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ABSTRACT: Monopiles are the most widespread foundation option for offshore wind turbines. The PISA (Pile
Soil Analysis) joint industry research established a one-dimensional (1D) model for calculating the monotonic
behaviour of laterally loaded monopiles by using a parametric equation to represent the soil reaction compo-
nents. During the current PICASO project, a new data-driven method has been developed, as an alternative
form of the PISA design model, in which Gaussian process regression (GPR) is employed to formulate the soil
reaction curve data that are required to drive the 1D model to predict the monopile’s monotonic behaviour. This
paper presents a general Cowden clay model (GCCM) generated by using this data-driven method. The 1D
model employing the GCCM can be used to predict the initial stiffness and ultimate capacity of piles embedded
in homogenous glacial clay till soils within a range of different stress histories.

1 Introduction

Offshore wind turbine support structures are typically
supported by monopile foundations. Monopiles are
large diameter circular hollow steel tubes with a wall
thickness that usually varies along the length of the
pile. The design of monopiles requires analysis tools
that can provide reliable and rapid predictions of the
foundation capacity for environmental loads due to
wind, waves and current. Design analyses are also re-
quired to determine the stiffness of the foundation, to
facilitate estimates of the natural frequency of the
overall structure.

Generalised models allow monopile design calcu-
lations to be conducted for a range of soil strength and
stiffness profiles. An example of such a model is the
PISA 1D general Dunkirk sand model (GDSM) (Burd
et al., 2020), which is appropriate for sand within a
range of relative densities. The current paper de-
scribes a new generalised model for glacial clay till,
for incorporation in the PISA one-dimensional (1D)
analysis framework. The model is referred to as ‘gen-
eral Cowden clay model’ (GCCM); the reference to
‘Cowden’ signifies that the soil characteristics
adopted in the model are based on the Cowden test
site employed in the PISA project (Zdravkovic et al.,
2020a, b). The GCCM employs a data-driven method
that has been developed during the current PICASO
project at Oxford University; the model is capable of
predicting the monotonic loading response of a pile
embedded in a homogenous glacial clay till soil with
a range of potential stress history scenarios.

1.1 Conventional design practice

Conventional design procedures e.g. DNV-GL
(2016) employ a simplified 1D analysis design model
known as the p-y method. In the p-y method the pile
1s modelled as an embedded beam and the lateral soil
response is represented by p-y curves, which are non-
linear relationships between the distributed lateral
load acting on the pile and the local lateral pile dis-
placement. This method was developed for relatively
slender piles; it is considered unreliable for offshore
monopiles which employ a relatively small pile slen-
derness ratio, L/D (e.g. Byrne et al., 2017).

1.2 The PISA design model

The PISA (Pile Soil Analysis) project established the
‘PISA design model” for monotonic analysis of later-
ally loaded monopiles (Byrne et al., 2020b; Burd et
al., 2020). The model is able to conduct rapid calcu-
lations to determine the pile displacements and the
distribution of bending moment and shear force act-
ing in the pile. The PISA design model incorporates
four soil reaction components; it provides an effective
means of predicting the response of low length-to-di-
ameter (L/D) relatively rigid piles within a pre-de-
fined calibration space. The PISA soil reaction com-
ponents (Figure 1(a)) acting on the pile are: (a)
distributed lateral load; (b) distributed moment due to
vertical shear tractions; (c) a horizontal force at the
pile base; and (d) a moment at the pile base.
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Figure 1. PISA design model. (a) Soil reaction components acting on the pile. (b) 1D finite element model framework of the embedded
monopile, (c) four-parameter conic function used to represent the PISA soil reaction curves.

The PISA design model is implemented in the 1D
finite element framework illustrated in Figure 1(b). A
line mesh of beam elements — employing Timoshenko
theory — is employed for the pile. The soil is repre-
sented by a separate set of line soil elements. Each
embedded pile element is associated with a soil ele-
ment attached to its two nodes. Soil-structure interac-
tion is modelled via the soil elements using non-linear
formulations employing the Winkler assumption (i.e.
each soil reaction component is related only to the
corresponding local lateral displacement or rotation).

