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1. Abstract

The University of Leeds has developed a high-fidelity mechanistic CO, corrosion model that simulates
the underlying bulk equilibrium, mass transport, and electrochemical processes using multiphysics
simulation software. This high-fidelity model (the Leeds Model) provides accurate forecasting of corrosion
rate (CR), surface pH, and the precipitation of protective films within mild steel pipelines. However, there
are a number of barriers hindering the effective use of the outputs from this model, including the
requirement for trained users, licensing costs and the timescale and complexity of achieving satisfactory
convergence when performing extended run-time, large scale parametric sweeps.

In this work we investigate the use of Machine Learning (ML) based surrogate modelling to combat these
limitations, with the aim of developing a surrogate model to emulate Leeds Model predictions in a much
more convenient format. Six ML models were trained on over 160,000 CO, CR predictions made by the
Leeds Model, each with hyperparameters optimised accordingly. Analysis indicates test set predictions
by the Deep Neural Network (DNN) and Extra Trees Regressor (ETR) models are most accurate. Further
trade-offs between these surrogates are discussed, highlighting significant improvements in simulation
time, computational cost, and usability compared to the original model. Additionally, the DNN proves
effective in detecting convergence issues in the Leeds Model’'s CR predictions, therefore can improve
confidence in source model output data.

2. Introduction

The effects of corrosion have enormous costs, with the 2016 NACE IMPACT report [1] estimating that
corrosion costs the global economy $2.5 trillion annually, representing 3.4% of the global GDP. These
costs stem from a failure to manage and predict corrosion, resulting in losses in efficiency, damage to
equipment, and overly conservative designs [2]. Within the energy sector, CO, corrosion is considered
the largest threat to carbon steel pipeline integrity, causing approximately 60% of failures [3,4].

There is increasing interest in developing accurate models for CO2 corrosion in harsher, more corrosive
environments and to use these in application areas such as geothermal energy and carbon capture and
storage [5]. Empirical models are the current industry standard; however, these are essentially a ‘black
box’ function based on the best fit to experimental data. These are simple and easy to use but have the
significant disadvantage that they are unreliable outside the range of their training data. Mechanistic
models address this limitation by simulating the underlying complex physio-chemical processes occurring
in CO2 corrosion. These provide greater physical insight but with higher complexity and computational
costs. Such mechanistic models have been reviewed comprehensively by Kahyarian et al. [6] and Jones
et al. [7].

Researchers at the University of Leeds have developed a state-of-the-art mechanistic model capable of
predicting CO- corrosion using the COMSOL Multiphysics simulation software [8], building on the work
of Norsdveen et al. [9]. This model is referred to throughout this paper as the Leeds Model [10,11]. In
principle, this model is applicable to a broader range of experimental conditions than purely empirical
models, however, there are practical challenges that inhibit its wider adoption by industry. These include:
(i) the need for specialist knowledge to use the COMSOL commercial package effectively and the cost
of commercial licenses; (ii) simulations over a large range of input parameters can be computationally
expensive and time-consuming and (iii) the need to account for convergence errors causing anomalous
predictions and missing output data - increasingly difficult to manage in large datasets. Hence the
necessity for surrogate modelling.

Ultimately, simulation models are used to explore the design space, predict the relationship between
model inputs and outputs and use these to identify optimal design variables. Simulation-based design
optimisation is used routinely in the aerospace and automotive industries to solve complex design
problems, and their usage is spreading rapidly to many other application areas [12]. When a large number
of design variables are involved, it is impractical to run the simulation model at all possible design
scenarios and surrogate models can be extremely beneficial. Surrogate models aim to approximate the



relationship between model inputs and outputs by creating surrogates that can be evaluated much more
quickly than the original simulation model. In surrogate-assisted optimisation, the surrogates replace the
simulations in the optimisation process, making optimisation much faster [13]. Numerous surrogate
modelling methods have been developed, including Moving Least Squares, which is effective at
minimising the deleterious effects of numerical noise [14], and Gaussian Process Regression, which can
determine confidence intervals around predictions and deal effectively with mixed continuous/categorical
variables [15].

Machine Learning (ML) algorithms are well-suited for surrogate modelling due to significantly greater
speed, efficiency, and cost-effectiveness compared to high-fidelity mechanistic models. A number of
recent studies have employed ML methods to learn the complex, nonlinear relationships between input
conditions, such as temperature, flow speed and pH, and the resultant corrosion rate (CR). These have
concluded that ML can be an extremely useful means of predicting CR, but that it is not possible to predict
in advance which methods will prove the most effective.

Aghaaminiha et al. [16], for example, used ML to model experimental measurements of CR of carbon
steel as a function of the time after corrosion inhibitors are added in different dosages and dose
schedules. They found that Random Forests predicted the entire profile of CRs accurately. They also
found that CR sensitivities are also well predicted by trained Random Forests models. Yang et al. [17]
used five different ML methods, including Neural Networks, Random Forests and Extreme Gradient
Boosting (XGB), to reveal the contribution of molecular features to the inhibition performance of amino
acids. They found that XGB performed best for this application.

Feng et al. [18] compared the performance of the Random Forests and CatBoost ML methods, trained
on thousands of CR predictions from the OLI Studio Corrosion Analyser. Using temperature, molar
concentrations, velocity and pH as inputs, they found that both ML methods performed well for predicting
CRs in both crude oil and natural gas pipelines. Seto et al. [19] recently used ML to predict corrosion
caused by supercritical CO; and found that ensemble-based methods, such as Random Forests, worked
best for this particular application.

The present study explores the use of six different ML algorithms as a surrogate model trained on the
largest dataset reported so far with > 160,000 CR predictions from the Leeds Model. The accuracy,
efficiency and robustness of the surrogates are considered, as is the need to account for inaccurate
modelling predictions in challenging regions of parameter space.

3. The Leeds Model

This section offers a brief description of the Leeds Model and underlying CO; corrosion mechanisms.
The underlying coupled chemical, electrochemical and fluid mechanical equations are discussed in
greater detail in references [9-11].

