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ABSTRACT

The process of developing a virtual replica of a physical asset usually involves using the best available
values of the material and environment-related parameters essential to run the predictive simulation. The
parameter values are further updated as necessary over time in response to the behaviour/conditions of
physical assets and/or environment. This parametric calibration of the simulation models is usually made
manually with trial-and-error using data obtained from sensors/manual survey readings of designated
parts of the physical asset. Digital twining (DT) has provided a means by which validating data from the
physical asset can be obtained in near real time. However, the process of calibration is time-consuming
as it is manual, and as with each parameter guess during the trial, a simulation run is required. This is
even more so when the running time of a single simulation is high enough, like hours or even days, and
the model involves a significantly high number of parameters. To address these shortcomings, an experi-
mental platform implemented with the integration of a simulator and scientific software is proposed. The
scientific software within the platform also offers surrogate building support, where surrogates assist in
the estimation/update of design parameters as an alternative to time-consuming predictive models. The
proposed platform is demonstrated using BEASY, a simulator designed to predict protection provided by
a cathodic protection (CP) system to an asset, with MATLAB as the scientific software. The developed
setup facilitates the task of model validation and adaptation of the CP model by automating the process
within a DT ecosystem and also offers surrogate-assisted optimisation for parameter estimation/updating.
Keywords: BEASY, cathodic-protection, digital twin, model adaptation, software integration.

1 INTRODUCTION
The robust prediction of the behaviour of the structure/system is essential to plan for efficient
usage of it and/or avoidance of future failure/breakdown. Engineers use simulation tools to
predict the performance of the system and to determine the risk to the structure from degra-
dation mechanisms such as corrosion and fracture. To make the prediction, the parametric
simulation models derived from the simulators, i.e., process simulating software(s) with the
best available standard values parameters, are used more often.

The parameters typically represent the model’s inputs describing the properties of the
materials and the environmental conditions that the structure experiences. These model input
variables cannot be directly measured due to structural complexity in most situations. Param-
eter setting for the model during the realisation of a virtual replica of an existing physical
structure thus relies upon the structural response-data obtained from sensors or inspection
surveys. During such parametric calibration, the best set of parameters is found by correlating
the model output to the available measurements from the physical system [1].
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The traditional approach to calibration when performance validating data are available
from the structure is based on a trial-and-error procedure involving manual iterative analyses
and modifications. This task is normally performed by the engineers using their experience to
choose the appropriate values until good correspondence is obtained (Fig. 1). As the param-
eters change with time, the process is repeated over the life of the structure based upon the
requirements determined by experts and the availability of the dataset. Furthermore, rely-
ing upon physics-based model simulation data, analytical tasks such as uncertainty analysis,
essential for calibration and adaptation, are hindered as multiple simulation runs are required.
This results in redundant computational efforts and costs during model calibration/updating
for complex models and in a repetitive manner.

The virtual replica of an existing physical counterpart has been recognised as a digital twin
(DT) in recent years. Predictive DTs with self-adaptive simulation characteristics have been
proposed [2] to provide robust simulation throughout the lifetime despite changes in the real
asset and environments. To achieve the adaptive DT, the necessity of data-based analysis is
ubiquitous and accepted by a wide range of literature [3,4]. However, while enabling DT
that demands the analytical features encapsulated/incorporated within it, the features are not
necessarily available on the same software platform as for simulation.

This work utilises software integration to enable an experimental design platform to
automate the DT realisation process exclusively with the analytical support required for
adaptation. The platform utilising analytical features such as approximation (surrogate) mod-
elling expedite the parameter estimation process, ultimately supporting to enable the most
accepted aspect of DT, i.e. self-adaptation.

