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Surface protective coatings on magnesium alloys have been developed to control the corrosion rate of biomedi-
cal magnesium implants under mechano-chemical loadings. Quantifying the effect of coating’s microstructural
features on the corrosion behaviour of magnesium alloys facilitates the innovative design of biodegradable
magnesium implants from the surface to the bulk. The present work is devoted to exploring the applicability of
deep learning methods for efficiently predicting the in vitro pitting corrosion behaviour of coated magnesium
alloys. To this end, the proposed machining learning method employs different CNN models for predicting
the corrosion curve and the evolution of corrosion interfaces. In the proposed deep learning method, phase
field simulations with varying coating microstructures are used to generate the required corrosion datasets for
training and validating the models. The method is applied to a PEO coated WE43 magnesium alloy to assess
its feasibility based on in vitro experiments. Performance analysis shows that the multi-input CNN is superior
to the single-input CNN in predicting the corrosion curve. The proposed encoder—decoder architecture can
predict the evolution of corrosion interfaces with an average error about 1%. These results demonstrate that
the proposed CNN models provide a promising alternative to conventional simulation methods for evaluating
the protective performance of coatings.

1. Introduction Understanding the structure-performance relationship of coated magne-
sium alloys, which encompasses multiscale structures from the surface

Biodegradable magnesium alloys are revolutionary biomedical ma-
terials of next generation orthopaedic implants with excellent mechan-
ical performance and biocompatibility. Compared with conventional
permanent implants of stainless steels and titanium alloys, biodegrad-
able magnesium orthopaedic implants can be absorbed by human
bodies during the bone healing process. The degradation and resorption
of magnesium implants avoid a follow-up removal surgery, which
significantly reduce patients’ risks and considerable socioeconomic bur-
dens on health systems. Nevertheless, their rapid corrosion rates in

to the bulk, is essential for quantitatively predicting their corrosion
behaviour in physiological conditions.

To predict the corrosion behaviour of magnesium alloys under
chemomechanical loadings, considerable efforts have been devoted
in accessing the corrosion rate and the degradation of mechanical
integrity for in silico design of magnesium implants. Gastaldi et al. [10]
proposed a corrosion model within the framework of continuum dam-
age mechanics to simulate uniform corrosion of magnesium stents. In

physiological environments limit their biomedical application in hu-
man bodies. An undesired fast degradation of the mechanical integrity
can cause a premature failure of implants during the tissue-healing
process [1]. In order to control the corrosion rate of biomedical mag-
nesium implants, different surface-modifying approaches have been
developed for magnesium alloys, e.g., plasma electrolytic oxidation
(PEO) [2], hydrothermal treatment [3], phosphating treatment [4],
polymer coating [5] and anodising treatment [6]. The effectiveness
of these methods in enhancing the corrosion resistance is critically
dependent on their composition, thickness, and microstructure [7-9].
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addition, they coupled a stress corrosion model to the uniform corro-
sion model for describing the stress assisted corrosion phenomenon.
Furthermore, Grogan et al. [11,12] extended the uniform corrosion
model to simulate pitting corrosion of biodegradable magnesium alloys
observed in in vivo experiments. Ma et al. [13] applied an integral-type
nonlocal formulation to the pitting corrosion model for overcoming
the mesh-dependency of computational results. Recently, the corrosion
behaviour of coated magnesium alloys has been studied using numer-
ical methods. Gazenbiller et al. [14] formulated a damage model to

Received 11 October 2024; Received in revised form 14 November 2024; Accepted 15 November 2024

Available online 27 November 2024

0927-0256/© 2024 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


https://www.elsevier.com/locate/commatsci
https://www.elsevier.com/locate/commatsci
mailto:ma@iam.rwth-aachen.de
https://doi.org/10.1016/j.commatsci.2024.113546
https://doi.org/10.1016/j.commatsci.2024.113546
http://crossmark.crossref.org/dialog/?doi=10.1016/j.commatsci.2024.113546&domain=pdf
http://creativecommons.org/licenses/by/4.0/

S. Ma et al.

quantify the effect of PEO coating’s microstructure on the mechan-
ical response of magnesium alloys at slow strain rates. Van Gaalen
et al. [15] developed experimental and computational methods to
evaluate the influence of PEO surface treatments on the corrosion
process of a medical-grade magnesium alloy WE43MEO. However,
these phenomenological continuum models cannot capture the physical
and chemical mechanisms of corrosion, which may lead to a large
number of model parameters and inaccurate predictions of the cor-
rosion rate under different immersion conditions. To overcome these
limitations of the phenomenological models, physics based continuum
models were developed for predicting the corrosion rate of magnesium
alloys [16]. Sanz-Herrera et al. [17] proposed a diffusion based model
to capture physico-chemical interactions and the evolution of species
concentrations during magnesium corrosion. Shen et al. [18] devel-
oped a corrosion model for biomedical magnesium alloys to consider
corrosion product existence and surface morphology change. Zeller-
Plumbhoff et al. [19] demonstrated a physics based model to describe
the formation/dissolution of corrosion products with realistic com-
positions of in vitro corrosion medium. More recently, phase field
methods were applied to simulate the pitting corrosion process of
metallic materials [20-22]. This approach can be used for modelling
physical and chemical processes involving microstructure evolutions
and moving boundaries [23]. Mai et al. [20,24] presented the for-
mulation and implementation of a phase field model for simulating
the activation- and diffusion-controlled pitting corrosion phenomena in
metallic materials. Kovacevic at al. [25] developed a phase field model
accounting for the synergistic effect of aggressive environment and
mechanical loading in accelerating corrosion kinetics of magnesium
alloys. Zhang et al. [26] presented an energetic variational framework
for modelling deformation-fracture-corrosion interactions in the cor-
rosion process of magnesium alloys. However, simulating microstruc-
tural evolutions with phase field models demands significant computa-
tional cost, regardless of different time-integration methods [27] and
implementations of parallel computation [28].

