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ABSTRACT

The process of developing a virtual replica of a physical asset usually involves using standardized
parameter values to provide simulation of the physical asset. The parameters of the virtual replica are
also continuously validated and updated over time in response to the physical asset’s degradation and
changing environmental conditions. The parametric calibration of the simulation models is usually
made with trial-and-error using data obtained from 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 time-consuming process of calibrating the
parameters so the simulation output of the virtual replica matches the data from physical asset persists.
This is even more so when the calibration of the simulator is performed manually by analysing the data
received from the physical system using expert knowledge. The manual process of applying domain
knowledge to update the parameters is error prone due to incompleteness of the knowledge and
inconsistency of the validation/calibration data. To address these shortcomings, an experimental
platform implemented by integrating a simulator and a scientific software is proposed. The scientific
software provides for the reading and visualisation of the simulation data, automation of the simulation
running process and provide interface of the relevant validation and adaptive algorithmics. This
comprehensive integrated platform provides an automated online model validation and adaptation
environment. 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.

Keywords: model adaptation, Digital Twin, cathodic protection, BEASY, software integration.

1 INTRODUCTION

In undertaking the structural health monitoring task, engineers use simulation tools to predict
the risk to the structure from degradation mechanisms such as corrosion and cracking. More
often, the parametric simulation models derived from the simulators on calibration are used
to predict the location of the damage and its severity. Parameters as the model independent
variables are model’s input describing the properties of the materials and the environmental
conditions the structure experiences. These model input variables cannot be directly
measured due to structural complexity in most of the situations. Parameter setting for the
model during realisation of a virtual replica of an existing physical structure thus relies upon
the structural response-data obtained from sensors or survey. During such parametric
calibration, the best set of parameters are found by correlating the model output to the
available measurements from the physical system [1].

The traditional approach of 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
parameters change with time, the process is repeated over the life of the structure based upon
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the requirement determined by expert and availability of the dataset. This results in
significant computational efforts when performing model calibration/updating for complex
models and in a repetitive manner.
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Figure 1: The parametric simulation model parameter updating for performance
enhancement with output analysis (trial-and-error method).

The design optimisation [2] algorithms could be used to search the parameter space for
the optimal set of parameters. However, the challenges like selecting the relevant
optimisation algorithm, and implementing to the model still exist. These challenges are still
relevant in the situations where commercial simulators are used for model building, but the
platform for automated experimentation and analysis is absent. A platform that combines an
optimisation software with a simulator can form a basis for decision-making for virtual
replica [3]-[5]. Such an integration is more relevant and essential when two major tasks of
modelling i.e. geometrical modelling (CAD design) and numerical simulation are provided
by different software [6].

The virtual replica of an existing physical counterpart is recognised as Digital Twin (DT)
in recent years. DT has been proposed with self-adaptive simulation characteristics and
predictive capability [7]. Analytical supports to provide self-adaptation are anticipated
incorporated within DT [8]. However, while enabling DT provided with the analytical
features encapsulated within it, the features are not necessarily available under same software
platform as for simulation. Therefore, the software integrated platform is still an important
aspect for a DT model to enable a self-adaptive DT. The requisite of such experimental
platform is to exploit the relevant features from available tools and/or software on enabling
simulator-based Digital Twin.

This paper proposes software integration to have an experimental design platform
required for continuous experimentation and analysis of the simulator-based prediction,

WIT Transactions on Engineering Sciences, Vol 130, © 2021 WIT Press
www.witpress.com, ISSN 1743-3533 (on-line)



Computational Methods and Experimental Measurements XX 5

while enabling and maintaining a DT. The supporting software representing the server of
platform is either enriched with the analytical capability or analytical tool(s) interfacing
capability, while simulating software is major tool for process simulation. This software
integration platform provides a step towards establishing the core aspect of DT i.e. self-
adaptation, leveraging the analytical aspects within DT.

2 SIMULATOR BASED DIGITAL TWIN ENABLING
2.1 Simulator based modelling

The use of previously validated model to the conceptual level assists in the design of not just
one simulation model but many within the problem domain [9], [10]. 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 current scientific understanding (physics of phenomena), often involving numerical
approximation of differential equations, and they are implemented in complex computer
programs [11]. The numerical approximation methods (e.g. Finite Element Method,
Boundary Element Method) adopted for process simulation usually involves three major
steps [12], [13]: (i) geometrical modelling of the structure(s), (ii) meshing of the geometry,
and (iii) computational approximation of the Partial Differential Equation (PDE) solution. In
tools supported modelling, steps (i) and (ii) are performed with CAD and meshing software
tools, respectively, and then step (iii) requires a numerical solver. Commercially available
simulators (e.g. AKSELOS, ANSYS, BEASY) provide the functionality of CAD modelling,
meshing, as well as the behavioural process simulation i.e. numerical approximation of PDE.