3.1 Transportation of Species

The characteristics of the flow in the boundary layer are representative of COz-saturated water flowing
through a straight a pipe under constant, turbulent hydrodynamic conditions. A modified version of the
Nernst-Planck equation is used to describe the transportation of chemical species through the model.
Due to the no-slip condition at the surface, convection is also negligible within this region, however
turbulent eddies may still permeate through the boundary layer. Therefore, a turbulent diffusivity Dy is
included to account for this effect:

Dy = 0.18-%(%)3 (1)



where u is the dynamic viscosity, p is the fluid density, x is the perpendicular distance from the steel
surface, and ¢ is the boundary layer height.

The flux of species through the boundary is determined through the following modified equation:

N = D D aCj F anl (2)
j =—Du,j+ Drj) 52— zuFe——=

where N; is the flux of species j, Dy is the molecular diffusion coefficient, Dy is the turbulent diffusivity, c;

is the species concentration, x is the distance perpendicular to the surface, z; is the electrical charge, u;
is the mobility of species, F is the Faraday constant, and ¢, is the electrolyte potential.

3.2 Bulk Equilibrium Chemistry

The bulk solution is assumed to maintain a constant chemical composition, serving as one of the
boundary conditions in the model. The concentrations of the relevant species in the bulk phase are
calculated based on the equilibrium constants corresponding to the reactions listed in Table 1. These
constants represent the standard equilibrium processes that occur when CO, dissolves in water;
specifically, the hydration to form carbonic acid (Equation 3), followed by its two dissociation steps
(Equations 4 and 5). The model also accounts for the dissociation of water (Equation 6).

COy, + Ha0) = HyCO3 3)
H,CO3(aq) = HCO3(qq) + Hiag) (4)
HCOs,, = Cog(;q) + Hag) (5)
H,00y 2 OHgq) + Higg (6)

Table 1: Equilibrium constants, definition, and formulation for bulk chemistry boundary condition

Constant | Definition Formula Units
co _ =3 —6.72 .
Ki.co, [P 2] 1;:.2558_ (227+5.65x1073-T~8.06x107-T7+0.075'1 ) M-bar"
co2 .
[H2C05] -
K 2.58x 1073 -
v [C0.]
+ _
Ke.q % 387.6 x 10—(6.41—1.594><10‘3~Tf+8.52><10‘6-T)%—3.07x10‘5~P—0.4772~1°-5+0.1180~1) M
H,CO4 .
+ 2—
Kp; % 10—(10.61—4.97><10_3-Tf+1.331><10_5-T)3—2.624><10_5-P—1.16610'5+0.3466-1) M
HCO;
K, [H*][0H] 10—(29.3868—0.0737549~TK+7.47881><10—5-T,%) M2

where Ty and Ty are the fluid temperature in Kelvin and Fahrenheit respectively, I is the ionic strength in
M, and P is the operating pressure in psi.

3.3 Bulk Specie Reaction Kinetics

Within the boundary layer, species concentrations deviate from equilibrium due to ion fluxes driven by
electrochemical surface reactions. These shifts alter the rates of the reversible bulk reactions (Equations
3 to 6), with either the forward or reverse direction becoming dominant depending on the local
concentration of each species. To account for these dynamics, the reaction kinetics are modelled using
a system of ordinary differential equations (Equation 7) comprising the equilibrium constant previously




referred to in Table 1, in conjunction with forward (ki) and backward (kv) rate constants, whose
relationships are defined in Table 2:

_RCOZ -
@] =1 0 0 0
Ry, co, |1 -1 0 ] [kayd [COZ(aq)] kb, Hya H2603]|
Rucoy (_10 1 -1 0| kf,calH2CO03] — kbca[HCO3 | (7)
Roo- |10 0 1 O by [HCO3) = kil COFIH"] |
+
2 lo oo L kg [1,00 = ey [0H- ][H ]l

where R; is the rate of change of species ;.

Table 2: Kinetic reaction rate constants for reversible reactions in solution (where Ty and T, are the
fluid temperature in Kelvin and Celsius respectively)

Constant | Definition Formula Units
17265 4
kf Hya Kuya * kb pya 1032985-110541x10g(Ti)~ s
kf_(;a Kca . kb,ca 105.71+0.0526><TC—2.94-><10_4><Tg+7_91><10—7><TC3 o
ks bi Kpi * kppi 10° &
K w 10 iy
b ¢ 7.85 x 10 M-'s
w

3.4 Electrochemical Surface Reactions

Three electrochemical reactions are modelled at the steel surface; one anodic reaction being the
dissolution of iron (Equation 8), and two cathodic reactions being the reduction of hydrogen (Equation 9)
and the reduction of carbonic acid (Equation 10).

Feg — Fe(zat]) + 2e” (8)
2H(gq) +2¢7 > Hy 9)

2H,C05.,,) + 26~ = Hy (g + 2HCO3, (10)

The local current density (i;,.) for each reaction can be determined from the exchange current density
((iy) - determined using the relationships outlined in Table 3), the overpotential (n), and either the anodic
or cathodic Tafel slope values (b, and b, respectively) via Equations 11 and 12.
n
ijoc = ig X 10Pa

(11)

5 (12)

i1 = —ig X 100c

The overpotential (n) is given by:

N=FE—E (13)

Where E is the electric potential and E,..,, is the reversible potential. The electric potential is calculated
as the difference between the electrode potential (@;) and the electrolyte potential (@,) at the interface:



E= & — &

Table 3: Table of values for surface electrochemical reaction modelling

+ a1 c az c a3  AH(1 1
. . CH Co, H,CO3 “R\TT
lo = loref e ref
CH* ref Cco,ref CH,CO3,ref
Reaction  iy,f a1 CH* ref az Ccoyref az CHycOs,ref AH Trer Erev b
M M kj °C 14 14
m? mol
+ —4 RT 2RT
2H* 0.05 0.5 10 0 N/A 0 N/A 30 25 203RT 5203 2RT
+ 2e F F
- H,

_ -5 -4 RT 2RT
2H, (O, 0.06 0.5 10 0 N/A 1 10 50 20, 503RT 5503 2RT
+ 2e F F
- H,

+ 2HCO;

Fei — 1 2 for 107* 1 for 0.0366 0 N/A 37.5 25 —0.488 0.03 for
Fe, pH< 4 Peo, < 1 pH < 4

+2e”

1 for 0 for 0.08 for

4 < pH Peo, 21 4 < pH
<5 <5

0 for 0.12 for

pH<5 pH =>4

CR is calculated from the molar flux of Fe from the pipe surface. Leeds Model hydrodynamic parameters,
domain size, reaction equilibrium constants, and electrochemical parameters, etc., are all heavily
influenced by 5 key Leeds Model input parameters: fluid temperature (T), bulk solution pH (pH), CO:
partial pressure (pCO2), flow velocity (V), and pipe diameter (D). A parametric sweep of these 5
parameters was run on the Leeds Model to generate a large dataset of CR predictions.

