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Abstract 

This study developed an enhanced phenomenological model for the predictions of surface-based 

localised corrosion of magnesium alloys for use in medical applications. The modelling framework 

extended previous surface-based approaches by considering the role of β-phase components throughout 

the material volume to better predict spatial and temporal aspects of surface-based corrosion in 

magnesium alloys. This enhanced surface-based corrosion model offers many advantages as it (i) 

captures multi-directional pitting, (ii) captures various pit morphologies, (iii) eliminates mesh sizing 

effects, (iv) reduces computational cost through custom time controls (v) offers control of pit sizing and 

(vi) produces corrosion rates that are independent of pitting parameter values. The model was fully 

implemented in three dimensions within the finite element framework and shows excellent potential to 

enable robust predictions of the long-term performance of magnesium-based implants undergoing 

corrosion. 
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1. Introduction 

Magnesium alloys show promising potential in both orthopaedic and cardiovascular implant 

applications as they avoid long-term complications associated with permanent metallic implants. 

Several materials used in permanent metallic implants suffer from the release of toxic metallic ions 

through wear or corrosion [1-4], which results in inflammatory cascades and tissue loss [5, 6]. 

Magnesium on the other hand is biodegradable such that its by-products are metabolized by the body 

[7] and play an important role in all living organisms’ dietary systems [8]. However, magnesium-based 

implants present certain challenges as its high corrosion rate in a physiological environment [9-12] can 

lead to rapid deterioration of mechanical properties, leading to implant failure before tissue repair has 

completed [12, 13].  

Magnesium is the least noble material of the galvanic series with a standard electronic potential 

of -2.37V [14], making it highly susceptible to galvanic corrosion. Magnesium along with many other 

light metals especially when alloyed undergoes non-uniform surface corrosion, therefore understanding 

and predicting its mechanisms are pivotal to developing implantable magnesium devices. Galvanic 

corrosion usually occurs due to the presence of impurities or the accumulation of secondary cathodic 

phases in the microstructure. This generally occurs when the metal contacts a more noble material inside 

a conductive medium, which leads to localised corrosion around the contact area. Since magnesium is 

the least noble metal, it is always consumed by anodizing, whereby electrons migrate from the 

magnesium alpha (α) phase to different cathodes releasing magnesium ions (anodic reaction). These 

magnesium ions either diffuse to the surface to form corrosion products or are dissolved in the 

surrounding aqueous environment [15]. Internal galvanic corrosion is due to the existence of grains of 

impurities and alloying elements at the grain boundaries, schematically represented in Figure 1A. 

External galvanic corrosion occurs due to contact with a nobler metal as shown in Figure 1B. The α 

grains consist of either pure magnesium, or a solid solution of magnesium and alloying elements such 

as Al, Zn, Ca, Mn, and other rare earth metals [15]. Alloying elements can form secondary particles 

which facilitate corrosion or enrich corrosion products inhibiting corrosion [16]. Impurities such as Fe, 

Cu, Ni and Co [17] are the four main elements that significantly influence the corrosion resistance of 

magnesium [15]. Pitting corrosion is the second most common corrosion type of magnesium and its 

alloys, defined as localised and random severe corrosion on the surface of the magnesium alloy [15]. 

Galvanic and pitting corrosion are caused by same underlying electrochemical processes, which are 

described by Equations (1)-(3), however, they have different initiators and result in different pit 

morphologies. Pitting corrosion can be characterised as highly localised galvanic corrosion, caused by 

breakages in the passivation layer exposing the alpha phase to corrosive ions (see Figure 1C). The 

oxidation layer is in a permanent state of breakdown and repair [18]. Penetration of the oxide layer is 

generally linked to the heterogeneous inclusion of inter-metallic particles on the oxide film [19]. A 

breakage in the protective passivation layer exposes the alpha phase to corrosive ions (see Figure 1C). 
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Micro-galvanic cells are created around uncovered secondary areas, resulting in very localised galvanic 

corrosion and the dissolution of large particles into the surrounding environment. Corrosion continues 

within the pit until a new passivation layer is precipitated on the surface [14]. Corrosion resistance was 

found to be significantly less in aqueous environments such as body fluids when compared to 

atmospheric environment [15] as chloride ions present in the human body transform the corrosive 

resistant hydroxide layer into soluble magnesium chloride [20]. While corrosion resistance can be 

increased through protective coatings, alloying [21] and/or mechanical or chemical surface treatments 

[22], localised pitting corrosion is still an issue for magnesium alloys, which presents distinct challenges 

for load-bearing implants as the mechanical properties are constantly changing during the lifetime of 

the device.  

Modelling corrosion mechanisms of magnesium alloys has been widely implemented within 

finite element (FE) frameworks and applied to medical implants to predict in vitro and in vivo 

performance [23, 24] using either physically based or phenomenological model frameworks. 