To conduct analyses using the PISA design model,
a monotonic lateral load H, corresponding to environ-
mental loading, is applied at a load eccentricity h
above the ground level. This is equivalent to a lateral
load (H; = H) and a moment load (M; = hH) ap-
plied at ground level. Vertical loads applied to the
monopile are neglected. The soil reaction components
used in the PISA design model are calibrated by
three-dimensional (3D) finite element (FE) analyses
employing advanced soil constitutive models. A four-
parameter conic function — relating normalized forms
of pile displacement/rotation and local force/moment
—1is used to represent each soil reaction curve (Figure
1 (c)). Simple functions are employed to represent the
depth variation along the pile of the 4-conic function
parameters for each soil reaction component.

2 PICASO data-driven design method

The data-driven design method (Suryasentana et al.,
2020) developed during the PICASO project employs
the basic framework of the PISA design model but
with Gaussian process regression (GPR) machine
learning (ML) models used to formulate the soil reac-
tion curve data. This is a form of supervised learning,
where a set of training examples is available that con-
sists of inputs (soil profile properties, pile geometries)
and outputs (soil reaction curves parameters), with
the aim of producing a function that maps the inputs

to the outputs. The data-driven design method is an
alternative to the PISA conic function-based design
procedure described above; it facilitates a high-fidel-
ity representation of the soil reaction curves — as com-
puted with 3D finite element calibration calculations
— than is possible with the original PISA design
model.

2.1 Machine learning model approach

Gaussian process regression (GPR) is a machine
learning model that assumes a Gaussian probability
distribution over a range of possible random functions
(Rasmussen and Williams, 2006). The procedure pro-
vides a built-in variance measure which quantifies the
prediction uncertainty. GPR is a non-parametric
model meaning that its expressiveness increases with
the amount of data. A GPR model is fully character-
ized by its mean function m(x) and its covariance
function (kernel) k(x,x") (Equation (1)), where
(x, x") are inputs in either the training or the test sets.
The kernel function specifies the similarity between
the inputs based on the assumption that if the (x, x")
inputs are similar then the y(x) , y(x") predicted out-
puts will be strongly correlated.

f(x) ~GP(m(x), k(x,x)) (1)

In this paper a zero-mean function m(x) = 0 is
adopted; this is adequate to capture the complexity of
the data. A Matérn kernel (Rasmussen and Williams,
2006) with v = 5/2 is selected as a kernel function

(Equation (2)).
( Zlvr)v Kv( Zlvr) (2)

21—1}
where I' is the gamma function, K, is the modified
Bessel function of the second kind and v, r are posi-
tive parameters of the covariance. The Matérn kernel
is a generalisation of the squared exponential kernel,
which has an additional parameter v that controls the
smoothness of the function.

kyatern(r) = )
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2.2 Soil reaction curves formulation

Each soil reaction curve is defined by eight ‘knot
point’ values of soil reaction forces/moments at pre-
defined values of the local pile displacement/rotation.
The values of the force/moment at each knot point are
considered as ‘soil reaction curves parameters’; these
data are used to train GPR models. The Piecewise Cu-
bic Hermite Interpolating Polynomial (PCHIP)
(Fritsch and Carlson, 1980) is used to interpolate the
soil reaction curves from the knot points predicted by
the GPR models. An example of an eight knot point
piecewise soil reaction curve employing PCHIP inter-
polation, for normalised displacement, ¥ , and lateral
soil reaction, p is shown in Figure 2.
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14 ® Knot points
Numerical
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O T
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v

Figure 2. Example eight knot point soil reaction curve for dis-
tributed lateral load (where p is normalised lateral load and ¥ is
normalised lateral displacement). The black line indicates data
extracted from a calibration 3D FEA; the red markers show the
knot points; the red dotted line is the PCHIP interpolation.

