is a 

probabilistic-based approach to interpolation that is well-suited for soils. The kriging approach has been 

widely applied to estimate and interpolate soil parameters using existing site investigations, such as 

cone penetration tests (CPTs) (Firouzianbandpey et al., 2015; Li et al., 2016). The basic idea of kriging 

is to predict the value of a function at a given point by computing a weighted average of the known 

values of the function in the neighbourhood of the point (Cassidy et al., 2015; Li et al., 2016).  

𝜃0  = ∑ 𝜆𝑖𝜃𝑖

𝑁

𝑖=1

 Equation 2.41 

where 𝜆𝑖 is the weight of the parameter of interest 𝜃𝑖 and 𝜃0 is the estimated parameter at the unsampled 

location. To assign a weight to each measured data point, the kriging equation is applied, 
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[
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⋮
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1
… 𝑟𝑁𝑁 1
… 1     0

] [

𝜆1

⋮
𝜆𝑁

𝑚

] = [

𝑟10

⋮
𝑟𝑁0

1

] Equation 2.42 

where 𝑟𝑖𝑗 denotes the modelled semivariogram value based on the separation distance between the 𝑖𝑡ℎ 

and 𝑗𝑡ℎ locations. The unknown 𝑚 is a Lagrange multiplier that ensures that the sum of the weights 𝜆𝑖 

equals one, and therefore, the estimated value is unbiased. This kriging equation is produced based on 

the semivariogram model fitted to sample semivariograms, 𝑟(ℎ), expressed in Equation 2.43 as a 

function of the lag distance h.  

𝑟(ℎ) =
1

2𝑁(ℎ)
∑ [𝜃𝑖 − 𝜃𝑖+ℎ]2

𝑁(ℎ)

𝑖=1

 Equation 2.43 

i in which N(h) is the number of pairs of locations within a subset of the lag distance h. 𝑟(ℎ) is the 

semivariogram value for the data pairs with property values of 𝜃𝑖  and 𝜃𝑖+ℎ . The empirical 

semivariograms obtained from measured data are then fitted to theoretical semivariogram models with 

least-square regression to produce the geostatistical parameters, nugget, sill and range. Several 

semivariogram models and functions are available and are listed in Table 2.4 (Biswas and Si, 2013). 

The accuracy of the estimation is affected by the quality of the modelled semivariogram and is indicated 

by an important parameter, the kriging variance 𝜎2 

𝜎2 = 𝐸(𝜃0 − 𝜃0)2 Equation 2.44 

The kriging approach has been found to have the capability to interpolate soil parameters from known 

soil investigation results and has been adopted successfully in many disciplines of science and 

engineering. It has the potential to provide a preliminary prediction of spudcan penetration behaviour 

at locations where there is little knowledge available for the ground condition. 

 

2.6 Conclusion 

A brief review of current predictive methods for calculating the peak penetration resistance and the full 

penetration-resistance profile of a spudcan penetrating sand-over-clay has been presented. These will 

be evaluated further using the existing centrifuge database and the new centrifuge tests of this thesis in 

Chapter 3. Although the analytical methods are recommended in current design guidelines, the 

prediction performance is dispersed and heavily subject to the soil parameters, engineering judgements 

and the predictive methods applied due to the uncertainties that are ignored. 

Considering the uncertainties, the approach of investigating and quantifying the variance in the design 

parameters, as well as the model itself, was briefly reviewed. In addition, rather than providing a single 
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value prediction of the penetration-resistance profile, a probabilistic method is developed by providing 

the percentile curves of the spudcan penetration response to provide engineers a visualisation of the 

uncertainties and indicators of what action should be taken based on the observed response. However, 

this probabilistic method heavily depends on the assigned statistics of the design parameters, for which 

there is no available guidance to be applied. As highlighted in InSafe JIP (Osborne et al., 2011) and 

Houlsby (2016), the measured data of historical spudcan installation are recommended with the 

potential of being a very important site investigation tool for better quantitative understanding of soil 

profiles.  

Bayes’ theorem is widely applied as a statistical tool for updating predictions with monitoring data. 

After a brief review of the Bayes’ theorem, a current application of this method in the real-time updating 

of the peak penetration behaviour with the measured data was presented. However, achievement of 

updating soil parameters using monitored data for offshore jack-up installations is still lacking a detailed 

method, although such applications are available in other fields. 

Finally, instead of focusing on the soil parameters at the designated location, the correlations of the soil 

properties between locations are taken into account based on the spatial variability in nature. A 

statistical interpolation method (i.e. kriging interpolation) was presented to estimate the soil parameters 

at unsampled locations using the site investigation results at surrounding locations. It has the potential 

to provide predictions for spudcan installations at any location without site investigations at each 

location. 
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Table 2.1 Coefficient of variation (COV) of undrained shear strength derived from 

InSafe database (after Bienen et al., 2010) 

Testing method Mean of COV (%) Range of COV (%) 

Unconsolidated Undrained (UU) 20 3−37 

Miniature Vane (MV) 20 0−48 

Motor Vane (MotV) 12 3−18 

Torvane (TV) 13 2−31 

Pocket Penetrometer (PP) 19 4−44 

CPTu 23 2−41 
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Table 2.2 A pragmatic approach for the statistical distributions of variables 

Variables Variance of uncertainty Example 

Spudcan geometry Standard deviation 
e.g. the dimensional tolerance may be taken as 𝑇 = 0.05 m, resulting in a 

standard deviation on all dimension values of 𝜎 = 0.074 m. 

Soil properties 

Undrained strength COV 
e.g. the overall COV for the undrained shear strength may be taken as 

10%, and the individual layer COV taken as 5%, resulting in a total COV 

for each layer as: 

𝑉su(total) = √𝑉su(overall)
2 + 𝑉su(layer)

2 = √0.12 + 0.022 ≈ 0.112 
Buoyant unit weight COV 

Positions of soil horizons Standard deviation 
e.g. high quality CPTU testing at each spudcan location is used to identify 

soil horizons and the depth tolerance is set to 0.15 m. 

Calculation 

uncertainty 

Bearing capacity 

factors 
COV 

e.g. the COV is estimated by considering the range of values of bearing 

capacity factors determined by different techniques Roughness factors COV 

Backflow calculation COV 
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Table 2.3 Categories of observed response and suggested actions (after Houlsby, 2010; 

Osborne et al., 2011) 

Comparison of field 

data with prediction 

Example Diagnosis 
Suggested 

action 
Percentile 

Follow 

prediction 

trend 

2Within 

25% 

−75% 

Yes 

 

Good 

prediction: 

model closely 

fits observed 

behaviour 

None required 

No 

 

Moderate 

prediction: 

model may 

not capture 

mechanism 

correctly, in 

which case fit 

may be 

coincidental 

Interrogate 

assumptions 

made in model 

in attempt to 

identify 

satisfactory 

explanation of 

discrepancy 

Outside 

25% 

−75%,  

but within  

5% −95%, 

Yes 

 

Moderate 

prediction: 

model 

captures 

essential 

trend of data, 

but may 

contain 

systematic 

error 

Attempt to 

identify reason 

for systematic 

error 
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No 

 

Poor 

prediction: 

important 

features of 

mechanisms 

may not be 

captured 

Need to 

identify 

reasons for 

failure to 

model 

important 

mechanisms 

and establish 

improved 

model 

Outside 

5% −95% 

Yes 

 

Poor 

prediction: 

model may 

capture trend 

of data but 

large 

systematic 

error 

Essential to 

identify source 

of systematic 

error to explain 

discrepancy 

No 

 

Prediction 

fails to 

capture 

observed 

response 

Potentially 

dangerous as 

the 

mechanisms 

and values 

assumed in the 

predictive 

model are 

clearly 

inappropriate. 

Further action 

required to 

understand site 

conditions 
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Table 2.4 Typical semivariogram fitting models 

Model Mathematical expression 

Exponential 
𝛾(ℎ) = 𝑐 [1 − 𝑒𝑥𝑝 (

−ℎ

𝑎
)] 

Spherical 
𝛾(ℎ) = {

𝑐 [1.5 (
ℎ

𝑎
) −

1

2
(

ℎ2

𝑎2)] , 𝑓𝑜𝑟 0 ≤ ℎ ≤ 𝑎

𝑐,                                              𝑓𝑜𝑟 ℎ > 𝑎

 

Gaussian 
𝛾(ℎ) = 𝑐 [1 − 𝑒𝑥𝑝 (

−ℎ3

𝑎3 )] 

Power 
𝛾(ℎ) = 𝑐ℎ𝑎 

h, c and a are the separation distance, sill and range of the theoretical fit of sample semivariogram; 𝛾(ℎ) 

is the semivariogram at separation distance h  
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Figure 2.1 Conceptual model for load spread method 

 

 

Figure 2.2 Conceptual model for punching shear method  
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Figure 2.3 Design chart for evaluating the punching shear coefficient Ks (after Hu, 2015) 
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Figure 2.4 Conceptual model for the Lee et al method (after Lee, 2009) 

 

 

 

(a) 

(b) 

(c) 
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Figure 2.5 Conceptual model for the Hu et al. method (after Cassidy et al., 2015) 
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Figure 2.6 Predicted and measured spudcan penetration on sand over clay soil in the 

Gulf of Mexico (after Van Dijk and Yetginer, 2015)  
 



Chapter 2 Literature Review 

51 

 

 

 

Figure 2.7 Comparison of the model realizations and measurements of (a) the peak 

penetration resistance qpeak; (b) the peak penetration depth dpeak (after Li et al., 2018) 

(a) 

(b) 
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Figure 2.8 Probability distribution function (PDF) and cumulative distribution function 

(CDF) of the model uncertainty factor (a) εq for the peak penetration resistance; (b) εd 

for the peak penetration depth (after Li et al., 2018) 

  

 

 

(a) 

(b) 
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(a) Estimating profiles of undrained shear strength 

 

 

(b) Use of arbitrary strength estimates to produce the spudcan penetration profile 

 

Figure 2.9 InSafe recommend methodology with estimated soil strength (after Cassidy 

et al., 2015) 
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Figure 2.10 Probabilistic penetration-resistance percentiles of spudcan penetrating 

sand-over-clay 
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Figure 2.11 Prior probability contours of peak behaviour compared with measured and 

deterministic values (after Li et al., 2018) 
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Figure 2.12 Comparison of the model realisations and the best-fitted values of 

parameter ξ (Li et al., 2018) 

 

Figure 2.13 Bayesian updating of the peak behaviour contours using the monitored data 
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 EXPERIMENTAL TESTS 

3.1 Target Problem 

Physical modelling plays a vital role in geotechnical engineering due to the complexity of construction 

processes and the limitation in the numerical models used to predict soil response (Randolph and House, 

2001). Among all physical models, full-scale test measurements are most desirable for the validation 

and calibration of predictive design methods. However, analytical models developed from the field 

installation of actual spudcans are relatively intractable because they are created under uncontrolled 

environments and most of the records for field installations are not available in the public domain 

(Osborne et al., 2009). In addition, performing dedicated full-scale testing of offshore spudcan 

penetrations is not practicable due to the excessive time and cost involved. 

Alternatively, centrifuge modelling offers a valuable tool for easily and economically performing the 

reduced‐scale modelling of a full‐scale problem, which enables a better understanding of the structure 

behaviour and a sound design methodology under controlled conditions (Murff, 1996; Gaudin, 2012). 

By simulating field-scale stress levels at model scale, the investigation of offshore geotechnical 

operations and processes, such as the installation of spudcans, has benefited significantly from 

centrifuge modelling. For a spudcan penetrating sand overlying clay, many physical models have been 

conducted in geotechnical centrifuges by previous researchers, such as Craig and Chua (1990), Teh et 

al. (2008; 2010), Lee et al. (2009; 2013a) and Hu et al. (2014a; 2014b). All these tests targeted 

development of analytical formulae for deterministic analysis and as such much care was taken to test 

under homogeneous and well-characterized soil conditions. 

To fulfil the aims and motivation of this research, to account for the inherent variability and spatial 

correlation of natural seabeds, a novel technique to prepare a three-dimensional (3D) sand-over-clay 

model with controlled variability was developed for the 10 m diameter fixed beam centrifuge at The 

University of Western Australia (UWA). Fourteen spudcan foundation tests were performed and this 

provides a relevant database for calibrating the proposed probabilistic and statistical frameworks.  

The innovations and advantages are as follows: 

1. Adequate space is provided to conduct fourteen spudcan penetration tests by using the 10 m 

diameter 240 g-tonne C72 geotechnical beam centrifuge. The centrifuge features are detailed 

by Gaudin et al. (2018). 

2. Economic efficiency with reduced consolidation time is demonstrated by using Malaysia kaolin. 

3. The possibility of investigating the effect of soil variability and spatial correlation on the 

behaviour of spudcan penetration is offered by preparing the sand-overlying-clay soil model 

with controlled variability. 
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In this chapter, a brief description of centrifuge modelling principles is provided, followed by the 

introduction of the C72 beam centrifuge and the experimental apparatus. The experimental programme 

including the method to prepare spatially variable soil samples is detailed. All experimental results are 

provided, and towards the end of the chapter the results are interpreted and compared with the existing 

predictive models, i.e. the load spread method (Terzaghi and Peck, 1948), the punching shear method 

(Hanna and Meyerhof, 1980), Lee et al. method (Lee et al., 2013b) and the Hu et al. method (Hu et al., 

2014b). The results are then used to underpin the statistical methods developed in Chapters 4 to 6. 

 

3.2 Principles of Centrifuge Modelling 

The mechanical properties of geotechnical materials depend on many factors, such as stress level and 

stress history. To produce equivalent stress conditions, the centrifuge applies an increased body weight 

by increasing the gravitational acceleration to properly replicate the full-scale problem, usually referred 

to as the prototype, within the scaled model. 

During centrifuge testing, a strongbox container of soil is spun around a central axis with a radial 

distance 𝑟 at a rotational speed 𝜔. Therefore, anything within the container will experience a centrifugal 

acceleration 𝑟𝜔2, which can also be expressed as the acceleration level 𝑁 times the Earth's gravitational 

acceleration g. 

As summarized by Taylor (2014), the basic scaling law involving the acceleration level in geotechnical 

centrifuge testing connects the behaviour observed in a reduced-scale experiment to the expected 

behaviour in the equivalent prototype. For example, if the soil model is placed in a centrifuge and 

subjected to an acceleration of 𝑁 g, then the stress level experienced by the soil at a depth 𝑧 below the 

soil surface is approximately equal to that experienced by the in situ soil at a depth of 𝑁 × 𝑧. This 

fundamental scaling law allows for a number of associated scaling laws (e.g. see Garnier et al., 2007); 

for instance loads are reduced by a factor of 𝑁2, which allows laboratory scale load cells with high 

precision to be used. Additionally, the use of a small-scale model shortens drainage paths, resulting in 

a significant reduction of the soil consolidation time by 1 𝑁2⁄ . Therefore, the geotechnical centrifuge 

enables correct and meaningful observations and measurements by replicating field conditions at a 

much-reduced testing scale but with significantly increased efficiency in terms of both time and budget. 

 

3.3 C72 Beam Centrifuge at UWA 

3.3.1 Centrifuge specification 

The Actidyn C72 geotechnical centrifuge C72, as shown in Figure 3.1, was established at UWA in 2016 

(Gaudin et al., 2018). This 240 g-t centrifuge is equipped with advanced simulation capabilities, 
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including in-flight automatic balancing, an advanced 4D robotic manipulator and state-of-the-art optic 

fibre transmission for data and video. This beam centrifuge is equipped with a 5 m arm and a swing 

platform of 1.2 m × 1.2 m × 1.2 m, which houses all experimental instruments, such as the strongbox 

in which soil samples are prepared, actuators and load cells. The maximum rotation speed of the 

centrifuge is 152.5 rpm, which is equivalent to an acceleration of 130 times Earth’s gravity (referred to 

as 130 g) for a load of 1400 kg. A lower maximum acceleration of 100 g (133.7 rpm) applies when the 

maximum payload of 2400 kg is accommodated. Experimental results and visualizations are transferred 

as analogue signals through the data acquisition system, named DigiDaq (Gaudin et al., 2009), which 

is mounted on a platform within the shroud of the centrifuge basket. Console PCs are set up in the 

control room for data acquisition and continuous monitoring during tests, as presented in Figure 3.2. 

 

3.3.2 Strongbox 

To implement multiple spudcan penetration tests within a field area, a large cylindrical strongbox is 

used with an internal diameter of 0.895 m and a height of 0.7 m. As presented in Figure 3.3, the actuator 

is mounted on top of the strongbox and controls the vertical and horizontal movement of the testing tool 

or model during in-flight testing. Controlling the actuator allows multiple penetration tests with the 

same type of footing model to be conducted at different locations in the sample. This enables significant 

time savings associated with ramping down/up the centrifuge for adjusting the position of the actuator 

before the next test. 

 

3.3.3 Actuator 

The 2D actuator used in this centrifuge test allows movement in the vertical and horizontal directions 

with a maximum capacity and velocity of 12 kN and 13.5 mm/s respectively for each axis. As presented 

in Figure 3.4, the actuator is mounted on top of the strongbox and controls the vertical and horizontal 

movement of the testing tool or model during in-flight testing. Each axis of motion can be 

simultaneously and independently controlled by an updated version of the Package Actuator Control 

System (PACS2), in either load or displacement control. Additionally, the actuators can be controlled 

by either prescribing the target load or displacement values or the load and displacement rate, or running 

a pre-programmed sequence. This function enables significant time savings by executing and 

terminating each test independently without stopping the centrifuge. 
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3.4 Experimental Apparatus 

3.4.1 Footing Model 

In this centrifuge study, footing models with diameters of 30 mm, 40 mm and 50 mm were used to 

represent the jack-up foundation. These spudcan models were fabricated for previous centrifuge tests 

at UWA (Lee et al., 2013a), and follow the generic shape initially used in testing by Martin and Houlsby 

(2000) and consistently at UWA by Bienen et al. (2009), Lee et al. (2013a) and Hu et al. (2014a) and 

others. The main conical angle and spigot angle were 13° and 76° respectively. Figure 3.5 provides the 

dimensions of the spudcans tested. A photograph of the spudcans used in this study is presented in 

Figure 3.6. The spudcan was installed under displacement control and the penetration resistance 

measured by a load cell attached between the spudcan leg and the actuator. 

 

3.4.2 T-bar penetrometer 

A T-bar penetrometer (T-bar), as presented in Figure 3.7, was used to evaluate the soil strength profile 

of the layered clay in the experiments. The T-bar used in this study consisted of a cylinder bar, 5 mm 

in diameter and 20 mm in length attached perpendicularly to a shaft. Strain gauges located on the shaft 

just above the ‘bar’ measure the penetration resistance. As a so-called ‘full-flow’ penetrometer, the T-

bar enables the simplified computation of undrained shear strength without correcting for overburden 

stress (Randolph, 2004). In addition, the associated uncertainties in the bearing capacity factor are lower 

relative to a cone, due to the accurate plasticity solution for flow around a cylindrical (i.e. Randolph 

and Houlsby, 1984). This allows a more accurate estimation of undrained shear strength, 𝑠u, directly 

from the measured penetration resistance 𝑞u as: 

𝑠u =
𝑞u

𝑁T−bar
 Equation 3.1 

where 𝑁T−bar is the bearing factor of the T-bar. Following Martin and Randolph (2006) a value of 

𝑁T−bar = 10.5 was used. It was reduced at shallow embedment to account for the influence of the soil 

surface and soil buoyancy, and following the method proposed by White et al. (2010). 

Interpreting the strength parameters of a sand-over-clay soil profile with penetrometers remains difficult, 

due to the influence of the sand. During the penetration from the sand layer into the underlying clay, a 

lump of sand is trapped beneath the penetrometer, which therefore increases the measured penetration 

resistance. To avoid the problem of sand becoming trapped beneath the T-bar and the resulting  

overestimation of the undrained shear strength of the clay, T-bar tests were usually performed after 

removal of the upper sand layer (Teh et al., 2010; Lee et al., 2013a; Hu et al., 2014a). However, 

removing the sand layer in a sample with an inclined sand-clay interface (i.e. the sample utilised in the 

tests considered in this thesis) would be challenging, and heightens the risk of damaging the underlying 
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clay. Therefore, in this study, a number of 3D-printed Polylactic acid (PLA) tubes were located within 

the sand layer, allowing the T-bar to pass ‘through’ the sand layer into the underlying clay. These not 

only ensure that the T-bar penetrates the clay layer in isolation, but also provide a feasible means of 

conducting T-bar penetration tests over the course of the testing. 

 

3.4.3 Pore pressure transducer (PPT) 

Several differential pore pressure transducers (PPTs) with a measurement range of 700 kPa, were 

installed and sealed in the wall of the strongbox at different depths before the tests. The PPTs allow the 

degree of consolidation of clay to be determined by monitoring the excess pore pressure development 

and subsequent dissipation during spinning of the centrifuge. The vertical stress in the soil induced by 

spinning the centrifuge to achieve an acceleration of 𝑁 g generates excess pore pressure 𝑢i in the soil. 

The excess pore pressure gradually dissipates with time until the pore pressure reaches the hydrostatic 

pressure 𝑢0 . With the real-time pore pressure 𝑢t  being measured at any time t, the degree of 

consolidation 𝑈 for the soil sample is defined as 

𝑈(%) =
𝑢i  − 𝑢t

𝑢i − 𝑢0
× 100% Equation 3.2 

 

3.4.4 Soil scraping tool 

The key parameters in the prediction of the spudcan load-penetration behaviour for a sand-over-clay 

seabed profile are the thickness of the upper sand layer and the undrained shear strength of the 

underlying clay. As offshore deposits are rarely homogeneous, these two parameters are expected to 

vary spatially. In this study, this spatial variability was achieved by cutting a slope in the clay surface 

such that the overlying sand layer varied radially from the centre of the cylindrical strongbox. This 

variation in sand thickness also adjusts the surcharge pressure acting on the surface of the clay, and 

consequently the profile (with depth) of undrained shear strength of the clay layer. The slope of the 

sand-clay interface in these centrifuge tests was 30:447.5 (V:H), which is about 3.8°, and was achieved 

using a custom-designed scraping tool. As presented in Figure 3.8, the scraping tool was supported by 

a hollowed rectangular bar sitting on top of the strongbox and bolted on both sides using the threaded 

holes in the strongbox wall flanges. By manually rotating the handle on top of the tool, the blade at the 

bottom rotates, cutting a slope in the clay sample. The excess soil in front of the blade was collected 

manually from time to time during the procedure. The blade was fabricated with the targeted slope of 

the soil surface, and is interchangeable such that alternative blades with different slope angles may be 

used. 
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3.5 Soil Preparation 

The soil profile targeted in this study was very dense sand underlain by very low to medium strength 

overconsolidated clay, with variability in both the sand thickness and the clay strength. The following 

strategies were adopted during preparation of soil sample to achieve the variability in sand thickness 

and in the strength of the underlying clay: 

1. The strongbox was partitioned in two using a 5 mm thick stainless steel sheet, and a different 

sand surcharge thickness was used either side of the partition in an attempt to achieve 

differences in clay strength. 

2. After in-flight consolidation of the clay due to the surcharge, the partition and surcharge were 

removed and the surface of the clay was scraped using a custom-built tool that created an 

inclined clay surface radially from the centre of the strongbox. 

3. The upper sand layer was prepared over the inclined clay surface, such that the sand thickness 

varied across the sample.  

Detailed preparation procedures of the soil sample in this study are further described in this section. 

 

3.5.1 Malaysia kaolin clay 

In the present study, Malaysia kaolin clay was selected for testing due to its high coefficient of 

consolidation. Compared to the original kaolin clay, which has been used extensively in UWA 

centrifuge tests (Lee et al., 2013a; Hu et al., 2014a), the consolidation time required is significantly 

reduced. Malaysia kaolin clay has been used in the NUS beam centrifuge tests conducted by Teh et al. 

(2010), and its engineering properties are summarized in Table 3.1. 

 

3.5.2 Super fine silica sand 

UWA super fine silica was used as the upper sand layer and to apply the overburden surcharge. As 

widely applied by previous researchers, the investigation of the engineering properties of this sand is 

relatively mature, as presented in Table 3.2. 

 

3.5.3 Preparing the underlying clay layer 

First, 250 kg of dry Malaysia kaolin powder was mixed with water to produce a slurry with a water 

content of 120%, corresponding to 1.5 times the liquid limit. To ensure saturation, the mixing process 

was carried out in a vacuum mixer for 12 hours, as shown in Figure 3.9. The (well-mixed) clay slurry 

was then poured into the beam centrifuge strongbox to a depth of 500 mm. The centrifuge strongbox 
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containing the clay slurry was then placed on the centrifuge platform and consolidated under self-weight 

at an acceleration level of 80 g, set at a centrifuge radius of 4.73 m, corresponding to about one-third of 

the expected sample height. The PPTs installed on the wall of the strongbox were used to quantify the 

degree of consolidation of the soil sample. To reach approximately 95% degree of consolidation, the 

specimen was spun for approximately 24 hours. The free water level on top of the clay was maintained 

by drip-feeding water through a hose (fixed to the top of the strongbox), connected to the rotary union 

on the centrifuge, with the flow rate controlled in the centrifuge control room, as presented in Figure 

3.10. The clay thickness after self-weight consolidation was 315 mm. 

Upon reaching 95% degree of consolidation, the centrifuge was stopped to add the sand surcharge. To 

achieve different clay strength profile within the soil sample, a partition was half-way inserted into the 

normally consolidated clay at the middle of the strongbox, to facilitate adding a different thickness of 

sand surcharge at each section. Dry sand was then air-pluivated (using the automatic sand rainer, Figure 

3.11) on to the surface of the clay to form a 100 mm-thick and 50 mm-thick sand layer respectively 

either side of the partition. Figure 3.12 shows the partitioned strongbox before and after the sand 

surcharge was added. The soil sample was then returned to the centrifuge and the sand was saturated 

(from the sand surface) before spinning the centrifuge at an acceleration of 80 g for 13 hours, by which 

time the degree of consolidation in the clay was 95%. The centrifuge was again ramped down before 

removing the partition, free water and the sand surcharge. 

The clay was then scraped using the custom-made scraping tool to form an inclined clay surface with a 

30 mm difference in height between the edge and the centre of the strongbox. The target clay layer 

thickness was 200 mm in the centre increasing linearly to 230 mm at the edges. During the scraping 

process, clay saturation was maintained by gently spraying water onto the soil surface. Figure 3.13 

shows the preparation of the clay surface. 

 

3.5.4 Preparing the upper sand layer 

Before pluviating the sand layer directly onto the preloaded clay, eighteen 3D printed PLA tubes were 

placed on the surface of the clay. As presented in Figure 3.14(a), the tubes were located at the T-bar 

penetrometer test sites, which were selected to minimise the number of actuator position changes on 

the strongbox. To prevent sand from falling into the tubes, the top of the tubes were taped during 

pluviation. As with the temporary surcharge layer, the super fine silica sand was air pluviated onto the 

clay surface using the sand rainer. The target relatively density for the sand layer was 𝐼D = 90% (see 

Section 3.7.1), achieved by selecting a rainer hopper opening of 2 mm (and hence the thickness of the 

sand curtain), the horizontal velocity of the hopper of approximately 200 mm/s and the drop height 

from the hopper to the sand surface of 1.2 m. The upper sand layer is shown in Figure 3.14(b), and was 

saturated by seeping water into the strongbox from the top of the sand, which was then returned to the 
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centrifuge platform and spun to 80 g until the pore pressure in the clay was steady. The model and 

prototype dimensions of the prepared sand and clay samples are summarised in Table 3.3. 

 

3.6 Testing Programme 

3.6.1 Testing layout 

The testing programme comprises 14 spudcan penetration tests and 18 T-bar penetrometer tests 

conducted at 80 g. The locations of the spudcan penetration tests and the T-bar penetrometer tests are 

shown in Figure 3.15(a). 