Physically-based models consider the electrochemical interactions and physics of species interaction 

[5] and these approaches have been applied to magnesium [25] through either activation-controlled [6] 

or transport-controlled degradation [6]. Activation-controlled models describe the potential difference 

between the anodic material and the solution. Initially, activation effects were the dominant factor in 

corrosion, however long-term degradation has been found to be independent of the activation effects 

[26]. Meanwhile, transport-controlled corrosion models consider the diffusion of magnesium ions from 

the corroding surface into the corrosive environment. While physically based corrosion models capture 

the chemical processes taking place, they have mainly been used to model uniform corrosion of the 

whole implant [27] or localised in small samples to study individual pit growth [27-29]. Physical models 

are not easily applicable to medical implants due to the difficulty associated with carrying out 

experimental based calibration for model parameters and the high computational cost associated with 

modelling electrochemical reactions [8]. The more widely used approach is phenomenological 

frameworks, which use combinations of a continuum-based damage (CDM) mechanics and/or element 

removal on the corroding surface to simulate mass loss. These models capture reductions in mechanical 

strength due to geometrical discontinuities through the definition of a scalar field to quantify the 

distribution of damage within the model. Many recent corrosion models of this type [8, 24, 27, 28, 30-

32], have been based on the approaches proposed by both Gastaldi et al. [8] and Grogan et al. [25], 

whereby a random distribution function is used to prescribe weighted probabilities across the corroding 

surface that enable localised pits to form and evolve. While these models can accurately mimic the 

corrosion rates reported in the experimental literature, they are subject to several limitations. Firstly, 

very few of these models have been directly compared to experimental samples undergoing corrosion 

and few, if any, actually capture the severity and spatial distribution of pitting features on the corroding 

surface [33, 34]. The underlying reason is the geometric simplicity in their approach, whereby corrosion 
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of the model volume is based only on the parameters prescribed to the initial corrosion surface. This 

limits how corrosion can evolve and means that models are unable to capture multi-directional or sub-

surface pitting, which is a phenomenon that is well-described in experimental literature [32]. 

Furthermore, these models do not produce any variation in pit morphologies on the corroding surface, 

with models only producing a characteristic V-shaped pits [25]. Finally, these models tend to a high 

degree of mesh sensitivity, whereby the initial model discretisation will dictate the overall pit shape/size 

and, more critically, will actually influence the overall corrosion rate. To better capture localised 

corrosion mechanisms, more advanced modelling frameworks are required.  

In this study, an enhanced phenomenological model for pitting corrosion of magnesium alloys 

is presented, which extends the original surface-based model that was presented by Grogan et al [25]. 

This model provides a robust, more effective numerical framework for capturing non-uniform corrosion 

in metals. The numerical approach implemented using a method that considers corrosion evolution due 

to the presence of impurities and accumulation of secondary cathodic phases throughout the material 

(β-phase), that enables the prediction of multi-directional pitting and a range of pit morphologies. The 

introduction of new parameters to control time incrementation and track excess damage, allows for a 

reduction in computational cost while retaining model accuracy. The innovative approach development 

in determining mesh sizing parameter and pitting parameter values allowed for the elimination of mesh 

sizing effects and provides independence of pitting parameter values and corrosion rate.  

Table 1 - Chemical formulation of corrosion process on Mg alloy surface 

 𝑀𝑔
         
→  𝑀𝑔2+ + 2𝑒− (Anodic Reaction) (1) 

 2𝐻20 + 2𝑒
−
         
→  2𝑂𝐻− +𝐻2 (Cathodic Reaction) (2) 

 𝑀𝑔2+ + 2𝑂𝐻−
         
→  𝑀𝑔(𝑂𝐻)2 (Product Formation) (3) 
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Figure 1- Magnesium alloy/α phase (grey). Impurities/β phase (yellow). (A) Internal micro-galvanic corrosion. 

(B) External galvanic corrosion. (C) Schematic of pitting corrosion. (D) Visual representation of different types 

of pitting corrosion; (i) Deep & narrow, (ii) elliptical, (iii) wide & shallow, (iv) subsurface, (v) undercutting, (vi) 

horizontal and (vii) vertical. Image adapted from [35]. 

2. Methodology 

2.1 Surface-based Corrosion Modelling 

This study uses a phenomenological approach to pitting, based on continuum damage mechanics theory. 

The introduction of a scalar damage field (D) ranging from 0 to 1 was used to describe internal 

geometrical discontinuities (pits, cracks, etc.) representing surface-based corrosion. When D = 0 the 

material element was undamaged, while when D = 1, the material element was completely corroded 

and removed. Continuum damage theory allows non-uniform geometric discontinuities to be modelled, 

without explicitly capturing volume/mass loss. This was achieved using Equation (4), whereby 𝜎 is the 

true stress and 𝜎̅ the effective stress,  

 𝜎̅ =
𝜎

1 − 𝐷
 (4) 

Surface-based uniform corrosion can be considered through a uniform distribution of micro-galvanic 

cells, with each element on the corroding surface having the same probability of corroding. This 

approach describes the corrosion kinetics outlined in Gastaldi et al. [8] and Grogan et al. [25]. Grogan 

et.al [25] developed the damage evolution law (see Equation (5)) by assigning each element on the 

corroding surface a random probability, which was capable of modelling non-uniform pitting. Pitting 

parameter values were only applied to surface elements through the following relation,    

 𝑑𝐷𝑒
𝑑𝑡

=
δ𝑈
𝐿𝑒
𝑘𝑢λ𝑒 (5) 
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where 𝑘𝑢 was the corrosion rate parameter, δ𝑈 and  𝐿𝑒 were the material and element characteristic 

lengths, respectively. By assigning a set of random numbers (λ𝑒) to the surface elements based on a 

Weibull distribution function, this model can capture non-uniform corrosion, which is principally 

governed by the random distribution initially generated on the exposed surface. Following element 

deletion, the adjacent elements inherited a portion (𝛽) of the removed elements pitting value. 