2 DIGITAL TWIN CONCEPT WITH SELF ADAPTATION POTENTIAL
The choice of model types to rely upon for the predictive analysis is mostly dependent on the
problem domains. Though data-driven models are preferred when enough data is available,
physics-based models are useful to provide insight into the complex phenomena that have not
yet occurred. Likewise, from the state-of-art regarding DT, we can infer that to yield robust
and effective digital twin, statistical approaches are essential together with physics-based
modelling [2-4]. Therefore, both physics-based and data-driven models are important from
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Figure 1: The parametric simulation model parameter updating for performance enhancement
with output analysis (trial-and-error method).
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the DT perspective. In some cases, a digital twin that incorporates both physics model(s) and
data model(s) is referred to as a hybrid digital twin [5]. This section will discuss thedigital
twin concept, especially focused on two major model calibration-related problems, which are
(a) time-consuming manual parametric calibration and (b) the requirement of multiple-time
simulator running that induce delay.

2.1 Parametric modelling using simulator (physics-based solver)

The use of a previously validated model at the conceptual level assists in the design of not just
one simulation model but many within the problem domain [6,7]. The parametric simulation
model building in multiple domains is already facilitated by the availability of commercial
process simulators (simulating software). Such simulators are generally based on the current
scientific understanding (physics of phenomena), often involving numerical approximation
of differential equations, and they are implemented in complex computer programs [8].

When the commercially available simulator(s) meets the primary modelling requirements,
the major efforts in realising virtual replica of the physical asset are focused on determining
model independent variables (parameters) such as material and environmental-related param-
eters. The trial-and-error approach (Fig. 1) based on the traditional method during parametric
calibration is inefficient and introduces time-delays due to manual performance. It also has
the drawback of not having the ability to calibrate multiple parameters simultaneously and
does not guarantee the best results. Furthermore, the real-time calibration or adaptation is
hindered when multiple inputs with varied simulation results are required for the estimation/
updating process. This is because complex models with discretized PDEs solver have a long
running time, and model performance evaluation requirements over spatially and/or tempo-
rally varying parameter(s) space as inputs to such complex models. Though enriched with
the core process simulation solver, the simulation environment requires analytical support
that overcomes the drawbacks of traditional methods while tailoring the parametric model.

Experimental design, sensitivity analysis, and design (parameter) optimisation are widely
adopted techniques within the systematic procedures of model performance enhancement
[9]. Design optimisation is an approach that combines mathematical optimization algorithms
with a parametric simulation model to search the design (parameter) space for the optimal
solution [10]. Gradient-based and non-gradient—based algorithms are used during parameter
optimisation [11,12] for reaching the best fit.

However, the rise in the number of the model’s input parameters increases the complexity
of optimisation assisted physics model calibration, also known as the curse of dimensionality.
This leads to the risk of either ending up at the local minima during gradient-based optimi-
sation or consuming significantly more time, i.e. could be a day or even a week while using
non-gradient-based optimisation. To address this shortcoming, especially the dependency
upon time-consuming simulation runs for model adaptation, surrogate modelling can provide
a substitute for the physics-based model. The data-driven (surrogate) models are utilised to
assist the calibration of the physics-based model when simulation running time is signifi-
cantly high, thus demanding approximation model-based optimisation [13].

2.2 Overview of modelling and simulation in digital twinning

The DT concept is a new paradigm of interest in the field of modelling and simulation having
online simulation as the core functionality of the system employing seamless assistance [14].
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The definitions of DT have been evolving rapidly in recent years as more insights are added
to its features/potentials. The DT is a virtual model of the physical object with the potential of
understanding changes in the status of the physical system through sensing data and adapting
itself followed by some analytical procedure [3]. Henceforward, DT is being preferred over
the model in the context of adaptive simulation [4]. Furthermore, the aspects of self-param-
eterisation and self-adaptation that allow DT to resemble its counterpart physical twin are
also of high importance to realize the potential of artificial intelligence (AI) within DT [15].

Successful deployment of a digital twin with the potential of self-adaptation is moreover
dependent on the data and the approach for calibration of the model in real time. With the
development of new sensor technologies providing the opportunity for more real-time data
from the physical twin, more focus is required on the latter one. However, the limitations
regarding the online calibration or adaptation of a model discussed in Section 2.1 persist as
DT at its application level is still in its infancy.