4. Description of the Computational Dataset

The Leeds Model simulated CO; corrosion in 161,051 unique cases, by varying the 5 input parameters
identified previously (T, pH, pCO, V, and D). Each of the 5 input parameters have 11 unique values and
the dataset has 11° = 161,051 datapoints. A statistical summary of the simulation input values is provided
in Table 4. Full explanations of parameter distributions are detailed in the Data Processing section.

For each 5-dimentional input (or design) point, the Leeds Model simulation should yield a CR prediction
which a surrogate will aim to emulate. However, an important issue in generating this dataset is that the
Leeds Model requires user-specified initial conditions. These act as a starting point for each simulation,
which the model uses to solve the nonlinear equations and, hopefully, converge to a meaningful solution.
When running a sweep on the scale of Table 4, preferable initial conditions for one end of the sweep may
become inadequate at the other, and consequently the model may fail to converge, resulting in a missing
dataset value. In exceptional cases, the model converges to a local minimum, resulting in an anomalous
CR prediction referred to here as an outlier. Two datasets have been used during this project. An original
Low Convergence (LC) success rate dataset was obtained, simulating all values with a single initial
condition. This led to 17,079 missing values, 10.6% of all input cases. The LC dataset was used during
the data preprocessing, training, and hyperparameter optimisation phases of this study. However, upon
the detection of outliers within the LC dataset, a second dataset was simulated. This second simulation
of identical input cases was obtained with each pH run separately, under optimised initial conditions. This
second dataset is referred to as the High Convergence (HC) success rate dataset. The HC dataset saw
significant improvement in convergence, reducing the number of missing values to 127, just 0.0789% of
the 161,051 cases.



The Leeds Model requires approximately 48 hours of computational time to obtain each full dataset.
However, significantly more time and attention are required to adjust initial conditions and process the
outputs of the HC simulation. Table 4 also details a comparison of statistical properties of CR in both the
LC and HC datasets.

Table 4: Statistical summary of input conditions used in Leeds Model simulations (both LC and HC
datasets) and the CR (output) in the LC and HC datasets after removal of missing values.

Parar_neter Min Mean Median Max Distribution
[units]
Input
pH 5 5.5 5.5 6 Linear
T [K] 273.15 323.15 323.15 373.15 Linear
D [m] 0.01 0.248 0.1 1 Exponential
V [m/s] 0.1 2.448 1 10 Exponential
pCO:; [Bar] 0.1 2.448 1 10 Exponential
Output
CR[;nany‘lztgset 0.00614 4.082 1.982 43.447 i
CR[hq'an/yiztgset 0.0789 4.099 2.018 43.447 i

The similarity between maximum, mean, and median of LC and HC corrosion rates in Table 4 indicate
consistency of predictions in each simulation, and that the additional ~17,000 values in the HC dataset
do not significantly change the profile of the data. However, a key difference is that the minimum value
of the LC dataset is an order of magnitude below that of the HC dataset - the first indication of the potential
existence of outliers.

5. Data Processing

The data processing stage improves the accuracy of the trained ML models and speeds up training by
processing the input data into a more accessible format. This typically includes identifying anomalous
datapoints, or using mathematical transformations. There is no optimal processing technique or ‘one size
fits all’ method so several different approaches were trialled, with methods yielding the highest accuracy
trained ML models adopted.

5.1 Input Distribution

In Table 4, a linear input distribution indicates a uniform gap between inputs (E.g. pH input values are 5,
5.1, 5.2, 5.3, ... 6, with all values separated by 0.1). An input with an exponential distribution means the
gap between successive values increases by a constant factor (1.585 or 10%2 in this dataset). For
example, V input values are 0.10, 0.16, 0.25, 0.40, ..., 10 m/s. A Log10 operation is applied to convert
exponentially distributed input variables (D, V and pCQO) to linearly distributed ones, so that each input
parameter has 11 linearly distributed values. Koukaras et al., [20] suggests that using a Log10 operation
to transform data improves model accuracy because it reduces skew within inputs (in this case removes
it entirely) and reduces the effects of outliers. The values of each input after a Log10 operation are shown
in Table 5. This ensures all inputs have the same range after feature scaling.

Table 5: Statistical summary of exponential inputs after being processed with Log10.

Parameter
[units]

Min Mean Median Max Distribution




LogD [m] -2 -1 -1 0 Linear
LogV [m/s] -1 0 0 Linear
LogpCO, [Bar] -1 0 0 Linear

N

—

5.2 Feature Scaling

Once all input features are linearly distributed, a scaling method is required to ensure all input parameters
are scaled to similar ranges [20]. Some models, such as neural networks and those that are distance-
based, are known to perform optimally with feature scaling [20]. Feature scaling can also improve training
speed and algorithmic convergence [21]. The feature scaling method used in this study is standardisation:
each input parameter is non-dimensionalized into a distribution with a mean of 0, and a standard deviation
of 1. An input parameter (X), with a training set mean of u, and training set standard deviation of o, is
standardised with Equation 15.

X —w
o

(1564)

Xstandardized =

Min-max scaling was also trailed; however, standardisation was generally found to be more effective. All
5 inputs have the same range after both processing steps: between -1.507 and 1.507. The CR values
are not scaled or processed.

6. Machine Learning Models

ML describes algorithms used to generalise parameter relationships learnt from training data, to new,
unseen data. In this study, a ML model infers a function that maps the 5 inputs to a CR throughout the

design space in the form CR = f(pH,T,D,V,pC0,)wheref-is-the ML-model).
6.1 General training procedure for a ML model

This study uses a supervised learning approach, where the models learn from labelled training data. After
data processing, all data is randomly allocated into one of three sets, the training, test and validation sets,
in the ratio 70/10/20. The purpose of each set is as follows:

Training set — 70% of processed LC data. This set is labelled: a ML model will see the CR value
alongside each input condition in this set. During training, each model iteratively adjusts internal weights
to minimise a loss function between its predictions and training set labels. Mean Squared Error (MSE) is
typically chosen as the loss function for computational efficiency [21]. Each model has different internal
weights and algorithms employed to optimise them; further details are provided in Table 6.