To efficiently predict the corrosion behaviour of metallic alloys,
machine learning methods have been considered as an alternative
promising approach in the last years [29]. A multilayer perceptron
(MLP) can lead to much lower computational time and can replace
the mathematical model according to designed algorithms [30]. It
can be trained by feeding experimental data or simulation results.
In general, the MLP can be seen as an approximator of the existing
data. As the existing data cover the possible data space, the well-
trained MLP has the ability to predict the result for a new input.
Furthermore, convolutional neural network (CNN) has achieved sig-
nificant success in image classification, object detection and image
segmentation [31]. Therefore, CNN has been utilised to solve various
problems in science and engineering, e.g. predicting the evolution of
stress fields [32], detecting effective diffusivity of porous media [33],
optimising the mechanical properties pf composites [34], seeing per-
meability from images [35] and predicting 3D microstructure-sensitive
fatigue crack [36]. Especially, 1D CNNs have shown high effectiveness
in predicting time- and path-dependent material behaviours, such as
calculating retention curves for porous media [37]. Recent studies
have attempted to apply machine learning methods for predicting
the corrosion behaviour of magnesium alloys [38]. Moses et al. [39]
utilised a machine learning model to predict the effect of chemical
compositions and environmental factors on the corrosion potential and
corrosion current of magnesium alloys. Schiessler et al. [40] proposed
sparse machine learning models to analyse the corrosion inhibition effi-
ciency of chemical compounds for magnesium alloys. Wang et al. [41]
developed a high-throughput computational strategy based on first-
principles calculations and machining learning models to investigate
the corrosion behaviour of binary magnesium alloys with intermetallics
for the corrosion-resistant magnesium alloy design. Magbool et al. [42]
combined virtual sample generation and machine learning approaches
to predict corrosion rates of friction stir processed magnesium alloys
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with different processing parameters. Nevertheless, very limited studies
focus on the machine learning based model to predict the structure-
performance relationship of coated magnesium alloys, which plays an
important role in in silico design of coated biodegradable implants.

This work is therefore devoted to explore the applicability of deep
learning methods for rapid predictions of the corrosion curve and
the corrosion interface of coated magnesium alloys. Within the deep
learning framework, phase field simulations with varying coating mi-
crostructures are used to generate the required datasets of corrosion
for training and validating the CNN models. The proposed machining
learning method employs different CNN models for predicting the
corrosion curve and the evolution of corrosion interfaces. In the case
of predicting the corrosion curve, the conventional CNN architecture
processes images through a combination of a sequence of convolutional
and polling layers followed by a fully connection layer. The second
machining learning model for this purpose modifies the connection
between input and the fully connected layer, three physical quanti-
ties of coating’s microstructure directly are integrated into the dense
layer. In the case of the corrosion interface prediction, an encoder—
decoder architecture is applied. Encoder reduces the input image to
a feature vector and decoder produces the corrosion interface from
the feature vector. This framework was validated with a dataset of a
PEO coated magnesium alloy WE43MEO, comprising 2600 samples of
diverse microstructures to train and validate the deep learning models.
Various filter sizes and convolutional layers were explored during the
cross-validation process to identify the optimal hyperparameters for the
neural networks. A performance analysis demonstrates that the multi-
input CNN has in general superior prediction accuracy compared to
the conventional single-input CNN. Compared to FEM simulations, the
well-trained multi-input CNN model and encoder—decoder model can
provide a prediction in seconds with an average relative error of 0.5%
and 1%, respectively.

2. Deep-learning framework

The CNN based deep learning framework is designed for a rapid
estimation of the corrosion curve and the corrosion interface of coated
magnesium alloys. Due to the limited experimental data for the coating
microstructure and the in vitro corrosion behaviour of PEO-coated
magnesium alloys, we generate the microstructure of PEO coatings by
considering the main features of defects in the PEO coating and use
the corrosion data predicted by the validated phase field simulations
for training the developed CNN models. In further work, the direct
experimental dataset can be included in the training process as more ex-
perimental results of PEO coated magnesium alloys are available. This
section provides a brief introduction to the data generation algorithm,
and the architecture of the used CNN models.

2.1. Overview of the computational framework

The aim of this computational framework is to develop machine
learning models for a rapid prediction of corrosion behaviours, encom-
passing the corrosion curve and the corrosion interface, as shown in
Fig. 1. The key steps of this framework are explained as follows:

(i) Generating dataset. The initial step involves the creation of a di-
verse dataset by generating numerous microstructures of coating
based on a randomised algorithm. Phase field simulation is then
used to generate the corrosion curve and the evolution of the
corrosion interface (pit morphology) for each coated alloy.

(ii) Training deep learning models. The data generated in the pre-
vious stage is utilised to train neural networks with various
architectures, demonstrated in Fig. 1. For predicting the cor-
rosion curve, two types of CNN are compared. The first is the
single-input CNN (SICNN), which adopts a classic CNN archi-
tecture and solely takes images of coating microstructures as
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Fig. 1. Schematic of the proposed CNN architectures. The corrosion-curve single-input CNN is composed of an encoder and a FC network, taking only the coating image as input.
The corrosion-curve multi-input CNN integrates structural parameters into the feature vector produced by the encoder, extending this vector before passing it to the FC network.
The corrosion-interface CNN employs an encoder—decoder architecture to generate corrosion morphologies directly from coating images.

input. The second is a novel CNN, referred to as the multi-input
CNN (MICNN), that incorporates structural parameters of coat-
ing as additional inputs. For predicting the corrosion interface,
the encoder—-decoder architecture [43-45] is employed. This
corrosion-interface CNN (CICNN) outputs a three-dimensional
tensor comprising interface images for various corrosion periods.
The encoder is responsible for feature extraction from the im-
ages, while the decoder generates the corrosion interface images
from coating features.

(iii) Predicting the corrosion behaviour of magnesium alloy-coating sys-
tem. The trained models from step (ii) are subsequently applied
to predict the corrosion behaviour for magnesium alloy-coating
system in the validation set.