 𝜆𝑒 = 𝛽𝜆𝑎𝑑𝑗 (6) 

 

2.2 Enhanced Surface-based Corrosion Framework  

The enhanced surface-based corrosion model developed within this study extends the finite element 

model developed by Grogan et al [25] by considering the role of β-phase components throughout the 

material volume during the evolution of the corroding surface. Magnesium alloys contain an α-phase 

(magnesium) and β-phases (alloying metals/impurities) throughout the material volume. The β phase 

catalyzes the corrosion of the α-phase. The products of the chemical reaction are precipitated onto the 

cathode protecting it from corrosion. Pitting occurs when the α and β phases are not uniformly 

distributed, leading to breakdown of the protective layer. The model outlined within this paper 

phenomenologically captures the different pit morphologies shown in Figure 1D that arise due to micro-

galvanic corrosion and breakages in the passivation layer cause by aggressive chloride ions [33]. The 

key difference between our model is that we extend the approach of Grogan et al  [25], whereby we 

prescribe a set of continuous random numbers (𝜆𝑒𝑛𝑜𝑟𝑚) to the entire material volume. This enhanced 

surface-based corrosion model accounts for β-phase components within the material to enable non-

uniform and multi-directional evolution of corrosion. Here, we provide an updated damage evolution 

model that can be described by Equation (7) 

 𝑑𝐷𝑒
𝑑𝑡

=  𝐿𝑎𝑐𝑡𝑖𝑣𝑒𝑘𝑢𝜆𝑒𝑛𝑜𝑟𝑚 (7) 

Where Lactive is an updated term that to accurately account for the characteristic element dimensions. 

The model workflow is represented schematically in Figure 2, which begins with a pre-processing step 

(see Section 2.2.1) that defines the model parameters, which ultimately control the rate and shape pitting 

corrosion within the simulated models. Model parameters can be categorised into two groups: shape 

parameters (γ (Weibull shape), 𝑟𝑝𝑖𝑡 (Characteristic pit radius) and RS (Random seed)) and rate 

parameters (𝑘𝑢 (Degradation Rate) and 𝐷𝑒𝑚𝑎𝑥 (Time increment control), described in more detail below. 

Each element in the finite element mesh is assigned a random number (λ𝑒), which was used to create a 

continuous distribution of pitting values (see Section 2.2.2). The algorithm cycles through each element 

within the model until it finds an exposed magnesium element, resulting in damage accumulation at 

that location (see Section 2.2.4) determined by an active length parameter (see Section 2.2.3) and local 

shape and rate parameters. An element removal scheme is implemented, whereby an element is removed 
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when the critical damage threshold (𝐷𝑒 ≥ 1) is reached (described in Section 2.2.4). The algorithm 

cycles through all elements, which enables progressive mass loss on the corroding surface to be 

captured.  

 

 

Figure 2 - Overview of enhanced surface-based corrosion damage algorithm. 

 

2.2.1 Pre-Processor 

Prior to running a degradation step within Abaqus, a pre-processing step was implemented through 

Abaqus using python scripting. The pre-processing step extracted model information, initialized model 

parameters, and generated the random numbers used for corrosion. The pre-processor generated; (A) 

node labels, nodal coordinates, initial corroding surface, element connectivity and (B) pitting parameter 

values, as shown in Figure 3. 
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Figure 3 - Basic overview of operations that occur within pre-processor. (A) Stored node labels, nodal 

coordinates, element connectivity and set initial corroding surface. (B) Calculates the normalised pitting 

parameter values (𝜆𝑒𝑛𝑜𝑟𝑚). 

2.2.2 Pitting Parameter Value Generation 

The generation of pitting parameter values occurs within the pre-processor, represented schematically 

in Figure 3B. The distribution of random pitting parameter values (λ𝑒) was controlled through the 

implementation of a Weibull distribution-based random number generator, which used a random seed. 

The probability of λ𝑒 lying between [a, b] for each element was described by: 

 
Pr[𝑎 ≤ λ𝑒 ≤ 𝑏] = ∫ 𝑓(𝑥)𝑑𝑥

𝑏

𝑎

 (8) 

Where 𝑓(𝑥) denotes the standard Weibull distribution probability density function (PDF) described by:  

 𝑓(𝑥) = 𝛾(𝑥)𝛾−1𝑒−(𝑥)
𝛾
 (9) 

The shape parameter (𝛾) controls the degree of heterogeneity of the pitting parameter 𝜆𝑒. Increasing 

the shape parameter leads to a more uniform distribution, while decreasing the scale parameter leads to 

more severe pitting, represented schematically in Figure 4D. 
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Figure 4 - (A) Pitting parameter values initially assigned to each element within the degrading magnesium 

sample: (B) Visualization of redistribution of pitting parameters based on Equation (8)(10): (C) Corroding 

surface updating following element removal: (D) The PDF for a standard Weibull distribution. Decreasing γ leads 

to a more heterogenous corrosion: (E) Redistribution of pitting parameter values from initial assignment (𝜆𝑒) to 

redistributed pitting parameter values 𝜆𝑒𝑚𝑎𝑥 . 

Based on the generated Weibull distribution, each element within the corroding part was assigned a 

random number λ𝑒 through an external python script (see Figure 3). This initial assignment of pitting 

parameter values determined the position and strength of the pit nuclei, from which the pit propagated 

from Figure 4E. However, by assigning values in this way, a discontinuous spatial distribution of pitting 

parameters resulted across the mesh. A smoothing step was included to re-distribute the pitting 

parameters to a continuous distribution across the mesh. For this, a fraction of each element’s initial 

pitting parameter value (λ𝑠𝑖) was stored based on the distance between its element and other elements 

within the mesh (𝑑𝑒𝑖) for all elements in the mesh (i =1:element number), as represented in Figure 4B. 