Also, the digital twin concept is not only about a single behavioural simulation, but it
also involves multiple process co-simulations representing different behavioural phenomena.
This highlights the DT as collaborative models to provide a comprehensive representation
of the system’s simultaneously occurring multiple dynamic phenomena. Going along with
the concepts of DT, while enabling DT as a high-fidelity simulation model provided with
self-analysis features or DT with co-simulations, software integration is anticipated.

2.3 Surrogate models in digital twin’s realisation

The necessity of surrogates in DT realisation has been discussed since the concept of DT was
introduced in the field of simulation and modelling [16]. This discussion till today has mostly
been limited to the conceptual level with few applications. However, the works of literature
have accepted surrogate modelling as an important aspect of the DT paradigm, which makes
DT different to other physics-based or data-driven models [4].

Surrogates are the data-driven models built from the simulation data with significantly
less computation time than the physics-based model. Surrogate models in this paper refer to
black-box models that are typically created by training a model using datasets obtained from
a physics-based model simulation run. Datasets are generated using the Design of Experi-
ments (DOEs) methods for choosing a different combination of input variables, such as Latin
Hypercube, Box—Behnken, and central composite design (CCD) [17]. Then the data-driven
model, i.e. surrogate, is trained using the datasets. The response surface method (RSM) with
polynomial regression fit, artificial neural network (ANN), and Kriging are the commonly
used methods for constructing a surrogate in the engineering fields [18].

Leveraging the concept of hybrid predictive models in DT, the surrogates here are
considered the data-driven models, which serve multiple purposes as a substitute to the phys-
ics-based model. Though surrogates are suggested as an alternative when faster prediction
is required or to ease the process of parameter estimation, physics-based full-order model(s)
will remain as the core and robust predictive tool of the DT.

3 PLATFORM AND RESPONSE SURROGATES IN DT REALISATION
Towards, the real-world realisation of the DT concept, experimentation-based adaptation is
essential to tailor the physics-based simulator to have a robust predictive ability. For this, a
platform with automated data and control signal flow between the major tool (simulator(s))
and the supporting tool(s) for the analytical task is proposed.
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3.1 Server platform

Sapkota et al. (2021) proposed integration of the simulator and scientific computing software
as an approach to facilitate the automation of tailoring a process simulator to enable DT. In
the proposed platform and approach, the collaborative/comprehensive platform required for
DT realisation from a Simulator is accomplished with scientific software as the server. The
scientific software should either be enriched with the analytical support providing tool(s) or
at least provide an interface to the external tool(s) [19].

Utilising the integrated platform, this paper will discuss the surrogate-assisted timely
parameter estimation for a simulator-based DT, therefore, providing a path to enable a
self-adapting model that can be ultimately referred to as a Digital Twin. As data-driven sur-
rogate models, for example, polynomial-fit models, are utilised, the data-driven modelling
tools available in the scientific software aid in such hybrid DT realisation. Also, different
design of experiments (DOE) algorithms like CCD, Latent-hypercube, and BBD required
for the approximation modelling are available within scientific software like MATLAB [22].

The server software furthermore provides the opportunity for the visualisation of the data
to denote the state and discrepancies in the performance of the physics-based model from the
actual system.

3.2 Response surrogates and optimisation assisted parameter estimation

The surrogate, a substitute model, offers to provide an approximation solver with the desired
less computation time. Response surface (RS) methodology among one of the surrogate build-
ing methods is a collection of mathematical and statistical techniques based on the fit of a
polynomial equation to the input-output dataset. A regression model (mostly second-order pol-
ynomials) is subsequently used to fit the relationship between the output responses and the input
variables. A representative second-order polynomial RS equation is presented as eq 1. [20,21].

k k k
Y =Py + 2 PXi+ 2 PuXi + 2 D XX +e (1)
i=1 i=1

i<jj=2

where ‘Y’ is the estimated output of the RS model, and X; is the input parameters or variable
of the total count k. Then, B, B, are the regression coefficients calculated using the method
of data-fitting.