3 General Cowden clay model

The general Cowden clay model (GCCM) is gener-
ated using the data-driven design method described
above. The GCCM provides depth variation predic-
tions of the knot points for each of the soil reaction
curves. PCHIP interpolation is employed to generate
continuous soil reaction curves which are then em-
ployed within the 1D design model illustrated in Fig-
ure 1(b). The soil reaction curves used to calibrate the
model in the current work were generated using 3D
FE analysis employing the PLAXIS software
(Brinkgreve et al., 2018). Procedures to develop the
GCCM (generation of idealised offshore clay till soil
profiles, numerical modelling, soil reaction curves
processing and GPR training) are outlined below.

3.1 Generation of idealised offshore clay till soil
profiles

The glacial till clays occurring in the North Sea are
typically overconsolidated due to previous glaciation
periods. Consistent with previous approaches (e.g.
Boulton and Dobbie, 1993) it is assumed that over-
consolidation was caused solely by the prior action of
the weight of ice. To define the stress history of the
soil, one-dimensional compression theory is

employed. This approach does not account for possi-
ble stress history effects relating to geological pro-
cesses such as erosion and deposition or the influence
of shear stresses applied to the soil by glacier move-
ments. On this basis the overconsolidation ratio, OCR,
at a particular soil depth is determined as the ratio be-
tween the preconsolidation stress (¢’ ) and the current
vertical effective stress (o”,) at that depth (OCR =
o'c/d’',). The preconsolidation stress is estimated by
applying an overburden pressure — corresponding to
the weight of an assumed thickness of ice sheet — to
the current soil surface. A similar approach was em-
ployed in Le et al. (2014) to estimate the OCR profile
of the Bolders bank glacial tills located at the Hornsea
offshore wind farm. The OCR profile at a depth z be-
low the seabed is therefore defined as follows:

OCR = 0'c _ ViceXdicety'xz 3)
B o'y - YIXz
where ¥’ = 11.38 kN/m3 (Zdravkovic et al., 2020a)

is the effective unit weight of Cowden till y;., =
9 kN/m?3 is adopted for the unit weight of an ice sheet
with assumed thickness d;... It is assumed that the
soil is submerged (non-frozen pore water) during the
assumed idealized geological process.

The coefficient of lateral earth pressure (K,) is es-
timated by Mayne and Kulhawy (1982),

Kooc = Konc X OCRSIes (4)

where Ky is an assumed value of K, defined by
Kone = 1 —sin ¢b;; based on triaxial compression
data in Zdravkovic et al. (2020a), the critical state
friction angle is assumed to be ¢/ = 27°. Equation
(4) predicts unrealistically high values of K, for high-
OCR marine clays at depths of 10m or less (Brosse et
al., 2017). In the current work, therefore, the K, pro-
file is limited to a maximum value of 1.5-1.75.

The undrained shear strength profile for triaxial
compression conditions is calculated by Equation (5)
(Potts and Zdravkovic, 1999); this equation is based
on the Modified Cam Clay framework as employed
in the PISA project (Zdravkovic et al., 2020b).

s, = OCR X ' X g(8) X cos(8) X L’:O”C X
2 2x(1+2Ko0c¢) %
(1+B%) X [(1+2K0NC)XOCR><(1+BZ) ®)

where g(6) is a function used to obtain a Mohr-Cou-
lomb hexagon for the yield surface in the deviatoric
plane and B is a parameter depending on the values
of g(0) and Kyyc. For triaxial compression condi-
tions the Lode’s angle is 8 = —30°. The intact com-
pressibility coefficient is A = 0.115; and the swelling
coefficient is k = 0.021 (Zdravkovic et al., 2020a).
Based on the approach adopted in the PISA project
(Zdravkovic et al., 2020a), the small strain shear mod-
ulus (Gy) is assumed to be related to the mean effec-
tive stress by G, = 1100p’".
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Figure 3. OCR, s,, G, and K,,, for the four offshore idealised offshore clay till soil profiles used to calibrate the GCCM. This set of
profiles includes the representative offshore glacial clay till site employed in the PISA project (Byrne et al., 2020b).