The characteristic pit radius (𝑟𝑝𝑖𝑡) was a pre-assigned model parameter that controlled the range of 

influence of pit nuclei. Individual pits may merge to form a pit larger than 𝑟𝑝𝑖𝑡. 

 
𝜆𝑠𝑖 = 𝜆𝑒𝑖 − (𝜆𝑒𝑖)(𝑑𝑒𝑖) (

1

𝑟𝑝𝑖𝑡
) (10) 

The maximum stored pitting parameter value became the active pitting parameter (𝜆𝑒𝑚𝑎𝑥) value (see 

Equation (11)), where i =1:element number). This created a continuous distribution of pitting parameter 

values as shown in Figure 4E.  
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 𝜆𝑒𝑚𝑎𝑥 = max(𝜆𝑠1 , 𝜆𝑠2 , 𝜆𝑠3 , 𝜆𝑠4 , 𝜆𝑠5 , … 𝜆𝑠𝑖) 
(11) 

In addition, the sum of pitting parameter values within a part can vary dramatically depending on the 

shape parameter (𝜆) and characteristic pit radius (𝑟𝑝𝑖𝑡) selected. This, in turn, would affect the overall 

corrosion rate. Therefore, the pitting parameter values were normalised across all elements according 

to Equation (12), whereby 𝑛 denotes the number of magnesium elements in the degrading part.  

 
𝜆𝑒𝑛𝑜𝑟𝑚 =

𝜆𝑒𝑚𝑎𝑥𝑛

∑ 𝜆𝑒𝑚𝑎𝑥
𝑛
𝑖=1

   (12) 

2.2.3 Active Length (𝑳𝒂𝒄𝒕𝒊𝒗𝒆) 

Within previous studies [8, 30, 36], the characteristic element length 𝐿𝑒 was used to describe the sizing 

effect of elements within the mesh. The characteristic element length of a brick/quadrilateral element 

can be described with Equation (13), where 𝑉𝑒 and 𝐴𝑒 describe the element volume and area 

respectively,   

 𝐿𝑒 = √𝑉𝑒
3

 (13) 

Gao et al. considered the effect surface area surface area had on corrosion rate [37] by recoding the 

number of exposed surfaces on each element. However, both these methods assumes that the elements 

were cubic in shape. When meshing more complex geometries, element shape can vary dramatically, 

which cannot accurately be described by (13) and results in “mesh effects” that results in sensitivity of 

the corrosion rate to the discretised geometry. In this model, a sizing parameter was introduced within 

the framework to geometrically represent the continuous process of corrosion in a discretised manner, 

while avoiding unwanted sizing effects. A new active length parameter (𝐿𝑎𝑐𝑡𝑖𝑣𝑒) was introduced at 

element level to describe the ratio of exposed element surface area to element volume. This required 

the steps outlined in Figure 5, and below, to calculate the 𝐿𝑎𝑐𝑡𝑖𝑣𝑒 parameter. 
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Figure 5 - (A) Processes involved in the calculation of 𝐿𝑎𝑐𝑡𝑖𝑣𝑒  on exposed surface. (B) Node connectivity 

numbering for brick elements within Abaqus. (C) 2-D representation of irregular element face with required 

variables for calculating element face area. 

Node labels and nodal coordinates for each element were extracted within the pre-processing step 

Figure 3A. The nodal connectivity for brick/quad elements (from Abaqus) is represented schematically 

in Figure 5B. In terms of node ordering, nodes 1, 2, 3 and 4 will always lie on the same element face 

Figure 5B. Upon element removal, the shared nodes in adjacent elements were activated. Given all the 

nodes on element face were active, the surface area was calculated using Equation 14-15. To calculate 

the area of an irregular quadrilateral, positional vectors from each node A, B, C and D and two opposites 

angles (𝜃1&𝜃2) were required as shown in Figure 5C. 

 
𝜃1 =  cos−1(

(𝐵 − 𝐴). (𝐷 − 𝐴) 

(|𝐵 − 𝐴|)(|𝐷 − 𝐴|)
 (14) 

 𝐴𝑒1234 = 0.5(𝐿𝐴𝐵 ∗ 𝐿𝐴𝐷)𝑆𝑖𝑛(𝜃1) + 0.5( 𝐿𝐵𝐶 ∗ 𝐿𝐶𝐷)𝑆𝑖𝑛(𝜃2) (15) 

The total exposed area (𝐴𝑒𝑡𝑜𝑡) and active length (𝐿𝑎𝑐𝑡𝑖𝑣𝑒) was calculated for each element using 

Equation (16)-(17) respectively.  

 𝐴𝑒𝑡𝑜𝑡 = 𝐴𝑒1234 + 𝐴𝑒1256 + 𝐴𝑒2567 + 𝐴𝑒3478 + 𝐴𝑒2367 ++𝐴𝑒1458 (16) 

 
𝐿𝑎𝑐𝑡𝑖𝑣𝑒 =

∑ 𝐴𝑒𝑖
6
𝑖=1

(𝐿𝑒)
3

 (17) 

This method allowed for the accurate calculation of element volume, which enabled more robust 

prediction of corrosion rates in the model.  
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2.2.4 Damage Evolution, Redistribution and Time Control 

The damage increment was calculated using Equation (7). Calculation of the damage increment required 

the sub-processes outlined in Figure 3 and Figure 5A. Corrosion damage (𝐷𝑒) was accumulated 

monotonically by each element on the exposed surface, through the addition of the damage increment 

(𝑑𝐷𝑡) to the damage from the previous step (𝐷𝑡−1), as described by Equation (18). The corrosion rate 

of each element was determined by 𝑘𝑢, 𝜆𝑒𝑛𝑜𝑟𝑚 and 𝐿𝑎𝑐𝑡𝑖𝑣𝑒.  