When the commercially available simulator(s) provides the primary modelling
requirements, the major efforts in realising virtual replica of physical asset are focused on
determining model independent variables (parameters) such as material and environmental
related parameters. The trial-and-error (Fig. 1) based traditional method during parametric
calibration is inefficient and introduces time-delays due to manual performance, also has the
drawbacks of not having the ability to calibrate multiple parameters simultaneously, and do
not guarantee the best results. The simulation environment though enriched with core process
simulation solver, thus 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
[14]. Design optimisation is an approach that combines mathematical optimization
algorithms with parametric simulation model to search the design (parameter) space for the
optimal solution [2]. Gradient-based and non-gradient based algorithms are used during
parameter optimisation [15], [16] for reaching the best fit. However, the challenges on
selecting relevant techniques/algorithms still exists and remains time-consuming when
selection and/with implementation to model is performed manually.

Automation of the analytical task by integrating online analytical environment to the
simulation environment is the next step on addressing the pre-mentioned drawbacks.
Correspondingly, the design optimisation functionality anticipated while determining best set
of parameters can be facilitated using pre-available supporting tools (commercial-scientific
software).
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2.2 Digital Twin concept on modelling

The DT concept is a new paradigm of interest in the field of modelling and simulation having
online simulation as a core functionality of the system employing seamless assistance [17].
The definitions on DT are evolving rapidly in recent years as more insights are added to its
features/potentials. Henceforward, DT is being preferred over the model in the context of
adaptive simulation [18]. Moreover, the aspects of self-parameterisation and self-adaptation
allowing DT to resemble its counterpart physical twin are of high importance to realize the
potential of artificial intelligence (AI) within DT [8], [19]. Also, a digital twin concept is not
only about a single behavioural simulation, mostly involved 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 on DT, while enabling DT as
high-fidelity simulation model provided with self-analysis features or DT with co-
simulations, software integration [7] is anticipated.

Despite the limitations of not having standardized concept on DT, one can reap the
benefits that the DT could provide, like Digital Twinning on having validating data from the
physical asset in near real time. Thus, software integration requisite for model performance
enhancement is preferably undertaken within Digital Twin concept, not only to utilise the
benefits DT provides, but also to standardise the DT’s potential(s) and requirements.

3 DESIGN OF EXPERIMENTS PLATFORM WITH SOFTWARE INTEGRATION
The implementation of open-source or commercial software (tools) provides the analytical
assistance during model calibration/adaptation i.e. implementing adaptive algorithms to the
parametric models [3]-[5]. Such supporting tools when used in collaborative workflows with
the model makes the simulation easier to compile, test, analyse, and suggest changes to
model’s input. On the other hand, adopting DT concept means incorporating features like
potential to handle data, perform experimentation, and implement adaptive algorithm
together with simulator to have a robust predictive tool. For this, experimental platform
providing the integration between the major tool (simulator(s)) and the supporting tool(s),
with automated data and control signal flow between them is proposed within Digital
Twinning concept.

The scientific software should either include tool(s) (Fig. 2) or at least provide the
interface to the external tool(s) for analytical supports including design optimisation. This
support then would be utilised within the platform where scientific software (server) serves
the simulator as its client [20]. Before this, the server has the role of input—output data
management like filtering and data mapping, preparing dataset for the simulator and the
analytical tool(s). Towards, analytical aid on model performance enhancement, it provides a
design of experiments platform for experimentation and analysis using designated
internal/externally interfaced algorithms. The server software similarly provides the
opportunity for the visualisation of the data to denote the state and discrepancies in the
performance of the model from the actual system. Likewise, automated data flow between
the platform and the data-server allows retro-perspective analysis when corresponding time-
series data are available into the data server. In addition, the platform should provide model
performance validating criterion/algorithm separately or integrated to the platform, as
adaptation task cannot be carried out without validation task synchronised [21].

While enabling DT and/or maintaining it over the lifetime, the scientific software-based
integrated platform forms the basis of automation of the parameter updating required for
model performance validation and enhancement.
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4 CASE STUDY: BEASY BASED CATHODIC PROTECTION MODELLING
AND ITS ENHANCEMENT

4.1 Background

Cathodic protection (CP) is most frequently used for the protection of underground or
underwater (sea water) metallic infrastructures from corrosion. The design of the CP system
depends upon assumptions (often referred to as design rules) about the performance of other
protection measures such as coatings, in particular the rate at which coatings are to be
assumed to degrade over the life of the structure. The performance of the CP system 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 [22].
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Figure 2:  Integration of server and simulator for automation of the process of data
management and analytical support required on simulator-based DT enabling.