The server uses an ‘offline’ phase to create the surrogate model of the system using the
simulation input-output dataset from the physics-based model. The surrogate, i.e. data-driven
model for performance validation, can be used in the ‘online’ phase. In the ‘online’ phase,
the adequately efficient surrogate(s) is used to approximate optimum parameters within the
server (Fig. 2). For this, sufficient counts of searches to reach the global minima are attaina-
ble in significantly reduced time for the optimisation-based parameter estimation.

4 CASE STUDY - SIMULATOR-BASED CATHODIC PROTECTION DIGITAL
TWIN REALISATION

4.1 Background

Cathodic protection (CP) is most frequently used for the protection of underground or under-
water (seawater) metallic infrastructures from corrosion. The performance of the CP system
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Figure 2: Integration of server to the simulator for surrogate-assisted parameters approximation
during the realisation of DT with self-adaptation potential.

can be evaluated and optimised based on the design rules using a CP simulation model which
predicts year by year the protection potentials, the depletion of the anodes, and, in the case
of Impressed-Current-Cathodic-Protection (ICCP), the current to be required by the system
over its life [23].

In reality, the actual performance of the CP system will often be different than the CP
model as coatings, for example, often degrade at different rates to that described in the
design rules, environmental conditions may vary, the ‘as-built’ structure may be different,
and changes and retrofits are made over time. Integrating the CP data collected during the
routine inspection surveys with the CP simulation model can be used to calibrate/adapt the
model to match the inspection data. This forms the basis for enabling a ‘digital twin’ of the
structure [24]. Yet, to maintain the robustness of predictive DT, the process needs repetitive
implementation with each new inspection report unless the pattern of adaptation is tracked
or/and the process is automated.

4.2 BEASY: simulator for cathodic protection digital twin
The BEASY tool, a commercial parametric simulator designed to simulate the behaviour of

galvanic corrosion problems and cathodic protection designs, is adopted to represent a virtual
replica of a CP system.
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The CP simulation model to represent the CP system replicates the electrochemical behav-
iour of the system. In the system, the materials of the structure act as the electrodes along
with seawater as electrolytes. The basis of the simulation is the estimation of the distribution
of electrical potential and protection current density on the surfaces of the electrodes. The
numerical computation of electric potential and current density distribution is based on the
solution of the following well-known Laplace partial differential equation [23].

With the assumption that electrolyte is homogeneous,

-V (kVp)=0 )

where, k = electric conductivity, ¢ = electric potential, and V is Nabla operator.

BEASY-CP provides a numerical approximation of Laplace’s equation obtained with
the boundary element method (BEM) [9,23] for steady-state corrosion. Also, the commer-
cial BEASY tool facilitates geometrical modelling and meshing of the geometrical model
required for numerical approximation. The data about geometry, meshing, and materials and
surrounding related parameters can be exported to text files and fed to the solver for numer-
ical approximation (Fig. 3).

The model predicted results such as the protection potential and current density are com-
pared and calibrated with data collected during the routine inspection surveys of the physical
CP system. Calibration is then made with repetitive analysis and by updating the parameters
until a good agreement is obtained.

A CP simulation model of a marine structure (Fig. 4) protected by sacrificial anodes, i.e. a
CP system was built using the BEASY tool. The model parameters required by the Cathod-
ic-Protection model for the CP system of structure (Fig. 4) are the following:

1. Polarisation Behaviour: This is the relationship between potential and current density
representing the electrode kinetics of the metal in the seawater. This provides the bound-
ary condition while solving the numerical problem.

e Polarisation curve for Material 1 of the structure (Fig. 4).
e Polarisation curve for Material 2 of the structure (Fig. 4).

2. Conductivity/Resistivity: Surrounding Medium/Material related.

e Seawater-related conductivity (Siemen/m).
e Seabed-related conductivity (Siemen/m).