A minimum boundary distance of 2.5 times the of spudcan or T-bar diameter was permitted to avoid 

boundary effects (Ullah et al., 2017). In addition, a centre-to-centre distance of three times the diameter 

was allowed between adjacent spudcan test sites to ensure that the tests were conducted in different and 

undisturbed soil. As presented in Figure 3.15(b), adequate spacing between the spudcan penetration 

tests and the T-bar penetrometer tests was allowed for by ensuring that the influence area of each test 

(indicated by the dashed lines in Figure 3.15(b)) did not overlap with any other test. Test locations in 

the strongbox were also constrained by the footprint that the actuator could move within. The 

arrangement of test locations was optimized to minimize the relocation of the actuator and the total time 

spent ramping up and down the centrifuge. Furthermore, the maximum installation depth was 160 mm 

as this was the maximum penetration of the actuator considering its position on the top of the centrifuge 

strongbox and the height of the sample within the strongbox. However, this was adequate for capturing 

the penetration resistance response of the spudcans and eliminating any influence from the rigid 

boundary at the base of the strongbox (Ullah et al., 2014). 

 

3.6.2 Testing procedures 

To minimize the soil disturbance during ramping up/down centrifuge, all tests were conducted within 

4 testing days following the procedure listed in Table 3.4. Cyclic T-bar penetrometer tests were carried 

out to obtain the undrained shear strength profile of the clay layer both before and after the spudcan 

tests. The strength profile of the clay was averaged from these penetrometer measurements to minimize 

the influence of the soil profile due to further consolidation associated with ramping up and down the 

centrifuge. The following criteria were applied to optimize the consistency of the soil characterization 

during the testing period: 

1. Spudcan penetration tests with a smaller footing diameter (= 30 m) were first conducted to 

ensure there was sufficient space within the sample for the remaining tests should a number of 

tests fail and need to be repeated. 
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2. Penetration tests with the same spudcan model were carried out together, particularly those 

located along the horizontal direction of the actuator, to minimize any time lost due to ramping 

up/down the centrifuge, relocating the actuator and changing the footing models. 

For each T-bar test, the T-bar penetrometer was first installed to a target penetration depth of 160 mm, 

followed by a cyclic phase of penetration and extraction between 85 mm and 105 mm for 15 cycles at 

a fixed velocity. This cyclic phase remoulded the soil and provided an indication of the sensitivity, 𝑆t. 

For a better understanding of the Malaysia kaolin, the soil sensitivity is interpreted and discussed in 

Section 3.7.2. 

Both the spudcan penetration tests and T-bar penetrometer tests were conducted under displacement 

control at a fixed velocity. The penetration of the footing model (or T-bar penetrometer) started in the 

free water above the soil surface, which allows the effects of buoyancy and the increased foundation 

weight (due to the increasing acceleration level with radius) to be isolated. 

For the penetration tests on the row across the centre of the strongbox, the following testing procedure 

was followed: 

1. Remove any soil from the footing model (or T-bar) from the previous tests after ramping down 

the centrifuge 

2. Place the actuator at the required position and attach the footing model (or T-bar) to the load 

cell and the actuator 

3. Adjust the location of the actuator and measure the expected horizontal travelling distance 

between tests 

4. Ramp up the centrifuge to 80 g and wait until the pore water pressure equalized (approximately 

30 mins) 

5. Zero the load cell reading and start the recordings 

6. Start the penetration test by controlling the vertical actuator 

7. Extract the footing model after reaching the maximum penetration depth 

8. According to the horizontal travelling distance measured in step 3, adjust the horizontal position 

of the footing model (or T-bar) to the next position and repeat steps 5-7 for another test 

9. After the row of tests have been completed, ramp down the centrifuge and repeat steps 1-10 for 

another row of tests 

 

3.6.3 Penetration velocity 

The T-bar and spudcans were penetrated under displacement control at a constant velocity, selected to 

achieve drained conditions in the sand and undrained conditions in the clay. The drainage response for 
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a penetrating object is controlled by the normalized velocity (Finnie, 1993; House et al., 2001; Randolph 

and Hope, 2004) 

𝑉 =
𝑣𝐷

𝑐v
 Equation 3.3 

where 𝑣 is the penetration velocity of the foundation or penetrometer with diameter 𝐷 and 𝑐v is the 

coefficient of consolidation. For these tests, where D is predetermined and 𝑐v is a characteristic of the 

soil, controlling V requires adjustment of the penetration velocity, v. As shown in numerous prior studies 

(e.g. Randolph and Hope, 2004; Colreavy et al., 2016), an undrained response in clay is achieved at 𝑉 > 

10, whereas at 𝑉 < 0.1 partial drainage changes the soil strength, leading to an increased (for contractile 

soils) penetration resistance. 

The penetration velocity adopted for the T-bar penetrometer was 𝑣 = 3 mm/s, which for the Malaysian 

kaolin clay with 𝑐v = 40 m2/year (in Table 3.1) and the T-bar diameter of 5 mm results in V = 27 and 

hence an undrained response. Undrained behaviour was also ensured in the clay for the spudcan 

penetration tests by adjusting the penetration velocity to 𝑣 = 1.14, 0.86 and 0.69 mm/s for spudcan 

models with 𝐷 =  30 mm, 40 mm and 50 mm respectively, such that V = 27. At these spudcan 

penetration rates, the dimensionless velocity 𝑉 was less than 0.1 for all tests in the sand layer, assuming 

the coefficient of consolidation 𝑐v is greater than 60,000 m2/year for UWA silica sand (Lee et al., 2013a). 

 

3.7 Interpretation and Discussion 

3.7.1 Characterization of the upper sand layer 

The relative density 𝐼D of the super fine silica sand is a fundamental parameter of the state of the sand 

and has a significant influence on the spudcan penetration resistance. In these centrifuge tests, to 

minimize the uncertainties within the interpretation approach and the measurement process, the relative 

densities 𝐼D were taken as the averaged value from the following two approaches: 

1. Before the upper sand layer was prepared, three sand samples were collected using 70-mm-

diameter sampling tubes under the same raining control parameters, i.e., 2 mm thick sand 

curtain, 200 mm/s horizontal velocity of the hopper and a drop height of 1.2 m from the hopper 

to the sand surface. The relative density of the three sand samples is calculated as 85.6%, 89.5% 

and 90.8%, respectively. 

2. During the preparation of the upper sand layer, the weight of the strongbox and soil sample was 

measured before and after pluviation. The relative density is calculated as 90.8%.  

For each approach, the weight and volume of the sand samples was obtained and yielded an average 

relative density of 90% with the COV of 3.0%. The dry density of the sand layer 𝛾s
′ was subsequently 

determined to be 10.44 kN/m3. 
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3.7.2 Characterization of the clay layer 

3.7.2.1 Effective unit weight 

The effective unit weight of the clay 𝛾c
′ was investigated after the centrifuge tests were complete. After 

removing the upper sand layer, clay samples were carefully extracted using a 25 mm diameter piston 

sampling tube. Six clay cores with a 25 mm diameter and a 200 mm length were obtained at different 

locations, 250 mm from the centre of the strongbox, as shown in Figure 3.15(b). Each core was then 

cut into 10 pieces, 20 mm thick, before being labelled and weighed individually. After oven drying at a 

temperature of 120 °C for over 24 hours, the samples were reweighed to calculate the moisture content. 

The effective unit weight of each clay sample was obtained, as presented in Figure 3.17, following 

Equation 3.4. 

𝛾c
′ =

𝐺s − 1

1 + 𝑤𝐺s
× 𝛾w

′  Equation 3.4 

where the specific gravity of Malaysian kaolin clay is 𝐺s = 2.6 and the effective unit weight of water, 

𝛾w
′  = 10 kN m3⁄ . In Figure 3.17, the profile of effective unit weight 𝛾c

′ with depth is relatively consistent 

across the soil sample with an average 𝛾c
′ = 6.40 kN m3⁄  and 2.5% variance. A slightly higher unit 

weight was observed at the surface, which is a result of overconsolidation after the removal of the upper 

sand layer at 1 g. 

3.7.2.2 Soil sensitivity 

The sensitivity of the clay, 𝑆t was interpreted from the measurement of the cyclic phase of the T-bar 

penetrometer test. A typical T-bar penetration resistance profile is shown in Figure 3.18. As noted in 

Section 3.6.2, the T-bar was initially penetrated to a target depth of 160 mm and then extracted to a 

depth of 75 mm before cycling the T-bar between penetration depths of 85 mm and 105 mm for 15 

cycles. Due to the progressive soil remoulding as the number of cycles increased, the measured 

resistance decreased until it reached a stable value at approximately the 9th penetration and extraction 

cycle, as show in Figure 3.19. The clay sensitivity can be inferred from the ratio of the intact soil strength 

(measured during the first penetration of the T-bar) to the steady state remoulded soil strength (Einav 

and Randolph, 2005) and was interpreted as approximately 3.8 in this study. 

3.7.2.3 Strength profile 

In this study, the soil sample was divided into two sections, each with a different clay strength profile. 

In each section, the thickness of the upper sand layer and the shear strength at the mudline increase 

when the distance is closer to the centre of the strongbox. Based on the locations of the 14 spudcan 

penetration tests, four sections of the soil samples are mainly considered in this study with the 

corresponding soil parameters, as listed in Table 3.5. The location of each section is presented in Figure 

3.15(b) and the cross-section of soil profile at each location is presented in Figure 3.16. To obtain the 
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undrained shear-strength profile of the clay layer in each section, two sets of T-bar penetrometer tests 

were performed in the clay layer (through the PLA tubes). The T-bar penetration resistance 

measurements were interpreted as described in Section 3.4.2, and are plotted in Figure 3.20. 

In each section, an increase in the undrained shear strength is observed from the Day 1 T-bar tests to 

the Day 4 T-bar tests; for example, in Figure 3.20(a), the strength profiles of T-bar tests T21 and T36 

are greater than those of T11 and T31 by approximately 30%. This observation implies that although a 

95% degree of consolidation has been achieved, the soil strength continued to increase, potentially due 

to the unload-reload cycles associated with the numerous stop/start cycles of the centrifuge. Considering 

the time-dependent variation of the soil strength, the undrained shear strength profile for the underlying 

clay was described by a strength intercept at the sand-clay interface 𝑠um and by a strength gradient with 

depth k. The average 𝑠um and k for all T-bar tests in the same section was then taken to represent each 

soil section, as presented in Figure 3.20. The characterization of the soil profile for all spudcan 

penetration tests is summarized in Table 3.5. 

In addition, the depth at which soil resistance (as detected by the T-bar) started to increase varied from 

location to location, which may be caused by the clay “swelling” back into the tube after the sand 

surcharge layer was removed. The spatial variability in the undrained shear strength profiles interpreted 

from the T-bar penetrometer tests at different sections appears to be lower than expected based on the 

overconsolidation ratio, and assuming a normally consolidated shear strength ratio (su/σ'v)NC = 0.24 

(Purwana et al., 2005). For example, applying the classic Ladd et al. (1977) expression, 

𝑠u = 𝜎v
′(𝑠u/𝜎v

′)NCOCR𝑛 Equation 3.5 

where OCR is the overconsolidation ratio and n is the plastic volumetric strain ratio taken as 0.8 (middle 

of the 0.7-0.9 ratio suggested in Mitchell and Soga, 2005), results in su = 16.7 kPa, 19.3 kPa, 25.2 kPa 

and 22.2 kPa for sections 1 to 4 respectively where the OCR varies from 2.5 to 4.9. The variation in the 

calculated su at the sand-clay interface is 15%, compared to the 7% variation inferred from the T-bar 

tests. The interpretation of soil strength profile is discussed further in Chapter 5 using the proposed 

Bayesian back-analysis method. 

 

3.7.3 Spudcan penetration resistance 

The complete penetration resistance profiles of all 14 tests with three spudcan foundations on four soil 

profiles of sand-overlying clay are presented in prototype scale in Figure 3.21. Each group of plots 

presents the penetration resistance profile of the spudcan tests conducted in one section, which has a 

particular sand thickness and clay strength profile. The corresponding configurations and results of the 

tests are summarized in Table 3.6. 
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The typical penetration resistance profiles of spudcan penetrating sand-over-clay from the centrifuge 

tests is shown in Figure 3.22. The penetration depth of zero corresponds to the depth where the full 

diameter of the model spudcan is in contact with the soil interface. As shown in Figure 3.22 (a), sand 

resistance initially builds up resulting in a peak resistance 𝑞peak near the sand surface, followed by an 

abrupt post-peak softening with a local minimum post-peak penetration resistance. After reaching the 

clay layer, the penetration resistance increases gradually as the foundation penetrates the clay. The 

vertical penetration from the onset of the peak resistance in the sand layer 𝑞peak to the depth when the 

bearing capacity regains a value equal to 𝑞peak defines the potential punch-through distance 𝑑punch. 

Another typical penetration-resistance profile is presented in Figure 3.22 (b). The peak penetration 

resistance establishes initially, followed by the gradual increase in resistance with a rapid leg run. 

 

3.7.4 Full penetration-resistance prediction 

3.7.4.1 Up-to-date centrifuge database 

Seventy one centrifuge model tests have been reported to investigate spudcan penetration response in 

sand-over-clay (Lee, 2009; Teh et al., 2010; Lee et al., 2013a; Hu et al., 2014a; Hu et al., 2016) and 

these are summarised by Hu et al. (2015b). In this study, the fourteen centrifuge experiments contribute 

to further expanding this experimental database, bringing the total number of tests from 71 to 85. Based 

on the existing database (Hu et al., 2015), the configurations and summary results of all 85 centrifuge 

tests are summarized in APPENDIX I. Although previous tests covered most parameters and geometries 

typically encountered in the field (Hu, 2015), the tests in this thesis broaden the range of normalized 

sand layer thickness from [0.16, 1.12] to [0.16, 1.27], and the strength gradient k from [1.20 kPa/m, 

2.13 kPa/m] to [1.20 kPa/m, 3.45 kPa/m]. 

3.7.4.2 Performance of the predictive models 

A retrospective prediction of the database has been undertaken to evaluate the widely applied prediction 

methods, including the load spread method and punching shear method used in the guidelines for site-

specific assessment of jack-ups (ISO, 2016) and recently developed methods by Lee et al. (2013b) and 

Hu et al. (2014b). In this section, the prediction methods with the current database are further evaluated, 

and the supporting deterministic method for the probabilistic models proposed in this study is selected. 

Comparisons of the full penetration resistance profiles using four predictive methods are first provided 

for the 14 centrifuge tests in this thesis, and all results are presented in APPENDIX II. Among them, 

four typical tests representing the same 3.2 m diameter model spudcan penetrating different soil profiles 

are highlighted in Figure 3.23. 



Chapter 3 Experimental Tests 

70 

 

As shown in Figure 3.23, both the load spread method and punching shear method adopted in ISO (2016) 

significantly underestimate the peak penetration resistance 𝑞peak  and the bearing capacity of the 

underlying clay 𝑞clay as the underlying failure mechanisms in this method are not appropriate, and the 

influence of entrapped sand on the bearing capacity factor is ignored. Interpretation allowing for the 

additional surcharge, presented as method (b), offers a better estimation of 𝑞peak than method (a). 

Although the Lee et al. method improves significantly the prediction of the peak penetration resistance, 

an overestimation of clay bearing capacity is observed in all cases in Figure 3.23, which leads to the 

poor prediction of the punch-through distance 𝑑punch and an underrating of the severity of potential 

risks. In contrast, the Hu et al. method appears to provide a more accurate prediction of both 𝑞peak and 

𝑞clay, which leads to a better overall prediction of the full penetration resistance profile and the punch-

through distance 𝑑punch. 

Furthermore, the overall prediction performance of each method is further evaluated with the 

retrospective prediction of the entire centrifuge database. The full database of 85 geotechnical 

centrifuge tests, with the configurations and summary results as presented in APPENDIX I, are 

retrospectively predicted for each case. The peak penetration resistance 𝑞peak, the bearing capacity of 

clay 𝑁c and the punch-through distance 𝑑punch are predicted with the existing prediction methods. The 

prediction performance is evaluated by the ratio of the predicted to measured value, which is plotted 

against the ratio of the sand thickness to the spudcan diameter 𝐻s 𝐷⁄  in Figure 3.24. A regression line 

is also plotted for each method to evaluate the robustness of the prediction against the 𝐻s 𝐷⁄  ratio. For 

the ISO guidelines, the load spread method and punching shear method with the interpretation approach 

(b) provide a better prediction of 𝑞peak due to the consideration of additional surcharge; therefore, the 

retrospective prediction of approach (b) is plotted instead of approach (a). The performance of each 

method is reported statistically in Table 3.7 to indicate the overall performance of each method. 

(a) Peak penetration resistance 

As presented in Figure 3.24(a), both the load spread method and punching shear method underestimate 

(by approximately 40%) the prediction of the peak penetration resistance 𝑞peak, although the prediction 

had already been improved by accounting for the additional surcharge. The Lee et al. method yields a 

better prediction, with 𝑞peak_pred 𝑞peak_m⁄  averaging at 0.98 with a significantly reduced coefficient of 

variation (COV) of 9.83%. However, decreasing performance is observed with a higher 𝐻s 𝐷⁄  ratio and 

a slope of -4.44°, where a negative slope of the regression line indicates that 𝑞peak_pred 𝑞peak_m⁄  

reduces with increasing 𝐻s 𝐷⁄ .  This is further improved with the Hu et al. method, with 

𝑞peak_pred 𝑞peak_m⁄  lying in the range 0.83 to 1.39 with a mean value of 1.00. The COV is further 

reduced to 8.35%, and the influence of 𝐻s 𝐷⁄  is almost negligible with the slope of the regression line 

as low as -0.59°. 
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Bearing capacity factor of clay 

The bearing capacity factor of clay 𝑁c is also underpredicted by both ISO methods, as presented in 

Figure 3.24(b)), underestimating the actual 𝑁c  value by approximately 56%, mainly because the 

entrapped sand plug is the considered in these methods. This effect has been accounted for by the Lee 

et al. method, which leads to an approximately 40% improvement in the prediction of the bearing 

capacity factor. However, due to ‘strain softening’, the predicted 𝑁c values are still underestimated with 

a skewness of -9.28°. By considering both effects of the entrapped sand plug and the ‘strain softening’, 

better predictions are obtained using the Hu et al. method with a mean value of 0.98 and a COV of 

7.78%. The prediction performance is applied to the full range of 𝐻s 𝐷⁄  values with a skewness of 0.74°. 

Punch-through distance 

Among the 85 centrifuge tests, 74 tests were observed to experience punch-through failure (as presented 

in APPENDIX II), and the punch-through distance is calculated for each case using the predictive 

methods. As presented in Figure 3.24(c), a significant underestimation of 𝑑punch is obtained with both 

the load spread method and punching shear method. The 𝑑punch_pred 𝑑punch_m⁄  ratio occupies a wide 

range of between 0.74 and 27.30, with a mean value of 2.38 (load spread method) and between 0.81 

and 24.75 with a mean value of 2.34 (punching shear method). The slope of the regression line is high, 

at approximately 43.57° and 34.78° for the load spread method and punching shear method respectively, 

indicating a strong dependence of 𝑑punch on 𝐻s 𝐷⁄ . The Lee et al. method performs reasonably well, 

with 59 punch-through cases being forecasted. However, although the mean value of the 

𝑑punch_pred 𝑑punch_m⁄  ratio is 0.99, the slope of the regression line is -15.30°, which results in 

underprediction of the punch-through distance at higher 𝐻s 𝐷⁄  ratios. The underestimation of the 

punch-through distance may have severe consequences for offshore operations due to underrating the 

potential risks during the design phase. In contrast, the Hu et al. method successfully predicts the 

majority of punch-through cases with an average 𝑑punch_pred 𝑑punch_m⁄  ratio of 1.06. The COV is 

32.8%, which is the lowest among all the predictive methods, while the regression line is very close to 

the line of equality with a slope of -1.22°, such that the method performs acceptably well at different 

𝐻s 𝐷⁄  ratios. 

Finally, the Hu et al. method shows better overall performance in the prediction of the full penetration-

resistance profile with reasonably accurate predictions of 𝑞peak , 𝑁c  and 𝑑punch  with hardly any 

dependence on 𝐻s 𝐷⁄ . Therefore, the Hu et al. method is further adopted as the underlying deterministic 

method in the probabilistic models proposed in the following chapters. 
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Table 3.1 Properties of Malaysian kaolin clay (after Purwana et al., 2005; Xie et al., 

2012) 

Property Value Unit 

Liquid limit, LL 80 % 

Plastic limit, PL 35 % 

Specific gravity, 𝐺s 2.60  

Coefficient of consolidation (at 100 kPa), 𝑐v 40 m2 year⁄  

Coefficient of permeability (at 100 kPa), 𝑘 2.0 × 10−8 m/s 

Angle of internal friction, 𝜙 23 degrees 

Unit weight, 𝛾 15.5 – 16.4 kN m3⁄  

Particle size 3.0 ~ 5.5 μm 

Modified Cam-clay parameters 

Critical state friction constant, 𝑀 0.9  

Gradient of normal consolidation line, λ 0.244  

Gradient of swelling line, κ 0.053  

Specific volume at p′ = 1 kPa, 𝑁 3.35  
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Table 3.2 Properties of super fine silica sand (Chow et al., 2019) 

Property Value Unit 

Specific gravity, 𝐺s 2.65  

Average effective mean particle size, 

𝑑50 
0.19 mm 

Particle size, 𝑑10 0.099 mm 

Particle size, 𝑑20 0.135 mm 

Fines content < 1.5 % 

Critical state friction angle 31 degrees 

Maximum void ratio, 𝑒max 0.7472  

Minimum void ratio, 𝑒min 0.4485  
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Table 3.3 Dimensions of the prepared soil sample 

Dimension 

Upper sand layer Underlying clay layer 

Model (mm) Prototype (m) Model (mm) Prototype (m) 

Diameter 895 71.6 895 71.6 

Thickness (centre) 50 4 200 16 

Thickness (edge) 20 1.6 230 18.4 

 

 

 

 

 

Table 3.4 Sequence of spudcan penetration and T-bar penetrometer tests 

Testing date Position Test name Diameter (mm) 

Day 1 

Actuator 2-2 T11 − T16 T-bar 

Actuator 4-4 T31 − T33 T-bar 

Actuator 5-5 S4H2D2, S2H3D2 30 

Day 2 

Actuator 6-6 S3H3D2, S2H3D2 30 

Actuator 7-7 S4H2D3a, S1H2D3c 40 

Actuator 9-9 S1H2D3b, S4H2D3b 40 

Day 3 

Actuator 1-1 S1H2D3a, S4H2D3c 40 

Actuator 3-3 S2H3D3, S3H3D3 40 

Actuator 3-3 S1H2D4, S4H2D4 50 

Day 4 
Actuator 4-4 T34 − T36 T-bar 

Actuator 8-8 T21 − T26 T-bar 
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Table 3.5 Prototype properties of spudcan penetration tests in this centrifuge experiment 

Test Name Section 

Footing geometry Sand parameters Clay parameters 

Spudcan 

diameter 

D (m) 

Spudcan 

conical 

angle θ (°) 

Thickness Hs 

(m) 

Effective 

unit weight 

𝜸𝐬
′  (kN/m3) 

Critical 

state 

friction 

angle ϕ (°) 

Relative 

density 

𝑰𝐃 (%) 

Effective 

unit 

weight 𝜸𝐜
′  

(kN/m3) 

Undrained 

shear 

strength at 

the 

mudline𝒔𝐮𝐦 

(kPa) 

Strength 

gradient 𝒌 

(kPa/m) 

S1H2D3a 

1 

3.2 

13 

2.24 

10.44 31 90 6.40 

10.52 3.20 

S1H2D3b 3.2 

S1H2D3c 3.2 

S1H2D2 2.4 

S1H2D4 4.0 

S2H3D2 
2 

2.4 
3.04 9.45 3.45 

S2H3D3 3.2 

S3H3D2 
3 

2.4 
3.04 10.21 3.25 

S3H3D3 3.2 

S4H2D3a 

4 

3.2 

2.24 8.73 3.10 

S4H2D3b 3.2 

S4H2D3c 3.2 

S4H2D2 2.4 

S4H2D4 4.0 
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Table 3.6 Configurations and results of the centrifuge tests in this centrifuge experiment 

Test name 

Footing 

geometry 
Sand parameters Clay parameters Experimental measurements 

D  

(m) 

θ  

(°) 

Hs  

(m) 
Hs/D 

𝜸𝐬
′

 

 (kN/m3) 

ϕ  

(°) 

ID  

(%) 

𝜸𝐜
′  (kN/

m3) 

sum 

(kPa) 

k 

(kPa/m) 

qpeak 

(kPa) 

dpeak 

(m) 

dpunch 

(m) 
Nc,test 

S1H2D3a 3.2 

13 

2.24 

0.70 

10.44 31 90 6.40 

10.52 3.20 

270.72 0.29 4.34 13.79 

S1H2D3b 3.2 0.70 289.12 0.45 3.58 15.83 

S1H2D3c 3.2 0.70 314.50 0.64 2.88 18.78 

S1H2D2 2.4 0.93 310.57 0.90 - 20.48 

S1H2D4 4.0 0.56 251.65 0.51 - 16.05 

S2H3D2 2.4 
3.04 

1.27 
9.45 3.45 

488.25 0.59 5.77 24.03 

S2H3D3 3.2 0.95 407.83 0.59 4.42 23.42 

S3H3D2 2.4 
3.04 

1.27 
10.21 3.25 

507.62 0.84 6.34 21.42 

S3H3D3 3.2 0.95 436.00 0.80 4.24 22.75 

S4H2D3a 3.2 

2.24 

0.70 

8.73 3.10 

271.18 0.27 3.02 18.84 

S4H2D3b 3.2 0.70 307.75 0.40 3.44 19.33 

S4H2D3c 3.2 0.70 284.87 0.54 3.42 17.00 

S4H2D2 2.4 0.93 374.77 0.34 4.68 21.11 

S4H2D4  4.0 0.56 284.07 0.51 3.23 16.48 
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Table 3.7 Performance indicators for each prediction method 

85 Centrifuge tests 

Prediction method 

ISO (2016) 
Lee et al. 

(2013b) 

Hu et al. 