While this type of simulation provides valuable information to the design engineer by
confirming that the required protection will be achieved. In reality, the actual performance of
the CP system will be often different 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 a CP simulation model on
calibrating/adapting the model to match the inspection data enables a “digital twin” of the
structure [23]. In this way, the digital twin represents the behaviour of the structure and the
CP system at the time the inspection survey was performed. This then provides the ability to
predict the present and future protection for all parts of the structure.

By repeating the process with each new inspection report the engineer can monitor the
differences between the model predictions and survey data systematically to assess current
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“health” of the structure, identify anomalies, predict and plan for future risks, optimise the
inspection strategy and provide early identification of problems which will require actions.

4.2 BEASY as a simulator for cathodic protection model

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.

The CP simulation model is based on the prediction of the distribution of electrical
potential and protection current density on the electrode surfaces as well as at the
corresponding points. The calculation of electric potential and current density distribution is
based on the solution of the well-known Laplace partial differential eqn (1).

With assumption that electrolyte is homogeneous

—V(kVp) =0, )

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

BEASY-CP provides numerical approximation of Laplace’s equation obtained with
Boundary Element Method (BEM) [11], [22] for steady state corrosion. Also, commercial
BEASY tool facilitates on geometrical modelling and meshing. The data about geometry,
meshing, and materials and surrounding related parameters data can be exported to text files
and feed to the solver for numerical approximation (Fig. 3).
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Figure 3: Inputs—outputs for BEASY tool based cathodic protection simulation.

The numeric results provided by the simulation are analysed with data collected during
the routine inspection surveys of physical CP system. Calibration is made with repetitive
analysis and updating of the input parameter related value into the input supported files before
to run next simulation and get new data for analysis.

A CP simulation model of a marine structure (Fig. 4) protected by sacrificial anodes was
built using the BEASY tool. The model parameters required by the cathodic protection model
for the CP system of structure (Fig. 4) are:

e Polarisation behaviour: The relationship between potential and current density
represents the electrode kinetics of the metal in the seawater. It provides the boundary
condition while solving the numerical problem.

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

o Polarisation curve for Material 2 of the structure (Fig. 4).
e  Conductivity/resistivity: Surrounding medium/material related.

o Sea water related conductivity (Siemen/m).

o Sea-bed related conductivity (Siemen/m).
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Figure 4: The project adopted geometrical model of marine structure protected with

sacrificial anodes [21].

As the polarisation curves for representing the polarisation behaviour are graphical
representation (Fig. 5) and dynamics with time, a quantitative representation should be
established for readjustment of the polarisation data. To address the possible change in
polarisation behaviour, the curve transformation value (expanding or squeezing factor) is
taken as a variable (parameter) keeping the curve constant obtained from design rule. This
parameterisation concept can be understood as a modification of the diffusion limiting current
in the polarisation behaviour of the materials involved. The transformation vector or
parameter is termed as “p-value” in this case study.
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Figure 5:  Two different polarisation curves that can be transformed from one to other with

some transformation value [21].
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4.3 Software integration with MATLAB [24] as a server

Even though the simulation task is mostly dependent upon the simulator, the scientific
software in the design of experiments platform remains as the server. The extensive data
analysis, plotting capability and the availability of different optimisation algorithm, with the
MATLAB enables completion of assess—modify—check loops in reduced computational time.
Optimisation tool within MATLAB such as “fmincon” and “fminunc” [24] likewise can be
used for constrained and unconstrained optimisation problem respectively. MATLAB — a
scientific software granted with these qualities is selected as the Server for the integration
platform to enable DT for a CP system.

Furthermore, data reading and modifying from/to the input—output files to the simulation
solver can be performed with the server software or using other open-source tools (e.g.
python based). MATLAB as server also provides the integrating ability to such tools. In this
case study, python-based codes were incorporated to facilitate the data transfer and update in
files shared between server and the simulator.

4.4 Tools integration for optimisation based parameter updating and analysis

4.4.1 Tool for optimisation-based parameter calibration/adaptation

For the task of adaptation of the CP model with parameter fitting, a gradient based algorithm
“quasi-newton” is chosen. The reason for choosing gradient based approach as opposed to
other optimisation techniques, such as genetic algorithms or neural networks, is that the
problem space of CP model is mostly monotonic. Optimised values of parameters can,
therefore, be found quickly with gradient-based algorithms, i.e. in a lower iteration(laps)
count and consequently in a lower amount of time. On this basis, unconstrained optimisation
tool “fminunc” within MATLAB is utilised and supported with “quasi-newton” [20]
algorithm.