Test set — 20% of processed LC data. This set is unlabelled: a ML model does not see the correct CR
value associated with a datapoint in this set and therefore cannot learn from this data. After training, the
models are evaluated on predictions of this unseen set. This allows a comparison of each model’s ability
to generalise to new, unseen data.

Validation set — 10% of processed LC data, also unlabelled. This set is used to periodically assess the
performance of selected models during training and prevent overfitting. The purpose of this set is
described further in Section 6.4.

In subsequent sections the sets are grouped into two categories. The labelled training set is referred to
as the ‘seen’ data (as the models have seen and learnt from the CR labels for those datapoints during
training). The unlabelled test and validation sets are combined into ‘unseen’ data. Overfitting and



underfitting must be mitigated during the training, optimisation, and selection of a ML surrogate model.
Overfitting occurs when a model shows significantly higher predictive accuracy in training than on
unseen data, implying it has learnt noise or correlations unique to the training set, that do not generalise
to the overall problem. Underfitting describes poor predictive accuracy on both training and test set,
typically due to an inadequate model or selection of model settings.

6.2 A brief description of chosen models

Preliminary testing was conducted to shortlist six regression algorithms that have been used successfully
in previous corrosion studies [22]. Models are implemented in Python, using the libraries Scikit-learn [23]
and TensorFlow [24]. The ML algorithms examined in this paper are described in Table 6. Decision trees
are also described as they are a key constituent of several of the ML models used. Further details can
be found in references [21,23—-30] and in Table 6 below.

Table 6: Machine Learning Algorithm Descriptions

Model

Description

Used in/
Further
Reading

LR - Linear
Regressor

A weighted sum of each of the 5 input parameters and a constant, resulting
in a linear line of best fit through the data [21]. LR is the simplest and most
constrained algorithm used in this study, often performing poorly in
associated literature as the parameter relationships being modelled are
highly non-linear. However, it is used in the studies of Seghier et al. [31]
and Peng et al. [32] as a comparative baseline metric or to indicate feature
importance.

[17,31,32
1/[21]

KNN - K
Nearest
Neighbors

A KNN regressor is an interpolation function, storing the entire training
dataset and estimating the output for a new datapoint by calculating the
mean of the k nearest labels [21,25]. Configurable parameters include k,
and the distance metric used (typically Euclidian) [16,25]. Aghaaminiha et
al. [16] find a KNN to yield lower a MSE than Neural Networks, while Seto
et al. [19] find the KNN yields lower predictive accuracy than an RFR when
predicting supercritical CO; corrosion.

[16,19] /
[21,25]

Decision
Tree

The following three algorithms are ensemble methods, composed of
hundreds of decision trees. A Decision tree is a structure of branch and
leaf nodes.

Branch nodes contain a binary decision, which splits the training data into
two subsets: whether an input is above and below a threshold, i.e. “is pH
> 57”. Each leaf node simply contains the average CR of the remaining
datapoints [21]. To make a CR prediction, a datapoint will traverse the tree
along the branches until eventually reaching a leaf node/CR prediction
[21]. During training, branches (and leaves) are added until either the
remaining subset is too small, or a maximum depth is reached. Training is
the process of selecting branch decisions and threshold values.

-/1116,21]

RFR -
Random
Forest
Regressor

Individual decision trees are highly susceptible to overfitting and overly
sensitive to training data [21,31]. Tree-based ensemble methods average
the predictions of many decision trees, with the philosophy that
aggregating a group of predictors will outperform any single individual
predictor overall [21,33]. Coelho et al. [22] document tree-based ensemble
methods as the most popular within the literature predicting corrosion.

[16—
19,31,33,
34]
/19/05/20
26
14:35:00[
21,26,27]




19/05/20
The RFR trains multiple decision trees on random subsets of the data 26
(random subsets of features and datapoints), averaging their predictions 14:35:00
to obtain a final output [21,26,27]. In a RFR, decision tree branches
(decisions) are tuned to select features and thresholds that minimise MSE
within the remaining subsets [21].

Fang et al. [18] use a RFR to demonstrate improved corrosion rate
predictions with boosting and to inform feature selection Aghaaminiha et
al. [16] demonstrate RFR to outperform Neural Networks and KNN
algorithms when modelling the CR of carbon steel as a function of time.

The GBR is another tree-based ensemble method. However, it trains extra

GBR - L ; . L :
Gradient decision trees in areas of underperfqrmance in training |ter.at|ons know_n [31,33,34
Boosted as epochs, sequentlally'correctlng its errors. [21,28]. This process is 1/121.28]
Regressor known as boosting. Ossai [34] found a GBR to outperform a Deep Neural ’
Network and RFR when predicting corrosion defect depth growth.
Like the RFR and GBR, the ETR computes the average prediction of
several decision trees. However, instead of searching for optimal features
and thresholds to split nodes, an ETR splits nodes using random
ETR - Extra thresholds. This accelerates training and reduces the risk of overfitting
(Extremely  through improving tree diversity [21,29].
Randomised) -1/[21,29]
Trees There is limited established literature applying specifically the ETR to
Regressor  corrosion prediction, however tree-based ensembles have shown to be
popular and effective within relevant studies [22]. Feng et al. [33] find four
ensemble learning models to outperform Neural Networks, and
established mechanistic models on predictive accuracy.
A DNN is a computational representation of the brain, with multiple
interconnected layers of neurons. Each connection has an associated
weight, training involves iteratively tweaking weights between neurons and
bias terms to minimise the MSE of predictions, using backpropagation and
DNN - Deep gradient descent [21,30]. [16,17,32
Neural ,34—36]

Network DNN sophistication lends itself to the complexity of CO, corrosion rate /[21,30]
forecasting but also increases the risk of overfitting. Coelho et al. [22]
document the widespread use of DNNs within the literature with Nesic et
al. [35] and De Masi et al. [36] finding the DNN to outperform empirical
models and other ML models.