(2014b) 
Load spread 

method (a) 

Load spread 

method (b) 

Punching shear 

method (a) 

Punching shear 

method (b) 

𝒒
𝐩

𝐞
𝐚

𝐤
,𝐝

𝐞
𝐭

𝒒⁄
𝐩

𝐞
𝐚

𝐤
,𝐦

 

Number of tests 85 85 85 85 85 85 

Min 0.07 0.34 0.29 0.37 0.77 0.83 

Max 0.53 0.75 0.65 0.79 1.28 1.39 

Mean 0.29 0.56 0.43 0.57 0.98 1.00 

σ 0.09 0.08 0.06 0.07 0.10 0.08 

Slope -4.36 -1.98 4.98 -9.15 -4.44 -0.59 

COV (%) 30.98 14.42 13.66 11.77 9.83 8.35 

𝑵
𝐜,

𝐝
𝐞

𝐭
𝑵⁄

𝐜,
𝐦

 

Number of tests 68 68 68 68 68 68 

Min 0.30 0.30 0.30 0.30 0.54 0.83 

Max 0.60 0.60 0.60 0.60 1.10 1.32 

Mean 0.44 0.44 0.44 0.44 0.84 0.98 

σ 0.07 0.07 0.07 0.07 0.09 0.08 

slope -13.28 -13.28 -13.28 -13.28 -9.28 0.74 

COV (%) 16.00 15.49 15.49 16.00 11.16 7.78 

𝒅
𝐩

𝐮
𝐧

𝐜𝐡
,𝐝

𝐞
𝐭

𝒅⁄
𝐩

𝐮
𝐧

𝐜𝐡
,𝐦

 Number of tests 48 74 68 74 59 66 

Min 0.49 0.74 0.61 0.81 0.63 0.67 

Max 4.54 27.30 10.56 24.75 2.16 2.24 

Mean 1.02 2.38 1.61 2.34 0.99 1.06 

σ 0.60 3.30 1.33 3.06 0.37 0.35 

Slope 35.38 43.57 32.56 34.76 -15.30 -1.55 

COV (%) 58.08 138.59 83.03 130.63 37.95 32.80 
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Figure 3.1 The C72 beam centrifuge at UWA 

 

 

 

Figure 3.2 Centrifuge control system 
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Figure 3.3 Cylindrical strongbox with the drainage system  
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Figure 3.4 2D actuator for the C72 centrifuge 
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Figure 3.5 Dimension of the model spudcans in this centrifuge test (measurements in mm) 
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Figure 3.6 The model spudcans used in the tests (Lee, 2009) 

 

 

Figure 3.7 The T-bar penetrometer used in the tests 
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Figure 3.8 Soil scraping tool built for the cylindrical strongbox in the C72 beam centrifuge  
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Figure 3.9 Sample preparation process: vacuum clay mixing 

 

 

Figure 3.10 Clay slurry  
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Figure 3.11 Preparation of sand surcharge using the automatic sand rainer 
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(a) 

 

 

(b) 

 

 

Figure 3.12 The partitioned strongbox (a) after the clay was normally consolidated; (b) 

after 200 mm-thick and 100 mm-thick sand surcharge were air-pulviated on top of the 

underlying clay

100 mm sand 

surcharge 
50 mm sand 

surcharge 
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Figure 3.13 The clay scraping process  
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(a)

 

 

(b) 

 

Figure 3.14 Photograph of the soil profile showing the 3D printed tubes for T-bar testing: (a) before adding the upper sand layer; (b) 

after adding the upper sand layer 
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(a) 

 

(b) 

 

Figure 3.15 Test layout in the strongbox: (a) locations (b) influence area of spudcan and 

T-bar penetrometer tests (numbers 1 to 9 are the horizontal testing rows) 
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Figure 3.16 Cross-section of soil profile with the locations of four sections 
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Figure 3.17 Depth profiles of effective unit weight of the clay at different locations 

within the sample 

 

            

Figure 3.18 Typical undrained shear strength profile interpreted from a cyclic T-bar 

test  
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Figure 3.19 Change in clay undrained shear strength during T-bar cycles  
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Figure 3.20 Undrained shear strength of the underlying clay interpreted from T-bar penetrometer tests 
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Figure 3.21 Spudcan penetration profiles from different sections in the soil sample 
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(a) 

 

(b) 

 

Figure 3.22 Typical spudcan penetration resistance profile in sand overlying clay from 

the centrifuge tests (a) Test S2H3D2; (b) Test S1H2D2  
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Figure 3.23 Evaluation of the predicted penetration resistance profile with different 

prediction methods for selected centrifuge tests 
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Figure 3.24 Comparison of the prediction performance against the Hs/D ratio in the 

centrifuge database with respect to: (a) peak penetration resistance qpeak; (b) bearing 

capacity factor Nc; and (c) punch-through distance dpunch 
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 PROBABILISTIC PUNCH-THROUGH DISTANCE 

FOR A SPUDCAN PENETRATING SAND-OVER-CLAY 

Abstract 

Assessing the potential for a punch-through failure during spudcan installation in sand overlying clay 

is crucial for reducing risk in the operations of offshore mobile jack-up platforms. A basic indicator of 

the severity of the punch-through event is the punch-through distance, which is defined as the vertical 

penetration from the peak punch-through load at the onset of failure until vertical force equilibrium is 

re-established in the underlying clay. Current methods used to calculate punch-through distance are 

deterministic. However, with the uncertainties in soil parameters (e.g. soil layers and soil strength), 

which cannot be modelled and processed explicitly in the deterministic models, there is a need to 

provide probabilistic methods to calculate the range of punch-through distance. This chapter presents a 

probabilistic approach to estimating the punch-through distance in sand-over-clay soils. The 

uncertainties in the soil-spudcan system are characterized using a database of both experimental tests 

and numerical simulations through the selection of suitable probability distributions and propagated to 

the deterministic model of punch-through distance. Example probabilistic calculations illustrate how 

the proposed method can be used to estimate the possible range and distribution of the punch-through 

distance. Retrospective simulation of geotechnical centrifuge experiments verifies its suitability. The 

proposed approach provides additional information to offshore operators on the potential and severity 

of any punch-through event. This should be useful in deciding on what operation procedures to adopt 

during a jack-up spudcan installation. 

 

4.1 Introduction 

Mobile jack-up platforms that consist of a floatable triangular platform supporting three independent 

truss-work legs are extensively used for offshore oil and gas drilling activities in shallow to moderate 

water (Le Tirant, 1979; Randolph and Gourvenec, 2011). A typically jack-up leg is supported by a large 

inverted conical foundation commonly known as a “spudcan” (see Cassidy et al., 2009 for example 

shapes). Upon arrival at a new site, the jack-up is self-installed by lifting the hull from the water and 

pushing the large spudcans into the seabed. The spudcan foundations are preloaded to a vertical load 

that exceeds the possible maximum in-service load by using the weight of the rig and seawater ballast 

tanks (SNAME, 2008; Randolph and Gourvenec, 2011).  

However, the installation and preloading process for jack-ups is complex due to the uncertainties in soil 

stratification and soil strength. It is particularly hazardous for installation in seabeds of sand overlying 

clay with the potential for unexpected punch-through events of the spudcan pushing the stronger sand 
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into the weaker underlying clay layer, as illustrated in Figure 4.1(a) (Cassidy et al., 2015). The self-

weight and vertical preload of the foundation are initially resisted by the sand bearing capacity. 

However, due to the reduction of the bearing capacity in the underlying softer clay soil, the leg will 

rapidly penetrate the lower layer until it encounters adequate resistance again (Lee, 2009). Such 

potential catastrophe may lead to rig damage and major financial implications (Osborne and Paisley, 

2002). The severity of the punch-through event depends on the punch-through distance 𝑑punch, which 

is defined as the penetration distance from the onset of the failure (defined as 𝑞peak in Figure 4.1(a)) to 

the point when the vertical resistance is re-established. Therefore, the accurate prediction of the punch-

through distance during spudcan installation into sand overlying clay is essential for indicating the 

severity of punch-through event. 

The punch-through distance 𝑑punch is capable of being derived from the penetration resistance profile 

of a spudcan on sand overlying clay, with new methods to estimate this provided recently by Teh et al. 

(2008), Lee et al. (2013a&b) and Hu et al. (2014a&b). However, these deterministic estimations are 

based on idealized model with unknown degrees of imperfections relative to reality, and thus involve 

additional uncertainty. Two types of uncertainties are related to this soil-spudcan model: one is aleatory 

uncertainty associated with the randomness in the observed information because of the inherent 

variability of basic information, such as soil properties and stratifications; another one is epistemic 

uncertainty associated with imperfect models. Thus, it is most likely that the single value of the punch-

through distance predicted by the deterministic model deviates from the true behaviour.  

Therefore, this chapter aims to develop a probabilistic framework by combining and quantifying these 

uncertainties to provide a possible range of the punch-through distance for a spudcan penetrating sand-

over-clay. This study is capable of offering additional and useful information for engineering practice. 

Firstly, the uncertainties associated with the soil-spudcan system are characterized using a dataset of 66 

sand-over-clay centrifuge tests and 57 numerical simulations. Subsequently, the probabilistic 

framework is developed to estimate the possible range of the punch-through distance in sand overlying 

clay. This new method is then used in retrospective probabilistic simulations of three geotechnical 

centrifuge tests representing a spudcan penetrating medium dense and dense sand into underlying soft 

clay.  

 

4.2 Punch-Through Distance in Deterministic Model 

Although the proposed probabilistic framework could be applied to any approach to calculate the 

penetration resistance profile, this chapter uses the deterministic model proposed by Hu et al. (2016). 

The Hu et al. model is based on the stress-dependent model for predicting the peak punch-through 

capacity 𝑞peak  of Lee et al. (2013a&b) with further modification incorporating the spudcan’s 
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mobilization-induced embedment and extending the applicability to different spudcan shape. As shown 

in Figure 4.1(b), the definition of the problem and parameters used in this deterministic model, as well 

as the following expressed equations are referred to Hu et al. (2015b).  

The peak penetration resistance 𝑞peak consists of the weight of a sand frustum, friction resistance along 

the side of sand block and bearing capacity in the underlying clay. After integrating the vertical force 

equilibrium of the conceptual sand frustum with infinitesimal horizontal discs, a final design equation 

for the peak penetration resistance 𝑞peak and the corresponding depth 𝑑peak is derived and expressed 

as Equation 4.1 and Equation 4.2: 

𝑞peak = (𝑁c0𝑠um + 𝑞0 + 0.12𝛾s
′𝐻s) (1 +

1.76𝐻s

𝐷
tan 𝛹)

𝐸∗

+
𝛾s

′𝐷

2 tan 𝛹 (𝐸∗ + 1)
[1

− (1 −
1.76𝐻s

𝐷
𝐸∗ tan 𝛹) (1 +

1.76𝐻s

𝐷
tan 𝛹)

𝐸∗

] 

Equation 4.1 

𝑑peak = 0.12𝐻s Equation 4.2 

where 𝐻s is the thickness of sand layer; D is the spudcan diameter; 𝑞0  is the effective overburden 

pressure at the depth of the foundation; 𝛾𝑠
′  is the effective unit weight of sand; 𝑁c0  is the bearing 

capacity factor of clay at the base of a circular foundation proposed by (Houlsby and Martin, 2003): 

𝑁c0 = 6.34 + 0.56
𝑘(𝐷 + 1.76𝐻s tan 𝛹)

𝑠um
 Equation 4.3 

where 𝑠um is the undrained shear strength of clay at the sand-clay interface and k is the strength gradient 

of clay. 𝐸∗ is a parameter to simplify the algebra (details can be found in (Hu et al., 2015a)). 

In addition to estimating the peak resistance in the sand layer, Hu et al. (2015b) provided an accurate 

prediction of the bearing capacity in the underlying clay. It was back-calculated from 52 centrifuge tests 

and 60 numerical Coupled Eulerian-Lagrangian (CEL) large-deformation analysis, extending the 

testing database to more cases of practical interest. An empirical Equation 4.4 of the bearing capacity 

factor 𝑁c,det for buried cylinders in a clay layer is recommended and applied into Equation 4.5 to predict 

the bearing resistance in the underlying clay, 𝑞clay. 

𝑁c,det = 11
𝐻𝑠

𝐷
+ 10.5                             0.16 ≤

𝐻𝑠

𝐷
≤ 1.12 Equation 4.4 

𝑞clay = 𝑁c,det𝑠𝑢0 + 0.9𝐻s𝛾c
′                   0.16 ≤

𝐻𝑠

𝐷
≤ 1.0  Equation 4.5 
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where 𝛾c
′ is the effective unit weight of the underlying clay and 𝑠u0 is the clay shear strength at the 

lowest level of the spudcan’s widest cross-sectional area with the expression as: 

𝑠u0 = 𝑠um + 𝑘𝑑clay 
Equation 4.6 

where 𝑑clay is the spudcan penetration depth from the sand-clay interface. 

Therefore, based on the definition of punch-through distance (see Figure 4.1(a)) and this deterministic 

model, the expression of 𝑑punch can be expressed as: 

𝑑punch =
𝑞peak − 0.9𝐻s𝛾c

′

𝑘𝑁c
−

𝑠um

𝑘
+ 𝐻s − 𝑑peak Equation 4.7 

 

4.3 Uncertainty Characterisation 

Uncertainties in the soil-spudcan system are characterized using a dataset of 66 centrifuge tests and 57 

numerical simulations that cover various spudcan geometries, different sand and clay prototypes, but 

represent a range of conditions of practical interest for punch-through failure of jack-up platforms (Dean, 

2010). Characterization is applied by subdividing the total uncertainties into individual components, 

such as observational uncertainty in each of the parameters and aleatory uncertainty of the imperfect 

models. This study assumes the punch-through event of the spudcan foundation has been observed and 

the peak penetration resistance 𝑞peak and corresponding depth 𝑑peak are measured. That is, we are not 

proposing a probabilistic method to calculate the peak punch-through load and depth and to account for 

the uncertainties remaining in them. Thus, based on the derived punch-through distance in Equation 4.7, 

the uncertainties of this deterministic model are mainly due to the model uncertainty of the bearing 

capacity factor, as shown in Equation 4.4, as well as the observational uncertainty of sand thickness and 

soil properties of the underlying clay. Because the observational uncertainty remaining in each model 

varies depending on different operational conditions and measuring instruments, it could be further 

considered based on the practical situation when offshore engineers are approaching a forward use of 

this method. This chapter therefore concentrates on investigating both the observational and aleatory 

uncertainty remaining in the bearing capacity factor, by comparing the (experimentally and numerically) 

measured values with the model-predicted values. However, it is worth noting that a complete and 

conservative approach could be made by taking into account the uncertainties of both peak penetration 

resistance 𝑞peak and corresponding depth 𝑑peak, as well as the observational uncertainty of the whole 

model for future research and engineering practice. 

Firstly, the bearing capacity factors at different depths in the clay layer (0.25D, 0.5D, 0.75D and 1D) 

were back-calculated from 66 centrifuge tests and 57 numerical simulations. The variation of the 

measured 𝑁c around the deterministic model (solid line) are plotted against the ratio of sand thickness 
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and spudcan diameter (𝐻s/𝐷) in Figure 4.2. The variation of the measured 𝑁c  may be due to the 

uncertainties in the clay’s properties, measurement error and imperfections within the empirical 

Equation 4.4. 

To account for the variation with respect to the deterministic model, a model uncertainty factor 휀nc is 

applied to the bearing capacity factor 𝑁c,det in Equation 4.4,  

𝑁c,u = 휀nc𝑁c,det Equation 4.8 

As the test data appear to be heteroscedastic, the scatter increases with increasing 𝐻s/𝐷, a multiplicative 

model factor 휀nc is adopted to predict the bearing capacity factor 𝑁c,u using Equation 4.8. Accounting 

for the versatility of the Beta distribution to fit a wide range of dataset histograms, the model uncertainty 

factor 휀nc is assumed to follow a Beta distribution. The fitted distribution was found to follow β(11.102, 

18.590) with the boundary of [0.585, 1.642]. The lower-bound and upper-bound are selected as 0.9 of 

the minimum 휀nc and 1.1 the maximum 휀nc, because it has a good performance to fully cover the 

possible range of potential values.  

The relative probability density histogram and the probability distribution function (PDF) of 휀nc are 

shown in Figure 4.3. In order to demonstrate a statistical analysis of the above probabilistic approach, 

a large number of model uncertainty factors 휀nc (say 100,000) is randomly generated from this Beta 

distribution for each measured value of 𝐻s/𝐷 to ensure that the statistics of output can be determined 

with reasonable accuracy. Then 5th, 25th, 50th, 75th and 95th percentile lines of the bearing capacity 

factor 𝑁c are drawn respectively in Figure 4.2 by joining the corresponding percentile points at different 

𝐻𝑠/𝐷 points.  

To validate that the percentile lines are accurately interpreted, a comparison of the “actual percentile” 

(coverage of the measured scatters) against the “predicted percentile” is demonstrated in Figure 4.4. All 

points lying around the 1:1 line would indicate that most features of the variability of 𝑁c have been 

captured with the appropriate probability distribution of the model uncertainty factor 휀nc.  

To further verify the applicability of the model uncertainty factor 휀nc, a series of realizations of 𝑁c,u 

can then be obtained by applying the above-generated random set of 휀nc using Equation 4.8. Figure 4.5 

shows a set of 𝑁c,u realizations (grey area) along with the deterministic model and the scatter of test 

data points. More than 99% of the measured data are covered by the 𝑁c,u realizations, which illustrates 

that the probabilistic estimation of the bearing capacity factor well characterizes most of the variations 

in the centrifuge data. Although a higher coverage could be achieved by adjusting the probability 

distribution of the model uncertainty factor 휀nc, an over-conservative prediction (with wider grey area) 

will be encountered by involving more variations. Therefore, accounting for the degree of 

conservativeness of this probabilistic estimation, the current probability distribution of 휀nc  is 
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demonstrated to be reasonably efficient and appropriate to characterize the uncertainties in this 

deterministic model. 

 

4.4 Probabilistic Punch-Through Distance 

A probabilistic punch-through distance is employed to estimate the probabilistic severity of the punch-

though event. The probabilistic model of the punch-through distance is derived from the deterministic 

model (Equation 4.7) and the relative empirical equation of the bearing capacity factor (Equation 4.4), 

as well as the model uncertainty factor 휀nc  from Equation 4.8. Firstly, 100,000 random model 

uncertainty factors are generated and used to calculate the possible punch-through distances 𝑑pu. To 

fully cover all of the potential values of 𝑑pu , the range from 0.9 of the minimum 𝑑pu  to 1.1 the 

maximum 𝑑pu  is then selected and subdivided into 50 discrete intervals. For each interval, the 

probability of the candidate punch-through distance 𝑑pui  occurring at the 𝑖𝑡ℎ  candidate distance, 

P(𝑑pui), is defined as the absolute frequency of the 𝑖𝑡ℎ interval normalized to the total number of events. 

Finally, the histogram is plotted with the probability distribution against the corresponding punch-

through distance, which is assumed to be Beta distributed. The relative histogram of the punch-through 

distance and the probability distribution function (PDF) of the fitted distribution for an example case is 

provided in Figure 4.6. 

 

4.5 Case Study 

The performance of this proposed method is examined by comparing the estimated probability of the 

punch-through distance with the measured values. Three typical centrifuge tests, labelled L2SP5, 

L1SP1 (Hu et al., 2014a) and UWA_F4 (Teh et al., 2010) are presented, and the probabilistic punch-

through distance of each case is estimated by the procedures described in the previous section and 

plotted in Figure 4.7, Figure 4.8 and Figure 4.9 respectively. In order to illustrate the prediction 

performance of this approach, the most probable 𝑑punch is expressed and compared with the measured 

and deterministic values. Furthermore, in order to provide experienced engineers with more information, 

different percentile ranges are also plotted in the following figures in terms of both a probability 

distribution function (PDF) and cumulative distribution function (CDF). 

Case 1: L2SP5 presents a loosely laid sand case with soil relative density 𝐼D = 0.43 and 𝐻s/𝐷 = 0.25 

overlying softer clay with 𝑠um = 11.36 kPa and 𝑘 = 1.54 kPa/m. A spudcan with a typical shape of 

13° conical angle was penetrated in the centrifuge. As shown in Figure 4.7, when the deterministic 

prediction of 𝑑punch is consistent with the measured value, the most probable 𝑑punch estimated locates 

even closer to the measured result than the deterministic result. 
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Case 2: Similar soil materials (𝐼D = 0.43, 𝑠um = 12.69 kPa and 𝑘 = 1.54 kPa/m) are used in L1SP1, 

but with a smaller spudcan diameter (𝐻s/𝐷 = 1 ) and a conical angle of 13°. The deterministic 

prediction of 𝑑punch in this case is larger than the measured value, as shown in Figure 4.8. Compared 

to the over-conservative prediction from the deterministic model, the most probable 𝑑punch estimated 

with this probabilistic method provides a more reasonable prediction with only 2% error from the 

measured result. 

Case 3: UWA_F4 involves a typical spudcan (again with a 13° conical angle) penetrating very dense 

sand (𝐼D = 0.99 and 𝐻s/𝐷 = 0.583) overlying the clay layer (𝑠um = 7.22 kPa and 𝑘 = 1.2 kPa/m), 

which is even softer than the previous cases. In Figure 4.9, it can be seen that the measured value of the 

punch-through distance appears to be much greater than the deterministic prediction, which is the most 

dangerous case in engineering practice. In contrast, the probabilistic method in this paper is capable of 

enhancing the accuracy of the prediction with a far more consistent estimation when compared to the 

measured value.  

The case studies showed that the probabilistic prediction is capable of providing more information and 

more accurate results for the punch-through distance, by accounting for the uncertainties within the soil-

spudcan system. With the percentile lines provided, this probabilistic approach could present 

experienced engineers with advanced information about the potential risks for their decision-making. 

For example, it can be illustrated from Figure 4.7(a) that there are more than 75% probability of the 

punch-through distance to be expected smaller than 6.8 m for case L2SP5. Furthermore, a possible 

range of 𝑑punch is able to be obtained as well with specified percentiles, which depends on the realistic 

target reliability levels and the precision of the geotechnical characterization in engineering application. 

For instance, the possible range of 𝑑punch within 35th to 65th percentile are predicted to be [5.8 m, 6.5 

m], [7.3 m, 8.1 m] and [8.8 m, 9.7 m] respectively for each case. For all these cases, the predicted 

possible range is capable of covering the measured values within a narrow range about 1 m, which can 

not only validate the accuracy of this probabilistic approach, but also provide offshore operators with 

instructive guidance on what course of action should be taken during the spudcan installation process. 

 

4.6 Conclusions 

This chapter has presented a probabilistic methodology to predict the probability of punch-through 

distance of a spudcan foundation penetrating sand overlying clay. As a complement to the deterministic 

model, which provides a single prediction without considering the uncertainties in the soil-spudcan 

system, this probabilistic approach provides the possible range and distribution of the punch-through 

distance. The model was developed by accounting for the relevant geotechnical and geometric 

uncertainties of 66 centrifuge tests and 57 numerical simulations. The practical application of this 
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approach was illustrated through three examples, and the results demonstrate that the predicted 

probabilistic punch-through distance is capable of providing offshore operators with accurate and 

helpful information of the possible range of punch-through distances that could be expected. With a 

further improvement, by introducing Bayesian updating with the monitored data during the spudcan 

installation, and taking into account of the uncertainty remaining in peak behaviours, as well as the 

observational uncertainty involved in the project based on the particular measurement, operational 

conditions and required reliability levels, this probabilistic framework has the potential to provide more 

guidance to offshore engineers for real-time decision-making during the jack-up installations.  

 

4.7 Further study based on the centrifuge tests in this thesis 

Accounting for the centrifuge tests in this thesis, further study and validation of this proposed 

probabilistic method has been conducted based on the up-to-date centrifuge database. The further 

research is presented in APPENDIX III.  
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(a) 

 

(b) 

 

Figure 4.1 (a) Punch-through failure and punch-through distance (after Cassidy et al. 

2015); (b) Definition of the problem and model parameters (after Hu et al 2015b) 
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Figure 4.2 Comparison of measured Nc with different percentiles 

 

 

Figure 4.3 Histogram and probability distribution function (PDF) of the model 

uncertainty factor εnc 
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Figure 4.4 Comparison of actual and predicted percentiles of Nc 

 

Figure 4.5 Comparison of probabilistic realizations and measured data of Nc 
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Figure 4.6 Histogram and probability distribution function (PDF) of punch-through 

distance dpunch 
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Figure 4.7 Comparison between probabilistic prediction and experimental 

measurement of dpunch in L2SP5: (a) CDF (b) PDF 
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Figure 4.8 Comparison between probabilistic prediction and experimental 

measurement of dpunch in L1SP1: (a) CDF (b) PDF 
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Figure 4.9 Comparison between probabilistic prediction and experimental 

measurement of dpunch in UWA_F4: (a) CDF (b) PDF
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 PROBABILISTIC SITE-CHARACTERISATION 

USING MONITORED SPUDCAN INSTALLATION DATA 

Abstract 

Predicting spudcan penetration is essential for reducing risk during the installation of an offshore mobile 

jack-up platform. However, predictions made prior to installation often deviate from those recorded in 

practice, mainly because inherent uncertainties in seabed soils are not adequately considered. In this 

chapter, the characteristics of the seabed are quantified using monitored spudcan installation data by 

developing a Bayesian framework coupled with Metropolis algorithm-based Markov chain Monte Carlo 

(MCMC) simulation. Applied to sand overlying clay conditions multiple readings from the load-

penetration curve are used to derive statistical interpretations of seabed parameters such as sand 

thickness, sand friction angle and the undrained shear strength profile of clay. Illustrative examples 

demonstrate the proposed method using data from geotechnical centrifuge tests and a monitored 

offshore jack-up. The accuracy of the method is also retrospectively examined against a database of 66 

centrifuge tests. The results show that the proposed method can provide consistent soil parameters with 

reduced uncertainty regardless of the influence of the updating sequence, number of MCMC chains, 

scale factors and the prior distributions applied. This method offers the offshore industry a new 

methodology to statistically interpret seabed conditions by incorporating monitored data. Potentially it 

could be combined with spatial interpolation methods to infer ground conditions and more accurately 

predict future spudcan installations. 

 

5.1 Introduction 

Mobile jack-up platforms are used for drilling oil and gas reservoirs (Le Tirant, 1979; Young et al., 

1984; Dean, 2010) and in the construction of offshore wind turbines (Lin et al., 2017; Jardine, 2020) 

because of their flexibility and cost-effectiveness. Each leg of a jack-up rig is supported by a large, 

roughly circular footing known as a ‘spudcan’ (Randolph et al., 2004; Dean, 2010; Randolph and 

Gourvenec, 2011). A jack-up is self-installed by lifting the hull off the water and pushing the 

approximately 5-20 m diameter spudcans into the seabed (Cassidy et al., 2015). An adequate bearing 

capacity to resist future storm loading must be reached during this preloading process and site-

assessment guidleines such as ISO 19901-5 (ISO, 2016) and InSafe JIP (Osborne et al., 2011) are used 

to predict the load-penetration curves of the jack-up spudcans.  

The decision-making procedure recommended by these guidelines, as presented in Figure 5.1(a), is to 

carry out a deterministic calculation for the load-penetration curve prior to the installation of the jack-

up at site (Cassidy et al., 2015). However, actual load-penetration response measured during installation 
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often differs from that predicted, and this is mainly due to uncertainties in deriving appropriate soil 

parameters of the seabed (Houlsby, 2016; Lacasse, 2016; Yi et al., 2020). The seabed stratification and 

soil properties are traditionally evaluated through site investigation and laboratory tests, such as triaxial 

tests and cone penetration tests (CPTs) (Osborne et al., 2011; Peng et al., 2014). However, challenges 

exist in both measuring and then interpreting soil parameters due to scarce or inadequate borehole data, 

spatial variations, measurement errors and the subjectivity of the interpretation method (Lacasse et al., 

2007; Bienen et al., 2010; Houlsby, 2010). Alternatively, use of installation data can be an extremely 

powerful tool to understand ground conditions (Peck, 1969), and such an approach to statistically 

characterise soil through the use of monitored jack-up data has been suggested by, amongst others, 

Bienen et al. (2010) and Houlsby (2016). An example of such an approach is Jiang et al. (2020) in which 

the strength parameters of clay are adjusted according to the field measurements of an installing spudcan 

using a parameter estimation technique. 

Bayesian back-analysis provides a robust and effective method for updating soil parameters and 

predicting geotechnical response by combining new observed information with an existing model 

(Zhang et al., 2010b). It has been successfully applied to improve the prediction of slope stability (Zhang 

et al., 2010a; Zhang et al., 2010b), the serviceability of braced excavation (Juang et al., 2013) and the 

settlement of embankment (Kelly and Huang, 2015; Zheng et al., 2018b), amongst others. In offshore 

construction, where the geotechnical characterization of soil parameters is necessarily limited due to 

expense and the difficult operational environment, the potential to back-analyse soil parameters with 

field observations is of interest.  