4.4.2 CP model’s performance validating data

The data types that can be practically obtained from the structure and from the CP model
simulation run as well are: (a) surface potential (mV), (b) normal current density (mA/m?)
and (c) electric field (mV/m) [22]. However, the data dependency for validation depends
upon the complexity of the model.
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Figure 6: The validation data obtained after simulation run from the reference model.
(a) Surface potential; and (b) Normal current density, from selected validating
position of structure’s surface (Fig. 4).
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At this stage, validating data are generated from a virtual reference model provided with
different parameter values considering the possible polarisation behaviour in future than to
the parameter values set for the initial primary model whose value(s) mostly depends upon
the design rules. Two types of validating data are considered surface potential (mV) and
normal current density (mA/m?) and the validating data positions count are 12 and 4
respectively from the structure’s surface (Fig. 6).

4.4.3 Objective function for optimisation problem

Reducing the discrepancies between the validating and response data from simulation is the
goal of optimisation. Assuming two different validating datatypes (Section 4.4.2),
Normalised Mean Square difference between validating and model output data with
weightage constant (2:1) provided for both data types, is used as an Objective function.

4.4.4 Initial stage primary model and parameters value

The highly sensitive parameters are the focus of in this case study, which is why the other
parameters’ values are kept constant. It is easily obtained from sensitivity analysis that the
parameters more sensitive to response data are the “p-value of Material 1 related polarisation
curve” and “Sea-water conductivity”.

Table 1: Parameter’s value provided to the initial primary model presumably from design

data rules.
“Material 1” polarisation curve p-value Sea-water conductivity
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Figure 7:  The response surface data. (a) Surface potential; and (b) Current density for the
corresponding positions of the validating data in Fig. 6. Obtained after
simulation run of initial primary model with parameters value given in Table 1.

4.4.5 Optimisation performance analysis

An initial parametric CP model with provided parameter values as in Table 1 which results
in response data as in Fig. 7 on simulation run is considered for optimisation-based parameter
updating. Validation data (Section 4.4.2), metric (Section 4.4.3) and optimisation algorithm
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(Section 4.4.1) are considered for the optimisation requirement and is performed within the
MATLAB based platform.

The discrepancies between the validating data and the model output (initial model and
solution model) can be visualised from the Fig. 8, while the optimisation step related insight
can be obtained from Table 2, both are generated within the supporting software (MATLAB).
The optimisation based parametric search ends when the optimisation-algorithm cannot
decrease the objective function further, in the search direction.
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Figure 8:  Discrepancies plot between model output and the validating data. (a) Initial
primary model; and (b) Solution model after optimisation-based parameter
updating.

Table 2: Model parameter stages during the optimisation problem before reaching to a

solution.
Iteration | F-count | Material 1 p_value ngg;lvggizy ObJect(lg(eXt;l)mctlon
0 3 1.7500 3.0000 5.5168e — 03
1 9 1.8145 3.0443 3.5445¢ - 03
2 12 2.0516 3.2340 3.5730e — 05
3 15 2.0515 3.2422 2.8556e — 05
4 18 2.0425 3.2655 1.5382e — 05
5 21 2.0229 3.2959 4.5574e — 06
6 24 2.0027 3.3186 1.5651e —06

In the given case, it takes a total of six iterations excluding the initial one to converge to
the best set of parameter values. Similarly, counts for repetitive objective function calculation
are represented as F-count (Table 2) which is also equivalent to the total data exchange count
between server and the simulation, and the total count of simulation runs.
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This parameter updating which could take many hours or days when performed manually,
is reduced to less than a few hours including all the simulation running time. The importance
of the platform is highlighted by the significant reduction of model calibrating time using the
automated experimental platform than compared to the manual approach.

5 CONCLUSION
This paper discussed the design of experiments platform for simulation performance
enhancement while realising a Digital Twin of a physical asset. The scientific software-based
integrated platform forms the basis of automation on enabling virtual replica (Digital Twin)
from the pre-available simulator(s), utilising supports from the analytical tool(s).

The case study shows the application of the integration platform to achieve a cathodic
protection Digital Twin. Optimisation procedures were undertaken using the approach, and
automatic parameter updating of a CP model to calibrate the model with the measured data
has been demonstrated.

Overall, the proposed approach combines advantages offered by scientific and
commercial software(s) to have a comprehensive tool in reduced time capable to predict the
present and future health of a structure. This approach however is generic and can be
implemented beyond the corrosion and cathodic protection domain.

Further work will be focused on the automation of the overall customised systematic
procedures on enabling DT, besides the optimisation task.
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