For the current work three new idealised clay till
profiles were developed as follows:

e anormally consolidated (NC) clay till profile;

e a slightly overconsolidated clay till corre-

sponding to a previous ice sheet of thickness
dice = 25m; and

e a heavily overconsolidated idealised clay till

corresponding to a previous ice sheet of thick-
ness d;.. = 100m.

These three idealised profiles span a range of typ-
ical clay till profiles at offshore wind farms (Le et al.,
2014). It 1s expected that the glacial till profiles will
show significant variability across a wind farm site
(Clarke, 2018).

The OCR, s,,, G, and K, distributions for the three
idealised offshore clay till profiles are shown in Fig-
ure 3 together with the representative offshore glacial
till profile adopted in the original calibration of the
PISA design model (Byrne et al., 2020b). These four
soil profiles represent the range of site characteristics
employed in the current work to calibrate the GCCM.

3.2 Numerical modelling

3.2.1 Constitutive model selection

Calibration data were computed using PLAXIS 3D
with the NGI-ADP constitutive model (Grimstad et
al., 2012) to represent the clay till. NGI-ADP is a total
stress model formulated for undrained analysis of
clays; it is capable of capturing soil strength anisot-
ropy by incorporating different undrained shear
strength (s,,) values for different stress conditions.
The model is capable of providing an approximate fit
to the soil response measured in triaxial or direct
shear stresses tests by means of three parameters y ,
¥f, vf>® (shear strains at failure), which define a be-
spoke hardening law for the yield function.

3.2.2 Constitutive model calibration
The )/fC parameter was determined by performing
simulations of triaxial compression (TXC) tests in

PLAXIS 3D to achieve a best fit with the PISA TXC
data in Zdravkovic et al. (2020b) (see Figure 4). The
parameter is determined by Minga and Burd (2019),

Gur
vl =K x 100/% (6)

where K; is a calibration parameter, s/ is the plane
strain updrained shear strength (sf = sI*€/0.99
where s;*¢ is the triaxial compression shear strength)
and G, is the unloading shear modulus (G,,- = G,).

A value of Ky = 110 was estimated to provide the
best fit to the PISA TXC tests.

The undrained shear strength for the triaxial exten-
sion conditions s, XE was calculated by defining the
model input ratio of s, XE/s# = 0.833 (Minga and
Burd, 2019). The undrained shear strength for direct
simple shear s25° was computed by averaging the un-
drained shear strengths from TXC and TXE
(sDSS /s# = 0.911) as suggested by Liu et al. (2020)
for Cowden till. Since the model is being used for off-
shore calculations, the effective bulk unit weight is
used to determine the depth profile of effective stress.
The initial mobilised maximum shear stress (7) is de-
termined by t,/s4 ratio calculated from Equation 7
(Brinkgreve et al., 2018); a value of zero is adopted if
the calculated ratio is negative.

A _ / A
TO/Su - 0-5(1 - KO) X0 vO/Su (7)
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Figure 4. Simulation of undrained TXC tests in PLAXIS 3D with
PISA laboratory TXC tests (Zdravkovic et al., 2020b) g — e, re-
sponse for soil samples retrieved at 2.5m, Sm.
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3.2.3 3D analysis model geometry

The mesh adopted in the PLAXIS 3D calibration
analyses incorporates a plane of symmetry; only half
of the problem is simulated. The bottom boundary
was set at a depth of 100m; the other mesh dimensions
were 12D, in the X direction and 4D in the Y direc-
tion, where D is the monopile diameter (Figure 6(c)).
A fixed constraint was used for the bottom boundary
of the model. The side boundaries and the plane of
symmetry were fixed in the normal direction only.
The meshes comprised between 90000 and 110000
10-noded tetrahedral elements. The load applied at
the top of the pile is simulated by applying a pre-
scribed displacement u, in the X direction at the re-
quired load eccentricity height h.