The self-installation process for jack-ups is complex, particularly into a non-homogeneous seabed. This 

chapter concentrates on the particularly severe case when a spudcan penetrates from an upper layer of 

stronger sand into underlying softer clay. A punch-through failure with large uncontrolled spudcan 

penetration may occur due to a sudden reduction in resistance (Meyerhof, 1974; Leung et al., 2007; Teh 

et al., 2010; Qiu and Grabe, 2012; Zhao et al., 2015). For the few past decades, the spudcan punch-

through failure continues to have the highest accident rate among all the causes of spudcan failures (Li 

et al., 2019). This can result in rig damage and may even cause severe personnel and environmental 

consequences. Therefore, accurately predicting the spudcan penetration behaviour and thus the potential 

for punch-through failure is essential for reducing risk in jack-up platform operations. 

The difficulty in applying a Bayesian back-analysis approach in jack-up installation lies in the fact that 

multiple soil layers in the seabed lead to multiple soil parameters that generally follow different 

statistical distributions. The Bayesian back-analysis methods as applied to slopes, excavation and 

embankment previously assumed that the parameters followed the same type of statistical distribution. 

A single-type distribution is not capable of characterising the properties of all soil parameters involved 

in the prediction of spudcan punch-through failure.  
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This chapter therefore aims to develop a systematic Bayesian back analysis framework, as illustrated in 

Figure 5.1(b), that optimises multiple soil parameters with multi-type statistical distributions associated 

with multiple readings during spudcan penetration from dense sand into underlying soft clay. This 

method can provide better statistical interpretations for various soil parameters simultaneously by 

integrating multiple field observations, such as various points on the spudcan load penetration curve, 

with the flexibility of choosing multiple types of distributions for design parameters. It can not only 

provide the prior guidance on the prediction of installation and what cause of action should be taken 

even before any site investigation is carried out, but also offer an on-going improvement of the 

installation when additional field observations are acquired. 

 

5.2 Back-Analysis Framework 

5.2.1 Underpinning deterministic method 

A typical penetration-resistance profile of a spudcan penetrating sand-over-clay is presented in Figure 

5.2. Initially sand resistance builds up until reaching a peak resistance 𝑞peak  at a corresponding 

penetration depth 𝑑peak . This is (often) followed by an abrupt post-peak softening with a local 

minimum post-peak penetration resistance. After reaching the clay layer, the penetration resistance 

increases gradually as the foundation penetrates the clay. The vertical penetration from the onset of the 

peak resistance in the sand layer 𝑞peak to the depth when the bearing capacity regains a value equal to 

𝑞peak  defines the potential punch-through distance 𝑑punch . These three values of 𝑞peak , 𝑑peak  and 

𝑑punch can be calculated deterministically, as will now be described, and form the underpinning model 

to back analyse the soil properties. 

Traditionally the load spread method (Terzaghi and Peck, 1948) and the punch shear method  (Hanna 

and Meyerhof, 1980) are used to predict the peak penetration resistance 𝑞peak for a footing on sand 

overlying clay. These remain the main methods recommended in industry guidelines SNAME (2008) 

and ISO (2016). Alternative approaches, such as the Teh et al. method (Teh, 2007; Teh et al., 2008; Teh 

et al., 2010), the Lee et al. method (Lee, 2009; Lee et al., 2013a; Lee et al., 2013b) and the Hu et al. 

method (Hu et al., 2014a; Hu, 2015; Hu et al., 2015b) have more recently been proposed to predict the 

full penetration resistance profile for a spudcan penetrating sand-over-clay. Although all the above-

mentioned analytical methods could be applied, the Hu et al. method is used in this study. 

The mechanism to predict 𝑞peak is shown in Figure 5.3. The peak penetration resistance occurs when a 

sand frustum with a dispersion angle equal to the angle of dilation 𝛹 is pushed into the underlying clay. 

Initially proposed by Lee (2009) and Lee et al. (2013a) and based on the visual observations in a 

centrifuge by Teh et al. (2008), this mechanism was improved by Hu et al. (2014a) to incorporate the 
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spudcan’s mobilization-induced embedment and extended to account for different spudcan shapes. The 

peak penetration resistance 𝑞peak is closely related to the weight of sand frustum, friction resistance 

along the side of sand block and bearing capacity in the underlying clay (Lee et al., 2013b; Hu et al., 

2014a). After integrating the vertical force equilibrium of the conceptual sand frustum with infinitesimal 

horizontal discs, a final design equation for the peak penetration resistance 𝑞peak and the corresponding 

depth 𝑑peak are derived and expressed as Equation 5.1 and Equation 5.2: 

𝑞peak = (𝑁c0𝑠um + 𝑞0 + 0.12𝛾s
′𝐻s) (1 +

1.76𝐻s

𝐷
tan 𝛹)

𝐸∗

+
𝛾s

′𝐷

2 tan 𝛹 (𝐸∗ + 1)
[1

− (1 −
1.76𝐻s

𝐷
𝐸∗ tan 𝛹) (1 +

1.76𝐻s

𝐷
tan 𝛹)

𝐸∗

] 

Equation 5.1 

𝑑peak = 0.12𝐻s Equation 5.2 

where 𝐻s is the thickness of the sand layer, D is the spudcan diameter, 𝑞0 is the effective overburden 

pressure at the depth of the foundation and 𝛾s
′ is the effective unit weight of sand. The parameter 𝐸∗, 

𝐸∗ = 2[1 + 𝐷F (
tan (ϕ∗)

tan (Ψ)
− 1)], simplifies the algebra with the detailed derivation available in Hu et al. 

(2015a). 

A key contribution of this method of calculating 𝑞peak is that it accounts for the stress level and dilatant 

behaviour of the sand. To achieve this, the Bolton (1986) empirical relationship is modified to derive 

the operative friction and dilation angles of the soil at 𝑞peak,  

𝐼R = 𝐼D(𝑄 − ln(𝑞peak)) − 1               0 < 𝐼R < 4 Equation 5.3 

𝜑′ − 𝜑cv = 2.65𝐼R Equation 5.4 

0.8𝛹 = 𝜑′ − 𝜑cv Equation 5.5 

where 𝐼D is the relative density of sand, 𝐼R is the dilatancy indicator, 𝑄 is the natural logarithm of the 

grain crushing strength, 𝜑′ and 𝜑cv are the operative and critical-state friction angles. 

𝑁c0 is the bearing capacity factor of the clay at the base of a circular foundation proposed by Houlsby 

and Martin (2003): 

𝑁c0 = 6.34 + 0.56
𝑘(𝐷 + 1.76𝐻s tan 𝛹)

𝑠um
 Equation 5.6 

where 𝑠um is the undrained shear strength of the clay at the sand-clay interface and 𝑘 is the strength 

gradient of the clay.  
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The punch-through distance 𝑑punch is further derived by Yang et al. (2017) as: 

𝑑punch =
𝑞peak − 0.9𝐻s𝛾c

′

𝑘𝑁c
−

𝑠um

𝑘
+ 𝐻s − 𝑑peak Equation 5.7 

where 𝛾c
′ is the effective unit weight of the clay. An empirical equation of the bearing capacity factor 

𝑁c for buried cylinders in the clay layer established by Hu et al. (2015b) is applied to predict the bearing 

capacity in the underlying clay. 

𝑁c = 11
𝐻s

𝐷
+ 10.5                         0.16 ≤

𝐻s

𝐷
≤ 1.12   Equation 5.8 

 

5.2.2 Probabilistic back analysis based on Bayes’ theorem 

Extending the deterministic method just described to a probabilistic method requires that the key 

variables affecting the response must be probabilistically assigned, and these make up the vector of 

random variables 𝛉. Of course, every variable in Equation 5.1 to Equation 5.8 could be included, but in 

the back-analysis method being established in this chapter this ends up requiring significant 

computational effort. Therefore, a preliminary sensitivity study, where nine variables in Equation 5.1 

to Equation 5.8 were independently varied one standard deviation above and below their mean, was 

used to reduce to the four most influential soil parameters. The parameters causing the largest change 

in both 𝑞peak and 𝑑punch were identified as sand thickness, sand friction angle, undrained clay shear 

strength at the interface of the sand and clay and the clay strength gradient. They are the four random 

variables considered for 𝛉. 

During spudcan installation, measurements of peak penetration resistance, peak penetration depth and 

punch-through distance are obtained and denoted as 𝐝. Design parameters 𝛉 = [𝐻s, 𝜑cv, 𝑠um, 𝑘] can be 

updated using the measured data 𝐝 = [𝑞peak,m, 𝑑peak,m, 𝑑punch,m] for a better cognitive realisation of 

the soil properties. 

As the basic tool for this updating, the Bayesian technique is a stochastic method to consecutively 

update random variables of soil parameters and reduce the uncertain variance with observed spudcan 

penetration. The basic equation is: 

𝑃(𝛉|𝐝) =
𝑃(𝛉)𝑃(𝐝|𝛉)

∫ 𝑃(𝛉)𝑃(𝐝|𝛉) 𝑑𝛉
∝ 𝑃(𝛉)𝑃(𝐝|𝛉) Equation 5.9 

where 𝑃(𝛉) is the prior probability distribution. The type and parameters of prior distribution for the 

variables 𝛉 can be estimated based on previous experimental results, site investigations or subjective 

knowledge (Zheng et al., 2018b). The posterior distribution 𝑃(𝛉|𝐝) represents the updated knowledge 

about soil parameters 𝛉 from both prior information and observations 𝐝 during spudcan installation. 
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𝑃(𝐝|𝛉) is the likelihood function, which indicates a conditional probability of observing the specified 

penetration behaviour 𝐝 when particular soil parameters 𝛉 are measured. 

The probability of each type of 𝐝 to be observed conditionally on the soil parameters 𝛉, is dependent 

on the deviation between measurement and prediction 𝑓(𝛉), which presents the estimated spudcan 

penetration behaviour, such as peak penetration resistance 𝑞peak,det, peak penetration depth 𝑑peak,det 

and punch-through distance 𝑑punch,det from Equation 5.1 to Equation 5.8. The relationship between the 

measurement 𝐝 and model prediction 𝑓(𝛉) can be expressed as: 

𝒅 = 𝑓(𝜽) + 𝜺 Equation 5.10 

where 𝛆 denotes the residual error. It is assumed to follow a normal distribution with a mean value of 

𝜇𝛆 and a standard deviation of 𝜎𝛆. The likelihood function of measurement 𝐝 can be derived as (Zhang 

et al., 2010b): 

𝑃(𝐝|𝛉) = ϕ [
𝐝 − 𝑓(𝛉) − 𝜇𝛆

𝜎𝛆
] Equation 5.11 

where ϕ is the probability distribution function of the standard normal distribution. 

The posterior distribution of random variables can be finally updated following Equation 5.9. However, 

evaluating the complete posterior distributions of parameters is not straightforward, especially when 

there are multiple types of random variables. Considering the high dimension of the posterior 

distribution and nonlinearity of the deterministic model, it is difficult to evaluate integrals and derive 

the posterior distribution traditionally with Bayesian inference. Therefore, the Markov Chain Monte 

Carlo (MCMC) algorithm is alternatively adopted as a method to solve integration and optimisation 

problems in Bayesian statistics when large dimensional spaces are involved (Andrieu et al., 2003). 

 

5.2.3 MCMC simulation and Metropolis algorithm 

The MCMC sampling method has been widely used in recent years to generate samples directly from 

the posterior probability distribution function without the need to evaluate a potential high-dimension 

integral in the Bayesian formulation (Brooks, 1998; Kelly and Huang, 2015). The Metropolis algorithm 

is a method to simulate a sequence of random samples from an arbitrary probability distribution function 

(PDF) and converge them to the target posterior distribution (Kelly and Huang, 2015). It was originally 

proposed by Metropolis and his co-workers in 1953 using a symmetrical proposal distribution 

(Metropolis et al., 1953). In this study, a multi-chain MCMC simulation is conducted with the 

Metropolis algorithm because of its simplicity and efficiency. In addition, by utilising a sequential back-

analysis procedure within each MCMC simulation, multi-type prior distributions can be allocated to 
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different soil parameters. The procedure of this back-analysis method is shown in Figure 5.4 and 

described as follows: 

(1) For a multi-chain MCMC simulation with a number of cn (cn ≥ 2) independent chains, each chain 

is simulating concurrently from the initial model parameter vector 𝛉0. Initial soil parameters 𝐻s
0, 

𝜑cv
0 , 𝑠um

0  and 𝑘0 are either chosen as the best-fit from the deterministic site investigation or sampled 

randomly from the prior probability distribution 𝑃(𝛉). To better demonstrate the potential of this 

back-analysis framework, the latter approach is used in this chapter. 

(2) For iteration 𝑖=1, 2, …, n: 

(a) In each iteration, the four soil parameters are back-analysed consecutively. The updating 

ordination of 𝐻s , 𝜑cv , 𝑠um  and 𝑘  is utilised here as 𝜃𝑗  (𝑗=1, 2, 3, 4) to illustrate this back-

analysis method. The effect of this sequence of updating will be illustrated through a series of 

sensitivity analyses later in the chapter. 

(b) When updating one particular soil parameter 𝜃𝑗, a proposed value 𝜃𝑗
∗ is simulated locally close 

to the current point 𝜃𝑗
𝑖 from a symmetrical proposal distribution 𝑔(𝜃𝑗

∗|𝜃𝑗
𝑖). It is assumed to be 

normally distributed with a mean value 𝜃𝑗
𝑖 and standard deviation 𝛿𝑗. The standard deviation 𝛿𝑗 

is also known as the scale factor of the 𝑗𝑡ℎ soil parameter, which determines the average jumping 

size to the next proposed candidate. For choosing a reasonable sized scale factor with optimal 

acceptance rate, a sensitivity study is carried out later in this chapter for analysing the influence 

of the scale factor on the back-analysis performance. The proposal distributions of variable 𝜃𝑗
∗ 

can be expressed as: 

𝑔(𝜃𝑗
∗|𝜃𝑗

𝑖) = N(𝜃𝑗
∗|𝜃𝑗

𝑖, 𝛿𝑗
2) = N(𝜃𝑗

∗ − 𝜃𝑗
𝑖|0, 𝛿𝑗

2) Equation 5.12 

where N is the probability distribution function of a normal distribution. A “candidate set” of 

soil parameters is therefore established as 𝛉∗ by introducing this proposed soil parameter 𝜃𝑗
∗ and 

keeping the other three variables unchanged from the previous step. The candidate parameters 

are sampled randomly from the proposal distribution. 

(c) The probability of observed spudcan penetration data 𝐝 depending on the proposed set of soil 

parameters 𝛉∗, known as the likelihood in Equation 5.11, can be derived as: 

𝑃(𝐝|𝛉∗) = ∏ N(𝑑𝑟|𝑓𝑟(𝛉∗), 𝜎εr
2 )

𝑚

𝑟=1

 Equation 5.13 

where 𝑟 is the observation index among m observations, 𝑓𝑟(𝛉∗) and 𝑑𝑟 respectively presents 

the 𝑟th predicted and observed spudcan installation behaviour. The standard deviation of the 



Chapter 5 Probabilistic Site-Characterisation Using Monitored Spudcan Installation Data 

127 

 

residual error for the 𝑟th  observation is denoted as 𝜎εr , which is influenced by the 

measurements undertaken. Considering the problem in our study, the likelihood function can 

be further expressed as: 

𝑷(𝐝|𝛉) = 𝐍(𝒅𝐩𝐞𝐚𝐤,𝐦|𝒅𝐩𝐞𝐚𝐤,𝐝𝐞𝐭, 𝝈𝛆𝟏
𝟐 ) × 𝐍(𝒒𝐩𝐞𝐚𝐤,𝐦|𝒒𝐩𝐞𝐚𝐤,𝐝𝐞𝐭, 𝝈𝛆𝟐

𝟐 )

× 𝐍(𝒅𝐩𝐮𝐧𝐜𝐡,𝐦|𝒅𝐩𝐮𝐧𝐜𝐡,𝐝𝐞𝐭, 𝝈𝛆𝟑
𝟐 ) 

Equation 5.14 

(d) The proposed soil parameters 𝛉∗  are either rejected or accepted based on the acceptance-

rejection procedure through a comparison of a random number 휁 from a uniform distribution 

U(0,1) with an acceptance ratio 𝛼 as (Wu and Chen, 2009): 

𝛼 =
𝑃(𝛉∗|𝐝)𝑔(𝛉𝑖−1|𝛉∗)

𝑃(𝛉𝑖−1|𝐝)𝑔(𝛉∗|𝛉𝑖−1)
=

𝑃(𝛉∗)𝑃(𝐝|𝛉∗)

𝑃(𝛉𝑖−1)𝑃(𝐝|𝛉𝑖−1)
 Equation 5.15 

where 𝑃(𝛉∗|𝐝) is the posterior density function calculated by incorporating the prior probability 

and the likelihood into Bayes’ theorem, as expressed in Equation 5.9. The acceptance ratio α 

indicates how probable the new proposed sample is with respect to the current soil parameters. 

If the posterior probability increases with the iteration, the candidate soil parameters are 

accepted as the next state of the Markov chain 𝛉𝑖+1 = 𝛉∗  with a probability of min(𝛼, 1); 

otherwise, set 𝛉𝑖+1 = 𝛉𝑖  when the “candidate state” is rejected with decreased posterior 

probability. Theoretically, the algorithm always accepts steps towards soil parameters with 

higher probability leading to the measured peak penetration resistance 𝑞peak,m, peak penetration 

depth 𝑑peak,m  and punch-through distance 𝑑punch,m , while only occasionally accepting 

downward steps. The acceptance criterion can be expressed as: 

𝛉𝑖+1 = 𝛉∗,         if min(𝛼, 1) ≥ 휁 Equation 5.16(a) 

𝛉𝑖+1 = 𝛉𝑖,          if min(𝛼, 1) ≤ 휁 Equation 5.16(b) 

(e) Go to Step (b) for updating the next soil parameter until 𝑗 = 4  and four parameters are 

completely updated in the 𝑖𝑡ℎ iteration. 

(f) Go to Step (a) for the next iteration until 𝑖 = 𝑛 and the iteration stops. 

When there are enough steps 𝑛 → ∞, the probability distribution of the Markov chain sample 𝜃𝑛 at the 

𝑛th iteration tends to the target posterior distribution (Au and Beck, 1999; Gelman et al., 2014). To 

implement the Metropolis algorithm, the prior probability distribution, likelihood, derivation of 

posterior distribution must be specified. They will be demonstrated in an illustrative example for a 

spudcan penetrating sand-over-clay. 

Although the method has been set out here for four soil parameters of 𝛉 and three observations of 𝐝, 

this methodology could be expanded to include more properties of each. 



Chapter 5 Probabilistic Site-Characterisation Using Monitored Spudcan Installation Data 

128 

 

 

5.3 Illustrative Example 

An experimentally measured spudcan penetration within a geotechnical centrifuge is used here to 

demonstrate and evaluate the performance of the proposed Bayesian back-analysis method. The shape 

of the model spudcan was as illustrated in Figure 5.3, and for a centrifuge test conducted at an 

acceleration of 100 g, it had a prototype diameter of 4 m, a conical angle of 13° and a small spigot of 

76° protruding at the centre of the conical base. This test, as reported by Teh et al (2010), was conducted 

in the UWA beam centrifuge, and admittedly, was one of 66 centrifuge tests used in deriving the Hu et 

al. deterministic model. The sand layer was estimated to be 3.5 m in prototype height and comprised of 

very dense sand (relative density 𝐼D = 99%). The undrained shear strength of the underlying clay was 

estimated to be 𝑠um of 7.22 kPa at the sand-clay interface with the clay strength gradient k of 1.2 kPa/m  

(Teh et al., 2010). 

The penetration-resistance profile measured in this centrifuge test is presented as the solid curve in 

Figure 5.5, which consists of a peak penetration resistance 𝑞peak,m = 371 kPa at a peak penetration 

depth 𝑑peak,m = 0.41 m followed by a punch-through distance 𝑑punch,m of 10.33 m. However, using 

the best estimated soil parameters from the experiment and Equation 5.1 to Equation 5.8, the 

deterministic prediction of the Hu et al. method is obtained and plotted as the dashed curve in Figure 

5.5. It demonstrates a punch-through at 0.42 m with an underestimated bearing capacity of 308.8 kPa 

and punch-through distance of 9 m.  

Can these inaccurate predictions, which in offshore operations could misguide the potential risks and 

severe consequences of punch-through failure, be improved upon if measured spudcan installation data 

could be incorporated? To answer this question, the soil parameters 𝐻s , 𝜑cv , 𝑠um  and 𝑘  are firstly 

updated with the proposed Bayesian back-analysis method using the experimental measurements 

𝑞peak,m , 𝑑peak,m  and 𝑑punch,m . The penetration-resistance profile of spudcan penetration is again 

predicted by Hu et al method (2015) with the posterior soil parameters. 

 

5.3.1 Prior distributions 

The experiment consisted of an upper sand layer and an underlying clay layer using superfine silica 

sand and UWA kaolin clay, respectively (Teh et al., 2010). The critical state friction angle of sand 𝜑cv 

was obtained from laboratory triaxial compression tests and the sand thickness 𝐻s by simply measuring 

the height with a ruler during soil preparation. The shear strength profile of the clay, 𝑠um and 𝑘 are 

evaluated by performing in-flight miniature piezocone and ball penetrometer tests prior to spudcan 

penetration.  
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Generally, Normal or Lognormal probability distributions bounded by particular ranges are commonly 

used to model variability in soil properties (Carswell, 2012). According to previous experience and 

subjective knowledge, the statistical sand thickness 𝐻s  and friction angle 𝜑cv  are assumed to be 

normally distributed with relative boundaries to avoid drawing negative soil parameters with positive 

probabilities, while the prior distributions of undrained strength 𝑠um  and strength gradient 𝑘  are 

assumed to be lognormal distributions. The probability distributions allocated for soil variables 𝛉 are 

established with the experimentally measurement and summarized  in Table 5.1 (Phoon, 1995; Skjong 

et al., 1995; Uzielli et al., 2007; Carswell, 2012; Carswell et al., 2014). The prior probability distribution 

functions (PDFs) of the soil parameters are presented as the dashed lines in Figure 5.6. 

 

5.3.2 Likelihood function 

The likelihood term 𝑃(𝐝|𝛉∗), defined as the frequency of spudcan installation behaviour 𝐝 being 

observed under the candidate set of soil parameters 𝛉∗ , is reflected in the difference between the 

predicted and monitored spudcan installation behaviour. The deviations are mainly influenced by the 

residual errors and imperfect interpretation models. The residual errors are assumed to be normally 

distributed with mean value 𝜇𝛆  of zero and standard deviation 𝜎𝛆 . Because of the controlled 

experimental conditions in this illustrative example, low to intermediate uncertainties with COV𝛆 of 

20%, 15% and 15% are assumed for peak penetration resistance 𝑞peak, peak penetration depth 𝑑peak 

and punch-through distance 𝑑punch, respectively, following the logic of Li et al. (2018). They are also 

assumed to be uncorrelated because they are independently measured, and each distribution describes 

a relationship between observations and predictions rather than a relation between observed results. 

 

5.3.3 Posterior distribution 

In this illustrative example, a multi-chain MCMC simulation is utilised to incorporate the Metropolis 

sampling method for establishing the posterior function. To employ this MCMC simulation, the 

proposal distribution of parameter is first demonstrated as a symmetrical normal distribution with the 

mean value of zero and the scale factor of 0.5. There are three MCMC chains applied in this example 

with 10,000 simulations in each chain. Soil parameters are updated separately and consecutively in each 

simulation. According to the acceptance-rejection procedure in Equation 5.15 and Equation 5.16, the 

MCMC chains converge to the target distribution at a stationary status by discarding the proposed 

samples with a small posterior density. Theoretically, as the number of samples increases, the variability 

of posterior statistics decreases, and the mean values of posterior outputs move towards the real soil 

properties. If the number of samples drawn from each chain is sufficiently large, the posterior 

distributions can be obtained as each chain has been advanced to an equilibrium status. 
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A widely used convergence diagnostic method for multivariate chains is employed to assess whether 

the chains are converged to a stationary status (Brooks and Gelman, 1998). Letting 𝜽𝑘𝑖 denote the 𝑖𝑡ℎ 

of the n iterations of soil parameters in the 𝑘𝑡ℎ of the cn chains, the between-sequence variance 𝐵 𝑛⁄  

and the within-sequence variance W are calculated based on Equation 5.17 and Equation 5.18. 

𝐵

𝑛
=

1

𝑐𝑛 − 1
∑(�̅�𝑘. − �̅�..)(�̅�𝑘. − �̅�..)
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𝑘=1
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𝑛
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�̂� =
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𝑛
𝑊 + (1 +

1

𝑐𝑛
) 𝐵

𝑛⁄  Equation 5.19 

MPSRF =
�̂�

𝑊
 Equation 5.20 

where �̅�𝑘. is the average soil parameter in the 𝑘𝑡ℎ of the cn chains and �̅�.. is the average soil parameter 

among the cn chains. By employing a posterior variance-covariance matrix following Equation 5.19, 

this convergence diagnostic approach can monitor the convergence through inference from multiple 

iteratively simulated sequences with over-dispersed starting points based on the calculation of 

multivariate potential scale reduction factor (MPSRF) as expressed in Equation (20). For multivariate 

chains, a convergence criterion MPSRF ≤ 1.1 is considered acceptable (Gelman et al., 2014). The 

equilibrium status is confirmed by checking if the chains that meet the converged criterion have lasted 

for at least 500 iterations. In this study, 10,000 simulations are applied for each chain with sound 

convergence with a computational cost of 500 seconds on a desktop computer with 8 G RAM and a 

standard fourth generation Intel Core i7-4600U CPU. The initial 2000 “burn-in” samples in each chain 

that might not meet the convergence criteria are discarded. The output posterior distribution is obtained 

using the converged portions of all chains. 

To be consistent with the type of prior distributions applied for soil parameters, the output sampler of 

sand thickness 𝐻s and friction angle 𝜑cv are fitted as normal distribution, while the posterior undrained 

strength 𝑠um  and strength gradient 𝑘  of the clay are assumed to follow lognormal distributions. 

Compared to the prior distributions, probability distribution functions (PDFs) of posterior soil 

parameters 𝐻s, 𝜑cv, 𝑠um and 𝑘 are summarised in Table 5.1 and plotted as the solid line in Figure 5.6. 

A significant modification for the distribution of clay undrained strength 𝑠um  via this multivariate 

MCMC is observed in Figure 5.6(c), where the mean value shifts from 7.22 kPa to 9.44 kPa and the 

coefficient of variation (COV) decreases from 30% to 9.7%. This is also consistent with the observation 

of Jiang et al. (2020) that the prediction of the penetration of spudcans in sand-over-clay is sensitive to 

the undrained shear strength at the mudline. As demonstrated in Figure 5.6(d), the uncertainty of 

strength gradient of clay 𝑘 is reduced from a COV of 80% to that of 11.2%. For both sand thickness 𝐻s 

and sand friction angle 𝜑cv in Figure 5.6(a) and (b), the variance of posterior distributions is greatly 
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decreased, while no significant changes on the mean values. These results imply the sand thickness and 

friction angle are accurately measured. It is consistent with the nature of cautious soil preparation and 

accurate measurement in the centrifuge (𝐻s) and triaxial tests (𝜑cv). It is also not inconceivable that the 

underlying clay strengths were as predicted in the posterior, as measuring these under the sand layer 

was difficult.  

The accuracy of the soil parameters updated from this Bayesian back-analysis method are also validated 

through predicting of spudcan penetration behaviour with both deterministic and probabilistic 

approaches. The mean values of the posterior soil parameters are firstly applied to predict the 

penetration-resistance profile using the Hu et al. deterministic model. Both predicted peak penetration 

resistance 𝑞peak and punch-through distance 𝑑punch are modified significantly from 308.8 kPa and 9 m 

to 371 kPa and 10.33 m, respectively. This makes them more consistent with the centrifuge 

measurements. The prediction of peak penetration depth is also updated from 0.42 m to 0.41 m, though 

admittedly, the prior prediction was already reasonably accurate. 