 𝐷𝑒 = 𝐷𝑡−1 + 𝑑𝐷𝑡 + 𝐷𝑜 (18) 

As damage accumulated within an element, the effective mechanical properties were reduced linearly 

according to Equation (4). When an exposed element becomes completely damaged (𝐷𝑒 = 1), the 

element was removed. Following element removal, any undamaged adjacent element (𝐷𝑒 = 0) was 

activated (Figure 4C). 

Within the damage evolution model, a time control was included to control the maximum allowed 

damage increment (𝐷𝑒𝑚𝑎𝑥) that could occur within a single time increment (see Figure (19)). The 

algorithm outlined in Figure 2 requires that an element is not fully corroded in a single increment, such 

that  𝐷𝑒𝑚𝑎𝑥 < 1. Following the calculation of a damage time step (𝑑𝑡𝑛𝑒𝑤), the time increment was 

reduced accordingly. 

 
𝐼𝑓: 𝐷𝑒 > 𝐷𝑒𝑚𝑎𝑥 , 𝑑𝑡𝑛𝑒𝑤 =

𝐷𝑒𝑚𝑎𝑥
𝐷𝑒

𝑑𝑡𝑜𝑙𝑑 (19) 

Damage within an element ranged from undamaged (𝐷𝑒 = 0) to completely damaged (𝐷𝑒 = 1). 

Elements on the exposed surface can accumulate damage greater than complete reabsorption 𝐷𝑒 ≥ 1. 

Excess damage (𝐷𝑜) was redistributed evenly to adjacent elements (𝐷𝑒 ≤ 1) on the new/existing 

exposed surface (see Equation (21). Where 𝐴𝑑𝑗𝑒𝑙 represented the number of non-absorbed adjacent 

elements. A sizing term (SR) described the relative size of the current element to its adjacent elements 

(see Equation (20). This ensured that when transferring damage from small to large elements or vice 

versa that the damage was scaled appropriately. Damage redistribution ensured that there was a minimal 

loss of model accuracy when removing an element and updating the corroding surface 

 
𝑆𝑅 =

𝐿𝑒𝑒𝑙
3

𝐿𝑒𝑎𝑑𝑗
3  (20) 

 
𝐼𝑓: 𝐷𝑒 > 1   𝐷𝑜 =

(𝐷𝑒 − 1)

𝐴𝑑𝑗𝑒𝑙
∗ 𝑆𝑅 (21) 

At the end of a simulated increment, the percentage mass loss was calculated on an element-by-element 

basis whereby the size of the element was taken into consideration. 
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% 𝑀𝑎𝑠𝑠 𝐿𝑜𝑠𝑠 = ∑
(𝐿𝑒𝑖

3) ∗ (𝐷𝑒𝑖)

𝐿𝑒𝑖
3 ∗  100

𝑀𝑎𝑥 𝐸𝑙𝑒𝑙𝑒𝑚𝑡 𝑁𝑜.

𝑖=1

 (22) 

2.3 Model Verification 

Model verification was carried out to investigate the contribution of (i) mesh sizing effects, (ii) mesh 

density, (iii) Weibull shape parameter (𝛾) and (iv) time control had on model corrosion. Model 

geometries and the corroding surface are outlined in Figure 6. The geometry shown in Figure 6A was 

meshed to two different mesh densities (ma & mb) outlined in Table 2. The geometry shown in Figure 

6B was meshed to a single mesh density but contained a region of uniformly sized elements (ra) and a 

region of irregularly sized elements (rb). The objectives of each study were outlined below: 

i. To evaluate the effect element size/shape on the corrosion profile. 

ii. To determine the effect mesh density on corrosion rate and model accuracy. 

iii. To determine the effect the Weibull shape parameter λ on corrosion rate. 

iv. To determine the maximum time control(𝐷𝑒𝑚𝑎𝑥) that could accurately predict model corrosion. 

Model parameters such as geometry, mesh density, Weibull shape parameter (γ) and time control 

(𝐷𝑒𝑚𝑎𝑥) are outlined Table 2. Additional model parameters of 𝑘𝑢 = 1 and 𝑟𝑝𝑖𝑡 = 5𝑚𝑚 were kept 

constant across all simulations. Models were compared to the original surface-based corrosion 

algorithm, described by Grogan et al. [25] (see Section 2.1) and the newly-developed enhanced surface-

based  model developed here to provide a direct comparison of model performance. 

 

Figure 6 - Model geometries used in model verification study. 

 

 

Table 2 - Model information used for model verification simulations. 

Model 

No. 