2.2. Neural networks for predicting corrosion behaviour

Currently, multilayer perceptron and convolutional neural network
are two main types of artificial neural networks. MLP builds non-
linear mapping from input x to output y via a sequence of functions
parametrised by the weight vector W, bias vector b and activation
function o. For each layer, the relation between input and output is
represented by:

¥y =06 (Wx +b0) €))

and the relation x(*1 = y® applies for the next layer. In the most
general form, MLP can be considered as a function approximator.
Due to inherent architectural constraints, MLP typically takes com-
pact data as inputs. When processing a large volume of data, both
computation time and memory requirements can increase dramatically.
To enhance the high-dimensional data processing capability of neural
networks, convolution layers that leverages the advantage of local

receptive fields and weight-sharing properties have been integrated
into neural networks [46,47]. The convolutional layer performs con-
volutional operations on the input channels and transmits the results
to the subsequent layer. Consequently, CNN can extract distinguishing
features from the input data through the scanning and convolutional
operations facilitated by various filters/kernels. For a two-dimensional
input image X and a two-dimensional convolution kernel K, the output
Y is expressed as [47]:

YOU, j)=0o <z > XOG +m, j +mKO(m, n)> : 2

where i and j are the pixel indices of the output in two dimensions, m
and n are weight indices of the kernel.

In this study, MLP models were constructed to assess the feasibility
of predicting corrosion curves from structural parameters and used as
a benchmark for evaluating the neural network performance prior to
designing CNN models. In the coated magnesium alloys, the corrosion
behaviour of substrate is mainly affected by three microstructural
parameter, porosity, coating thickness, and the initial crack length of
passive film. Their effects on the degradation process of magnesium al-
loys were explicitly integrated into the neural network in a flexible and
clear manner. This network architecture embodies our prior knowledge
that the corrosion depth might be a function of these microstructural
parameters, although the specific functional relationship is unknown
and must be established through training. Different configurations of
hidden layers and hidden units are tested to strike a balance between
accuracy and efficiency. While the corrosion curve may indeed be a
function of the three structural parameters, it can also be influenced
by other factors, such as the position of pores. Additionally, the mor-
phology of corrosion pits, which is crucial for assessing the integrity
of the alloy, cannot be accurately obtained through a few statistical
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parameters of the coating microstructure. This raises the necessity of
using coating images as input.

The encoder in the CNN models captures microstructure information
from coating images through a series of convolutional and pooling
layers, processing the raw coating image into a set of feature rep-
resentations. For classification or regression tasks, the feature tensor
is typically flattened into a vector by the dense layer for further
processing. In the corrosion-curve CNN models, the feature vector is
then forwarded to the FC network, which is supposed to have the
same architecture as the aforementioned MLP, to predict the data
points on the corrosion curve. Additionally, the single-input CNN can
be extended by incorporating the three structural parameters into the
one-dimensional feature vector, as shown in Fig. 1. This extended
CNN architecture is referred to as the multi-input CNN, given its input
consisting of both image and structural parameters. The CNN model for
predicting the corrosion interface is structured according the encoder—
decoder architecture [43-45]. The encoded coating feature information
is restructured by the decoder which uses a series of transposed convo-
lutional operations to upsample the features and produce the corrosion
morphologies. The proposed three CNN models share the same encoder
architecture and their overall schematic of architectures is depicted in
Fig. 1.

2.3. Model optimisation and evaluation

The common learning algorithm calculates the gradients of the loss
function J with respect to the network hyperparameter vector © by
backpropagation [48], and obtains the optimal © via optimisers, such
as the gradient descent algorithm

oJ
0,,1=6; —aﬁ,

i

3)

where « indicates the learning rate. ©; and O, represent hyperparam-
eters of the network in the ith and (i + 1)th epoch, respectively. The
generated coating samples are fed into the neural network models in
mini-batches of several images with the associated corrosion data. To
prevent the learning process from getting stuck in local minima and
being affected by the data sequence, the training set is shuffled. In
this study, the mean square error (MSE) is used as the loss function to
calculate the deviation between the prediction of the mini-batch and
its ground truth

LA AP
MSE:MXN;Z;(y"J_y"J> : Q)

where M and N indicate the number of coating samples encapsu-
lated in a mini-batch and the number of entities in each corrosion
curve/interface set, respectively. yfj is the ith entity of the jth predicted
corrosion curve/interface set, while y,G/ is the corresponding ground
truth.

To evaluate the prediction performance, the mean absolute error
(MAE) and the mean relative error (MRE) are implemented. For each
predicted result, the MAE is defined by:

N
MAE=%;\y5’—yﬂ, ®)

where N denotes the number of entities in the output data, yl.P and
y,.G are the ith entity of the predicted corrosion curve/interface set and
the corresponding ground truth, respectively. The relative error of each
corrosion curve is defined by:

N P _ .G

1 )yi Vi ‘

MRE yve = N Z - G (6)

i=1 Vi
Because the ground truth matrix of the corrosion interface contains
zero values, the following formulation of MRE is defined for corrosion-
interface CNN models to avoid a zero in the denominator [45]:

MAE % 100% , @

MRE;
max [|y%| —min |||

interface —
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where max ||y’|| and min||y’|| denote the maximum and minimum
values from the ground truth matrix, respectively.

3. Application to PEO coated magnesium alloy we43MEO
3.1. Materials and in vitro corrosion experiment

For the in vitro corrosion experiments, round test specimens with
a diameter of 4mm were fabricated by Medical Magnesium GmbH
(Aachen, Germany) from 9.5 mm rods of clinically used extruded mag-
nesium rare-earth alloy WE43MEO (Meotec GmbH, Aachen). The alloy
is manufactured considering the following elemental specifications: 1.4
- 42 wt% Y, 2.5 - 3.5 wt% Nd, < 1 wt% for Al, Fe, Cu, Ni, Mn, Zn,
Zr and Mg as balance. A second test group of WE43MEO specimens
was coated with plasma electrolytic oxidation (PEO). The PEO surface
modification was conducted in a phosphate based electrolyte by using a
pulsed rectifier set (M-PEO Al, Meotec GmbH, Germany). The process
parameters were galvano-statically adjusted starting at 10 A/m? to
produce an evenly distributed coating on the substrate with the average
thickness of 20 pm [49]. The samples were wrapped with Teflon tape
at both ends and sealed with heat shrink tubing to prevent corrosion.
Therefore, only the central parallel region of the samples with the
length 24 mm was exposed to the corrosion environment. The mi-
crostructures of the samples are presented in Fig. 2. The morphology of
the coating reveals a typical porous structure with both interconnected
and isolated pores. The immersion tests for a period up to 28 days
were conducted in an incubator at 37 °C with 7% CO, for ideal pH
buffering of the fluid. To simulate the physiological environment with
the similar ionic compositions of blood plasma, we used the cell culture
medium DMEM (L0101-500, Biowest, Nuaillé, France) composed of
inorganic and organic compounds. The DMEM contains phenol red as
a colour indicator for visual control of the physiological regime of pH
value [50]. Fig. 3 shows SEM images of the corrosion morphology of
coated WE43MEO samples after immersion periods of 7 and 28 days.