6.3 Hyperparameter optimisation

Hyperparameters are ML model parameters which are predefined before training. Examples include the
number of decision trees in an ETR, or number of neurons and layers in a DNN. Each model (Except the
LR which has zero configurable parameters) comes with a default configuration of hyperparameters
which requires optimisation for any specific dataset. Grid search is a popular means of hyperparameter
optimisation, see e.g. Feng et al [33] and Seghier et al [31], and is utilised in this study. In grid search
optimisation, for each hyperparameter being optimised several candidate values are chosen. For
example, for a DNN the number of hidden layers could take the values [2, 3, 4], and the number of
neurons per layer [2, 20, 200]. Grid search simply trains a DNN with every permutation of
hyperparameters, returning the combination yielding optimal predictive accuracy on an unseen testing
dataset, to mitigate overfitting. Since grid search is time consuming and computationally expensive, many
studies [16,31,33] use k-fold cross validation to improve efficiency, whereby the models are trained and



tested on subsections of the dataset in parallel. This study uses 5-fold cross validation. A full breakdown
of each model's hyperparameters can be found in the Scikit-learn [23] and TensorFlow [24]
documentation. Hyperparameter values before and after optimisation are included in Appendix 1.

6.4 Nuances in DNN, and GBR implementation

The basic training procedures of all six implemented models is detailed in Table 6, however, nuances in
the training methods of the GBR and DNN require further expansion. DNN and GBR training is done in
iterations known as epochs. After each epoch, a loss function is calculated, and the model incrementally
improves its performance on the training data. The simplest approach, which recognises the danger of
over-fitting to the training data, is to terminate the fitting process after a predetermined number of epochs.
A more sophisticated approach, known as early stopping, is demonstrated in the work of Fang et al. [18]
whereby after each epoch, models are evaluated on the validation set. Training ends when performance
on the validation set does not improve for a specified number of epochs, indicating it is only learning
information relevant to the training set. The present study uses a 20-epoch stopping threshold.

Learning rate is another key parameter requiring optimisation in the GBR, and DNN methods, which
specifies the weight given to new information. Learning rate scheduling was introduced by Smith, [37]
allowing a model to begin training with a high learning rate, gradually reducing it as performance plateaus.
This method reduces training time and improves model performance, as initially the model learns quickly,
then the rate of learning reduces significantly. A learning rate threshold of 8 and reduction factor of 0.8
are employed during training of the DNN, meaning if validation performance does not improve over 8
epochs, learning rate is reduced by a factor of 0.8.

6.5 Model evaluation metrics

To evaluate a model’s predictive performance, the following metrics have been chosen: Root Mean
Squared Error (RMSE), Mean Absolute Percentage Error (MAPE) and Coefficient of Determination (R2).
Formulae for each are shown below, where Cy.ty,q;, ; iS the i-th actual corrosion rate, Cp,eq ; is the i-th
predicted corrosion rate, n is the number of samples, and Cyyerqge IS the average corrosion rate across
the dataset [31].

n
1

RMSE EZ(CActual, i~ CPred, i)z

i=1
n

MAPE 100 * lz CActual, i— CPred, i
n =1 CActual, i
~.(c = Cprea, 1)

R2 1-— i=1\“Actual, i Pred, i

2
Z?:l(CAverage - CPred, i)

A model’s predictions are considered more accurate when they exhibit a lower RMSE, lower MAPE, and
a R? closer to 1. RMSE quantifies the difference between two sets of corrosion rate values, measured in
mm/year. RMSE is the standard error metric in the literature due to its sensitivity to large prediction errors.
[18,31-34,36]. MAPE is a relative measure of model performance frequently utilised within the literature,
particularly when the target variable spans several orders of magnitude [18,33,36]. R> measures the
correlation between actual and predicted values and ranges between 1 and -1. The benefits of using R?
are highlighted in a study by Feng et al. [33]; its defined range provides more insight as a standalone
metric than RMSE and MAPE, which necessitate a comparative value. However, R? is only interpretable
in the context of a dataset, whereas RMSE is quoted in mm/year, therefore more relevant to an industry
user.



7. Preliminary Evaluation

In this section, each model's test set predictions are evaluated before and after hyperparameter
optimisation. After comparison, two candidate models are shortlisted and their predictions investigated.
This begins with a holistic analysis of model performance, moves to analysis of performance of different
data subsets, and culminates in comparisons of individual datapoints.

7.1 Hyperparameter optimisation results

Figures 1 and 2 show evaluation metrics of each surrogate’s test set predictions before and after
hyperparameter optimisation, illustrating its effect on performance and facilitating assessment of
optimised models. Note, the LR has no configurable parameters, hence metrics remain unchanged after
optimisation.
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Figure 1: Effect of hyperparameter optimisation on MAPE of surrogate test set predictions

10 g T T T T T T E
C [ Pre Optimization | ]
312 3.12 [ Post Optimization | 1
T 1k 3
CNé :
T 0.418 0.412 ]
£ 0.292 ]
0 i

%)
Z 01 E
0.061 0.058 0.049 0.057 0.057 ]
H 0.043 0.039 ]

0.01
LR KNN RFR GBR ETR DNN

Figure 2: Effect of hyperparameter optimisation on RMSE of surrogate test set predictions

Results show the performance of the KNN and LR models are the poorest for this dataset. LR has the
highest RMSE and MAPE, hence the least accurate CR predictions. This finding is consistent with
literature [17,31,32] which finds that linear fitting is ineffective for the non-linear parameter relationships
found in CO, corrosion. Similarly, both figures show the KNN to be underfitting, with RMSE and MAPE
significantly greater than other models. This indicates KNN model architecture is too simple to accurately
model COz corrosion.



At a first assessment each of the four remaining models appear viable, adequately fitting the dataset.
Pre-optimisation, the GBR appears a poor choice of model yielding a RMSE of 0.292 mm/year, which is
several times that of the ETR, RFR, and DNN. Optimisation improves this metric to 0.049 mm/year, the
second best of all models. Similar observations can be made in the MAPE results of the DNN. These
highlight the importance comparing models after hyperparameters optimisation. In terms of overall test
set predictions, the ETR achieves the lowest MAPE whereas the DNN achieves the lowest RMSE.
Therefore, selecting the optimal model based on overall test set performance alone, is dictated by a
choice between MAPE and RMSE. To identify an overall optimal surrogate, further investigation into DNN
and ETR predictions is required.