The parameters selected for calibration in this case study are the most involved material-re-
lated properties, i.e. Material I related polarisation behaviour and Seawater conductivity.

o 2
visualisation
of data
AR

Numeric
Results

Figure 3: Inputs-Outputs for BEASY tool based Cathodic-Protection Simulation.
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Figure 5: Two different polarisation curves can be transformed from one to the other with
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As the polarisation curves for representing the polarisation behaviour are graphical
representations (Fig. 5) and dynamics with time, a quantitative representation should be
established for re-adjustment of the polarisation data. To address the possible change in polar-
isation behaviour, the curve transformation value (expanding or squeezing factor) is taken
as a variable (parameter) keeping the curve constant as obtained from the design rule. This
parameterisation concept can be understood as a modification of the diffusion limiting current
(or the barrier properties provided by any coating) in the polarisation behaviour of the materi-
als involved. The transformation vector or parameter is termed as ‘p-value’ in this case study.
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4.3 Software integration with MATLAB as a server

Analytical tools for model performance validation and data-fitting modules are facilitated
within scientific software like MATLAB. The extensive data analysis, data-modelling tools
availability, plotting capability, and the availability of different optimisation algorithms
within MATLAB enable the completion of assess-modify-check loops in reduced computa-
tional time. MATLAB, a scientific software granted with these qualities, was selected as the
server for the integration platform to enable DT for a CP system.

4.4 Surrogate(s)-based parameter estimation and analysis

4.4.1 CP model’s performance validating/calibration data and validating criteria

The data types that can be practically obtained from the inspection of a structure and cor-
responding CP model simulation are (a) surface potential (mV), (b) normal current density
(mA/m?), and (c) electric field (mV/m) [23]. However, the data dependency for validation
depends upon the complexity of the model and data availability from physical assets consid-
ering the cost/effort involved.

At this stage, validating data are generated from a simulated virtual reference model pro-
vided with different parameter values considering the possible polarisation behaviour in the
future. Two types of validating data considered are surface potential (mV) and normal current
density (mA/m?), and the validating data position counts are 17 and 6, respectively, from the
structure’s surface (Fig. 6).

4.4.2 Design of experiments for surrogate building

The success of having the best representative model depends upon finding the trade-off
between the computational cost associated with simulation runs to generate data suggested
by Design of Experiments (DOE), the accuracy of the surrogate and the problem size [25].
Regarding experimental design for Response-Surface-Modelling, the central composite
design (CCD) has been frequently discussed [26] and adopted in this case study. The reason
that CCD is the most implemented sampling method and prominent in DOE in most engi-
neering problems, made it the first choice in the CP model.
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Figure 6: The calibration data was obtained after a simulation run from the reference model
(a) surface potential and (b) normal current density, from a selected validating
position of the structure’s surface (Fig. 4).
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The inscribed central composite design (CCD) is selected, which gives 8+1 sample points
for 2 variables case. MATLAB based tool ccdesign is used for generating the sampling points
with CCD for the two independent variables Material 1 related p-value and seawater con-
ductivity.

The central point is used multiple times to provide high weightage (impact) at the centre
of the parameter space.

Total samples = 8 + 4 (center)

4.4.3 Surrogate model for CP system

The response surface method (RSM) with polynomials regression fit (eqn 1) is implemented
for surrogate building. As response variables are affected by the interactions of independent
variables, the polynomial response surface model (RSM) is an effective tool as a data-fitting
model. Now the parameters (independent variables) involved for RSM in the given case are
the material-related properties, i.e. polarisation behaviour indicating the p-value of the curve
and seawater conductivity. The surrogates are built for each of the nodes (17+6) on which
the validation/calibration data are accessible/available. The MATLAB based tool ‘fit’ is used
for the second-order polynomial fit, taking into account two independent variables, which are
Material 1 related p-value and seawater conductivity.

For performance evaluation of the surrogates, the comparative analysis between surrogate
output and the full-order model simulation output for different parameter combinations (e.g.
Fig. 7b.) is made. The surrogate(s) after performance evaluation on their predictive efficiency
within the margin of error provided can now be used as an alternative model for optimisa-
tion-based parameter estimation.