The hydrogen gas evolving during corrosion was collected via an
inverted funnel placed on top of the specimen into a burette which
allows a time-dependent measurement of the corrosion rate. The mass
loss per area of magnesium alloy AM (mg/cm?) can be further evalu-
ated by the collected volume of hydrogen gas V}; (mL) according to the
relationship [51]:

AM = PMyVig/(RT A) (€©)]

with the gas pressure P (1 atm), molar mass of magnesium Myg (24310
mg/mol), molar gas constant R (82.05 mL atm K~!-mol~1), temperature
T (310.15 K) and surface area A (3.016 cm?).

3.2. Phase field model for pitting corrosion in WE43MEO

Magnesium alloys exposed to an aqueous environment form a pas-
sive MgO layer on the surface that protects the magnesium alloy matrix
from corrosion. However, if the passive film is too thin or completely
cracked in certain regions, the solution directly contacts the freshly
exposed alloy substrate in those areas, leading to the formation of pits.
Under in-vitro or in-vivo conditions, chemical reactions occurring on the
unprotected surface of magnesium alloys lead to the formation of a
stable corrosion product layer consisting of various corrosion products.
This growing layer on biodegradable magnesium alloys hinders water
access to the alloy matrix and impedes the transport of ions in the
long-term corrosion process [52].

Herein, we consider a mixing domain of magnesium alloy and
the electrolyte @ € R> with the external boundary 02, which is
decomposed into the solid boundary 0£2, and the electrolyte boundary
082, with 02 = 0Q_ + 08, and 022, N 082, = @. In the present phase field
model, we introduce an auxiliary variable ¢ to indicate the material
state with ¢ = 0 being the totally corroded material and ¢ = 1
being the uncorroded alloy matrix. The boundary conditions for the
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(a) Cross-sectional morphology
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(b) Surface morphology

Fig. 2. Microstructures of the PEO coating on WE43MEO.

(a) 7 days

(b) 28 days

Fig. 3. Cross-sectional corrosion morphologies of PEO coated WE43 specimens.

corrosion phase field are ¢ = 0 on 02, and V¢ - n = 0 on 9£2,. The
Mg ion concentration field of the domain is defined by introducing the
normalised ion concentration c*(x, 1) = c(x,1)/cso1q, Where cgiq is the
equilibrium concentration of ions in the solid. The flux of ions is driven
by the chemical potential .

The governing equations of the phase field model are derived by
taking the stationarity of the rate-type potential functional IT detailed
in [26], which yields

. oy
61T 1= —L(50 = 7o), ®
8,01 :¢*=V-MVy, (10)
dy oy
60l ip=— —V- , 11
T e aver an

where L is the interface kinetics parameter and M is the diffusion
mobility of ion transport. r, is the corrosion resistance and defined by

re =0,V -V —w,058,(), (12)

where o, is the gradient energy coefficient associated with the phase
field ¢. g,(d) = ¢*(1 — ¢)* is the double well potential and w, is
the height of the imposed double-well energy barrier. The free energy
density y is expressed as a function of the corrosion phase field ¢ and
the normalised ion concentration c*,

W', $,Ve*) = A[c* = (1 = h(@)) ¢}, — ho(@)ch,|” +xVe" - Ve,  (13)

where A is the free energy density curvature and h,(¢) = —2¢° + 3¢*
is an interpolation function for ions concentrations in both phases. ¢},
and c, are the normalised equilibrium concentration in the corroded

material and alloy matrix. x is the concentration gradient energy

coefficient [53] and assumed to be 0, as suggested by [54]. Then, the
governing equation for ion concentration Eq. (11) is reduced to a local
equation as

1 =2Ac* +2A(c;, — D3¢ —2¢°) — 2Ac],, 14

and boundary conditions for u are then defined as Dirichlet boundary
condition y = ji(x) on 02, and du/on = 0 on 02, with detailed
derivation refer to [26]. Additionally, the diffusion mobility M can
determined by the diffusion coefficient D and the free energy density
curvature A as M = =,

The corrosion of coated magnesium alloys is primarily initiated by
discharge channels in the coating and cracks in the passive film [55].
Through these channels and cracks, the electrolyte solution comes into
contact with the magnesium alloy matrix. During the initial stage, the
channels, cracks, and pores are filled with corrosive medium, in which
the diffusion coefficient of magnesium ions is identical to that in the
dilute solution (Dg; = 8.5 x 10719 m?/s [26]). As the corrosion pro-
cess progresses in physiological media with complex ions and organic
components, very complicated mechano-electrochemical processes lead
to deposition and accumulation of corrosion products in the microde-
fects. As a result, these microstructural defects are gradually covered
and blocked by the accumulated corrosion products [56-58]. After
corrosion products sealing the microdefects, the diffusion coefficient of
ions in pores and channels decreases to the value of that in corrosion
products D, To capture such blocking phenomena, an interpolation
between two diffusion coefficients is approximated by

D = D, + (Dgop — Dcp)e_bt > (15)

where b is a evolution coefficient and 7 is the immersion time with unit
in day.
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Table 1
Parameters of the phase field model calibrated for the WE43MEO alloy.
Parameter Physical interpretation Value
A Free energy density curvature 5.35x 107 J/m? [54]
Coolid Saturated concentration of WE43 67.319 mol/L [59]
le Normalised saturated Mg-ion concentration in the corroded phase 0.051 [26]
D, Diffusion coefficient within corrosion product 1.17x 107" m?/s
D, pro Diffusion coefficient within PEO coating 8x 1071 m?/s
Evolution coefficient 1.7

b

L Interface kinetics coefficient
a, Gradient energy coefficient
w,

¢

Height of the double-well energy barrier

2 m’/(Js) [54]
5.1x 107 N [54]
3.528 x 107 J/m? [54]

In this work, the governing equations are solved by the commercial
FEM software FlexPDE with cubic (ten-node) triangular elements for
discretising the domain. To guarantee the simulation accuracy and the
numerical stability, the mesh size is defined such that the interface
region contains at least six nodes. The iteration solution approach is
the Newton-Raphson method. The maximum iteration step is assigned
to be 3 and the Jacobian matrix for each iteration step is recalculated
to guarantee the stability.