Parameter Geometry Mesh Density  

(Elements) 

Weibull Shape 

Parameter (γ) 

Time 

Control 

(𝑫𝒆𝒎𝒂𝒙) 
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1 Mesh Effect (A) 𝑚𝑎 = 15000,𝑚𝑏
= 3800 

Uniform 0.49 

2 Mesh Effect (B) 10,200 Uniform 0.49 

3 Mesh Density (B) 1,632,  

2608,  

4,640,  

10,200 

0.6 0.49 

4 Mesh Density (B) 1,632,  

2,608, 

 4,640,  

10,200 

Uniform 0.49 

5 Weibull Shape 

Parameter 

(B) 10,200 0.2, 0.4, 0.6 & 

0.8 

0.49 

6 Time Control (B) 10,200 Uniform 0.25, 0.49, 

0.75 & 0.99 

 

2.4 Parameter Study 

A parameter study was carried out to investigate the effects the Weibull shape parameter (γ), random 

seed (RS) and characteristic pit radius (𝑟𝑝𝑖𝑡) had on the pitting corrosion profile and pit morphology 

generation. Pitting profiles were captured at 10%, 20%, 30%, 40%, 50%, 60% and 70% mass loss. The 

model outlined in Figure 7 was modelled as a continuous part with corrosion initiating on the top surface 

only. While investigating each parameter all other model parameters were kept constant. All simulations 

were meshed with 5,625 elements and implemented a time increment 𝐷𝑒𝑚𝑎𝑥= 0.99.  Models 7 and 8 

outlined in Table 3 were run with the original surface-based corrosion based on the algorithm outlined 

by Grogan et al. [25] (see Section 2.1) and the newly-developed enhanced surface-based  model 

developed.  

 

Figure 7 - Model geometry used in parameter study. 

 

Table 3 - Model information used for parameter study simulations. 

 

 

 

 

 

Model No. Parameter Weibull Shape 

Parameter (γ) 

Random Seed 

(RS) 
Characteristic 

Pit Radius mm  
(𝒓𝒑𝒊𝒕) 

7 Weibull Shape 

Parameter 

0.2, 0.4, 0.6 & 0.8 2 5 

8 Random Seed 0.2 1, 2, 3 & 4 5 

9 𝒓𝒑𝒊𝒕 0.2 2 2.5, 5, 7.5 & 10 
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2.5 Three-Dimensional Implementation of Enhanced Surface-based Corrosion Model  

The enhanced surface-based corrosion model was implemented to simulate corrosion of WE43MEO 

(Meotec GmbH, Germany) cylindrical specimens outlined within [33]. The simplified cylindrical 

geometry outlined in Figure 8 was meshed with 812,120 reduced integration brick elements (C3D8R). 

Model parameters 𝛾 = 0.3 and 𝑟𝑝𝑖𝑡 = 0.8 were implemented to provide the best fit the experimental 

data. It was assumed that corrosion did not occur on the painted surfaces. Detailed geometrical 

evaluation of the corrosion models was carried out using an automated detection framework (Pitscan) 

previously developed [33], and compared to experimental samples undergoing corrosion through micro-

CT images [33].   

 
Figure 8 - Simplified dog-bone specimen used to model in-vitro degradation of WE43MEO alloy. 

3. Results 

3.1 Model Verification 

3.1.1 Mesh Sensitivity – Geometric Effects  

The effect of mesh sizing on the corrosion response was evaluated by considering a range of corrosion 

scenarios, outlined in Table 2. Models were degraded using both the original and enhanced surface-

based algorithms that implemented 𝐿𝑒 and  𝐿𝑎𝑐𝑡𝑖𝑣𝑒  as element sizing parameters, respectively. Figure 

9 shows the resulting predictions for rectangular sections undergoing uniform corrosion, with two 

dissimilar mesh densities ma & mb. Here, the original surface-based model that uses the sizing parameter 

𝐿𝑒 is shown to be distinctly sensitive to the different mesh densities across the geometry. Contrastingly, 

the enhanced model is insensitive to these mesh effects, whereby the correct implementation of 𝐿𝑎𝑐𝑡𝑖𝑣𝑒, 

maintains the original shape across both regions of the part as corrosion progresses (see Figure 9A). 

Mesh sizing effects are also evident in the original surface-based model when more complex geometries 

were considered. Considering the circular geometry undergoing uniform corrosion, whereby in the outer 

region of the circle (ra) the elements were uniformly sized and in the inner region (rb) contained varied 

element sizes. Element removal was largely uniform in the outer region (<75% mass loss), however as 

the mesh became more irregular (75% - 90% mass loss), substantial mesh effects were evident. On the 
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other hand, the implementation of the enhanced surface-based corrosion model that uses the 𝐿𝑎𝑐𝑡𝑖𝑣𝑒 

(see Equation (17) sizing parameter term predicted uniform corrosion regardless of mesh non-

uniformity (see Figure 9B) 

 

 

Figure 9 - Visualization of geometric “mesh effects” through the implementation of two sizing parameters 𝐿𝑎𝑐𝑡𝑖𝑣𝑒  

and 𝐿𝑒. each model was degraded to 25%, 50%, 75% and 90% mass loss. (A) Simple geometry with two different 

mesh densities (𝑚𝑎 & 𝑚𝑏). (B) Meshing of a complex geometry with a singular mesh density. 

 

3.1.2 Mesh Sensitivity – Rate Effects  

The effect of mesh density on corrosion rate was investigated for both original and enhanced surface-

based corrosion models. A circular model geometry outlined in Figure 6B was implemented, alongside 

model parameters for models 3 and 4 described in Table 2. A snapshot of the corrosion profiles for each 

model at a normalised time (NT) value of 0.5 is shown in Figure 10. Mesh density had little effect on 

the corrosion rate for both models undergoing uniform corrosion, as shown in Figure 10A. However, 

for non-uniform corrosion, there was an inverse relationship between mesh density and corrosion rate 

in the original surface-based model, as shown in Figure 10B, which resulted in distinctly different mass 

loss % and corrosion profiles at a normalised time of 0.5. On the other hand, the enhanced surface-

based corrosion model had a consistent corrosion rate associated with it, converging upon a stable result 

as the mesh density was increased, as shown in Figure 10B. 
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Figure 10 - Percentage mass loss of surface- based (see Section 2.1) and enhanced surface-based corrosion model 

under (A) uniform and (B) non-uniform corrosion. Degradation profiles were captured for each model was taken 

at a normalised time (NT) value of 0.5. 