The most probable profile can provide the expected spudcan penetrations, however there is no rigorous 

basis for operators to make decisions when the characteristic values deviate from the most probable 

values. Thus a more sophisticated approach, as proposed by Houlsby (2010), is adopted to provide a 

probabilistic prediction of spudcan penetration with the statistical variations of soil parameters. Using 

Monte-Carlo simulation of the soil parameters 𝛉, a large number of spudcan penetration predictions are 

obtained under different scenarios with soil parameters randomly chosen from their statistical 

distribution. At each depth, the calculated penetration resistances are ranked in ascending order in the 

form of a cumulative distribution. For each cumulative probability density, all corresponding values at 

different depths are joined to form percentile penetration-resistance curves as shown in Figure 5.7. The 

penetration-resistance percentiles predicted with prior statistical soil parameters are plotted as the grey 

curves while the actual measurement from the centrifuge test is presented as the black one. By capturing 

all the variability of results, these curves provide operators with a rigorous basis to expect that 50% of 

the measurements would fall between the 25th and 75th percentiles and 90% of the measurements would 

fall between the 5th and 95th percentile range (Houlsby, 2010; Cassidy et al., 2015).  

However, if the uncertainties of soil variables applied are too large, the predicted distribution of results 

would be too wide to provide meaningful guidance. For example, Figure 5.7(a) presents a prior 

prediction of peak penetration resistance, which has a 50% possibility to be measured from 280 kPa to 

365 kPa. When the posterior parameters are employed, a good fit against experimental measurements 

is observed in Figure 5.7(b). The calculated penetration-resistance curves demonstrate a 50% 

probability for the peak penetration resistance to fall between 330 kPa and 360 kPa. The possible range 

which half of the peak penetration resistance are expected to fall in is dramatically reduced from 85 kPa 

to 30 kPa with the variance decreases from 30% to 10%.  
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This back-analysis method can deliver more indicative information about soil characterisations with 

reduced uncertainties compared to the conventional measurements. It can further provide instructive 

and meaningful predictions of spudcan installation using posterior design parameters to offshore 

operators as a guidance for their decision-making. 

 

5.4 Sensitivity Analyses and Robustness of the Proposed Method 

With the performance of the proposed method shown, results from sensitivity analyses exploring 

changes to the updating sequence, chain number, scale factor, as well as the prior distribution on the 

outputs of this multivariate MCMC simulation, are discussed in this section. This is to provide evidence 

of the robustness and efficiency of the proposed method. 

 

5.4.1 Updating sequence 

In this proposed method, a sequential back-analysis procedure is applied to assess the flexibility of 

allocating different types of prior distributions to soil parameters. The effect of the updating sequence 

on the posterior results is examined among 24 combinations of four soil parameters, 𝐻s, 𝜑cv, 𝑠um and 

𝑘. The posterior statistics from the MCMC simulations are observed to be similar when different back-

analysis sequences are employed. As an example, the PDFs via MCMC simulations with four different 

back-analysis sequences are illustrated in Figure 5.8. The posterior statistics of the soil parameters, 

obtained from different updating sequences are very consistent, with similar mean values and variance, 

however the probability density is slightly different due to the updating sequence varies. The results 

indicate that this Bayesian back-analysis method provides consistent posterior outputs of soil 

parameters regardless of the utilised updating sequence. 

 

5.4.2 Number of MCMC chains 

To examine whether using different numbers of chains would result in different outputs, three sets of 

MCMC simulations are performed with two, three and four chains. Scale factor 𝛿 of 0.5 is applied for 

each soil parameter in all the simulations. A total of 10,000 iterations are run for each chain to ensure 

that enough samples are used. The evolution of MPSRF throughout 6000 iterations with the initial 2000 

burn-in steps discarded is shown in Figure 5.9. There are 6000 iterations taking place for posterior 

samples to reach equilibrium status when a three-chain MCMC is applied. When the number of MCMC 

chains increases to four, sample outputs converge faster, requiring only 3700 simulations. When there 

are two MCMC chains applied, approximately 9000 iterations are required for full convergence. The 
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posterior PDFs of soil properties derived from MCMC simulations with different numbers of chains are 

shown in Figure 5.10 for comparison.  

Although the probability density is slightly different when different numbers of chains are used, the 

PDFs with different numbers of chains are capable of eliminating individual differences and may well 

describe the distribution pattern of the entire sample outputs. The results suggest that the number of 

chains has an important influence on the rate of convergence. However, there is no significant effect on 

the posterior statistics of updated soil parameters. 

 

5.4.3 Scale factor of proposal distribution 

To explore the influence of the scale factor on the back-analysis performance, three sets of MCMC 

simulations were carried out with different values of scale factor 𝛿, 𝛿 = 0.2, 0.5, 1.0. The evolutions of 

MPSRF are shown in Figure 5.9, and the corresponding sample outputs are demonstrated in Figure 5.11. 

The sample outputs from three-chain MCMC associated with 𝛿 = 0.5 reach the equilibrium status after 

approximately 6000 iterations, whereas the sample outputs associated with 𝛿 = 0.2 and 𝛿 = 1.0 require 

at least 9000 and 8000 iterations to reach the convergence criterion. Although, the outputs from the 

MCMC simulations associated with 𝛿 = 0.2 and 𝛿 = 1.0 are much slower than that with 𝛿 = 0.5, the 

posterior probability distributions of soil parameters presented in Figure 5.11 are almost identical to 

each other. These results demonstrate that the scale factor 𝛿  has a significant influence on the 

acceptance rate of the proposed parameters but does not have an important impact on the posterior 

sample outputs. A good proposal distribution can effectively reduce the number of rejections and 

increase the rate of convergence because of the reasonable resemblance between the proposal and the 

target distribution. If the scale factor is too small, then a small step (𝛉∗ − 𝛉𝑖) will be generated with a 

high possibility of acceptance but a low rate of convergence. If the scale factor is too large, a bold move 

is proposed from the body to the tails of the distribution with a small posterior density, which will 

reduce the chance of acceptance and eventually increase the computational cost. Thus, cautious 

attention is required when choosing the scale factor to achieve effective MCMC updating with reduced 

computational cost. 

 

5.4.4 Prior distribution 

The parameters of prior distributions are chosen before the initial MCMC simulation, depending on 

available experimental data, and in lieu of that (which is most often the case offshore), previous 

experience and subjective knowledge. In engineering practice, it is not always easy to obtain 

informative prior information from limited knowledge and experience. In this section, examining the 

influence of prior distribution on the updated results provides an understanding of the capability and 
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robustness of this Bayesian back-analysis model. Two alternative priors, i.e., semi-informed normal 

priors of sand thickness N(3.85,0.35) and N(3.5,0.7) with the mean and variance derived from the 

informed prior distribution N(3.5,0.35), are applied in this illustrative example as presented in Figure 

5.12(a). To examine the effect of priors on the outcomes of this back-analysis method, the 

corresponding normally distributed outputs of sand thickness resulting from different priors are 

compared.  

The sampler outputs resulting from the semi-informative priors for each uncertain soil parameter are 

demonstrated in Figure 5.12 along with posteriors back-analysed from the informative prior 

distributions. The posterior PDFs of sand thickness 𝐻s, sand friction angle 𝜑cv, clay undrained strength 

𝑠um and strength gradient of clay 𝑘 resulting from different prior distributions are identical with similar 

mean values and variations, while are slightly different in probability density. The only exception is 

observed in Figure 5.12(d) that the posterior statistics of sand friction angle 𝜑cv are influenced but not 

significantly by different prior properties applied.  

Through the sensitivity analysis of prior statistics, the posterior outputs are consistent and independent 

of the prior properties applied. Though slight difference between the posterior sand friction angle 𝜑cv 

is observed, the overall uncertainties of design parameters are effectively reduced, the individual 

differences among prior distributions therefore become inconspicuous.  

 

5.5 Application in an Offshore Field Study 

The previous example showed the proposed methodology working well, but admittedly for a well-

controlled and accurately measured geotechnical centrifuge test. Here the method is applied to an 

offshore case study.  

The field installation of a Marathon LeTourneau design, Class 116-C jack-up rig, with an effective 

spudcan area of 144 m2, into a difficult sand-over-clay seabed in the Gulf of Mexico is reported by Van 

Dijk and Yetginer (2015) and was used as a basis for an international prediction competition. Based on 

offshore site investigation data, the seabed was thought to have consisted of a 7 m thick median-dense 

to dense fine sand layer with a relative density 𝐼D of 64% overlying soft to stiff clay. The measured 

undrained strength 𝑠um and strength gradient of clay 𝑘 are 17.46 kPa and 1.37 kPa/m respectively.  

The spudcan penetration profile was measured during installation, with the discrete measurements taken 

offshore shown by circular markers in Figure 5.13. The monitored data indicated a punch-through 

failure occurring at 0.56 m, with measured load of 56 MN, and continuing for 15.48 m into the 

underlying clay. According to Van Dijk and Yetginer (2015), most of the predictions submitted to the 

competition underestimated the peak penetration load between 25 MN to 50 MN.  Based on Hu et al. 

model from Equation 4.1 to Equation 5.8, punch-through is predicted to occur for a load of 57·9 MN at 
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a depth of 0.84 m. This prediction is larger than the measured load and depth. The predictions using the 

load spread method (ISO, 2016), the punch shear method (Hanna and Meyerhof, 1980) and Hu et al. 

deterministic model are presented in Figure 5.13(a), compared with the measured spudcan penetration 

profile. 

In this study, soil parameters provided by Van Dijk and Yetginer (2015) are first updated using the 

proposed Bayesian back-analysis method and the installation measurements. The outputs of soil 

parameters 𝐻s , 𝜑cv , 𝑠um  and 𝑘  resulting from this multivariate MCMC simulation are presented in 

Figure 5.14 and compared with the prior distributions. The posterior statistics are significantly modified 

with a dramatic reduction in the variance of uncertainty using this back-analysis method. As presented 

in Figure 5.14(b), the mean value of sand thickness shifts from 7 m to 5.03 m with 50% reduced 

coefficient of variance. 

The updated statistical soil parameters also provide for a more accurate retrospective prediction of 

spudcan installation. Using the Hu et al. deterministic model (Equation 4.1-Equation 5.8) with the mean 

values of posterior soil parameters forecasts a punch-through failure occurring at 0.6 m in the sand layer 

with the punch-through load of 56 MN and for a distance of 15.5 m. This is more consistent with the 

field measurements. Further, the probabilistic predictions using the new back-calculated soil conditions 

are shown in Figure 5.13(c), with the spudcan penetration presented as grey curves. When the posterior 

statistical soil parameters are applied, the percentile predicted curves become more concentrated, which 

refines the possible spudcan penetrations progressively into a smaller range. The benefit of this can be 

seen when compared to the original predictions that only used the site-investigation data provided by 

Van Dijk and Yetginer (2015). In that case, and as illustrated in Figure 5.13(b), there is a 50% possibility 

that the peak vertical bearing capacity at punch-through will be greater than 55 MN but smaller than 73 

MN. After recalculating the seabed soil conditions with the spudcan field measurements, the range is 

significantly concentrated between 53 MN and 58 MN. The possible range for bearing capacity at 

punch-through is narrowed down by 70% towards the field observation (i.e., from 18 MN to 5 MN). 

However, the retrospective simulations are not perfect and it is observed that probabilistic profiles 

presented in Figure 5.13(c) do not match the measured installations near the sand-clay interface. This 

is because of the strong dependency of posterior statistical design parameters on the choice of the 

measured data. Without including measurements located near the sand and clay interface, the updated 

penetration-resistance profiles tend to stretch itself towards the measured peak penetration depth 

𝑑peak,m, peak penetration resistance 𝑞peak,m, and punch-through distance 𝑑punch,m. This characteristic 

also explains the considerable reduction of strength gradient of clay 𝑘 from 1.37 to 0.24 kPa/m.  

The method provided in this chapter easily allows more measured data to be included. A fourth field 

data point, at 0.88 m below the sand-clay interface, was included in the results shown in Figure 5.13(d). 

The posterior statistics of the seabed soil parameters are presented as the grey curves in Figure 5.14, 
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with for example, clay strength gradient 𝑘 in Figure 5.14(d), reduced from prior 1.37 kPa/m to 0.42 

kPa/m, but higher than the 0.24 kPa/m calculated using the three measured data points. The improved 

retrospective prediction of the full spudcan installation is shown in Figure 5.13(d), especially around 

the sand-clay interface where the additional measured data point was.  

 

5.6 Application to Retrospective Simulation of Entire Centrifuge 

Database 

In this section, the practical effect of this Bayesian back-analysis framework is demonstrated through 

existing cases of spudcan penetrating sand-over-clay. The full database of 66 existing geotechnical 

centrifuge tests (Teh, 2007; Lee, 2009; Hu, 2015), as well as one offshore field case (Van Dijk and 

Yetginer, 2015) are applied. For each case, soil parameters are firstly updated using this Bayesian 

method with experimental observations or field measurements of 𝑞peak,m,  𝑑peak,m  and 𝑑punch,m . 

Spudcan installations are initially estimated and further updated using the mean values of prior and 

posterior statistical design parameters associated with the Hu et al. deterministic model. The variation 

of the measurements with the predictions from the deterministic model is shown in Figure 5.15, with 

the scatters reflecting the degree of uncertainties. For instance, if the predicted peak penetration 

resistance 𝑞peak in Figure 5.15(a) is equal to the measured value, the dot will lie along the line of 

equality. The global coefficient of determination 𝑅2, indicates the accuracy of predictions by evaluating 

the global fit of scatters to the line of equality. 

When the prior parameters are replaced by the posterior ones, the global coefficient of determination 

increases from 0.126 to 0.785 for peak penetration depth, while the ones associated with peak 

penetration resistance and punch-through distance increase from 0.922 and 0.584 to 0.992 and 0.697, 

respectively. The predictions with posterior soil parameters in Figure 5.15(b), (d) and (f) present more 

consistent relationships with experimental measurements and field observations, compared to the 

predictions with prior soil parameters in Figure 5.15(a), (c) and (e). These results demonstrate the 

capability of this Bayesian back-analysis method of improving the overall predictions of spudcan 

installations by updating statistical soil parameters with experimental observations and field 

measurements. The differences between the relative improvements in the three results highlight that the 

underlying Hu et al. model can predict  𝑞peak and 𝑑peak easier than 𝑑punch, with the latter relying on 

combined predictions of load and displacement in both the sand and clay. A further discussion on 

improvements to the deterministic Hu et al. model, through use of installation data, can be found in Li 

et al. (2018) and Jiang et al. (2020). 
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5.7 Conclusions 

This chapter proposed a Bayesian framework coupled with the Metropolis algorithm-based MCMC 

simulation for back-analysing multiple soil parameters using different readings from spudcan 

installation measurements. An advantage of this method is that it can accommodate different types of 

prior distributions for the parameters. It has been applied for updating and refining the statistical design 

parameters with significantly reduced levels of uncertainty using the current centrifuge spudcan 

installation database as well as the field installation data in the Gulf of Mexico. The posterior statistics 

of soil parameters deliver a better understanding of site characterizations and therefore improved 

predictions of spudcan installations in both a deterministic and probabilistic manner.  

The effectiveness and robustness of this Bayesian back-analysis approach have been examined through 

a series of sensitivity analyses. The results demonstrate the robustness of this method of delivering 

consistent posterior soil samplers with hardly any influence of the updating sequence, the number of 

MCMC chains, scale factors or non-informative prior information. The posterior soil parameters can be 

further updated, when additional field measurements are included, to provide the prediction of jack-up 

installation with greater confidence. 

This Bayesian back-analysis method is potentially a powerful tool for the jack-up industry to interpret 

seabed sites and soil characteristics probabilistically and with values more aligned with spudcan 

installations.  

The challenge now is to determine whether these better statistical interpretations of a site can be used 

to characterise future jack-up installations at a distance further away, say by also incorporating spatial 

distribution and prediction methods such as Kriging interpolation (Li et al., 2016). This is currently 

under investigation through curated geotechnical centrifuge experiments at the University of Western 

Australia but will also require back-analysis of offshore installation datasets containing multiple jack-

up installations.  

 

5.8 Further study based on the centrifuge tests in this thesis 

Accounting for the centrifuge tests in this thesis, further study and validation of this proposed 

probabilistic method has been conducted based on the up-to-date centrifuge database. The further 

research is presented in APPENDIX IV. 
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Table 5.1 Applied parameters and the posterior statistics of random geotechnical variables in the illustrative example 

  

Parameters Distribution 

Prior  Posterior  

Mean 

value 

COV 

(%) 
Distribution 

Scale 

factor  𝜹 

Mean 

value 

COV 

(%) 
Distribution 

Sand layer thickness 𝐻s 

(m) 
Normal 3.5 10 N(3.5,0.35) 0.5 3.47 4.4 N(3.47, 0.15) 

Sand friction angle  𝜑cv 

(˚) 
Normal 31 5 N(31, 1.55) 0.5 31.94 3.5 N(31.94, 1.13) 

Undrained shear strength 

of clay at sand-clay 

interface 𝑠um (kPa) 

Lognormal 7.22 30 LN(1.934, 0.294) 0.5 9.44 9.7 LN(2.239, 0.096) 

Strength gradient of clay 

𝑘 (kPa/m) 
Lognormal 1.2 80 LN(-0.065, 0.703) 0.5 1.10 11.2 LN(0.089, 0.112) 
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Figure 5.1 Decision-making procedure for the installation of offshore jack-up units 
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Figure 5.2 Penetration-resistance profile of spudcan penetration in sand overlying clay 
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Figure 5.3 Definition of the problem (after Hu et al. 2015a) 
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Figure 5.4 Flowchart of multi-chain MCMC back-analysis framework 
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Figure 5.5 Deterministic prediction of spudcan penetration-resistance profile for the 

illustrative example with measured soil parameters 
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Figure 5.6 Probability distribution functions (PDFs) of prior and posterior soil 

parameters: (a) sand thickness Hs; (b) sand friction angle φcv; (c) undrained shear 

strength sum; (d) strength gradient of clay k.  
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Figure 5.7 Probabilistic prediction of spudcan penetration-resistance percentiles for the illustrative example with (a) prior soil 

parameters; (b) posterior soil parameters. 
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Figure 5.8 Posterior probability distributions of soil parameters updated with different 

back-analysis sequences: (a) sand thickness Hs; (b) sand friction angle φcv; (c) 

undrained shear strength sum; (d) strength gradient of clay k. 
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Figure 5.9 Evolutions of multivariate potential scale reduction factor (MPSRF) 

 



Chapter 5 Probabilistic Site-Characterisation Using Monitored Spudcan Installation Data 

153 

 

  

  

Figure 5.10 Posterior probability distributions of soil parameters updated with different 

numbers of Markov chains: (a) sand thickness Hs; (b) sand friction angle φcv; (c) 

undrained shear strength sum; (d) strength gradient of clay k. 
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Figure 5.11 Posterior probability distributions of soil parameters updated with different 

scale factors: (a) sand thickness Hs; (b) sand friction angle φcv; (c) undrained shear 

strength sum; (d) strength gradient of clay k. 
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Figure 5.12 Posterior distributions of soil parameters updated with different prior 

distributions: (a) prior distribution of sand thickness Hs; (b) posterior distribution of 

sand thickness Hs; (c) prior distribution of sand friction angle φcv; (d) posterior 

distribution of sand friction angle φcv; (e) prior distribution of undrained shear strength 

sum; (f) posterior distribution of undrained shear strength sum; (g) prior distribution of 

strength gradient of clay k; (h) posterior distribution of strength gradient of clay k. 
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Figure 5.13 Prediction of spudcan penetration-resistance profile for the field study with 

(a) soil parameters from site investigation (b) prior soil parameters; (c) posterior soil 

parameters back analyzed using three field measurements; (d) posterior soil parameters 

back analyzed using four field measurements; 
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Figure 5.14 Probability distribution functions (PDFs) of prior and posterior soil 

parameters for the field study: (a) sand thickness Hs; (b) sand friction angle φcv; (c) 

undrained shear strength sum; (d) strength gradient of clay k. 
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Figure 5.15 Comparisons of predicted results and observations using prior and 

posterior soil parameters 
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 A PROBABILISTIC FRAMEWORK FOR 

PREDICTING SPUDCAN PENETRATION AT UNSAMPLED 

LOCATIONS USING HISTORICAL INSTALLATION 

MEASUREMENTS 

Abstract 

The prediction of spudcan penetration behaviour is essential for reducing risk during the installation of 

an offshore mobile jack-up platform. The conventional approach relies on the geotechnical parameters 

obtained from site-specific investigation and assessment. Sufficient reliable and applicable site 

investigation data may be limited in developments covering a large spatial footprint, such that reliable 

prediction of the spudcan penetration response can be challenging. This study proposes a novel 

probabilistic framework for predicting spudcan installation behaviour using historical spudcan 

penetration measurements with less reliance on extensive site investigation. The merit of the proposed 

framework is demonstrated using data from geotechnical centrifuge tests, and compared from 

equivalent predictions obtained using a deterministic approach. The results show that the probabilistic 

framework is capable of providing a preliminary prediction of spudcan installation with limited site 

investigation. A series of parametric studies were then conducted to assess the rigorousness of the 

probabilistic framework. The probabilistic framework appears to be sensitive to the number of historic 

spudcans installations as well as the sampling approach used, however rather insensitive to the geometry 

of the spudcan considered. This probabilistic framework has the potential to be further applied for both 

renewable energy and oil and gas activities when multiple constructions are required, to realise time 

and cost savings. 

 

KEYWORDS: Spudcan; Bayesian back-analysis; Markov chain Monte Carlo; Kriging interpolation.  

 

6.1 Introduction 

Mobile jack-up platforms are widely used for oil and gas drilling and in the construction of offshore 

wind farms due to their mobility and ability to provide economic installation (Le Tirant, 1979; Tho et 

al., 2012; Lin et al., 2017; Jardine, 2020). A typical modern jack-up unit is supported by three or more 

independent legs, each resting on an inverted conical footing known as a “spudcan” (Randolph et al., 

2004; Dean, 2010). Their installation does, however, hold many geotechnical challenges. These arise 

from remote and difficult sites, with high costs to investigate and complexities in interpreting seabed 

soil conditions, and in the large loads and displacements the spudcans are placed under. Incidents of 
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failures remain, with one of the most critical being a punch-through of the spudcan from an overlying 

strong sand layer into an underlying soft clay (Hanna and Meyerhof, 1980; Okamura et al., 1998). 

Uncontrolled punch-through failures usually lead to structural damages in the jack-up and can have 

major environmental and financial consequences. New methods that provide offshore jack-up operators 

with improved information on the likely spudcan load-penetration response during installation have the 

potential to reduce the occurrence and severity of failure incidents. 

The conventional approach to assessing punch-through relies on a site-specific assessment (as close as 

practical to the future installation site) to measure and then interpret soil parameters that in-turn become 

key inputs into analytical models to predict the spudcan load-penetration profile (Parker et al., 2008). 

There is much uncertainty in this process. Data interpreted from the site investigations do not 

necessarily correspond with the actual seabed conditions where the spudcan unit is to be installed due 

to the inherent spatial variability of natural soils and the subjectivity in interpreting engineering 

parameters from the site investigation data. Without accounting for these uncertainties (Houlsby, 2016; 

Lacasse, 2016; Yi et al., 2020), and also those of the analytical model, the estimation of spudcan 

penetration behaviour often deviates from the actual load-penetration response later measured in the 

offshore environment (Van Dijk and Yetginer, 2015). In addition, offshore site investigations are both 

time consuming and expensive. This is exacerbated when there are multiple jack-up installations in a 

similar field, a case becoming more prevalent with the use of jack-ups to install wind turbines. 

A new approach that considers the jack-up installation data itself is proposed here. This probabilistic 

framework is presented in Figure 6.1. Monitored load-penetration records are first used to back-analyse 

the soil parameters at the locations where the spudcan has been installed, as suggested by Bienen et al. 

(2010) and Houlsby (2016). A method to achieve this is presented in Yang et al. (2020) and is followed 

in this paper. These soil parameters are then used to estimate soil parameters at a future spudcan 

installation location using interpolation, such as the Kriging interpolation method. As a stochastic 

interpolation technique recommended by DNV (2012), application examples of Kriging interpolation 

to identify soil stratification and properties include those reported by Altun et al. (2013), 

Firouzianbandpey et al. (2015) and Li et al. (2016). In this study, Kriging interpolation is utilized to 

estimate soil parameters at unsampled locations using the back-analysed soil profiles. Finally, the load-

penetration relationship can be predicted using the interpolated soil parameters. 

Each spudcan installation is capable of providing relevant and potentially very useful site data, and 

inclusion of this additional information in the proposed method can potentially enhance the prediction 

accuracy of the ground condition and the further estimation of the spudcan penetration response. For 

example, as presented in Figure 6.2(a), before a spudcan is installed at location 𝑆0, the load-penetration 

response is conventionally predicted through deterministic models using engineering parameters 

determined from the nearest borehole locations, 𝐵𝐻1  and 𝐵𝐻2 . After applying measurements of 

spudcan installations 𝑆1 and 𝑆2 (as presented in Figure 6.2(b)), the ground condition at the unsampled 
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location 𝑆0 can be better characterized. The prediction of spudcan penetration response will be further 

improved if the punch-through failure is captured at an earlier stage, which is critical during jack-up 

operation. 

 

6.2 Probabilistic Framework 

The proposed probabilistic framework, following the procedure presented in Figure 6.1, is detailed in 

the following sections.  

6.2.1 Conventional method based on site investigation  

Before a jack-up operation at a designated location, site investigations are conventionally completed to 

provide the basis for estimating the potential spudcan load-penetration behaviour. As shown in Figure 

6.3(a), a typical load-penetration profile for sand-over-clay profiles consists of a peak resistance 𝑞peak 

at the corresponding penetration depth 𝑑peak from the sand surface, an abrupt post-peak reduction until 

the interface of sand and clay, and a gradual increase when the foundation penetrates deeper into the 

underlying clay layer. The vertical penetration from the onset of the peak resistance in the sand layer 

𝑞peak to the depth when the bearing capacity regains an equivalent peak value defines the potential 

punch-through distance 𝑑punch.  

A suite of deterministic models has improved the prediction of the full penetration profile for a spudcan 

penetrating sand-over-clay (e.g. Okamura et al., 1998; Teh et al., 2009; Lee et al., 2013; Hu et al., 2014a; 

Hu et al., 2014b). Although all these analytical methods can be applied in this new probabilistic 

framework, the method of Hu et al. is chosen as the underpinning deterministic model in this paper as 

it has been shown to provide the best agreement with model tests data (Hu et al. 2015a). 

The peak penetration resistance 𝑞peak is derived as the sum of the weight of the sand frustum, friction 

resistance along the side of the sand block, and bearing capacity in the underlying clay (Hu et al., 2014a), 

with the mechanism for each component presented in Figure 6.4. After integrating the vertical force 

equilibrium of the sand frustum with infinitesimal horizontal discs, the final design equations are 

expressed as Equation 6.1 through Equation 6.4 for the peak penetration resistance 𝑞peak  at the 

corresponding depth 𝑑peak and further derived penetration resistance on the sand-clay interface 𝑞int 

and punch-through distance 𝑑punch: 
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𝑞peak = (𝑁c0𝑠um + 𝑞0 + 0.12𝛾s
′𝐻s) (1 +

1.76𝐻s

𝐷
tan 𝛹)

𝐸∗

+
𝛾s

′𝐷

2 tan 𝛹 (𝐸∗ + 1)
[1

− (1 −
1.76𝐻s

𝐷
𝐸∗ tan 𝛹) (1 +

1.76𝐻s

𝐷
tan 𝛹)

𝐸∗

] 

Equation 6.1 

𝑑peak = 0.12𝐻s Equation 6.2 

𝑞int = 𝑁c𝑠um + 0.9𝐻s𝛾c
′ Equation 6.3 

𝑑punch =
𝑞peak − 0.9𝐻s𝛾c

′

𝑘𝑁c
−

𝑠um

𝑘
+ 𝐻s − 𝑑peak Equation 6.4 

where 𝐻s is the thickness of the sand layer, D is the spudcan diameter, 𝑞0 is the effective overburden 

pressure at the depth of the foundation, 𝛾s
′ and 𝛾c

′ are the effective unit weights of sand and clay, 𝑠um is 

the undrained shear strength of the clay at the sand-clay interface, and 𝑘 is the strength gradient of the 

clay. Nc and Nc0 are the bearing capacity factors of clay derived by Houlsby and Martin (2003) and Hu 

et al. (2015b). 𝐸∗ is a parameter used to simplify the algebra. The detailed derivation can be found in 

Hu et al. (2015b) and Yang et al. (2017). 