The calibration of model parameters is achieved through two steps.
First, the uncoated model is used to determine the parameters for
WE43MEO. Subsequently, the diffusion coefficient of ions within PEO
coatings and the evolution coefficient are calibrated using the coated
model. The calibrated parameters for PEO coated magnesium alloys are
listed in Table 1 using the models shown in Fig. 4. In both models,
the thickness of the alloy substrate is determined by assessing the
maximum corrosion depth, ensuring that the results are not affected by
model boundaries while minimising computational cost. An initial pit
is represented by the initial crack in the passive film with the thickness
of 2 pm. The size of the initial pit is chosen to be 40% of the total length
of the computational model, according to the suggested proportion of
broken regions in the passive film for matching the experimental data
of in vitro corrosion tests in DMEM in [26]. The boundary conditions
¢ = 0 and u = —2Ac;, are prescribed along the upper boundary
immersed in the electrolyte, while initial conditions are y = 0, ¢ = 1
in the alloy matrix, and y = -2Acj,, ¢ = 0 in the PEO coating. The
coating thickness is 20 pm according to the average thickness identified
in the experiments. Pores in the coating with a diameter of 2.6 pm,
which is the average size of pores experimentally determined via image
analysis, are randomly distributed to achieve the measured porosity
of 15.7%. The width of discharge channel is assumed to be 2 pm as
the thickness of the passive film. The predicted corrosion curves of the
uncoated and coated WE43MEO from the computational results with
the calibrated model parameters are illustrated in Fig. 5, which shows
a good agreement with the experimental results. The relatively larger
deviation between the experimental and computational results for the
coated specimen is found in the early stage of corrosion, which may
be attributed to the neglect of additional micro-galvanic interactions
between the coating and the alloy substrate, leading to an extremely
fast initial corrosion rate.

3.3. Dataset generation

The microstructural features of the PEO coating are divided into
three categories: pore, discharge channel and initial crack in passive
film. The geometry and boundary conditions are illustrated in Fig. 6,
where the size of each model is 67 x 200 pm. The boundary condition
are assigned as: Dirichlet conditions ¢ = 0, u = —2Ac;, in the
electrolyte and Neumann conditions V¢p - n = 0, h = 0 on the other
boundaries. The initial conditions of the alloy matrix and PEO coatings
are defined as y = 0,¢p = 1 and u = —2Ac},, ¢ =0, respectively. In
this study, the microstructures of PEO coatings are generated randomly
according to the following principles:

(i) Coating thickness. The coating thickness is sampled in the range
of 15-30 pm. To maintain a consistent image size for image
processing with CNN, an electrolyte region illustrated as the
yellow region in Fig. 6 is added to the outside of the PEO coating.
Its thickness is adjusted according to the coating thickness.

(ii) Initial crack in the passive film. The position of the initial crack is
randomly generated in the passive film. Subsequently, the length
of the initial crack region is randomly generated between 5-
150 pm, and the discharge channel always connects to the initial
crack.

(iii) Pore distribution. The porosity of the PEO coating is generated
between 0 and 30%. Pores with a diameter randomly sampled
between 1 and 3 pm are then seeded at random positions until
the predefined porosity is achieved.

In this study, all random processes follow uniform distributions. Dif-
ferent microstructural features are represented using different colours,
aiding the neural network in distinguishing these features.

Phase field simulations with different coating microstructures are
used to generate data in terms of corrosion curves and corrosion
interfaces. To simplify the representation of the corrosion curve, we
have selected 8 data points that adequately capture the curve’s features,
including data for Day 1, 2, 3, 4, 7, 14, 21, and 28. The image of
the phase field variable distribution is converted into binary images
of corrosion interfaces with each pixel representing 1 pum, as depicted
in Fig. 7. The dataset encompasses 2600 distinct microstructures of
PEO coatings paired with their corresponding corrosion curves and
interfaces for training and evaluating deep learning models. For this
purpose, 800 samples were allocated for training, 200 samples for
testing, and 1,600 samples for evaluating the well-trained models,
following a 4:1:8 split.

3.4. Impact of microstructures in PEO coatings on the corrosion behaviour
of alloy substrates

It is reported that the thickness of the coating and the porosity
significantly affect the corrosion resistance of PEO coated magnesium
alloys [60]. In this study, we use the phase field simulation to quantify
the influence of coating’s microstructural features on the corrosion be-
haviour of alloys substrate. For this purpose, the initial crack in passive
film with the length 150 pm is set together with the discharge channel
in the middle of the computational model. The diameter of all pores
is 3 pm. The discharge channel in the coating allows the solution to
contact the alloy substrate, and almost all of the magnesium ions diffuse
through the channel into the electrolyte before it is filled with corrosion
products. As a result, the coating provides negligible protection during
the initial stages of corrosion. Accordingly, the corrosion process of PEO
coated magnesium alloys in DMEM can be divided into Phase I (0-4
days) and Phase II (5-28 days) after evaluating the corrosion curves.
The average corrosion rate C R mentioned below refers to the mass loss
per unit area AM over a specific period, divided by the duration 47 of
that period, as

CR=AM/At. (16)
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Fig. 5. The mass loss per surface area of the non-coated and PEO coated WE43MEO specimens in in-vitro experiments [51] and phase field simulations.