 

3.1.3 Weibull Shape Parameter (𝛾) 

The effect of the Weibull shape parameter (𝛾) on corrosion rate was investigated for both the original 

and enhanced surface-based corrosion models. The model geometry outlined in Figure 6B was 

implemented, alongside model parameters for model 5 described in Table 2. The results show that 

increasing 𝛾 within the original surface-based model decreased the corrosion rate, as shown in Figure 

11. Lower 𝛾 parameter values resulted in more variance in the distribution of pitting parameter values 

(see Figure 4D), which in turn resulted in more variation in the degradation rate and substantial 

differences in the overall corrosion timeframe. Within the enhanced surface-based corrosion model, the 

corrosion rate remained constant across all values of 𝛾 considered (see Figure 11), clearly demonstrating 

how corrosion rate using this formulation was insensitive to parameter selection  
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Figure 11 - Percentage mass loss for non-uniform degradation of original surface-based model and enhanced 

surface-based corrosion model at different Weibull shape parameters. Degradation profiles were captured for 

each model was taken at a normalised time (NT) value of 0.5. 

3.1.4 Time Control (𝑫𝒆𝒎𝒂𝒙) 

The effect of the maximum damage per increment (𝐷𝑒𝒎𝒂𝒙) on corrosion rate was investigated for both 

the original and enhanced surface-based corrosion models. The model geometry outlined in Figure 6B 

was implemented, alongside model parameters for model 6 described in Table 2. Increasing 𝐷𝑒𝒎𝒂𝒙 

within the original surface-based model increased the rate of corrosion, as shown in Figure 12. Altering 

𝐷𝑒𝒎𝒂𝒙 had no effect on the corrosion rate within the enhanced surface-based model, although higher 

values of 𝐷𝑒𝒎𝒂𝒙 reduced the computational cost of simulations, as fewer increments were required to 

corrode samples. It should be noted that elements must still not be allowed to completely corrode within 

a single increment (e.g. 𝐷𝑒𝒎𝒂𝒙 < 0.99).  

 

Figure 12 - Percentage mass loss for uniform degradation of original surface-based model and enhanced surface-

based corrosion model at different allowable damage per increment (𝐷𝑒𝒎𝒂𝒙). Degradation profiles were captured 

for each model was taken at a normalised time (NT) value of 0.5. 
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3.2 Model Predictions of Pitting Corrosion  

3.2.1 Weibull Shape Parameter (γ) 

The effect of the Weibull shape parameter (𝛾) on the formation of pitting corrosion was investigated 

through four separate parameter distribution values (𝛾 = 0.2, 0.4, 0.6 and 0.8). The model geometry 

outlined in Figure 7 was implemented, alongside model parameters for model 7 described in Table 3. 

β-phase locations were highlighted by pitting parameter values 𝜆𝑒 and normalised pitting parameter 

values 𝜆𝑒𝑛𝑜𝑟𝑚 prior to degradation, shown in Figure 13A. Interestingly, the simulations using the 

enhanced surface-based corrosion algorithm produced varied multidirectional pits, as shown in Figure 

13B. The pitting profile of the part constantly evolved as the part degraded, degrading in an 

unpredictable manner. As the shape parameter decreased from 𝛾 = 0.8 to 𝛾 = 0.2, the values of λ became 

more heterogeneous, thus leading to the formation of more localised elliptical pitting (see Figure 1D(ii)) 

and deep and narrow pitting (see Figure 1D(i)). As 𝛾 increased, pitting became more homogenous, 

resulting in wider and more shallow pitting (see Figure 1D(iii)). Additionally, the magnitude of pitting 

parameter values did not vary dramatically as the 𝛾 parameter was increased Figure 13A. Each 

simulation was created with an identical random seed, therefore similar pitting features were evident at 

different degrees of severity for each implemented Weibull shape parameter Figure 13B. 

 

 

Figure 13 - (A) Contour plot of pitting parameter distribution (𝜆𝑒𝑛𝑜𝑟𝑚) for 𝛾 = 0.2, 0.4, 0.6 and 0.8. Dotted red 

circles represent the location of prominent pits. (B) Pitting corrosion profiles were captured at 10, 20, 30, 40, 50, 

60 and 70 percent mass loss. Solid red circles represent similar pitting features 
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On the other hand, simulations degraded using the original surface-based model produced characteristic 

“cone-shaped” pitting that grew perpendicular to the corroding surface. Pitting profiles were completely 

controlled by the initial pitting parameter values assigned to the corroding surface, preventing the pitting 

profile from evolving as the part degraded. In this sense, the pitting profile at 10% degradation for each 

shape parameter was comparable to 70% degradation Figure 14B. Pitting parameter values varied 

dramatically as 𝛾 increased, with 𝛾 = 0.2 and 𝛾 = 0.8 resulting in a maximum value of 𝜆𝑒 = 8,230 and 

𝜆𝑒 = 8,801 (see Figure 14A), which in turn greatly affect the corrosion rate. Clearly, the pits produced 

by this model are non-physical and bear little resemblance to the characteristic features described in 

Figure 1D(i-vii). 