7.2 ETR and DNN initial comparison

Figure 3 shows parity plots of the ETR and DNN predictions against the true dataset values. Every CR
value in the LC dataset is plotted. The seen and unseen sets are plotted separately for each model (the
unseen points are just the test and validation sets combined, recall the DNN and ETR have never seen
the true CR for these points). Accuracy of a prediction in either figure is illustrated by proximity to the
dashed line y=x and explicitly given by the R? metric in each plot’s title. Such visualisations are common
within the literature [16—18,31,33-36], however a logarithmic scale is required here as the target variable
spans several orders of magnitude.
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Figure 3: Predicted against true CR. Training set plotted for the (a) ETR and (b) DNN. Unseen
datapoints for the (c) ETR and (d) DNN.

Both models exhibit excellent accuracy. Results in Figure 3 indicate the ETR is overfitting; points in Figure
3a lie entirely on y=x, whereas there is more deviation from y=x in Figure 3c. The R? value achieved by
the ETR when predicting the training set is 1 (to 5 decimal places). This indicates excellent predictive
accuracy of the training data, with many datapoints predicted correctly to within 6 decimal places.
Whereas the R? over ETR predictions of test and validation data is marginally worse. Geron [21] suggests
tree based ensembles are particularly prone to overfitting, and that this tendency can be mitigated by
limiting the number of trees or the maximum tree depth. In contrast, the DNN predictions do not show
evidence of overfitting. In fact, DNN predictions of the unseen data are more accurate than for the training
data. Additionally, there are several large deviations from y=x in the DNN predictions of the training set
in Figure 3b. Over the whole LC dataset (train, test and validation sets combined), the ETR obtains higher
predictive accuracy. This is reflected most clearly in the contrast between Figures 3a and 3b.

The DNN and ETR predictions for the input condition a=[pH=5.2, T=283.15 K, V=3.98 m/s, D=0.63 m,
pC0O2=0.63 bar]are shown in Figures 3a/b by the points apyy and agrg respectively. The DNN’s
prediction of these specific input conditions (apyy) Yields the highest percentage error of any prediction
made by either model. However, the ETR predicts these input conditions accurately and agrg lies on y=x.
Both models’ predictions and true CR (dataset value) for a are shown in Table 7.

Table 7: DNN prediction of CR at a with corresponding dataset value and the ETR’s prediction. All
values are in mm/year.

ETR Prediction (agrg)
0.006141

Dataset Value
0.006141

DNN Prediction (apyy)
0.713158

The ETR’s prediction (agrg) is correct to 6 decimal places; it has correctly learnt the dataset value. An
error by the DNN of the magnitude observed in Table 7 is considered exceptional. Considering the DNN
achieves excellent accuracy over the dataset as a whole and that the ETR and DNN are trained on
identical data, why is apyy so different from azrz? The DNN’s predictions of CR at input conditions around
a are investigated in Table 8, where pH is varied while the other four inputs remain constant.



Table 8: Dataset values and DNN predictions of CR at pH values surrounding a (highlighted grey).
All values are in mm/year.

pH
5.0 5.1 5.2 5.3 5.4
Dataset Value 0.772 0.741 0.00614 0.694 0.677
DNN Prediction 0.767 0.738 0.713 0.693 0.680

The CR data in Table 8 shows the value recorded by the Leeds Model (the ‘true’ dataset value) at a pH
of 5.2 is dubious. All recorded CRs in this region of the design space vary around 0.7 mm/year so the
dataset value appears anomalous. This is later confirmed during the second HC simulation of all input
conditions. Furthermore, the DNN’s prediction of 0.713 mm/year appears reasonable when inserted into
Table 8. Consequently, a second dataset was obtained using the Leeds Model to confirm and locate
outliers in the existing LC dataset.

8. Outlier Confirmation and Model Selection

Upon the suspicion of outliers, a second HC dataset was simulated to locate their existence in the original
LC dataset, that was used to train the models. Inconsistencies between the HC and LC dataset CR values
at identical input conditions indicate at least one dataset is incorrect. The absolute percentage difference
between the HC and LC dataset CR values was calculated for every input condition.

8.1 Ouitlier identification strategy

The 50 datapoints yielding the largest percentage difference between LC and HC value were re-run a
third time on the Leeds Model. Agreement between the final re-run values, and the prediction of the HC
dataset indicates the HC values are correct and the corresponding LC value is an outlier (or vice versa).
Of the 50 cases re-run, this strategy identified 47 outliers in the original LC dataset, Figure 4 is a graphical
example. This strategy also identified 3 outliers within the HC dataset. Hence, while convergence has
improved and the severity of outliers has decreased in the HC dataset, they have not been eliminated.
At present, there is no method of efficiently running Leeds Model parametric sweeps on the scale of this
study without convergence issues.
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Figure 4: CR values in HC and LC dataset as a function of pH, other inputs are constant: T=353.15
K, V=1.59 m/s, pCO, = 0.25 bar, D=0.40 m.



For this sweep, at pH = 5.7 the CR recorded in the LC dataset is 7.35 mm/year. However, the HC dataset
records it to be 1.20 mm/year. For the other ten input conditions plotted, both datasets are in agreement
up to 4 decimal places for CR. From observing the trend of the LC data in Figure 4, the recorded CR of
7.35 mm/year is clearly incorrect. This is confirmed by the re-run simulation which predicts 1.20 mm/year,
identical to the HC dataset. This method has identified 47 similar outliers within the LC dataset, of which,
30 occur in the training set. Hence, both the DNN and ETR have been trained on at least 30 incorrect
values, the location of which has been documented.

8.2 Ouitlier impact on ETR and DNN predictions

Figure 5 is an identical illustration to Figure 3, depicting the ETR and DNN predictions against actual
corrosion rate for every value in the LC dataset, except, in Figure 5 the 47 confirmed outliers in the LC
dataset are now highlighted red. Therefore, when interpreting Figure 5, red points occurring on, or near,
y=Xx are undesirable as it indicates the surrogate has learnt an incorrect outlier value. However, blue
points occurring near, and on y=x are a good sign; the model is correctly predicting a valid CR.
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Figure 5: Predicted against true CR. Training set plotted for the (a) ETR and (b) DNN. Unseen
datapoints for the (c) ETR and (d) DNN. The 47 LC outliers are depicted in red.