The influence of coating thickness and porosity in Phase II is studied
as follows:

(i) The influence of coating thickness. In these simulations, the
porosity is set to be 0.15. As shown in Fig. 9, the corrosion rate
decreases with the increase of thickness. Comparing the results for the
coatings with the thickness of 15 and 20 pm, the corrosion rate changes
from 49.6 to 40.5 pgecm=2d~!. As the thickness grows from 25 to 30 um,
the corrosion rate has only a slight drop of 4.1 pgecm=2d~! from 34.4
to 30.3 pgem~2d~!. It is implied that the protective effect of increasing
the coating thickness gradually tends to become smaller. Fig. 8 depicts

the distribution of the Mg ion concentrations after 28 days for the
coatings with different thicknesses. Obviously, the thicker the coating,
the smaller the ion concentration gradient in the corrosion phase of the
alloy matrix, resulting in a slower corrosion rate.

(ii) The influence of porosity. The thickness of coating is set
to be 30 pm in these simulations. The porosity in different coatings
ranges from O to 0.3 with an interval of 0.1. Fig. 11 shows that the
corresponding average corrosion rate are 25.8, 28.8, 32.7 and 37.1
pugem=2d~!, respectively. It is clear that the corrosion rate increases
significantly with increasing porosity. The mass loss rate increases by
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Fig. 8. The distribution of the Mg ion concentration after 28 days for PEO coatings with 15% porosity and different thicknesses.

3.0 pgecm~2d~! when the porosity increases from 0 to 0.1 and by 4.4
pgcm=2 d~! when the porosity increases from 0.2 to 0.3. The variation
of the ion concentration gradient with porosity is demonstrated in
Fig. 10, where the higher porosity increases the concentration gradient,
resulting in a higher corrosion rate.

3.5. Architecture and parametrisation of neural networks

To design the MLP architecture for predicting the corrosion curve,
three structural parameters, porosity, coating thickness and the initial

crack length of passive film, were used as inputs. The mean square error
(MSE) is employed as the loss function for evaluating the performance
of different MLP architectures. The learning rate is set at 0.001, and
training is conducted over 5000 epochs. A rectified linear unit activa-
tion function (ReLU, o(x) = max(0,x)) is used consistently [61]. The
testing results of the 2-layer and 3-layer MLP models are presented
in Tables 2. Notably, continuously increasing the number of hidden
units in 2-layer models does not lead to a stable reduction in testing
error. The error reaches its minimum at approximately 48 hidden units,
as indicated in Table 2. This suggests that a 2-layer neural network
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performs optimally with a mean relative error of 1.24%. For the 3-
layer networks, the testing mean relative error fluctuates around 0.9%
with the increase of hidden units in both layers, as shown in . While
further enhancements in accuracy may be achievable with additional
nodes, the exponential growth in memory and computation cost renders
such improvements economically unnecessary. Therefore, considering

the prediction accuracy and computational efficiency, the FC network
in the following CNN models consists of two hidden layers with 48
nodes and 64 nodes, respectively.

The architecture of the encoder in the CNN models was determined
by testing and selecting the architecture configuration with various
combinations of convolutional layers and parameters for yielding the
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Table 2
Mean relative testing error of 2-layer MLP models with different number of hidden units.
Number of hidden units 3 6 12 24 48 96 192 384
Mean relative testing error 4.36% 2.51% 2.06% 1.41% 1.24% 1.25% 1.33% 2.05%
Table 3
Mean relative testing error of 3-layer MLP models with different number of hidden units.
Lst layer 3 6 12 24 48 9%

2nd layer

8 2.60% 2.03% 1.49% 1.40% 1.09% 1.23%

16 2.33% 1.20% 1.16% 1.09% 1.21% 1.87%

32 1.70% 3.72% 1.12% 1.05% 1.06% 1.12%

64 6.03% 1.20% 1.11% 1.05% 0.91% 1.20%

128 4.08% 1.22% 0.99% 0.98% 0.92% 1.12%

256 5.61% 1.27% 0.99% 0.90% 0.86% 0.87%

Table 4
Architecture of the encoder and decoder.

Encoder
Layer Input Kernel shape Number of kernels Padding Stride Output
Convl 200x32x3 2x2x%x3 24 1,1 1,1 201 x 33 x 24
Pooll 201 x33x24 2x2x1 - - 2,2 100 x 16 x 24
Conv2 100 x 16 x 24 3x3x24 36 1,1 3,3 33x6x36
Pool2 33x6x36 2x2x1 - - 2 16 X3 x 36
Conv3 16 X 3 x 36 2x2x%x36 42 1,1 2,2 8x2x42
Pool3 8x2x42 2x2x1 - - 2,2 4x1x42
Decoder
ConvTranl 4x1x42 3x3x4 672 - 1,1 6%X3X672
ConvTran2 6Xx3 X672 2X3%x672 336 - 3,2 17 x7 %336
ConvTran3 17 x 7 x 336 3%x3x%x336 84 - 2,1 35x9 x84
ConvTran4 35x9 x84 3x3x84 21 - 2,1 71x11x21
ConvTran5 71x11x21 2x2x21 7 - 1,1 T2x12x7
ConvTran6 T2x12x7 5x4x7 4 4,1 3,3 210x 35x 4

best performance. The optimised encoder contains three convolutional
layers with convolutional kernel sizes of 2 x 2,3 x 3, and 2 x 2.
Each convolution layer is followed by a pooling layer adopting max-
pooling with a 2 x 2 kernel size and a stride of 2 x 2. The number
of filters/kernels is chosen to adequately capture the details of the
PEO coatings. Although the features of the coating image are easily
captured by the kernels in each layer, identifying pattern features along
the image edges remains challenging. To address this issue, padding
is utilised within the convolution layers to enhance edge features and
details. Additionally, padding helps to control the dimensions of the
outputs. The design of the decoding network follows the approach
proposed by Li et al. [45]. Unlike the encoder, the decoder consists
solely of transposed convolution layers. Considering that the input of
PEO coating structures and the output of pitting morphologies differ in
size and lack explicit structural correspondence, we did not incorporate
residual blocks, which are commonly used in previous studies involving
image generation to prevent vanishing gradients or preserve structural
information [62,63]. The detailed architecture of the decoder network
is presented in Table 4. The activation function for all layers is ReLU
according the recommendation for deep neural networks [64].