 

6.2.2 Updating seabed characteristics using historical spudcan installations  

With the load-penetration measurements obtained from historical spudcan installations, statistical soil 

parameters at the spudcan location can be back-analysed. A probabilistic Bayesian back-analysis 

method coupled with the Metropolis algorithm-based MCMC simulation (Yang et al., 2020) is used in 

this framework to interpret soil parameters using spudcan penetration observations. The basic equation 

is as follows: 

𝑃(𝛉|𝐝) =
𝑃(𝛉)𝑃(𝐝|𝛉)

∫ 𝑃(𝛉)𝑃(𝐝|𝛉) 𝑑𝛉
∝ 𝑃(𝛉)𝑃(𝐝|𝛉) Equation 6.5 

where 𝛉 is the vector of design variables affecting the spudcan penetration response; d is the measured 

data during spudcan installation; 𝑃(𝛉) is the prior probability; 𝑃(𝐝|𝛉) is the likelihood; and 𝑃(𝛉|𝐝) is 

the target posterior distribution simulated by the integration of the prior probability 𝑃(𝛉) and the 

likelihood 𝑃(𝐝|𝛉). A preliminary sensitivity study identified that the sand thickness 𝐻s, clay undrained 

shear strength 𝑠um and clay strength gradient 𝑘 are the most critical parameters and these were selected 

as the design variables 𝛉. The key measurements from the penetration resistance profile, such as peak 

penetration resistance 𝑞peak,m, peak penetration depth 𝑑peak,m, penetration resistance at the sand-clay 

interface 𝑞int,m and punch-through distance 𝑑punch,m are chosen as the spudcan observations 𝐝. 
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This simulation starts with a set of initial soil parameters  𝛉0 =[𝐻s
0 , 𝑠um

0 , 𝑘0 ] that are randomly 

generated from the prior probability distribution  𝑃(𝛉) , which is estimated based on previous 

experimental results, site investigations and subjective knowledge (Zheng et al., 2018). A “candidate 

set” of soil parameters 𝛉∗ is then simulated based on the soil parameters of the current step 𝛉𝑖 through 

a symmetric proposal distribution 𝑔(𝛉∗|𝛉𝑖)  (Hastings, 1970), which is assumed to be normally 

distributed as N(𝛉∗| 𝛉𝑖, 𝛅2), with the mean value  𝛉𝑖 =[𝐻s
𝑖 , 𝑠um

𝑖 , 𝑘𝑖] and standard deviation 𝛅. The 

proposed soil parameters are either rejected or accepted for the next iteration based on the acceptance-

rejection procedure through a comparison of a random number 휁 from a uniform distribution U(0,1) 

with an acceptance ratio 𝛼 (Wu and Chen, 2009). The acceptance ratio is further derived based on the 

Bayes’ theorem in Equation 6.5 and expressed as follows: 

𝛼 =
𝑃(𝛉∗|𝐝)𝑔(𝛉𝑖|𝛉∗)

𝑃(𝛉𝑖|𝐝)𝑔(𝛉∗|𝛉𝑖)
=

𝑃(𝛉∗)𝑃(𝐝|𝛉∗)

𝑃(𝛉𝑖)𝑃(𝐝|𝛉𝑖)
 Equation 6.6 

The likelihood function 𝑃(𝐝|𝛉) is obtained by multiplying the conditional probability of observing the 

specified penetration behaviour 𝐝 with the given soil parameters 𝛉 (Zhang et al., 2010): 

𝑃(𝐝|𝛉) = N(𝑑peak,m|𝑑peak,det, 𝜎ε1
2 ) × N(𝑞peak,m|𝑞peak,det, 𝜎ε2

2 )

× N(𝑑punch,m|𝑑punch,det, 𝜎ε3
2 ) × N(𝑞int,m|𝑞int,det, 𝜎ε4

2 ) 

Equation 6.7 

The conditional probability for an individual spudcan measurement follows a normal distribution with 

deterministic estimation using the Hu et al. method and the corresponding standard deviation of 𝜎ε1, 

𝜎ε2, 𝜎ε3 and 𝜎ε4, which are defined based on the residual errors and imperfect interpretation models.  

Once there are sufficient iterations, the probability distribution of the simulated samples tends to the 

target posterior distribution (Au and Beck, 1999; Gelman et al., 2014). The posterior distributions of 

the design soil parameters are derived with significantly reduced uncertainties, which can potentially 

refine the estimation of the ground condition. For each spudcan installation, the soil conditions can be 

refined and used to estimate the soil parameters at the location where a future spudcan may be installed.  

 

6.2.3 Predicting soil characteristics at future spudcan location using Kriging 

interpolation 

With the updated soil parameters at the historical spudcan locations, soil profiles at unsampled locations 

(e.g. locations to install future spudcans) can be interpolated by adopting spatial variability approaches 

(Lacasse and Nadim, 1997; Baecher and Christian, 2005). In this probabilistic framework, Kriging 

interpolation is adopted to predict soil parameters at unsampled locations. The estimation at any 

unsampled location is expressed as the linear weighting of all of the known data around the estimated 

location (Dasaka and Zhang, 2012). The relationship is expressed as follows: 
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θ̂𝑆0  = ∑ 𝜆𝑆𝑖θ𝑆𝑖

𝑁0

𝑖=1

 Equation 6.8 

where θ𝑆𝑖  is the parameter at location 𝑆𝑖, which is either obtained from site investigations or back-

analysed using the historical spudcan installation measurements in Section 6.2.2, while θ̂𝑆0  is the 

predicted parameters at the unsampled location 𝑆0. The individual weight 𝜆𝑆𝑖 assigned to the measured 

property θ𝑆𝑖 is derived from the following Kriging equation: 

[

𝑟11

⋮
… 𝑟1𝑁 1
⋱ ⋮       1

𝑟𝑁1

1
… 𝑟𝑁𝑁 1
… 1     0

] [

𝜆𝑆1

⋮
𝜆𝑆𝑁

𝑚

] = [

𝑟10

⋮
𝑟𝑁0

1

] Equation 6.9 

To obtain the unbiased estimation of soil parameters with minimum deviation from the true values, a 

Lagrange multiplier 𝑚 is used here to ensure that the sum of the weights 𝜆𝑆𝑖 equals one (Murakami et 

al., 2006). 𝑟𝑖𝑗 denotes the semivariogram value based on the separation distance between locations 𝑆𝑖 

and 𝑆𝑗, which can be interpreted from the following relationship: 

𝑟(ℎ) =
1

2
𝐸(θ𝑆𝑖 − θ𝑆𝑖+ℎ)

2
 Equation 6.10 

 

where 𝑟(ℎ) is the semivariogram value calculated by averaging the squared difference in a certain soil 

parameter θ between pairs of locations separated by h (Nielsen and Wendroth, 2003; Dasaka and Zhang, 

2012).  

Before the semivariogram value is derived, it is essential to make sure that the dataset is stationary. 

Otherwise, the data need to be transferred to a stationary set by removing the deterministic component 

(Kulatilake and Ghosh, 1988). The stationary de-trended dataset is then analysed and fitted to the 

theoretical semivariogram models 𝑓(ℎ, nugget, sill, range) with the least-square regression. Several 

semivariogram models and functions are available to fit experimental semivariogram data (Biswas and 

Si, 2013), such as Gaussian, exponential and spherical. The small offset of the semivariance when the 

separation distance is zero is defined as a nugget, which is theoretically zero if no residual error is 

applied. The distance when the model first flattens out is defined as the range, which indicates where 

the spatial correlation has effectively vanished. The corresponding semivariogram is defined as the sill. 

The accuracy of the estimation is affected by the quality of the sample semivariogram and indicated 

with an important parameter, the Kriging variation 휀𝑘 

where 𝜎𝑘 is the Kriging standard deviation obtained from: 

휀𝑘 =
𝜎𝑘

θ̂𝑆0  
 Equation 6.11 
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𝜎𝑘 = √∑ 𝜆𝑆𝑖

𝑁0

𝑖=1

𝑟𝑖0 + 𝑚 Equation 6.12 

The statistics of the soil parameters at unsampled locations are finally derived using the predicted values 

in Equation 6.8 and the Kriging variation in Equation 6.11. It provides the possibility of predicting the 

penetration response of spudcan installation at unsampled locations using the Kriging-interpolated soil 

parameters. 

 

6.2.4 Prediction of load-penetration behaviour using the updated information 

Once the soil parameters at the given location have been interpolated using the information of historical 

spudcan installations at surrounding locations, the deterministic prediction of the penetration resistance 

profile can be obtained following Equation 6.1 through Equation 6.4 in the Hu et al. method. Inevitably, 

the single-value prediction as presented in Figure 6.3(a) may potentially deviate from the actual spudcan 

penetration response due to the uncertainties. 

In this framework as presented in Figure 6.1, accounting for the variance of the design parameters, a 

probabilistic approach is applied based on the suggestion from Van der Wal et al. (2007) and Houlsby 

(2010). The Kriging-interpolated statistics of sand thickness 𝐻s, clay undrained shear strength 𝑠um and 

clay strength gradient 𝑘 provide the basis for a probabilistic analysis. Different possibilities of the 

spudcan penetration can be reflected by simulating a large number of cases. At each depth, the 

calculated penetration resistances are ranked in ascending order in the form of a cumulative distribution. 

The load-penetration curve corresponding to a particular cumulative probability density is formed as a 

“percentile curve” by joining the percentile points at different depths as shown in Figure 6.3(b). 

Rather than tracking any single load-penetration profile, the percentile curves provide quantitative 

information regarding the possible range of the penetration behaviour. For example, 50% of the 

measurements can be expected to fall between the 25th and 75th percentiles and 90% of the 

measurements will fall between the 5th and 95th percentiles (Houlsby, 2010; Cassidy et al., 2015). 

The above procedures have been coded in MATLAB. 

 

6.3 Illustrative Example 

A series of model scale spudcan penetration tests, conducted in a geotechnical centrifuge at an 

acceleration equal to 80 times Earth’s gravity, are utilised here to illustrate and evaluate the probabilistic 

framework. As presented in Figure 6.5, spudcan installations were conducted in a cylindrical sample 

container (or ‘strongbox’) with a diameter of 895 mm and an internal height of 700 mm. As mentioned, 
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the tests were conducted at 80 g, such that the sample represents a volume of seabed, 71.6 m in diameter 

and 56 m deep. The soil profile across the samples comprises a dense sand layer underlaid by a soft 

clay layer with spatially varied soil parameters, such as sand thickness and clay strength. During the 

centrifuge tests there were eleven spudcan installations with different footing sizes, which are denoted 

as 𝑆1 to 𝑆11 in Figure 6.5. For the purpose of this paper, these are known here as the historical records 

for predicting the future spudcan installation. For each historical spudcan installation, a ground 

condition assessment was performed at the nearby locations represented by the triangular symbols in 

Figure 6.5. The sand thickness 𝐻s was controlled and measured during the preparation of soil sample. 

The undrained shear strength profile of the clay, 𝑠um and 𝑘 are interpreted from T-bar tests performed 

prior to spudcan installation. The penetration resistances were also measured and recorded during the 

spudcan penetration in the soil. 

Another spudcan with a diameter of 3.2 m is planned to be installed at location 𝑆12, marked by the red 

cross in Figure 6.5. With the conventional approach, the ground condition at location 𝑆12 can normally 

be interpreted using site investigation data at the nearest location 𝑇1, where a 2.24 m thick sand layer is 

underlain by a soft clay layer with an undrained shear strength of 10.52 kPa (at the sand-clay interface) 

and a strength gradient of 3.2 kPa/m. The deterministic load-penetration profile estimated using the Hu 

et al. method is plotted as the dashed curve in Figure 6.6, with a punch-through failure starting from a 

penetration resistance of 308.91 kPa at 0.26 m and continuing for 3.77 m. Significant deviations are 

observed from the experimental measurements (shown as the black curve in Figure 6.6), characterised 

by a peak penetration resistance of 407.83 kPa at a penetration depth of 0.59 m and a punch-through 

distance of 4.42 m. Due to the limited site investigation, both the peak penetration resistance and punch-

through distance are severely underestimated by the conventional approach, which if applied in practice 

could potentially cause serious operational failure. How can the inaccurate prediction be improved with 

the existing spudcan installations? To answer this question, the proposed framework is applied to 

predict further spudcan penetration behaviour at the unsampled location 𝑆12. 

 

6.3.1 Updating soil parameters using Bayesian back-analysis method 

For each historical spudcan test 𝑆i (𝑖=1,2,…,11), key measurements 𝐝𝑆𝑖, including the measured peak 

penetration resistance 𝑞peak,m
𝑆𝑖 , peak penetration depth 𝑑peak,m

𝑆𝑖 , penetration resistance at the sand-clay 

interface 𝑞int
𝑆𝑖  and punch-through distance 𝑑punch,m

𝑆𝑖  , are initially extracted from the historic spudcan 

load-penetration response. Design parameters, such as the sand thickness 𝐻s, clay undrained shear 

strength 𝑠um and clay strength gradient 𝑘, can then be updated with the Bayesian back-analysis method 

following Equation 6.5 through Equation 6.7. Based on previous experience and subjective knowledge, 

prior distributions of design parameters 𝑃(𝛉) are assumed as normal distributions with mean values 
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equal to test measurements and coefficients of variation (COV) of 10%, 30% and 50%, respectively. 

Mean values of the target posterior distribution of soil parameters are obtained as the design parameters, 

which are denoted as 𝛉𝑆𝑖 = [𝐻s
𝑆𝑖 , 𝑠um

𝑆𝑖 , 𝑘𝑆𝑖] and presented in Figure 6.7(a) through (c) for different 

locations across the sample. The ground stratification is clearly identified by the updated soil parameters 

based on the back-analysis of the historical spudcan penetrations and presented with the three-

dimensional interface between the sand and clay layers in Figure 6.7(d). The overall topography can be 

described as a sand layer overlying a soft clay layer with a conical-shaped interface. For example, as 

presented in Figure 6.7(a), the sand thickness 𝐻s increases from an average value of 1.81 m close to the 

circumference of the sample to 2.36 m near the centre. The undrained shear strength of the clay at the 

sand-clay interface, as shown in Figure 6.7(b), also increases from the circumference to the centre of 

sample, i.e., from 12.72 kPa to 15.64 kPa, consistent with the higher overburden pressure at the centre 

of the sample than at the edges. The undrained shear strength gradient in the clay layer, as presented in 

Figure 6.7(c), does not present a clear trend across the sample, varying from 1.8 kPa/m to 3.9 kPa/m at 

the circumference of the sample (average = 2.5 kPa/m) and from 1.7 kPa/m to 3.0 kPa/m close to the 

centre (average = 2.2 kPa/m). 

 

6.3.2 Kriging interpolation of soil properties at unsampled location S12 

The back-calculated soil properties at the historical spudcan installation positions are further used to 

estimate soil characterizations at the unsampled location 𝑆12 (i.e., sand thickness of 𝐻s
𝑆12) using Kriging 

interpolation following Equation 6.8 through Equation 6.12. The dataset of back-analysed values 𝐻s
𝑆𝑖 

(𝑖=1, 2, …, 11), as presented in Figure 6.7(a), is first transformed by removing the trend of the 

deterministic component based on the Ordinary Least Squares (OLS) error approach (Journel and 

Huijbregts, 1978). The stationary residual component is then applied to estimate the model 

semivariogram values at different separation distances of all pairs of data, which are further grouped 

into different classes of separation intervals depending on the density of paired data within each group, 

using Equation 6.10. The grouped model semivariograms of 𝐻s are presented as the circular marks in 

Figure 6.8. The semivariance values increase with separation distance until it levels off at a separation 

distance of 35 m, which demonstrates the stationarity of the detrended dataset. Sample semivariograms 

are then fitted with the theoretical Gauss model and plotted as the dark curve in Figure 6.8. The 

theoretical best-fit parameters, including a zero-nugget followed by the sill of 0.012 at the range of 43, 

are further assigned to obtain the weight 𝜆𝑖  at different locations based on Kriging estimation in 

Equation 6.8. The sand thickness 𝐻s
𝑆12  at the unsampled location 𝑆12 is therefore Kriged as 2.62 m 

following Equation 6.8 with a Kriging variation of 1.7% according to Equation 6.10 and Equation 6.12. 
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Furthermore, Kriging is an interpolation method used to model a feature within a continuous field or 

surface, which requires the associated design parameters representing soil behaviours at the same level. 

Due to the spatially variable thickness of the upper sand layer, the vertical locations where the clay 

undrained shear strength 𝑠um is measured vary for different spudcan tests. In addition, the strength 

gradient k represents the vertical strength profile of clay rather than the characterization at the same 

horizontal level. Therefore, clay strength parameters, 𝑠um and k must be transformed into 𝑠u1, 𝑠u2 and 

𝑠u3 to present the clay strengths at the corresponding penetration depths of 5 m, 6 m and 7 m before 

they are applied to interpolate the clay profile at the unsampled location 𝑆12 using the same procedure. 

The transformed database of clay strength at different penetration depths is presented in Figure 6.9 and 

then applied in Kriging estimation following Equation 6.8 through Equation 6.12. As presented in 

Figure 6.10, the clay strength profile at the unsampled location 𝑆12 is interpolated as 19.19 kPa, 22.51 

kPa and 23.75 kPa at the penetration depths of 5 m, 6 m and 7 m, respectively. Through least-square 

regression, the undrained shear strength 𝑠um
𝑆12 is interpreted as 13.88 kPa with a strength gradient 𝑘𝑆12 

of 2.36 kPa/m. The Kriging variances are also observed for both the undrained shear strength and 

undrained shear strength gradient as 7.5% and 18.6%. The interpolated results of soil parameters at the 

unsampled location 𝑆12 demonstrate good consistency with the overall ground condition as presented 

in Figure 6.8. Furthermore, the Kriging variation is small, which positively indicates the reduction of 

uncertainties, as well as the accuracy of the Kriging estimation. 

 

6.3.3 Prediction of spudcan installation using interpolated soil parameters  

With the soil parameters at the unsampled location 𝑆12 being interpolated, future spudcan penetration 

behaviour can be predicted with both deterministic and probabilistic approaches. First, a deterministic 

prediction is obtained using the best estimated soil parameters with the Hu et al. method according to 

Equation 6.1 through Equation 6.4 and plotted in Figure 6.11(a). The peak penetration resistance and 

the corresponding depth are 416.2 kPa and 0.31 m, which agrees well with the centrifuge measurement: 

peak penetration resistance of 407.83 kPa at a penetration depth of 0.59 m. Compared to the 

underestimated load-penetration response provided by the conventional design approach in Figure 6.6 

(i.e. peak penetration resistance of 308.91 kPa and penetration depth of 0.26 m), both the peak 

penetration resistance and depth are significantly improved. This result shows that the use of historical 

spudcan installation measurements can improve the prediction of a future spudcan load-penetration 

curve, even when localised site investigation data are lacking. 

Accounting for uncertainties in design parameters, the probabilistic prediction is then provided as a 

series of percentiles through 10,000 scenarios. The probabilistic percentiles are plotted and compared 

with the experimental observations in Figure 6.11(b). There is a 50% possibility of the peak penetration 

resistance to be observed from 406.77 kPa to 430.86 kPa, which is a limited range of approximately 30 



Chapter 6 Probabilistic Framework for Predicting Spudcan Penetration at Unsampled Locations Using 

Historical Installation Measurements 

171 

 

kPa. It is informative for an experienced engineer to choose the loads during the preloading process 

(Cassidy et al., 2015; Li et al., 2018). Moreover, the full load-penetration profile measured is between 

the 5th and 95th percentiles, and mostly within the range from the 25th to 75th, which indicates that the 

prediction of penetration behaviour is satisfied. 

In summary, the probabilistic framework has been shown to be a feasible approach to obtain soil 

parameters that can be employed to better predict future spudcan load-penetration responses at 

unsampled locations using measured data from historical spudcan installations at surrounding locations. 

 

6.4 Parametric Study 

In engineering practice, multiple jack-up installations may be undertaken at various locations in a large 

seabed area, possibly with different spudcan geometries. How should the installation plan be designed 

to improve the operation efficiency of multiple installations, and can the earlier spudcan records help 

future predictions? A series of parametric studies are established and discussed in this section to explore 

the influence of the number, geometry and location of the historical spudcan installations on the 

prediction performance of soil parameters and spudcan penetration behaviour at unsampled locations. 

Due to the limited numbers of spudcan installations in the centrifuge experiments, penetrometer tests at 

nearby locations are also included to enhance the quantity and variety of the historical database. This is 

consistent with offshore operations where an initial site-investigation would be required, and therefore, 

a combination of soil profiles derived from earlier site investigations could be combined with jack-up 

installation records. 

 

6.4.1 Number of historical spudcan installation 

To examine the effects of the number of historic spudcan installations, a set of simulations is carried 

out to predict soil parameters and the spudcan penetration profile at an unsampled location using the 

measurements from tests with different numbers of spudcans. In Figure 6.12, four spudcan tests with 

the prototype footing diameter D = 3.2 m were undertaken at locations 𝑆1, 𝑆12, 𝑆5 and 𝑆7 following site 

investigations at adjacent positions. In the future, a spudcan with the same footing geometry is to be 

installed at unsampled location 𝑆2. The four spudcan installations at locations 𝑆1, 𝑆12, 𝑆5 and 𝑆7 are 

considered as historical measurements. 

With this proposed framework, soil parameters at 𝑆2 are first estimated using the measured data from 

different numbers of spudcan installations and summarized in Table 6.1. By using the results from site 

investigation only, the initial soil profile is interpreted as a 2.24 m thick sand layer underlain by a clay 

layer with an undrained shear strength 𝑠um of 7.38 kPa and undrained shear strength gradient 𝑘 of 3.25 
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kPa/m. The Kriging variance for each parameter (𝐻s , 𝑠um  and 𝑘 ) is lower than 3%. When the 

measurements from spudcan installation 𝑆1 are first introduced, the estimated clay undrained shear 

strength increases to 9.11 kPa, while the sand thickness and strength gradient reduce to 2.04 m and 2.33 

kPa/m, respectively. Moreover, the Kriging variance for each design parameter increases to 12.6%, 8.5% 

and 6.7%, respectively, due to the uncertainties brought about by the load-penetration measurements as 

a different type of data. Once there are adequate spudcan penetration tests, the interpolated soil 

parameters at 𝑆2 tend to reach a stable status with filtered uncertainties. For example, including the 

measured data from spudcan tests 𝑆1, 𝑆5 and 𝑆12, adjusts the sand thickness at the unsampled location 

𝑆2 to 2.0 m with a variance of 12.3%, while the clay strength 𝑠um and 𝑘 are estimated as 11.80 kPa and 

2.3 kPa/m with the variation reduced to 9.8% and 5.9%. Once the fourth spudcan test 𝑆7 is introduced, 

the soil parameters update slightly to 𝐻s = 1.9 m, 𝑠um = 12.02 kPa and 𝑘 = 2.35 kPa/m. The Kriging 

variances reduced further to 8.9% for 𝐻s and 6.8% for 𝑠um. An exception is only observed for the 

strength gradient, which increases from 5.9% to 8.7%, indicating that uncertainty of the estimation 

using measurements from only three spudcan tests is admittedly limited. 

Furthermore, the probabilistic percentiles of spudcan load-penetration response at the unsampled 

location 𝑆2 are obtained with the above interpreted soil parameters using different numbers of existing 

spudcan installations (see Figure 6.13). The experimental load-penetration profile is also presented in 

Figure 6.13 as the dark curve, which shows the peak penetration resistance of 289.12 kPa at 0.45 m, 

followed by a punch-through distance of 3.58 m. When no spudcan measurement is included, as 

demonstrated in Figure 6.13(a), the predicted load-penetration percentiles fail to capture the trend of 

observations as the majority of the measured data lie outside the 5th and 95th percentile curves. For 

instance, the prediction provides a 95% possibility that the peak penetration resistance is less than 

252.08 kPa, whereas the experimental measurement is 289.12 kPa. Once the historical spudcan tests 

are applied, as shown in Figure 6.13(b) and (c), the predicted percentiles tend to follow the trend of the 

experimental observations with more measured data being captured within the 5th-95th percentile range. 

Better predictions of spudcan load-penetration profiles are observed in Figure 6.13(d) and (e) when 

more than three spudcan tests are included. Not only has the trend of the measured data been followed, 

but most of the key measurements also fall within the 25th-75th percentiles. Further, the peak penetration 

resistance is predicted to fall between 288.03 kPa and 328.58 kPa with 50% probability, which 

successfully includes the measurements within a possible range of 40 kPa, when three spudcan 

installations are applied in Figure 6.13(d). The 50% possible range is further limited to a range of 32 

kPa from 275.93 kPa to 307.54 kPa when including the fourth spudcan installation, as presented in 

Figure 6.13(e). 

Therefore, the prediction performance of future spudcan installations at unsampled locations is 

significantly enhanced by including more historical spudcan installation records. Once sufficient 
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measurements are included, in this case more than three spudcan installations, the prediction 

performance becomes insensitive to the number of spudcan installations. 

 

6.4.2 Diameter of spudcan  

To explore the influence of spudcan diameter on the performance of this probabilistic framework, the 

load-penetration profile of a spudcan with a prototype diameter of 3.2 m is predicted using two sets of 

historical spudcan records. Each case consists of three same-sized spudcan tests along with the 

corresponding T-bar tests at nearby locations. As shown in Figure 6.14, the spudcan tests used in case 

(a), 𝑆1, 𝑆7 and 𝑆12, have the same diameter of 3.2 m, while in case (b), the historic penetration tests, 𝑆4, 

𝑆10 and 𝑆11, are conducted with a smaller spudcan geometry, D = 2.4 m. The unsampled location 𝑆8 is 

considered as the future spudcan installation. 

Accounting for the historical spudcan tests, soil parameters are initially estimated at location 𝑆8 with 

different sets of spudcan measurements. In case (a), the estimated soil profile consists of a 2.03 m sand 

layer and an underlying clay layer with 𝑠um = 11.39 kPa and 𝑘 = 2.72 kPa/m. When the spudcan tests 

with the smaller footing diameter of 2.4 m are applied, the soil parameters at location 𝑆8 are interpreted 

as a sand thickness of 1.95 m, underlain by a clay layer with an undrained strength 𝑠um of 11.57 kPa 

and strength gradient 𝑘 of 2.69 kPa/m. 

With the interpolated soil parameters, probabilistic predictions of spudcan penetration profiles are then 

obtained and presented in Figure 6.15(a) and (b). In the centrifuge test 𝑆8, a peak penetration resistance 

of 307.75 is observed at a penetration depth of 0.4 m with a punch-through distance of 3.44 m. 

Regardless of the spudcan diameter considered, the probabilistic prediction in both cases successfully 

captures the trend of the experimentally measured load-penetration profile (shown as the black curve in 

Figure 6.15). Most of the key measurements are also within the bounds of the 25th and 75th percentiles. 