The pile was modelled using plate elements. The
steel pile material is assumed to be linear elastic with
a Young’s modulus E = 200GPa and Poisson’s ratio
v = 0.30. The pile was wished in place, hence instal-
lation effects are disregarded.

Interface elements were used around the pile to
model the pile-soil interaction. The interface elements
were modelled with a Mohr-Coulomb material with a
‘Drained Calculation Type’ in PLAXIS. The strength
parameter of the interface properties was reduced by
a factor of 0.65 compared to the surrounding ground.
A tension cut-off criterion was adopted to model pos-
sible gap formation behind the pile. A value of
105kN/m3 was adopted for the elastic normal (Kj)
and shear stiffness (K;) of the interface elements
(Zdravkovic et al., 2020b).

The total number of sublayers generated in
PLAXIS 3D was carefully selected for each soil pro-
file to allow the required G, and s,, profiles to be ac-
curately simulated (Figure 5). The NGI-ADP model
in PLAXIS 3D adopts, for each sublayer, a linear
depth variation of s, and G,, and a constant value of
K, . The simulated G, profile is calculated using the
specified Gy, /s ratio. In the PLAXIS NGI-ADP im-
plementation, the G,,./sZ ratio is limited to a maxi-
mum of 2000; this limit causes a slight underpredic-
tion of the required G, profile at the bottom sub-layers
of the soil profiles, as illustrated in Figure 5.
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Figure 5. Simulated s,,, G, profiles represented by the NGI-ADP
model compared to the PISA representative offshore glacial clay
till profile (Byrne et al., 2020D).

3.2.4 Pile geometry calibration space

The pile geometry calibration space adopted for each
soil profile is specified in Table 1; this employs nine
of the eleven calibration pile geometries adopted in
Byrne et al. (2020b), to develop the PISA 1D Cowden
till model. The calibration piles adopt geometries that
are representative of typical offshore pile configura-
tions with values of L/D between 2 and 6. The nor-
malised load eccentricity, 4/D, is 5 for wave-domi-
nated loading and 15 for wind-dominated loading.

Table 1. Pile geometry calibration space. L is the embedded
length; D is the pile diameter; h is the load eccentricity; t is the
pile wall thickness

Pile D(m) L(m) t{(mm) h(m)
C1 10 20 91 50
C2 10 20 91 150
C3 10 60 91 50
C4 10 60 91 150
C5 5 10 45 25
C6 5 30 45 25
C7 5 30 45 75
C8 7.5 15 68 37.5
C9 7.5 45 68 37.5

3.2.5 Validation of finite element modelling

To assess the performance of the NGI ADP model,
analyses were conducted to compare with the finite
element analyses — based on an extended modified
Cam Clay effective stress model - described in Byrne
et al. (2020b). These analyses are concerned with the
representative offshore glacial clay till site specified
in Byrne et al. (2020b). A comparison between two
sets of calculations; ‘ultimate response’ (ground level
pile displacement v; upto v; = D/10) and ‘small
displacement response’ (ground level pile displace-
ments up to v; = D/10000) is shown in Figure 6.
The current NGI ADP results compare well with the
data in Byrne et al. (2020b).

3.3 Soil reaction curves extraction and data-
processing

Soil reaction curves were extracted from each of the
36 calibration FEA as follows. Data were obtained on
the computed traction forces at the interface element
Gauss points and the displacements at the plate ele-
ment nodes. This information was used to determine
sets of numerical soil reaction curves for the four soil
reaction components illustrated in Figure 1b. The
forces/moments (p, m, Hy,, M;) were normalised us-
ing the PISA framework described in Byrne et al
(2020b). A different normalisation procedure was
adopted for the displacement/rotation variables; the
adopted normalised displacement is ¥ = v/D and the
normalised rotation is 1 = 1. The eight knot point
forces at predefined values of normalised pile dis-
placement/rotation were determined for each soil re-
action component to train the GPR model.