Results in Figure 5a indicate the ETR has learnt the exact CR label of all known outliers within the training
data, often to several decimal places, including azrg. Perfect predictions of ETR outliers have contributed
to its marginal superior predictive performance over the DNN overall. Additionally, close examination of
Figure 5c shows that the ETR predicts several non-outlier CR values within the dataset less accurately
than known outliers. Thus, although the ETR is slightly more accurate, it is also influenced strongly by
outliers.

Conversely, DNN results in Figure 5 show the 47 known outliers are the furthest from y=x. This is most
evident in Figure 5b, where all outlier predictions within the training set are clearly the ‘least accurate’.
This implies the DNN is less susceptible to being over-trained on outliers. Several points on Figure 5
have been labelled to highlight specific outliers for further investigation. Both @ and g are specific input
conditions corresponding to outliers in the LC dataset. As previously established, apyy and agry are the
CR predictions of input conditions a by the DNN and ETR (values given in Table 7). Similarly, fpyy and
Berr are the DNN’s and ETR’s predictions of f=[pH=5.7, T=353.15 K, V=1.59 m/s, D=0.40 m, pC0,=0.25
bar]. The ETR has learnt the LC dataset label, hence Bzrr is a red point occurring on y=x. The input
condition labelled y=[pH=5.7, T=353.15 K, V=1.59 m/s, D=0.63 m, pC0,»=0.25 bar]. The CR label in the
LC dataset is not an outlier. yzz is the worst non-outlier prediction by either model, occurring in the
predictions by the ETR (i.e. the actual CR recorded at y is accurate in the LC dataset, hence ygry the
blue point furthest from y=x in Figure 5).

8.3 Analysis of individual outliers

Figures 6 and 7 illustrate the DNN and ETR’s predictions around known outliers. This demonstrates how
the models have interpreted outliers within the training set, and the effects they have on predictions of
designs in their vicinity. Figure 6 shows CR predictions by the DNN and ETR as a function of T around
a. The other four inputs were kept constant at pH=5.2, pC0,=0.63 bar, D=0.63 m, and V=3.98 m/s. The
DNN and ETR were used to predict the CR at temperatures varying from 273.15 Kto 373.15K, in 0.1 K
increments. Note, this is a temperature resolution ~100 times finer than the training data (training data
temperature has a datapoint every 10 K, this sweep has surrogate predictions every 0.1 K).

The red points plotted on Figure 6 are the training data. These are the values both models have learnt
from during training. The yellow and green lines are predictions by the DNN and ETR respectively, hence,
apyy and agrgr occur on those lines (labelled on Figure 6). The accepted HC dataset values have also



been plotted on Figure 6, as black crosses plotted beneath the training data. In most cases, the LC and
HC values are identical, hence the HC data is not visible beneath the training data.

a) b)
5 3.2
DNN
ETR 3.15
x HC Data
4rl e Training Data 3.1
T3t T 305
2 2
€ € 3
'g‘ ApNN (Ye”OW 'g‘ X
520 lineat T= % 295
283.15 K)
29+
1L |
agrr (Green line at T = 285 |
283.15 K)
0 N—_ ; : : 2.8 : : : :
260 280 300 320 340 360 380 338 340 342 344 346 348
TIK] TIK]

Figure 6: (a) DNN and ETR predictions around «, with a (b) magnified region: 338 < T < 348 K.

Clearly, there is an outlier both models have been trained on. This corresponds to the previously
established «a input conditions, occurring at T = 283.15 K, with a CR in the training set of 0.006141
mm/year. Figure 6a demonstrates the DNN'’s ability to ignore outliers in the training data. The DNN
predicts apyy to be 0.713 mm/year. This prediction agrees with the HC dataset value of 0.714 mm/year
and the trend in the training data, as shown in Figure 6a. This indicates the DNN is mapping a smooth,
and broadly generalisable underlying function of CR, rather than learning precise training set values. With
regards to the ETR, Figure 6a highlights an inability to distinguish between outliers and valid training
data. As has already been shown, the ETR has learnt the exact training label of a. However, results in
Figure 6a indicate the ETR has distorted its predictions of neighbouring points down to incorporate the
anomalous CR at T=283.15 K. The ETR corrects itself on LC dataset values at 273.15 K and 293.15 K,
but this nevertheless degrades the accuracy of ETR predictions between these points.

The magnified region in Figure 6b highlights an important contrast in the predictions of the ETR and DNN:
the DNN predicts CR as a smooth function of T, whereas the ETR predictions are noisy. The HC dataset
value in Figure 6b is in the test set, neither model having been trained using that value. Despite this, the
DNN predicts much closer to the true HC value than the ETR. Issues with the high-resolution ETR
predictions is caused, in part, by a sensitivity to noise, outliers, and missing values in neighbouring
training points. Additionally its tree-based ensemble architecture makes it sensitive to variation in the
training data [21]. During training, the ETR splits the data into subsets, and predictions are based on the
average value within the subset. Therefore, the CR function of the ETR is a set of discrete bins of CR
values, explaining the step changes observed in ETR predictions of neighbouring points in Figure 6b.
Conversely, DNN architecture facilitates prediction of continuous outputs when using continuous
activation functions [38], hence the smooth DNN output observed in Figure 6. Several methods of
quantifying design sensitivity and robustness require reliable gradient calculations [39]. Such calculations
would be challenging when using the ETR predictions near outliers.

ETR and DNN predictions around the outlier g are shown in Figure 7. The DNN and ETR were used to
predict 1000 exponential increments of D between 0.01 m and 1 m. In this instance, pH = 5.7, pCO; =



0.25 bar, T = 353.15 K, and V = 1.59 m/s. Training datapoints and HC dataset values are plotted in the
same format as Figure 6. Note the logarithmic scale of D on the x-axis.
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The training data depicted in Figure 7 illustrates a unique scenario. The CR data appears consistent
around 1.2 mm/year until a significant spike at 8, occouring at D = 0.40 m. As established, the training
label associated with 3 is an outlier, reporting a CR of 7.35 mm/year. At diameters beneath this outlier,
predictions by both models match that within the training and HC data. Clearly, the ETR has learnt the
outlier value, whereas the DNN predicts a CR of 1.22 mm/year (Bonn) @ 2.34% error from the accepted
HC value. In this instance datapoints at both D = 0.63 m and 1 m are missing from the training set. Hence,
neither model is exposed to a D above 0.40 m during training with the result that the ETR cannot rectify
its predictions. It inaccurately predicts points a pipe diameter of 0.63 m (yzrz) to have a corrosion rate of
4.73 mm/year, despite the HC dataset recording this value as 1.18 mm/year. This datapoint is in the test
set and is not an outlier. Hence, all ETR predictions of CR above approximately D = 0.25 m are corrupted,
this represents ~75% of the range for D. In contrast, the DNN predicts CR values in Figure 7 that are
consistent with trends in the HC dataset, recording a maximum deviation of 2.34%.