For example, a 50% possibility of the peak penetration resistance is expected to be observed in the range 

of [293.38 kPa, 350.70 kPa] and [264.41 kPa, 320.77 kPa], respectively, using spudcan measurements 

with 3.2 m and 2.4 m spudcan footing diameters. 

In summary, the probabilistic framework appears to be rather insensitive to the geometry of the spudcan 

considered, providing a consistent estimation of soil parameters and future spudcan installations at 

unsampled locations when the spudcan diameter changes from 3.2 m to 2.4 m. 

 

6.4.3 Historic spudcan location 

To evaluate the influence of spudcan location, the response of future spudcan installation at unsampled 

location 𝑆5 is examined using three sets of spudcan tests as presented in Figure 6.16. The historic 
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spudcan tests are allocated based on different sampling strategies. For example, a group of spudcan 

tests located close to the future installation, as shown in Figure 6.16 (a), are selected from the “clustered” 

sampling approach with the small separation distances. In contrast, the spudcan tests in Figure 6.16(b) 

are sampled from the “distanced” sampling approach with large separation distances and spread across 

the site. An alternative method, named the “nested” sampling approach, is also applied, where the 

historical spudcan locations (presented in Figure 6.16(c)) are at a range of separation distances from the 

future installation. 

The prediction performances using these sampling approaches are demonstrated in Figure 6.17 as the 

predicted spudcan load-penetration at location 𝑆5 . In Figure 6.17, the black curve represents the 

experimental observations of spudcan penetration, which consists of a punch-through event beginning 

at a depth of 0.8 m and with a penetration resistance of 436 kPa and continuing for a punch-through 

distance of 4.24 m. The estimated percentile curves with the “clustered” sampling approach, as 

presented in Figure 6.17(a), fail to follow the trend of measured data, with the majority of the 

measurements falling outside the 5th and 95th percentiles. When the “distanced” sampling approach is 

applied (Figure 6.17(b)), the peak penetration resistance is significantly underestimated, by 40%, with 

all of the measured data located above the 95th percentile curve. However, when the “nested” sampling 

algorithm is applied (Figure 6.17(c)), a good prediction is obtained, with the measurements lying within 

the 25th and 75th percentile curves, which indicates that the spudcan penetration response can be 

predicted successfully. 

The reason for the different prediction accuracies of different spudcan locations is closely related to the 

evaluation of the semivariogram, which is dependent on the grouped separation distance obtained from 

the historical measurements. 

Figure 6.18(a) through (d) present the semivariogram of each variable evaluated from the “clustered” 

sampling approach. The entire separation distance obtained from paired locations falls between 0 and 

20 m, which is not large enough for a levelled-off (sill) semivariogram to be observed. In contrast, the 

semivariograms of variables obtained from the “distanced” sampling approach are shown in Figure 

6.18(e) through (h). Although the maximum assigned separation distance is as far as 55 m, the majority 

are allocated in the distant-half section with lag distances greater than 25 m. There are few points located 

within the range of small separation distances for characterizing the rising limb of the semivariogram, 

which is presented as the dashed curve. When the “nested” sampling approach is applied, the separation 

distances between paired locations vary from 5 m to 50 m. As presented in Figure 6.18(i) through (l), 

the semivariogram models are well fitted by effectively capturing the entire trend of spatial variability. 

The results indicate that the “nested” sampling approach with the diversity of separation distances tends 

to provide a qualitative and quantitative analysis of the spudcan penetration response compared to the 

other sampling strategies. 
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6.5 Conclusions 

In this study, a systematic probabilistic framework is proposed to predict spudcan penetration response 

at unsampled locations using historical spudcan installation records. Considering the extra information 

provided by the historical spudcan installation measurements, this method has the strength of filtering 

uncertainties in conventional site investigation as well as effectively transform or calibrate deduced site 

investigation parameters into a foundation response and fill in spatial gaps in the ground model. It has 

been applied to estimate soil parameters and provide a preliminary prediction of future spudcan 

installation. The merit of the framework has been examined via hindcast predictions of experimental 

measurements. 

The robustness of this probabilistic framework has been examined through a series of parametric studies. 

The prediction performance relies heavily on the number of historic spudcan installations, as well as 

the spudcan locations involved. A “nested” sampling approach, which allows a range of separation 

distances to permit spatial variability to be well captured, is recommended to provide high-quality risk 

assessment of future spudcan penetration behaviour. The results were insensitive to spudcan size, 

though admittedly only differences between 3.2 m and 2.4 m diameter spudcans were investigated. 

This method can potentially provide geotechnical engineers with an accurate estimation of soil 

parameters and prediction of future spudcan installations with limited site investigation being carried 

out. It offers offshore engineers preliminary guidance of what action should be taken during installation. 

Considering the influence factors being analysed in the parametric study, this probabilistic framework 

has the potential to be further applied as a strategy to realise time and cost saving, for both the renewable 

energy and oil and gas industries, when multiple jack-up installations are required. 
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Table 6.1 Estimation of soil parameters using different numbers of spudcan tests 

 

Sand thickness Hs (m) 

Clay undrained shear strength 

at the sand-clay interface sum 

(kPa) 

Clay undrained shear 

strength gradient k (kPa/m) 

Mean value Variance Mean value Variance Mean value Variance 

No spudcan test 2.24 2.0% 7.38 2.7% 3.25 2.3% 

One spudcan test S1  2.04 12.6% 9.11 8.5% 2.33 6.7% 

Two spudcan tests S1+S12 2.02 16.5% 10.17 12.0% 2.01 18.6% 

Three spudcan tests S1+S12+S5  2.00 12.3% 11.86 9.8% 2.30 5.9% 

Four spudcan tests S1+S12+S5+S7 1.90 8.9% 12.02 6.8% 2.35 8.7% 
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Figure 6.1 The decision cycle of the conventional approach and this probabilistic framework
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(a) Conventional prediction using site investigation information 

 

 

(b) Probabilistic framework using extra information from historical spudcan installation 

Figure 6.2 Soil profile and load-penetration behaviour from: (a) conventional prediction 

approach using site investigation information only; (b) the probabilistic framework 

using extra information from historical spudcan installations 
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Figure 6.3 Load-penetration profile of spudcan in sand overlying clay using: (a) 

deterministic method; and (b) probabilistic method   
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Figure 6.4 Problem definition based on Hu et al. (2014a)  
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Figure 6.5 Centrifuge strongbox showing the location of a future spudcan installation, 

S12 together with historical spudcan test locations and penetrometer test locations  
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Figure 6.6 Prediction of the spudcan load-penetration profile for the illustrative 

example using the conventional approach   
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Figure 6.7 Back-analysed (a) sand thickness Hs; (b) clay undrained shear strength sum; (c) clay strength gradient k; and (d) 3D plot of 

the sand-clay interface
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Figure 6.8 Semivariogram for sand thickness Hs 
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Figure 6.9 Undrained shear strength: (a) su1 at 5 m, (c) su2 at 6 m, and (d) su3 at 7 m 

depth below the sand surface   
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Figure 6.10 Interpretation of the undrained shear strength in the clay layer  
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Figure 6.11 Prediction of the spudcan installation at an unsampled location for the 

illustrative example using: (a) deterministic penetration profile; and (b) probabilistic 

penetration percentiles using the probabilistic framework  
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Figure 6.12 Locations of the future spudcan installation and different numbers of 

historical spudcan tests 
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Figure 6.13 Percentile prediction of the spudcan load-penetration profile using different numbers of historical spudcan tests 
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Figure 6.14 Locations of future spudcan installation and historical spudcan tests with: 

(a) the same spudcan diameter, (b) different spudcan diameters  
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Figure 6.15 Percentile prediction of the load-penetration profile using existing spudcan 

tests with: (a) the same spudcan diameter, (b) different spudcan diameters 
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Figure 6.16 Location of future spudcan installation and historical spudcan tests from 

the (a) “clustered”; (b) “distanced”; and (d) “nested” sampling approaches 
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Figure 6.17 Percentile prediction of the spudcan penetration profile using the (a) 

“clustered”; (b) “distanced”; and (d) “nested” sampling approaches 
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“clustered” “distanced” “nested” 

   

   

   

   

Figure 6.18 Semivariogram for sand thickness Hs and clay strength su at different 

depths using: (a)-(d) “clustered”; (e)-(h) “distanced”; and (i)-(l) “nested” sampling 

approaches 
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 CONCLUSION AND FUTURE RESEARCH 

7.1 Introduction 

This research has concentrated on the uncertainties in the conventional approach for predicting the 

installation of a mobile jack-up unit offshore. The research aims to provide an advanced design 

framework for a reliable and quantitative prediction of spudcan load-penetration response by 

incorporating historical spudcan installation measurements for use in the oil, gas and renewable energy 

industries. 

The major achievements of this study are the developments of (1) a probabilistic model for predicting 

the spudcan punch-through distance, (2) a Bayesian back-analysis model for updating the seabed’s soil 

parameters using the measured data of spudcan installation, and (3) a design framework for forecasting 

further spudcan penetration behaviours at unsampled locations using historical spudcan penetration 

measurements. Though applied in this thesis to seabeds of sand overlying clay, because this is one of 

the most common and problematic installation scenarios, the frameworks developed could equally be 

applied to other seabed conditions (by replacing the underpinning deterministic load-penetration model). 

In addition, a programme of physical modelling (in the form of centrifuge experiments) of spudcans 

with different diameters embedded into a spatially variable sand overlying clay soil profile has been 

conducted. All the model and framework developments have been verified against the most up-to-date 

experimental database in this field, including those already discussed in the literature (Teh et al., 2010; 

Lee et al., 2013a; Hu et al., 2014a; Hu et al., 2016) and the fourteen experiments reported in this thesis. 

The prediction performance and robustness were further examined by sensitivity and parametric studies. 

This final chapter summarises the major contributions of the research and provides recommendations 

for future research that could be built on this study. 

 

7.2 Main Findings 

7.2.1 Physical modelling of spudcan penetration in spatially variable sand-over-clay 

deposits 

To account for the inherent variability and spatial correlation of a natural seabed, a 3D dense sand 

overlying clay sample with controlled variability was successfully formed in the 10 m diameter beam 

centrifuge at UWA to investigate spudcan penetration behaviour, which has not previously been 

achieved and reported in the literature. The novel technique for soil preparation and the fourteen tests 

with different sand thicknesses, clay strength profiles and a range of footing sizes are presented. The 
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results of these tests provide a solid database for assessing the prediction performance of the proposed 

probabilistic and statistical frameworks.  

A total of 66 centrifuge tests in the literature and the 14 tests in this thesis formed a large database for 

evaluating the existing ISO guideline (ISO, 2016) and two alternative methods (Lee et al., 2013b; Hu 

et al., 2014b) for estimating the full penetration-resistance profile of a spudcan into sand overlying clay. 

Comparisons of the peak penetration resistance 𝑞peak were made with the bearing capacity factor 𝑁c 

and the punch-through distance 𝑑punch  from each predictive method and the experimental 

measurements. In addition, the scatter and geometric skew of the prediction against the 𝐻s 𝐷⁄  ratio are 

also taken into account in the evaluation of each method. The ISO methods (i.e., load spread method 

and punching shear method) are shown to significantly underestimate spudcan penetration behaviour 

due to the inappropriate failure mechanisms adopted for the peak persistence (i.e. applying a constant 

strength for the clay based on the clay surface) and the lack of consideration of the entrapped sand plug 

that affects the bearing capacity factor in the clay. Although the Lee et al. method (Lee et al., 2013b) 

yields a better performance of the peak penetration resistance 𝑞peak, the influence of the 𝐻s 𝐷⁄  ratio on 

the calculation of 𝑁𝑐  is negligible and results in the poor estimation of the punch-through distance 

𝑑punch. The Hu et al. method (Hu et al., 2014b) is shown to be both robust and accurate for the 

prediction of the penetration profile across the full range of 𝐻s 𝐷⁄  ratios. Most of the predictions were 

within the range of ±20% of the measurements from the centrifuge tests, which generates more 

confidence in adopting the Hu et al. method as the underpinned deterministic method in the 

development of the probabilistic models throughout this research. 

 

7.2.2 Probabilistic prediction of the punch-through distance 

A probabilistic model for predicting the possible range and distribution of the punch-through distance 

𝑑punch, which indicates the severity of a potential punch-through failure for spudcan penetration in 

sand overlying clay is presented. Since this probabilistic model was developed before the experimental 

tests in this thesis, the model uncertainty factor was initially characterised using the existing database 

of 66 centrifuge tests and 57 numerical simulations and further validated with the 14 experimental tests 

in this research. By the selection of a suitable probability distribution for the uncertainty factor, a 

probabilistic model is established for prediction of the punch-through distance of spudcan penetration 

sand-over-clay. 

The proposed probabilistic model was validated against centrifuge data of spudcan penetration in sand-

over-clay. Compared to the single-value estimation from the existing deterministic method, which often 

deviates from the actual field observation, the possible range and statistical distribution of the punch-

through distance can be obtained from this probabilistic model. In addition, the predicted punch-through 
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distance is ranked according to the cumulative probability density, which indicates to engineers the 

extent of the possibility that the 𝑑punch can be expected in the corresponding range. Furthermore, 

compared to the experimental measurements, the majority of the predicted punch-through distance can 

be estimated within a narrow range of approximately one metre. This estimation potentially provides 

additional information to offshore operators regarding the severity of any punch-through event and 

assists in decision-making about what operation procedures should be adopted for the jack-up 

installation. 

 

7.2.3 Bayesian back-analysis of soil parameters using the monitored spudcan 

penetration response 

Deriving design soil parameters using the conventional site-specific assessments is subjective due to 

the uncertainties in the collection of soil samples, storage, and transportation to the interpretation of the 

design parameters from empirical methods. By accounting for the uncertainties in both the input 

parameters and the observed data, a Bayesian back-analysis model coupled with the Metropolis 

algorithm-based MCMC simulation is proposed to characterise the statistics of soil parameter and 

updating model uncertainty using the spudcan installation measurements. The advantages of this back-

analysis approach compared to the previous Bayesian back-analysis applications, i.e., slope stability 

(Zhang et al., 2010a; Zhang et al., 2010b) and settlement of an embankment (Kelly and Huang, 2015; 

Zheng et al., 2018b), is the flexibility of optimising multiple soil parameters with multi-type statistical 

distributions associated with multiple readings during spudcan penetration.  

This model has been applied for updating and refining the statistical design parameters with a 

significantly reduced level of uncertainty using the centrifuge spudcan installation database and field 

installation data in the Gulf of Mexico. The case studies demonstrate that the predicted full penetration 

profile in a deterministic and probabilistic manner using the posterior soil parameters are more 

consistent with the observed values. In addition, the back-analysis model can easily enable the inclusion 

of additional measured data, which enhances the prediction performance of spudcan penetration 

behaviour with further filtered uncertainty and greater confidence. 

The effectiveness and robustness of this Bayesian back-analysis approach have been examined by a 

series of sensitivity analyses using the current centrifuge database. When different updating sequences 

are applied, the probability distributions of posterior soil parameters are almost identical. In addition, 

the results suggest that the number of chains and scale factor can substantially influence the rate of 

convergence but not the posterior soil parameters. A scale factor that is too cautious or too bold causes 

slow convergence and a high computational cost. Furthermore, when using the semi-informative prior 

with poor estimation of the mean value and model uncertainty, the posterior distributions of the soil 

parameters are hardly affected. 
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The accuracy of the method is also retrospectively examined against the existing and up-to-date 

centrifuge database by including the experimental tests in this research. When all the parameters are 

updated via this Bayesian back-analysis model, the Hu et al. deterministic method is able to compute 

more accurate and realistic predictions for the peak penetration depth 𝑑peak , the peak penetration 

resistance 𝑞peak and the punch-through distance 𝑑punch. As suggested by Osborne et al. (2011), this 

Bayesian back-analysis model can potentially provide engineers with a benchmark against which the 

actual load-penetration performance can be compared, and therefore, enhance the understanding of soil 

characteristics probabilistically for better prediction of future spudcan installations during the desk 

study phase. 

 

7.2.4 Advanced design framework of spudcan penetration at unsampled location using 

historical spudcan penetration measurements 

The conventional design approach is dependent on the results of a site-specific assessment at a given 

location. By considering the model uncertainty and spatial variability of natural soil, a novel design 

framework is proposed for a comprehensive assessment of the spudcan penetration response at an 

unsampled location using historical spudcan installation records. This design framework was applied 

to estimate the statistical soil parameters at the unsampled location by combining the Bayesian back-

analysis model and Kriging interpolation and deterministically and probabilistically predicting the 

possible spudcan penetration behaviour. A case study based on the spatially varying experimental 

results of this thesis demonstrates the capability of the proposed design framework in the preliminary 

prediction of spudcan penetration behaviour without site investigation data. The prediction performance 

has also been positively examined with the experimental measurements in a deterministic and 

probabilistic manner. 

A series of parametric analyses were performed in this study using different geometries, numbers, and 

sampling approaches of the historical spudcan installations. The results reveal that the predicted 

spudcan penetration behaviours are identical when different spudcan geometries are applied. In addition, 

the database of the spudcan installation records needs to be adequate for an accurate prediction. The 

larger the number of spudcan installations that are included, the better the prediction performance that 

is obtained. Furthermore, the prediction performance heavily relies on the applied sampling approach. 

The locations of existing spudcan installations that are too crowded or too scattered cause poor 

estimation of semivariogram models, and therefore, a limited quality of prediction performance. The 

results also suggest a “nested” sampling approach, which allows a range of separation distances to 

permit spatial variability to be well captured, for providing satisfactory quality of the risk forecast for 

future spudcan penetration behaviour. 
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This design framework can not only provide a prior prediction of spudcan installation before site-

specific assessment, but can also predict the spudcan installation response more accurately by filtering 

the model uncertainty in the conventional design approach. The framework can be further developed as 

a systematic design guideline for the efficient operation of both offshore jack-up platforms and wind 

turbines. 

 

7.3 Future Research 

Some possible areas of research that are worthy of further exploration are discussed here. These areas 

include improvement in the proposed design framework, alternative application to predict spudcan 

penetration on different soil stratifications and the possibility of providing offshore renewable engineers 

an efficient operation guideline. 

 

7.3.1 Further validation of the proposed design framework 

7.3.1.1 Improved centrifuge tests 

The experimental tests in this study are performed using a soil model of sand-over-clay with controlled 

spatially variation in sand thickness and over consolidation ratio of the clay. In further investigations, 

variation in additional parameters, such as the sand relative density and the strength of the underlying 

clay, are suggested to be considered. Some processes for developing spatially variability in the 

parameters of the soil model are recommended: (1) variations in the friction angle, relative density and 

effective unit weight of the sand can be achieved during sample preparation by controlling the thickness 

of the sand curtain and the horizontal velocity of the hopper and the drop height from the hopper to the 

sand surface at different locations of the strongbox and (2) the strength of the underlying clay can be 

modified by adjusting the temporary surcharge applied during the initial consolidation. In addition, the 

variation in the soil parameters in the centrifuge tests reported here are small relative to those 

encountered in natural offshore deposits. Thus, soil parameters with increased spatially variability 

would be helpful to develop the randomness of the soil model and validate the design frameworks with 

more complicated scenarios. Furthermore, to better simulate the spudcan footing in a real jack-up 

operating practice, larger prototype spudcans are preferred, which can be achieved by manufacturing a 

larger model spudcan or increasing the centrifuge acceleration. Finally, potential strain rate effects 

should be taken into account when designing centrifuge model tests and in the analysis and comparison 

of field records with laboratory measurements, as spudcan field installations are a stress-controlled 

event. 
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7.3.1.2 Validation with offshore monitored data 

Although centrifuge modelling is the essential tool for reproducing the equivalent ground condition and 

simulating the spudcan penetration behaviour within the reduced-scale model, it is difficult to fully 

replicate a natural structured soil in a reconstituted centrifuge sample. In addition, the uncertainties in 

experimental measurements in the laboratory environment is relatively small compared to 

measurements made during field installations. Despite the difficulty in accessing records of field 

installations (as these are rarely in the public domain), it is worth collecting measured data of field 

operations in future research, to allow the proposed design approach to be applied to in situ conditions, 

allowing for further validation and/or refinement.   

 

7.3.2 Application for spudcan installation on stiff-over-soft clay 

This research is limited to the idealised assumption of a single sand layer overlying clay. It is worth 

exploring different soil stratifications, such as the two-layered system with a stiff-over-soft clay profile. 

This objective can be achieved in a relatively inexpensive way as the methodology and frameworks in 

this research can be applied in the application. Only a few investigations are recommended. First, the 

investigations of the predictive methods (i.e. Brown and Meyerhof, 1969; Meyerhof and Hanna, 1978; 

Hossain and Randolph, 2010) for spudcan penetration on stiff-over-soft clay are recommended as the 

underpinning deterministic model. In addition, centrifuge model tests are an invaluable means to 

produce a database for spudcan penetrating a seabed of a stiff clay crust overlying soft clay with 

controlled spatial variability. The experimental tests can be combined with the existing centrifuge 

database to assess and evaluate the newly developed design framework for spudcan penetration on stiff-

over-soft clay. 

 

7.3.3 Operation guideline for OWT installation vessels 

Because large offshore wind farms contain hundreds of turbines in reasonable proximity, the design 

framework proposed in this research has great potential to provide a reliable and cost-efficient guideline 

for their jack-up service vessels. By incorporating the measurements of previous spudcan penetrations, 

not only the soil design parameters are refined with limited uncertainty and, therefore, better prediction 

for the installation behaviour of the service vessels, but also the time and cost are significantly reduced 

with a decrease in the number of site investigations during the preliminary site investigation. 

In future research, exploration of how the methods in this thesis could be incorporated into a 

sophisticated site-specific assessment strategy during project development is recommended. 

Considering the influencing factors that are examined in the parametric studies in Chapter 6, the number 

and location of site investigations can be optimised for the establishment of the semivariogram models 
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and the spatial interpretation of the overall ground condition. In addition, the service sequence of the 

visiting vessels can also be designed to provide the most informative guidelines by updating the 

prediction of subsequent installations in real time using historical measurements. 

Furthermore, a database of field observations from the installation of offshore wind turbines is also 

recommend in future research to assess and validate the design approach and guidelines. 

 

7.4 Conclusions 

Accurate prediction of the spudcan penetration-resistance profile is essential for the safe installation of 

offshore jack-ups despite the complex challenges due to the uncertainties in the conventional approach. 

In this thesis, two probabilistic models and a novel design framework were established by accounting 

for the uncertainties and using the measurements of historical spudcan installations. This research 

provides the capability to predict further spudcan penetration behaviour at unsampled locations, which 

has not been achieved with the traditional design approach. With the reasonable predictive capacity 

shown, this research provides the offshore industry with a reliable and cost-effective design approach 

for incorporating the historical spudcan installation measurements in the prediction of future jack-up 

behaviours at unsampled locations. 
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 SUMMARY OF TEST CONFIGURATIONS AND 

RESULTS IN THE UP-TO-DATE DATABASE 

Test 

name 

Case 

no. 

Footing 

geometry 
Sand parameters Clay parameters Measurements 

D 

(m) 

θ 

(°) 

Hs 

(m) 
Hs/D 

's  

(kN/m3) 

ϕ 

(°) 

ID 

(%) 

'c 

(kN/m3) 

sum 

(kPa) 

k 

(kPa/m) 

qpeak 

(kPa) 

dpeak 

(m) 

dpunch 

(m) 
Nc,test 

B1S7SP8a 1 8.0 13 7.00 0.88 11.15 31 99 6.00 13.20 1.85 490.74       

B1S7SP8b 2 8.0 13 7.00 0.88 11.15 31 99 6.00 13.20 1.85 541.67       

B1S7SP8c 3 8.0 13 7.00 0.88 11.15 31 99 6.00 13.20 1.85 606.48       

B1S7SP14a 4 14.0 13 7.00 0.50 11.15 31 99 6.00 13.20 1.85 421.3       

B1S7SP14b 5 14.0 13 7.00 0.50 11.15 31 99 6.00 13.20 1.85 472.22       

NUS_F1 6 10.0 10 3.00 0.30 11.15 32 95 6.00 7.75 1.56 154.78 0.91     

NUS_F2 7 10.0 10 5.00 0.50 9.78 32 88 6.00 12.71 1.56 300.4 1.2 3.93   

NUS_F3 8 10.0 10 7.00 0.70 9.91 32 94 6.00 18.04 1.56 599.23 1.12 7.15   

NUS_F4 9 10.0 10 7.70 0.77 9.90 32 94 6.00 19.82 1.56 626.01 1 7.3   

NUS_F5 10 10.0 10 10.00 1.00 9.93 32 95 6.00 25.82 1.56 699.54 1.19     

NUS_F8 11 10.0 10 5.00 0.50 9.21 32 61 6.00 11.98 1.56 265.14 1.34 4.3   

NUS_F9 12 10.0 10 7.00 0.70 9.15 32 58 6.00 16.66 1.56 522 1.75 6.56   

UWA_F3 13 4.0 13 3.50 0.88 11.15 31 99 6.50 7.22 1.20 371.1 0.41 10.33 19.33 

UWA_F4 14 6.0 13 3.50 0.58 11.15 31 99 6.50 7.22 1.20 270 0.81 9.16 15.23 

UWA_F10 15 8.0 13 7.10 0.89 11.13 31 98 6.50 14.62 1.20 608 0.48     

D1F30a 16 6.0 0 6.20 1.03 10.99 31 92 7.50 17.70 2.10 712 0.61 10.7 25.4 

D1F40a 17 8.0 0 6.20 0.78 10.99 31 92 7.50 17.70 2.10 520 0.67 9.3 19.9 

D1F50a 18 10.0 0 6.20 0.62 10.99 31 92 7.50 17.70 2.10 446 0.73 9 15.9 

D1F60a 19 12.0 0 6.20 0.52 10.99 31 92 7.50 17.70 2.10 384 0.79 7.2 16.3 

D1F70a 20 14.0 0 6.20 0.44 10.99 31 92 7.50 17.70 2.10 342 0.79 4.3 15 

D1F80a 21 16.0 0 6.20 0.39 10.99 31 92 7.50 17.70 2.10 332 0.73 3.1 14.8 

D1F40b 22 8.0 0 4.10 0.51 10.99 31 92 7.50 16.30 2.10 318 0.61 3.5 16.3 

D1F50b 23 10.0 0 4.10 0.41 10.99 31 92 7.50 16.30 2.10 289 0.67 2.7 15.7 

D1F60b 24 12.0 0 4.10 0.34 10.99 31 92 7.50 16.30 2.10 262 0.67 1.8 14.3 

D2F30a 25 6.0 0 6.70 1.12 10.99 31 92 7.50 19.10 2.10 703 0.73 12.2 22.1 

D2F40a 26 8.0 0 6.70 0.84 10.99 31 92 7.50 19.10 2.10 579 0.79 9.5 21.5 

D2F60a 27 12.0 0 6.70 0.56 10.99 31 92 7.50 19.10 2.10 429 0.85 5 19.7 

D2F80a 28 16.0 0 6.70 0.42 10.99 31 92 7.50 19.10 2.10 361 0.91 3.5 15.8 

D2F30b 29 6.0 0 5.80 0.97 10.99 31 92 7.50 18.60 2.10 707 0.67 9.4 25.6 

D2F40b 30 8.0 0 5.80 0.73 10.99 31 92 7.50 18.60 2.10 490 0.8 8.7 18.4 

D2F60b 31 12.0 0 5.80 0.48 10.99 31 92 7.50 18.60 2.10 372 0.86 3 17.6 

D2F80b 32 16.0 0 5.80 0.36 10.99 31 92 7.50 18.60 2.10 313 0.86 1.1 16.4 
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Test 

name 

Case 

no. 