4. Computational results and discussion

In this section, we analyse the performance of the three mentioned
CNN models based on the validation dataset, which has not been
seen by the CNN models during the training phase. To evaluate and
compare the two corrosion-curve CNN models, we first demonstrate the
testing error evolution in the training phase. Then, the average error
of predicted data on each day is calculated to assess the prediction
accuracy of each data point. Furthermore, the error distributions for
different ranges of the microstructural parameter are analysed to under-
stand the sensitivity of the CNN models to the coating microstructure.
Likewise, we evaluate the performance of the CNN model for predicting
the corrosion interface by assessing its prediction accuracy and error
distributions at four time points.

10

4.1. Performance of the corrosion-curve CNN models

The corrosion-curve single-input CNN and multi-input CNN were
both trained for 3000 epochs. The initial learning rate for SICNN was
0.01, while the training of MICNN was started with a learning rate of
0.001. In both training processes, the learning rate was divided by 10
every 300 epochs to achieve a convergence. Fig. 12 shows the evolution
of average epoch loss and relative error for training and testing of two
corrosion-curve models. To visualise the evolution of the losses more
intuitively, logarithmic coordinates are employed. As shown, the mean
relative testing error of the SICNN converges to about 2.0% after 300
epochs, while that of the MICNN continues to experience a negligible
decline after 2000 epochs. The training results indicate that the MICNN
has a superior prediction accuracy compared to the SICNN. Specifically,
the final average relative testing error of the MICNN has been reduced
to less than 0.5%, which is 77% smaller than that of the SICNN.

Fig. 13(a) demonstrates the absolute and relative errors for the 8
data points predicted by two CNN models based on the validation
dataset. It can be noted that the mean absolute prediction error of
the single-input CNN for 8 time points is fluctuating upwards, ranging
between 6.7 and 18.9 pgecm~2. In contrast, the mean absolute error
of the multi-input CNN rises from 1.1 to 8.0 ugcm~2 from Day 1 to
Day 28. The mean relative error shows minimal fluctuation, possessing
a minimum value 0.45% on Day 2 and a maximum value 0.81% on
Day 28. Meanwhile, each phase field simulation on a computer (Intel
10700K, 16 threads) takes approximately 1 h 30 min, whereas SICNN
and MICNN can make a prediction within 1.9 ms. With only a minor
loss in accuracy, the CNN models reduce the computational cost by over
six orders of magnitude compared to the phase field simulation.

4.1.1. Sensitivity of the corrosion-curve CNN models to coating microstruc-
tures

The phase field simulations show that the corrosion rate of the
coated magnesium alloy in the initial corrosion stage (Phase I) depends
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validation dataset.

almost entirely on the length of the initial crack in the passive film
due to the direct contact between the electrolyte and the alloy matrix.
After the corrosion products seal the microcracks and pores in the
PEO coating (Phase II), the influence of coating thickness and porosity
becomes apparent, as discussed in Section 3.4. The analysis of the
average relative error of the 8 data points reveals that the prediction
accuracy of the regular CNN for Phase I is notably lower than the
accuracy for Phase II, while the error distribution of the multi-input
CNN exhibits the opposite trend.

To get an insight into the sensitivity of CNN models to microstruc-
tural features of coating, the porosity, the initial crack length and
the coating thickness in validation set were divided into three groups,
respectively: (i) the porosity in the range of [0, 0.1], (0.1, 0.2] and (0.2,
0.3], (ii) the initial crack length in the range of [5, 30 pm], (30, 80 pm]
and (80, 150 pm] and (iii) the coating thickness in the range of [15, 20
pm], (20, 25 pm] and (25, 30 pm].

Fig. 14 shows the error distribution of the prediction results pro-
duced by the single-input and multi-input CNN model with three
different porosity ranges in the validation dataset. Overall, 70% of the
predictions from the single-input CNN model have a relative error of
less than 2%, while the multi-input CNN can predict the corrosion rate
in Phase II with a relative error of less than 1% for nearly 90% data
set of the coating microstructures in validation set. It can be observed
that the single-input CNN has the highest accuracy in predicting the
corrosion curve of coatings with 0.1 < porosity < 0.2. For the coatings
with the porosity in the ranges of [0.0, 0.1], (0.1, 0.2] and (0.2,

11

0.3], 33%, 47% and 27% of the predictions have a relative error
less than 1%, respectively. In contrast, the multi-input CNN model
does not exhibit a substantial bias for the three porosity ranges, as
the distributions of errors within these porosity intervals are quite
consistent. It is indicated that the prediction accuracy of the multi-input
CNN is weakly affected by the porosity due to the integration of the
porosity as an additional input data.

Compared to the effect of porosity, the initial crack length in
the coating affects more significantly the relative error of predictions
generated by both CNN models, as shown in Fig. 15. For coatings
with a crack length of 5-30 pm, only 18.7% of predictions from the
single-input CNN have a relative error of less than 1%, while 60.2%
of predictions for coatings with a crack length of 80-150 um fall into
the same error interval. Similarly, 30.1% of the multi-input CNN’s
predictions for coatings with a crack length of 5-30 pm have an relative
error of less than 0.5%, while 93.9% of the predictions for coatings
with a crack length of 80-150 pm have the same error. The lower
prediction accuracy for coatings with a shorter initial crack length may
be attributed to the fact that the corrosion rate in this case is strongly
dependent on the local distribution of pores in the vicinity of the initial
crack, making it challenging for CNN models to capture this complex
correlation accurately.

As shown in Fig. 16(a), it is evident that the single-input CNN model
can only provide accurate predictions for coatings with a larger thick-
ness. For coatings with a thickness in the range of 15-20 pm, 24.9% of
the single-input CNN’s predictions have a relative error less than 1%.
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Table 5
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The evolution of mass loss and the average corrosion rate in Phase II predicted by phase field simulations and the corrosion-curve CNN models for three coated magnesium alloy

models with different pore distributions shown in Fig. 17.