8.4 Using HC data as the true value

It is clear the DNN has predicted CR values consistent with the HC dataset in the two cases presented
in figures 6 and 7, while the ETR has overfitted to the outlier value. A parity plot of the 47 confirmed
outliers is given in Figure 8. The red points take the true CR value to be the outliers in the LC dataset,
whereas blue points take the true value to be the accepted HC dataset value. Blue points in close
proximity to the line y=x is desirable in both figures, whereas red points on y=x indicate the model has
been overly-influenced by an outlier.



a) b)
ETR DNN
10 . ~ 10 y

® HC b ® HC /
eLC . eLC »

T o ¥ . /

(0] (0] o

E 1t . 2 \E 1t o0 ]

£ vl £ /’g

oC .’i o 3

O g o Y O 5 N

: / : /

3 0.1 // S 01} //

8 . 8

[al / o /

/ /
/ /
/ /
0.01 s ' 0.01 s -
0.01 0.1 1 10 0.01 0.1 1 10

True CR [mm/year]

True CR [mm/year]

Figure 8: (a) ETR and (b) DNN predictions of the 47 confirmed outliers evaluated against LC dataset
values in red, and original HC values in blue

Observing the results in Figure 8, it is clear the ETR is significantly less accurate than the DNN when
evaluating the predictions of outliers against their corresponding HC dataset values. Blue points in Figure
8a obtain a negative R? value of -0.960, indicating ETR predictions of outliers are inconsistent with HC
values. The significantly higher R? value of DNN predictions of 0.999, is reflected in Figure 8a, as DNN
predictions consistently lie near y=x when the HC value is taken as the true value. Overall, the results
confirm that the ETR is learning exact values in the LC dataset, whereas the DNN is rejecting outliers
and fitting an underlying function which accurately represents the accepted HC dataset trends.

8.5 Practical utility

The practical advantages of the ML surrogates are now considered. ETR and DNN benchmark times
were obtained on an Apple MacBook with an M1 chip (8-core CPU, 3.2 GHz, 16 GB of RAM) while the
48-hour Leeds Model simulation was run on a workstation with an AMD Ryzen Threadripper 3960X (24
cores, 48 threads, 3.8 - 4.5 GHz, 128 GB of RAM). The DNN requires 2.86 seconds to predict the CR at
all 161,051 input conditions, whereas the ETR takes 7.39 seconds. Both surrogates are therefore
substantially faster than the 48-hour compute time of the original Leeds Model. The ETR does not require
a validation set so can be trained on a larger portion of the data than the DNN. This would likely improve
its performance, which is already superior to the DNN when considering MAPE and R? over the entire
dataset. All models are implemented using Python, a popular and widely-adopted programming language
with many useful open-source libraries (e.g. Tkinter [40], Streamlit [41],...) which support the easy
creation of User Interfaces.

In terms of outliers, selecting either the ETR or DNN reflects a trade-off between dataset quality and
model robustness. The presented results indicate the trained ETR cannot distinguish between an outlier
and valid datapoint within the training set. Hence, while the ETR vyields marginally higher predictive
accuracy over the training data, its adoption as a surrogate model requires outliers are removed before
training. Conversely, the DNN is exceedingly resilient to the outliers identified in the training data. The
ability to reject outliers during training lends itself to a novel outlier detection procedure to clean the model
output data. Therefore, as well as its good accuracy, a surrogate DNN model also builds confidence in
the output of the original source model.



9. Conclusion

Six ML algorithms have been trained on the outputs of a mechanistic CO, corrosion model, using the
largest dataset of its kind to date. ML methods have been demonstrated to offer effective and efficient
surrogate modelling capabilities for the Leeds Model. Trained surrogates are capable of predicting CR
accurately, while significantly reducing computational and time demands of a simulation on the scale of
this study. Additionally, their development in open source Python libraries and ease of integration with
open-source Ul libraries facilitate easy access to industry, academics and other end-users.

ML model hyperparameters have been optimised effectively, with the GBR yielding the most significant
performance improvements. A preliminary evaluation indicated the ETR and DNN algorithms to have
optimal test set predictive performance, however the choice of evaluation metric dictates which model is
superior. The influence of outliers on ETR and DNN has proved an important differentiator. Results have
shown that the trained ETR is sensitive to outliers, learning the exact value of all outliers documented in
the training dataset. However, the DNN is significantly more robust against their influence, rejecting
outliers in the training set, and predicting outlier values in line with the accepted HC simulation values.
The DNN can therefore be used as a novel outlier detection method, to clean the output data of the
original model. At the undertaking of this study, the existence of large outliers within the Leeds Model
output data was unknown, adopting the DNN as a surrogate offers a reliable method of detecting and
removing them from the source model output data.

The present work can be expanded in several directions, namely to corrosion systems with scaling
products or by amalgamating the numerical simulation dataset with reliable experimental measurements.
Additionally, the incorporation of additional Leeds Model outputs such as Saturation Index (akin to FeCO3
scaling tendency) or surface pH as a second output of the DNN would enable interesting multi-objective
optimisations to be explored.



Appendices
Appendix 1

Table A1: Hyperparameter values before and after optimisation. Consult documentation in [23,24] for
more information on specific parameters.

Model Parameter Default value Optimised value
LR N/A - -
KNN Weights ‘uniform’ ‘distance’
RFR Max Features 1 3
Number of Estimators 100 800
Subsample 1.0 04
Min Samples per Leaf 1 2
GBR Number of Estimators 100 400
Max Depth 3 None
Min Samples Split 2 3
ETR Number of Estimators 100 1600
Max Features 1 5
Number of Layers 2 4
Neurons [Layer 1,
Layer 2 . ] [100, 1] [128, 128, 64, 1]
DNN Momentum None 0.9
Nesterov acceleration False True
Activation Function ‘relu’ ‘elu’
Kernel Initialiser ‘random_normal’ ‘he_nromal’
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