Generation of a general Cowden clay model (GCCM) using a data-driven method

b
(b) 0.8
0.6 - 1
=
= 0.4
4 2
0.2 Cé
C7
T 0 T s ¥ AT AVATAY Y
0 0.05 0.1 0 0.00005 0.0001 i;‘; VAVAVAVA sy i b |
ve/D ve/D T1p. - —
——PLAXIS3D - — PISA3DFEA

Figure 6. Load-displacement responses at ground level for four of the calibration piles embedded in the PISA representative offshore
glacial clay till site computed by the 3D FE model in Byrne et al., (2020b) and the current NGI-ADP PLAXIS 3D results for: (a)
ultimate response, (b) small displacement response. Figure(c) shows an example FE mesh (for pile C1) employed in the current work.

3.4 GPR model training

3.4.1 Inputs

The GPR model employs four inputs; (L/D) is a
proxy for the pile slenderness; (z/L) allows the depth
variation of the knot points to be captured; (G,/s,)
discriminates locally the soil reaction curves with the
same values of (z/L) and (L/D); (sy/c',) (where
o', is the local vertical effective stress) is employed
to discriminate between clays with different OCR
profiles.

3.4.2 Training procedure

The normalised eight knot point soil reaction curve
data are log-transformed to ensure that all prediction
values are positive and physically realistic. A GPR
model is trained for each of the eight knot points for
each soil reaction component. The Matérn 5/2 covar-
iance function with Automatic Relevance Determina-
tion (ARD) is employed where the afz and [; hyperpa-
rameters are optimised by maximising the log
marginal likelihood. The White Noise kernel
kywn(x,x") is added to the Matern kernel to account
for possible noise in the dataset. An 80:20 training-
test set split ratio was adopted. An approximate com-
putational time of 20 minutes was needed for the
GCCM training procedure.

15.0{ ® up=2
LD=6

— Predict (UD=2)
95% C.I.

0.0 0.2 0.4 0.6 0.8 1.0

3.4.3 GPR model predictions

The predictions — with the soil profile and pile geom-

etry as inputs - provide:

e the depth variation for each of the eight knot point
load/moment data at the predefined normalised
displacements for the normalised distributed lat-
eral load (p) and normalised distributed moment
(m);

e predictions for each of the eight knot point
force/moment data at the predefined normalised
displacements/rotations for the base horizontal
force (Hp) and base moment (M}).

Figure 7 presents depth variation predictions for
the ultimate force (8" knot point) for the (p, m) soil
reaction components determined from the trained
GPR model. These predictions relate to calibration
pile C1 and the PISA idealised offshore clay till soil
profile. The Matern kernel function that is employed
can accurately predict the complex depth variation of
this particular distributed lateral and moment reaction
data along the monopile. The GPR model also pro-
vides the 95% confidence interval. In this example the
uncertainty is small since the results are predicted for
a trained pile geometry/soil profile combination. The
estimation of the prediction’s uncertainty is a key ad-
vantage of the data-driven approach since the GPR
model can quantify the uncertainty in cases of unseen
pile geometries or soil profiles.

= Pradict (/D=2
95% C.I.

Figure 7. Example GCCM outputs for the 8" knot point for distributed load and moment for the C1 pile (L/D = 2) and the PISA
representative offshore glacial clay till profile: The depth variation of the mean GPR prediction for pg, mg knot points is indicated by
the black line. The 95% confidence interval is shown (shaded bounds). The i) orange markers, ii) blue markers are the trained data-

points from i) L/D = 6 and ii) L/D = 2 piles.
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Figure 8. (a) Variation with depth of (¢',/s,) for two unseen clay till profiles with OCR profiles generated with d;., = 75 m and
dice = 125 m (indicated by the red markers) compared with the four idealised profiles used to calibrate the GCCM, (b) Pile load-
displacement response predicted by the GCCM for the ultimate response compared with PLAXIS 3D results, (c) Pile load-displace-
ment response predicted by the GCCM for the small displacement response compared with PLAXIS 3D results.