Mass loss per area (mgcm=2)

Average corrosion rate (pgem=2d-")

Number of days 4 7 14 21 28 in Phase II
A 1.22 1.28 1.39 1.49 1.59 15.4
Phase field simulation B 1.22 1.30 1.41 1.53 1.65 17.9
C 1.22 1.31 1.46 1.61 1.76 22.5
A 1.20 1.29 1.41 1.53 1.65 18.9
Single-input CNN prediction B 1.21 1.29 1.42 1.55 1.67 19.1
C 1.22 1.31 1.44 1.57 1.71 20.4
A 1.22 1.29 1.40 1.51 1.63 17.1
Multi-input CNN prediction B 1.22 1.30 1.41 1.53 1.65 17.9
¢ 1.22 1.31 1.45 1.58 1.71 20.4
4.2. Performance of the corrosion-interface CNN model
The corrosion-interface CNN model was trained for 5000 epochs
with constant learning rate 0.001. The loss of train dataset and the
loss of test dataset during training are demonstrated in Fig. 18(a).
Unlike the training of previous two corrosion-curve CNN models with
an oscillation of the testing loss during training, the testing loss of
the corrosion-interface CNN model decreases smoothly during training
and converges quickly to 0.002. Considering the computational cost,
each prediction of the corrosion-interface CNN model can be produced
within 24 ms. The error distribution analysis of the corrosion interface
predictions illustrated in Fig. 18(b) shows that the error increases as
the corrosion process proceeds. For the interface after 1-day corrosion,
A B C more than 90% of predictions have a relative error of less than 0.6%,

Fig. 17. Three coated magnesium alloy models with the same coating thickness,
porosity and initial crack length in passive film.

In the range of 25-30 pum, 43.4% of the single-input CNN’s predictions
have a relative error less than 1%. Setting the coating thickness as a
microstructural parameter for additional inputs improves the prediction
accuracy of the multi-input CNN. As a result, the multi-input CNN
model yields the better prediction results with a higher probability of
the relative error less than 0.5% for coatings with different thickness
ranges, as demonstrated in Fig. 16(b).

4.1.2. Encoder performance in extracting coating structure features

As mentioned in Section 4.1.1, the distribution of pores near the
initial crack in the passive film can significantly impact on the corrosion
rate of the coated magnesium alloy in Phase II. However, the porosity
as a macroscopic parameter cannot capture the detailed microstructural
features of coating. Especially when the initial crack in the passive
film is very small, the distribution of pores around the crack plays a
crucial role in the corrosion process. Quantifying this location-specific
information of microstructures can be challenging for the CNN models.
Therefore, three coatings with the same coating thickness (20 pm),
initial crack length (60 pm), and porosity (0.15) but different pore
distributions shown in Fig. 17 are used to test the ability of the current
encoder in the CNN models for extracting the local microstructural
features. The corresponding corrosion data in Phase II obtained from
phase field simulations and the corrosion-curve CNN models are listed
in Table 5. It is shown that average the corrosion rate (22.5 pgcm=2d=!)
in Phase II for Model C is 46.1% higher than that of Model A (15.4
pgem~2d~1) according to the phase field simulation results. Similarly,
the proposed CNN models are able to capture this difference of the
corrosion rate in different coating models, although the accuracy is
slightly reduced. It is worth noting that the multi-input CNN produces
results closer to the ground truth than the single-input CNN. This
comparison demonstrates that the encoder in CNN models can success-
fully correlate the local microstructural features of the coating to the
corrosion behaviour of coated magnesium alloys.

while only 74% of predictions for the interface after 28-day corrosion
have a relative error of less than 1.2%. It is implied that it becomes
increasingly challenging to predict it with high precision, as the corro-
sion interface evolves and becomes more complex. The predicted results
from the validation dataset demonstrate the interface evolution and
their corresponding ground truth, as shown in Fig. 19. The 1% mean
relative error indicates almost indistinguishable differences between
the prediction and the ground truth. Moreover, the temporal evolution
of the corrosion interface can be captured by the CNN model with a
good accuracy.

5. Conclusion

In this work, we have developed a CNN based deep learning frame-
work for predicting the temporal evolution of the mass loss and the pit
morphology during the corrosion process of coated magnesium alloys.
The utilised phase field model for pitting corrosion is formulated based
on the stationarity principle of rate-type potential functional. The phase
field simulations with different coating microstructures were used to
generate corrosion datasets for training and validating the CNN models.
The presented deep learning framework encompasses the generation of
coating microstructures, data preprocessing, dataset construction, and
optimal architecture search of neural networks. The hybrid approach of
phase field modelling and machine learning for predicting the corrosion
behaviour of biodegradable magnesium alloy-coating system has been
applied to the PEO coated magnesium alloy WE43MEO. Through the
detailed analysis and evaluation of phase field simulations and the
neural networks’ performance, we draw the following conclusions:

+ The present phase field simulation can quantitatively capture the
corrosion behaviour of coated magnesium alloys. The simulation
results reveal that the corrosion rate in the initial corrosion stage
are strongly affected by the initial crack in the passive film and
discharge channels in the coating, which enable direct contact
between the electrolyte and the alloy matrix. As the corrosion
products seal the microcracks and pores in the coating, the in-
fluence of coating thickness and porosity becomes apparent for
the corrosion behaviour of magnesium alloys.
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» The corrosion-curve CNN models demonstrate reliable conver-
gence during the training phase. The incorporation of structural
parameters of coating features significantly improved the predic-
tion accuracy of the multi-input architecture, compared to the
traditional single-input CNN model. Microstructural sensitivity
analysis reveals that the multi-input CNN model is less sensitive
to the coating microstructure.

The prediction ability of the multi-input CNN model for the
coating with different pore distributions confirms that the encoder
has effectively learned the local microstructural features from the
images of coatings.

The binary images used in the encoder-decoder architecture of
the CNN models result in an accurate prediction of corrosion
morphology with a relative error of less than 1%.
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Prediction ! ! ! !

Error 0.61% 0.94% 1.25% 1.49%

Fig. 19. The evolutions of corrosion interfaces of four models with different coating structures. The examples are selected in the validation dataset to show the prediction
performance for different structural parameters. For each configuration, predicted results, the ground truth results and errors are shown from top to bottom.

+ In comparison to phase field simulations, the machine learning
based approach significantly reduces the computational cost by
over six orders while maintaining high accuracy.
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