Footing 

geometry 
Sand parameters Clay parameters Measurements 

D 

(m) 

θ 

(°) 

Hs 

(m) 
Hs/D 

's  

(kN/m3) 

ϕ 

(°) 

ID 

(%) 

'c 

(kN/m3) 

sum 

(kPa) 

k 

(kPa/m) 

qpeak 

(kPa) 

dpeak 

(m) 

dpunch 

(m) 
Nc,test 

D2F30c 33 6.0 0 4.80 0.80 10.99 31 92 7.50 17.90 2.10 489 0.61 7.1 20.7 

D2F40c 34 8.0 0 4.80 0.60 10.99 31 92 7.50 17.90 2.10 395 0.73 6 17.6 

D2F60c 35 12.0 0 4.80 0.40 10.99 31 92 7.50 17.90 2.10 311 0.67 1.8 15.3 

D2F80c 36 16.0 0 4.80 0.30 10.99 31 92 7.50 17.90 2.10 278 0.8 0.5 15.1 

D2F30d 37 6.0 0 3.40 0.57 10.99 31 92 7.50 16.60 2.10 332 0.8 5 16 

D2F40d 38 8.0 0 3.40 0.43 10.99 31 92 7.50 16.60 2.10 294 0.61 3.6 15.3 

D2F60d 39 12.0 0 3.40 0.28 10.99 31 92 7.50 16.60 2.10 236 0.55 0.8 12.9 

D2F80d 40 16.0 0 3.40 0.21 10.99 31 92 7.50 16.60 2.10 219 0.67 0.2 14.1 

D1SP40a 41 8.0 13 6.20 0.78 10.99 31 92 7.50 17.70 2.10 603 0.43 11.83 19.16 

D1SP50a 42 10.0 13 6.20 0.62 10.99 31 92 7.50 17.70 2.10 534 0.52 9.15 19.52 

D1SP60a 43 12.0 13 6.20 0.52 10.99 31 92 7.50 17.70 2.10 501 0.84 11.33 15.58 

D1SP70a 44 14.0 13 6.20 0.44 10.99 31 92 7.50 17.70 2.10 424 0.63 9.77 16.93 

D1SP80a 45 16.0 13 6.20 0.39 10.99 31 92 7.50 17.70 2.10 456 0.76 9.16 16.34 

L1SP1 46 6.0 13 6.00 1.00 9.96 31 43 7.11 12.96 1.54 382.95 0.5 7.78 21.73 

L1SP2 47 8.0 13 6.00 0.75 9.96 31 43 7.11 12.96 1.54 339.53 0.42 8.1 18.65 

L1SP3 48 10.0 13 6.00 0.60 9.96 31 43 7.11 12.96 1.54 364.78 0.53 7.66 19.56 

L1SP4 49 12.0 13 6.00 0.50 9.96 31 43 7.11 12.96 1.54 294.41 0.61 7.67 17.9 

L1SP5 50 14.0 13 6.00 0.43 9.96 31 43 7.11 12.96 1.54 302.53 0.79 7.93 16.98 

L2SP1 51 6.0 13 5.00 0.83 9.96 31 43 7.11 12.36 1.54 340.57 0.33 7.19 21.24 

L2SP2 52 10.0 13 5.00 0.50 9.96 31 43 7.11 12.36 1.54 244.44 0.4 6.31 17.37 

L2SP3 53 14.0 13 5.00 0.36 9.96 31 43 7.11 12.36 1.54 222.11 0.54 6.82 16.48 

L2SP4 54 16.0 13 5.00 0.31 9.96 31 43 7.11 12.36 1.54 221.33 0.42 6.46 15.14 

L2SP5 55 20.0 13 5.00 0.25 9.96 31 43 7.11 12.36 1.54 223.99 0.46 6.16 12.99 

L3SP1 56 6.0 13 3.20 0.53 9.96 31 43 7.11 11.01 1.55 230.22 0.46 6.18 14.74 

L3SP2 57 8.0 13 3.20 0.40 9.96 31 43 7.11 11.01 1.55 206.75 0.38 5.24 14.92 

L3SP3 58 12.0 13 3.20 0.27 9.96 31 43 7.11 11.01 1.55 183.61 0.39 5.45 13.88 

L3SP4 59 16.0 13 3.20 0.20 9.96 31 43 7.11 11.01 1.55 184.32 0.46 5.22 13.65 

L3SP5 60 20.0 13 3.20 0.16 9.96 31 43 7.11 11.01 1.55 169.92 0.38 5.25 12.38 

H7C7 61 8.0 7 6.89 0.86 10.61 31 74 7.21 21.86 2.09 702.82 1.11 10.43 20.97 

H7C14 62 8.0 14 7.11 0.89 10.61 31 74 7.21 22.24 2.11 758.95 0.7 11.76   

H7C21 63 8.0 21 7.25 0.91 10.61 31 74 7.21 22.22 2.09 740.25 0.68 13.94   

H5C0 64 8.0 0 4.91 0.61 10.61 31 74 7.21 19.29 2.08 368.11 0.94 7.67 15.51 

H5C7 65 8.0 7 5.09 0.64 10.61 31 74 7.21 16.66 1.80 436.74 0.96 10.05 16.48 

H5S13 66 8.0 13 5.13 0.64 10.61 31 74 7.21 19.58 2.08 487.82 1.13 7.67   

H5C14 67 8.0 14 5.41 0.68 10.61 31 74 7.21 20.72 2.13 504.69 1.38 10.35   
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Test 

name 

Case 

no. 

Footing 

geometry 
Sand parameters Clay parameters Measurements 

D 

(m) 

θ 

(°) 

Hs 

(m) 
Hs/D 

's  

(kN/m3) 

ϕ 

(°) 

ID 

(%) 

'c 

(kN/m3) 

sum 

(kPa) 

k 

(kPa/m) 

qpeak 

(kPa) 

dpeak 

(m) 

dpunch 

(m) 
Nc,test 

H5C21 68 8.0 21 5.25 0.66 10.61 31 74 7.21 20.55 2.13 456.93 0.47 9.7 15.27 

H3C7 69 8.0 7 3.05 0.38 10.61 31 74 7.21 11.34 1.51 246.36 0.84 6.4 14.2 

H3C14 70 8.0 14 3.03 0.38 10.61 31 74 7.21 11.31 1.51 237.28 0.57 5.54 16.65 

H3C21 71 8.0 21 3.18 0.40 10.61 31 74 7.21 13.93 1.83 261.95 0.58 4.74 15.1 

S1H2D3a 72 3.2 13 2.24 0.70 10.44 31 90 6.40 10.52 3.20 270.723 0.293 4.3376 13.79 

S1H2D3b 73 3.2 13 2.24 0.70 10.44 31 90 6.40 10.52 3.20 289.116 0.451 3.579 15.83 

S1H2D3c 74 3.2 13 2.24 0.70 10.44 31 90 6.40 10.52 3.20 314.501 0.639 2.875 18.78 

S1H2D2 75 2.4 13 2.24 0.93 10.44 31 90 6.40 10.52 3.20 310.5657 0.897   20.48 

S1H2D4 76 4.0 13 2.24 0.56 10.44 31 90 6.40 10.52 3.20 251.654 0.512   16.05 

S2H3D2 77 2.4 13 3.04 1.27 10.44 31 90 6.40 9.45 3.45 488.251 0.586 5.772 24.03 

S2H3D3 78 3.2 13 3.04 0.95 10.44 31 90 6.40 9.45 3.45 407.826 0.588 4.421 23.42 

S4H2D3a 79 3.2 13 2.24 0.70 10.44 31 90 6.40 8.73 3.10 271.183 0.266 3.015 18.84 

S4H2D3b 80 3.2 13 2.24 0.70 10.44 31 90 6.40 8.73 3.10 307.754 0.395 3.44 19.33 

S4H2D3c 81 3.2 13 2.24 0.70 10.44 31 90 6.40 8.73 3.10 284.866 0.54 3.418 17.00 

S4H2D2 82 2.4 13 2.24 0.93 10.44 31 90 6.40 8.73 3.10 374.771 0.341 4.684 21.11 

S4H2D4  83 4.0 13 2.24 0.56 10.44 31 90 6.40 8.73 3.10 284.065 0.505 3.234 16.48 

S3H3D2 84 2.4 13 3.04 1.27 10.44 31 90 6.40 10.21 3.25 507.622 0.837 6.343 21.42 

S3H3D3 85 3.2 13 3.04 0.95 10.44 31 90 6.40 10.21 3.25 435.999 0.803 4.241 22.75 
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 FURTHER STUDY ON THE PROBABILISTIC 

PREDICTION OF PUNCH-THROUGH DISTANCE 

Introduction 

Accounting for the centrifuge tests conducted in this thesis as described in Chapter 3, the centrifuge 

modelling database of spudcan penetrating sand-over-clay is extended and summarized in APPENDIX 

I. Based on the up-to-date experimental database, the probabilistic approach proposed in Chapter 4 to 

calculate  𝑑punch is updated with the following supplementary studies. 

 

Uncertainty characterization of bearing capacity factor 

In addition to the 66 centrifuge tests and 57 numerical simulations mentioned in Chapter 3, the enlarged 

database is further applied to re-characterize the uncertainties of the bearing capacity factor 𝑁c. Except 

for the 5 beam centrifuge tests (Lee, 2009), where the penetration resistance profile is not available, the 

bearing capacity factors at depths of 0.25D, 0.5D, 0.75D and 1D in the clay layer were firstly back-

calculated from 80 centrifuge tests and 57 numerical simulations as presented in Figure III - 1. The 

measured bearing capacity factors were plotted against the 𝐻s 𝐷⁄  ratio in Figure III - 2 and compared 

with the 𝑁cu realizations which are generated from Equation 4.4 and Equation 4.8 using the current 

probability distribution of 휀nc. The additional bearing capacity factors measured from the centrifuge 

tests in the study, are presented as red dots and are fully covered by 𝑁cu  realizations. The results 

demonstrate that the current probability distribution of 휀nc  is well established to characterize the 

uncertainties of 𝑁c for the majority of the possible conditions.  

 

Probabilistic prediction of punch-through distance before installation 

In Chapter 4 and this Appendix, the punch-through distance was calculated from Equation 4.7 the 

experimental measurements 𝑞peak,m and 𝑑peak,m. 

As detailed in Chapter 2, the uncertainties in the model for peak penetration resistance and the peak 

penetration depth in Hu et al. model were characterized, multiplicative model factors are established as 

휀q and 휀d and applied to the deterministic prediction: 

𝑞peak,u = 휀q𝑞peak,det Equation III - 1 

𝑑peak,u = 휀d𝑑peak,det Equation III - 2 
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Both the uncertainty factors 휀q and 휀d follow Beta-PERT distribution with the parameters and PDF 

curves derived by Li et al. (2018). The characterization performance of current model factors is further 

validated with the enlarged database. A set of 10,000 𝑞peak,u and 𝑑peak,u realizations are obtained from 

Equation III - 1 and Equation III - 2 with randomly sampled model uncertainties 휀q and 휀d. Boundaries 

of the realizations for both 𝑞peak and 𝑑peak are presented as the grey lines in Figure III - 3. In Figure 

III - 3(a), the measured 𝑞peak,m are plotted against the deterministic prediction following Equation 4.1. 

The scatter located along the line of the equality is well replicated by the realizations of 𝑞peak,u . 

Similarly, the relationship between the measured 𝑑peak,m and sand thickness 𝐻s is presented in Figure 

III - 3(b). The measurements of 𝑑peak are observed to be linearly increasing with the sand thickness, 

and most of the measurements are covered by the realizations of 𝑑peak,u. The results demonstrate that 

the uncertainties in the determination of 𝑞peak and 𝑑peak are well characterized by the current model 

uncertainty factors 휀q and 휀d.  

 

Case studies 

Four typical tests, S1H2D3b, S2H3D3, S3H3D3 and S4H2D3c, are selected from 14 centrifuge model 

tests in this thesis, to illustrate the prediction performance of the proposed method with spudcan 

penetration in different soil profiles. In each test, the potential punch-through distance is predicted by 

applying the proposed probabilistic method with the established model uncertainty factors 휀nc, 휀q and 

휀d for the bearing capacity factor, peak penetration resistance and peak penetration depth, respectively. 

The predicted distribution of 𝑑punch is demonstrated in terms of a probability distribution function 

(PDF) and cumulative distribution function (CDF) as presented in Figure III - 4. The mode value which 

represents the most likely observed punch-through distance is plotted as the green line and compared 

with the experimental measurement (red line) and deterministic prediction (blue line) using the Hu et 

al. method.  

In Figure III - 4, overestimations of the punch-through distance are observed for all the four tests with 

the deterministic prediction method. By accounting for the uncertainties within the soil-spudcan system, 

the potential punch-through distance is better estimated by the mode value of 𝑑punch, which is closer 

to the experimental measurement. More importantly, the statistic distribution of 𝑑punch  provide 

experienced engineers with quantitative information about the potential risks for their decision-making. 

For example, the percentiles presented by the grey-dashed lines in Figure III - 4 quantify the possibility 

of a particular punch-through distance being observed. A possible range of 𝑑punch is further derived, 

for instance in Figure III - 4(a), a 50% probability of the punch-through distance is obtained between 

the 25th and 75th percentiles. For the four cases, the 50%-possible range is predicted as [2.9 m, 4.0 m], 

[3.9 m, 5.0 m], [4.0 m, 5.2 m] and [2.9 m, 3.9 m] respectively for tests S1H2D3c, S2H3D3, S3H3D3 
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and S4H2D3c. These possible ranges successfully cover the experimental measurements with a narrow 

range of about 1 m.  

Among the 14 centrifuge model tests conducted for this thesis, punch-through failure was observed in 

12 centrifuge tests when the spudcan penetrated from stronger sand into underlying soft clay. 

Comparisons of the predicted punch-through distance and the experimental measurements for all the 12 

centrifuge tests are provided as supplementary information in Figure III - 5. For all 12 centrifuge tests 

in Figure III - 5, the punch-through distance is reasonably predicted between the 5th and 95th percentile 

lines. 

 

Conclusion  

In this section, the probabilistic model proposed in Chapter 4 for the prediction of punch-through 

distance was further validated against the up-to-date centrifuge database. Accounting for the 

uncertainties of peak penetration behaviour, the existing method was updated with the capability of 

probabilistically predicting the punch-through distance prior to spudcan installation. The practical 

application of this model was illustrated through four typical examples of centrifuge tests in this 

research. The results demonstrate that the predicted probabilistic punch-through distance can provide 

offshore operators with accurate and helpful information for the possible range of punch-through 

distances that could be expected during installation of offshore mobile jack-up platforms. 
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Figure III - 1 Summary of the bearing capacity factor Nc from 80 centrifuge tests and 57 

numerical simulations 
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Figure III - 2 Comparison of model realizations and measurements of Nc with the 

updated database 
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Figure III - 3 Comparison of the model realizations and measurements of (a) peak 

penetration resistance qpeak (b) peak penetration depth dpeak with the updated database 
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Figure III - 4 Probability distribution of the punch-through distance for centrifuge tests 

(a) S1H2D3b (b) S2H2D3 (c) S3H3D3 (d) S4D2H3c 
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Figure III - 5 Probabilistic prediction of punch-through distance for the 12 centrifuge 

tests in this thesis (Continued on the next page) 
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Figure III - 5 Probabilistic prediction of punch-through distance for the 12 centrifuge 

tests in this thesis
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 FURTHER STUDY ON PROBABILISTIC SITE-

CHARACTERISATION USING MONITORED 

INSTALLATION DATA 

Introduction 

The probabilistic site-characterisation method proposed in Chapter 5 was initially illustrated with a Teh 

et al. centrifuge model test and an offshore field case study. Further validations are undertaken with the 

centrifuge tests conducted in this thesis to back-analyse the soil profile within the strongbox. 

 

Prior soil parameters 

There are 14 centrifuge tests performed on the soil profile of sand-overlying-clay with spatially varying 

soil parameters. According to the sample preparation process detailed in Chapter 3, the soil profile 

within the strongbox is divided into four sections. Each has different sand thickness 𝐻s, clay undrained 

strength 𝑠um and strength gradient k. Sand thickness 𝐻s was estimated by measuring the height of soil 

surface before and after the preparation of the sand layer, while the clay strength parameters were 

interpreted from the nearby T-bar penetrometer tests which were conducted before and after the spudcan 

penetration tests. Overall design parameters for the centrifuge tests can be found in APPENDIX I. 

Although the soil parameters have been well measured with a reasonable degree of precision, the 

measured soil parameters deviate from expectations. For example, as presented in Figure 3.14, due to 

the inclined sand-clay interface being created, the clay strength tends to be stronger when it is located 

closer to the centre of the strongbox, because of the higher overburden stress it has experienced during 

the consolidation process. However, based on the T-bar penetrometer measurements, the averaged clay 

shear strength at the sand-clay interface in Section 2 is 9.45 kPa, which is lower than the value of 10.52 

kPa in Section 1, as presented in Figure 3.20. The difference between the expected clay strength and T-

bar measurements can be potentially caused by the soil disturbance during scraping the clay or the 

decision made during the interpretation of T-bar results. Besides, the level of clay surface was observed 

to rise inside the PVC tubes, where T-bar penetrometer tests were undertaken. It was led by the swelling 

of over-consolidated clay due to the removal of overburden sand surcharge, which can potentially result 

in underestimation of the clay’s undrained shear strength. 

Furthermore, the potential load-penetration profiles were predicted using the Hu et al. method with the 

design parameters. As presented in APPENDIX II, although the spudcan penetration behaviours had 

been mostly captured by the predicted penetration profile (red curve), deviations from the experimental 

observations are observed. For example, the peak penetration resistance of tests, S2H3D2, S2H3D3, 
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S3H2D2, S3H3D3, in Sections 2 and 3 are under-predicted, which may be caused by underestimation 

of the clay’s undrained shear strength. 

 

Posterior soil parameters 

In this study, soil parameters for 14 spudcan penetration tests are first updated using the proposed 

Bayesian back-analysis method and the experimental measurements. 

The measured soil parameters, 𝐻s, 𝑠um and k (as listed in APPENDIX I), are initially applied as the 

mean values of the prior probability distribution. As detailed in the illustrative example, the prior 

statistics of 𝐻s , 𝑠um  and k are, respectively assumed to be Normal, Lognormal and Lognormal 

distributed with the COV of 10%, 30% and 50%. The prior distributions of soil parameters at each 

section are plotted as the dashed curves in Figure IV - 1. To better recognize the penetration behaviour 

at the surface of underlying clay, the measured penetration resistance at the sand-clay interface 𝑞int is 

introduced here along with the other key measurements, the peak penetration depth 𝑑peak, the peak 

penetration resistance 𝑞peak and the punch-through distance 𝑑punch, to back-analyse soil parameters. 

The outputs of soil parameters 𝐻s, 𝑠um and 𝑘 resulting from this multivariate MCMC simulation are 

presented in the four sections of the experiment (see Chapter 3) in Figure IV - 1 and compared with the 

prior distributions. 

First, the trends of the back-analysed soil parameters compared to the prior statistics are consistent 

among all the tests. The sand thicknesses 𝐻s  are reduced from what was measured during sample 

preparations, while the underlying clay soil profile has an increased undrained shear strength 𝑠um and 

decreased strength gradient 𝑘. For instance, the posterior statistics of soil parameters in test S2H3D3 

are presented in Figure IV - 1(d), (e) and (f). The mean value of posterior sand thickness is reduced 

from 3.04 m to 2.41 m, while the one of undrained shear strength is increased from 9.45 kPa to 14.64 

kPa with the gradient decreasing from 3.45 kPa/m to 2.85 kPa/m. Besides, although the prior statistics 

of soil parameters are applied with the same probability distribution within one section, the outputs of 

soil parameters vary between locations due to the diversity of spudcan penetration behaviour being 

observed. However, all the soil parameters have reduced variations. For example, the COVs of sand 

thickness are reduced from 10% to 3.4%, 1%, 0.6% and 8.9% in experimental sections 1, 2, 3 and 4 

respectively. The variations of the underlying clay strength in the four sections are limited to 10%, 2%, 

2.7% and 0.1% for 𝑠um, and 13.8%, 22%, 22.8% and 12.9% for 𝑘, compared with the prior variance of 

30% and 50%. Furthermore, the overall soil profile presented by the mean values of the posterior soil 

parameters better accords with the soil formation process. The upper sand layer is getting thicker from 

the edge of the strongbox to the centre, which indicates the sand-clay interface inclining towards the 

centre. The clay close to the centre of the strongbox therefore was subjected to more overburden soil 
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being scraped and appears to have stronger undrained strength on the surface than the one near the edge 

of the field.  

 

Posterior prediction of spudcan load-penetration profile 

The updated statistical soil parameters also provide more accurate retrospective predictions of spudcan 

installation. 

For instance, for the centrifuge test labelled as S2H3D3, the conventional prediction of the load-

penetration response, shown as the dashed curve in Figure IV - 2, underestimates the peak penetration 

resistance from 408.8 kPa to 370.7 kPa and overpredicts the punch-through distance as 5.46 m 

compared to the experimental observation of 4.42 m. With the mean values of posterior soil parameters, 

the spudcan load-penetration profile predicted using the Hu et al. deterministic model (Equation 4.1-

Equation 5.8) is presented as the red curve in Figure IV - 2. Better forecast of the spudcan penetration 

behaviour is obtained with the peak penetration resistance of 413.7 kPa and the punch-through distance 

of 4.48 m, which are more consistent with the experimental measurements. 

Moreover, the probabilistic predictions using the mean values of back-analysed soil parameters are 

plotted in Figure IV - 3. As illustrated in Figure IV - 3(a), the original predictions present a 50% 

possibility that 𝑞peak to be greater than 356 kPa and smaller than 440 kPa. When the posterior statistical 

soil parameters are applied, the percentile predicted curves become more concentrated as presented in 

Figure IV - 3(b), which refines the 50%-possible spudcan penetrations progressively into a smaller 

range between 400 kPa and 440 kPa. 

Furthermore, both the deterministic and probabilistic predictions of spudcan penetration profile for all 

the 14 centrifuge tests are updated with output soil parameters and plotted in Figure IV - 5 and Figure 

IV - 6 as supplementary information. 

 

Application to Retrospective Simulation of Entire Centrifuge Database 

In this section, the practical effect of this Bayesian back-analysis framework is demonstrated through 

all the existing cases of spudcan penetrating sand-over-clay. The full database of 66 existing 

geotechnical centrifuge tests (Teh, 2007; Lee, 2009; Hu, 2015), the 14 centrifuge tests of this thesis and 

one offshore field case (Van Dijk and Yetginer, 2015) are applied. For each case, soil parameters are 

updated using this Bayesian method with experimental observations or field measurements during 

spudcan penetration. Spudcan installations are initially estimated and further updated using the mean 

values of prior and posterior statistical design parameters associated with the Hu et al. deterministic 

model. The variation of the measurements with the predictions from the deterministic model is shown 
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in Figure IV - 4, with the scatter reflecting the degree of uncertainties. As mentioned previously, for 

instance, if the predicted peak penetration resistance 𝑞peak in Figure IV - 4(a) is equal to the measured 

value, the dot will lie along the line of equality. 

When the prior parameters are replaced by the posterior ones, the global coefficient of determination 

increases from 0.197 to 0.655 for the peak penetration depth, while the ones associated with the peak 

penetration resistance and punch-through distance increase from 0.919 and 0.613 to 0.993 and 0.703, 

respectively. The predictions with posterior soil parameters in Figure IV - 4(b), (d) and (f) present more 

consistent relationships with experimental measurements and field observations, compared to the 

predictions with prior soil parameters in Figure IV - 4(a), (c) and (e). These results demonstrate the 

capability of this Bayesian back-analysis method of improving the overall predictions of spudcan 

installations by updating statistical soil parameters with experimental observations and field 

measurements. The differences between the relative improvements in the three results highlight that the 

underlying Hu et al. model can predict  𝑞peak and 𝑑peak easier than 𝑑punch, with the latter relying on 

combined predictions of load and displacement in both the sand and clay. A further discussion on 

improvements to the deterministic Hu et al. model, through use of installation data, can be found in Li 

et al. (2018) and Jiang et al. (2020). 

 

Conclusion 

In this section, the Bayesian back-analysis method proposed in Chapter 5 was applied for updating and 

refining the measured soil parameters of centrifuge tests in this thesis, with significantly reduced level 

of uncertainty. With the posterior soil parameters, the overall soil profile was better understood with 

improved prediction of the potential load-penetration response. In addition, this proposed method is 

further applied to the retrospective simulation of the up-to-date centrifuge database. The results 

demonstrate and validate the capability of this Bayesian back-analysis method as a powerful tool for 

the jack-up industry to interpret seabed sites and soil characteristics probabilistically and with the values 

more aligned with spudcan installations. 
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Table IV - 1 Mean values of prior and posterior statistics of soil parameters for the centrifuge tests in this thesis 

CASE NO. Test Name Section  

Experimental measurements Bayesian back-analysed values 

Sand thickness 

Hs (m) 
sum (kPa) k (kPa/m) 

Sand thickness 

Hs (m) 
sum (kPa) k (kPa/m) 

1 S1H2D3a 

1 2.24 10.52 3.20 

1.95 11.06 2.06 

2 S1H2D3b 1.86 12.36 2.46 

3 S1H2D3c 1.78 13.64 3.00 

4 S1H2D2 1.83 10.80 2.70 

5 S1H2D4 1.85 11.20 2.80 

6 S2H3D2 
2 3.04 9.45 3.45 

2.38 15.03 2.08 

7 S2H3D3 2.41 14.64 2.85 

8 S3H3D2 
3 3.04 10.21 3.25 

2.35 15.94 2.00 

9 S3H3D3 2.34 15.95 2.98 

10 S4H2D3a 

4 2.24 8.73 3.10 

1.57 12.88 2.33 

11 S4H2D3b 1.86 12.87 2.69 

12 S4H2D3c 1.72 12.59 2.25 

13 S4H2D2 2.00 12.84 2.03 

14 S4H2D4 1.81 13.52 2.50 
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Figure IV - 1 Probability distribution function (PDF) of the prior and posterior soil parameters for the 1centrifuge tests in this thesis 

(Continued on the next page) 
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Figure IV - 1 Probability distribution function (PDF) of the prior and posterior soil parameters for the 1centrifuge tests in this thesis
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Figure IV - 2 Deterministic prediction of spudcan penetration profile with measured 

and posterior soil parameters for centrifuge test S2H3D3 
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Figure IV - 3 Probabilistic predictions of spudcan penetration profile with (a) site 

investigations and (b) posterior soil parameters for test S2H3D3 
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Figure IV - 4 Comparisons of predicted results and observations using prior and 

posterior soil parameters 
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Figure IV - 5 Deterministic prediction of spudcan penetration profile with measured 

and posterior soil parameters for the centrifuge tests in this thesis (Continued 

on the next page) 
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Figure IV - 5 Deterministic prediction of spudcan penetration profile with measured 

and posterior soil parameters for the centrifuge tests in this thesis (Continued 

on the next page) 
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Figure IV - 5 Deterministic prediction of spudcan penetration profile with measured 

and posterior soil parameters for the centrifuge tests in this thesis 
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Figure IV - 6 Probabilistic prediction of spucan load-penetration profiles using measured and 

posterior soil parameters for the centrifuge tests in this thesis (Continued on the next page) 
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Figure IV - 6 Probabilistic prediction of spucan load-penetration profiles using measured and 

posterior soil parameters for the centrifuge tests in this thesis (Continued on the next page) 
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Figure IV - 6 Probabilistic prediction of spucan load-penetration profiles using measured and 

posterior soil parameters for the centrifuge tests in this thesis (Continued on the next page) 
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Figure IV - 6 Probabilistic prediction of spucan load-penetration profiles using measured and 

posterior soil parameters for the centrifuge tests in this thesis (Continued on the next page) 
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Figure IV - 6 Probabilistic prediction of spucan load-penetration profiles using 

measured and posterior soil parameters for the centrifuge tests in this thesis 