4.4.4 Parameter estimation with surrogates
Having the polynomial surrogate now enables performing the exploratory search for the
possible combinations of the parameters to obtain the objective function output with less
computation time. With two different validating/calibrating data types (4.4.1), the normalised
mean square difference between calibrating and model output data with a weightage constant
(2:1) is taken as the validating criteria. This ultimately will be used as the objective function
during the minimisation-based parameter estimation.

The objective function value is plotted over the possible solution range (Fig. 8) for the
respective combination of the parameters. An objective value is calculated using the response
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Figure 7: (a) Sample points from CCD for two selected parameters for surrogate building and
(b) generated parameter values for surrogate model performance testing.



M. S. Sapkota, et al., Int. J. Comp. Meth. and Exp. Meas., Vol. 10, No. 2 (2022) 11

Surrogate based Objective function plot

0.09

e
S

0.08

(NMSE)

0.07

ction
o
o
(4]

0.06
0.05
0.04

0.03

Objective fun

0.02

2 0.01
~alue
3 1
Figure 8: Objective plot for over the parametric space with the fixed validating response data
and response data obtained from the surrogate for different parameter inputs.

Y T —

Y g-1300 calibration data
-850.6¢ o simulation data on solution parameters

_.-820 8508t ————— | £ -1400
> 7 8 E

£ ~= -1500
e =

S -840} 2 1600
g 3

9 € -1700
g -860 £

o 3 -1800
‘g s

@ 1 g -1900
-880 - calibration data =

simulation data on solution parameters 8 -2000

0 2 4 6 8 10 12 14 16 18 f 2 d 3A £ s IDs .
potential data position IDs current density data position IDs

Figure 9: Comparison of (a) surface potential and (b) normal current density data from
simulation results with solution parameter achieved and the calibration data.

data predicted from the surrogate with the parameters and the fixed calibration/validation
data. The best parameters combination is suggested by the global minima point of the plot.

Taking advantage of the substantially reduced prediction times provided by the surrogate
model, the exploratory search could find the global minima in the presented case study. How-
ever, in other situations when the exploratory search tends to induce a delay, gradient or
non-gradient—based optimisation algorithms/tools are suggested.

Figure 9 demonstrates the performance of the solution model reached with estimated/cali-
brated parameters, i.e. polarisation curve for Material 1 and seawater conductivity obtained
using the calibration data (4.4.1). Likewise, the polarisation curve for Material I obtained
with the above-implemented p-value estimation approach can be visualised in Fig. 10.

This parameter estimation, which could take many hours or days when performed manu-
ally using a physics-based simulation, is reduced to less than a few hours including the offline
cost of surrogate building. The importance of the platform is highlighted by the significant
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Figure 10: Polarisation behaviour for Material 1 suggested after surrogate assisted minima
finding-based parameter estimation.

reduction in model calibrating time assisted with approximation modelling using the auto-
mated experimental platform compared to the manual approach.

5 CONCLUSION

This paper discussed the design of experiment platform to establish and maintain the sim-
ulation performance during a digital twin realisation of a physical asset. The scientific
software-based integrated platform provides the basis of automation of DT enabling from the
pre-available simulator(s), utilising supports from the analytical tool(s). This is further sup-
ported by the ability of the platform in the surrogate building to ultimately reduce the number
of required simulation cases for the optimisation assisted parameter estimation. Surrogates
built in the offline phase utilising simulation input-output data are used online as alternative
models for timely estimation of the parameters.

The case study demonstrates the application of the integration platform and the importance
of surrogates to achieve a cathodic-protection digital twin. Surrogate-assisted optimisation
was undertaken with automation to estimate the polarisation data and seawater conductivity
of a CP model utilising the given calibration data. The virtual replica of the CP system on
calibration provides the predictive capabilities to forecast future levels of protection.

The approach highlights the importance of surrogates in parameter estimation towards
establishing the core aspect of DT, i.e. self-adaptation. This suggests and advocates approxi-
mation (surrogate) modelling as a crucial aspect within the DT ecosystem in the context that
the definition of DT is yet to be standardised. The proposed approach is generic and can be
implemented beyond the corrosion and cathodic-protection domains.
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