4 Design examples

To demonstrate the predictive capability of the

GCCM, three design examples are presented. These

examples are concerned with:

e monopile geometries within the calibration space
embedded in unseen clay soil profiles; and

e PISA field test monopile, outside the calibration
space.

Two unseen idealised offshore clay soil profiles
were introduced corresponding to the previous ice
sheets with thickness d;.. = 75 m and d;.. = 125 m.
The (0',/s,) depth profiles for these unseen cases
are compared with the calibration profiles in Figure 8
(a); one of the unseen cases falls inside the range of
calibration soil profiles and the other falls outside.
Figures 8(b), 8(c) show the load-displacement ulti-
mate and small displacement responses for pile C1
(Table 1) computed using the 1D model employing
the GCCM; corresponding PLAXIS 3D analyses are
also shown. The GCCM provides a close representa-
tion of the more detailed 3D finite element calculation
for both of the unseen soil profiles.

The CM9 PISA Cowden field test pile (Byrne et
al., 2020a), employing the strength and stiffness pro-
files for the Cowden test site (Zdravkovic et al. 2020a,
b) is selected to demonstrate the predictive capability
of the GCCM for a pile geometry outside of the cali-
bration space. The CM9 pile has a length L = 3.98m,
a diameter D = 0.762m, load eccentricity h =
9.98m and wall thickness ¢ = 11mm. This pile ge-
ometry has a (L/D) value within the trained calibra-
tion space but the diameter is smaller than the trained
pile diameters. Figure 9 presents the load-displace-
ment response at ground level computed using the
GCCM for this case. The result is compared to the
PLAXIS 3D prediction, the measured field test

response in Byrne et al. (2020a) and the computed re-
sult using the PISA 1D Cowden till model described
in Byrne et al., (2020b). The GCCM provides an ac-
curate representation of the field data. The relatively
poor performance of the PISA Cowden 1D model is
unsurprising as the model is being used here outside
of'its calibration space.

0.15

H(MN)

D T T T T T

0 0.025 0.05 0.075
v./D
......... PLAXIS 3D

= - = PISA Cowden model

01 0125

- - - GCCM
PISA field test

Figure 9. Pile load-displacement response computed with the
GCCM for the CM9 PISA field test pile compared with the
PLAXIS 3D results, the PISA field test data and predictions us-
ing the original PISA design model for Cowden till (Byrne et al.,
2020a)

5 Conclusions

A general glacial clay till 1D model was generated for
monotonic laterally loaded monopiles embedded in
homogenous clay till soil with various OCR profiles.
Soil characteristics employed in the model are based
on data from the PISA Cowden test site. This data-
driven method is suitable for generating general uni-
fied clay models for offshore clay soil sites with dif-
ferent stress histories by incorporating (s,/c’,) -

which is closely related to the OCR — as an input
7
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feature. The built-in variance measure of the GPR ML
model can estimate the uncertainty of the predictions.
The GCCM can accurately predict the monotonic lat-
eral load behaviour of monopiles with L/D values
ranging from 2 to 6 for soil profiles with (s,/0";,)
falling inside the trained calibration space. It was
demonstrated that the model can also provide reliable
predictions for soil profiles falling marginally outside
of the trained (s,/o’,) calibration space. Further-
more, the model is shown to accurately capture the
response of one of the PISA field test monopiles; this
demonstrates the capability of the model to capture
the response of piles with a diameter that is smaller
than the piles in the training set (although with (L/D)
that falls within the calibration space. The approach
presented in the paper is readily extended to account
for different types of clay soil profiles.
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