 

Figure 14 - (A) Contour plot of pitting parameter distribution (𝜆𝑒) for 𝛾 = 0.2, 0.4, 0.6 and 0.8 implementing the 

original surface-based algorithm (see Section 2.1). Dotted red circles represent the location of prominent pits. 

(B) Pitting corrosion profiles were captured at 10, 20, 30, 40, 50, 60 and 70 percent mass loss. 

 

3.2.2 Random Seed  

Each random seed implemented a pseudo-random number generation for the given Weibull parameters. 

The model geometry outlined in Figure 7 was implemented, alongside model parameters for model 7 

described in Table 3. Altering the random seed generated a completely new set of random numbers λ𝑒, 

which altered pit locations, as shown in Figure 15A. A small amount of variance was observed in the 

number and severity of pits when altering random seed. Here, we show that the enhanced surface-based 

model can capture many of the different pit morphologies shown in Figure 1D, which are referenced 

with red circles within Figure 15B and include (i) deep & narrow, (ii) elliptical, (iii) wide & shallow, 

(iv) subsurface, (v) undercutting, (vi) horizontal and (vii) vertical. Elliptical (iii) and wide/shallow (ii) 

were the most common pit types to occur thoughout all simulations. However more complex pitting 



22 

 

geometeries: deep & narrow (i), subsurface (iv) and undercutting (v) were all generated at different 

degradation points Figure 15B. 

 

Figure 15 - (A) Contour plot of pitting parameter distribution (𝜆𝑒𝑛𝑜𝑟𝑚) for four unique values of RS. Dotted red 

circles under 𝜆𝑒𝑛𝑜𝑟𝑚  heading represent the location of prominent pits. (B) Pitting corrosion profiles were captured 

at 10, 20, 30, 40, 50, 60 and 70 percent mass loss. Red circles represent the location different types of pitting 

outlined in Fig.18. 

 

Simulations implementing the original surface-based algorithm once again had a large variance in the 

generated pitting parameter values λ𝑒. Seed A, B, C and D had maximum pitting values of λ𝑒 =

861.467, λ𝑒 = 8,230.7, λ𝑒 =  2,068.67 & λ𝑒 = 3,392.16 respectively for a constant Weibull shape 

parameter (𝛾 = 0.2). Altering the random seed changed the pitting profile, however for each simulation 

the pitting profiles does not evolve as the part degraded. A clear dependency existed between the initial 

and final degraded states. Therefore, changing the RS only alters the initial state, see Figure 16A. 
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Figure 16 - Contour plot of pitting parameter distribution (𝜆𝑒) for four unique values of RS implementing the 

original surface-based algorithm (see Section 2.1). (B) Pitting corrosion profiles were captured at 10, 20, 30, 40, 

50, 60 and 70 percent mass loss. 

 

3.2.3 Characteristic Pit Radius (𝒓𝒑𝒊𝒕) 

 

The pit radius was controlled by altering the value of 𝑟𝑝𝑖𝑡 outlined in Equation(10). The model geometry 

outlined in Figure 7 was implemented, alongside model parameters for model 7 described in Table 3. 

The characteristic pit radius as described in Section 2.2.2 described how pitting parameter values were 

redistributed from pit nuclei. The assignment of 𝑟𝑝𝑖𝑡 determined the rate per unit distance pitting 

parameter values was lost from pit nuclei (see Figure 17A), thus determining the size of pitting features 

observed within corroded specimens (see Figure 17B). Constant Weibull shape parameters (𝛾) and 

random seed (𝑅𝑆) values were implemented for all simulations, therefore the differences in pitting 

profiles within Figure 17B were solely based on the assignment of 𝑟𝑝𝑖𝑡. Reducing the value of 𝑟𝑝𝑖𝑡 

resulted in the more nucleated assignment of pitting values (𝜆𝑒𝑛𝑜𝑟𝑚) (see Figure 17A), thus resulting 

smaller and more irregular pitting features. Increasing 𝑟𝑝𝑖𝑡 allowed for a greater more uniform 

distribution of pitting values (𝜆𝑒𝑛𝑜𝑟𝑚) (see Figure 17A), resulting in pitting features becoming more 

uniform (see Figure 17B). 
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Figure 17 - (A) Contour plot of pitting parameter distribution (𝜆𝑒𝑛𝑜𝑟𝑚) for different characteristic pit radius 𝑟𝑝𝑖𝑡 

= 2.5, 5, 7.5 and 10mm. Dotted red circles represent the location of prominent pits. (B) Pitting corrosion profiles 

were captured at 10, 20, 30, 40, 50, 60 and 70 percent mass loss. 

 

3.3 Three-dimensional implementation  

The model geometry outlined within Figure 8 was implemented to on cylindrical dog-bone specimens. 

Model parameters 𝛾 = 0.3 and 𝑟𝑝𝑖𝑡 = 0.8 resulted were chosen to closely represents the experimental 

data at 14% and 53% mass loss, whereby probability distributions of pit depths are shown in Figure 

18C & Figure 19C. During the initially stages of degradation the range of pit depths are tight and small 

as induvial pits form of the corroding surface (see Figure 18). As degradation develops the induvial pits 

merge to form larger pits, which results in a wider distribution function (see Figure 19). 
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Figure 18 - Magnesium rod degraded to 14% mass loss with (A) computational framework and through (B) 

experimental methods. (C) Probability of pitting for both computational and experimental studies. 

 
Figure 19 - Magnesium rod degraded to 53% mass loss implementation (A) simulation and (B) experimental 

methods. (C) Probability of pitting was compared for simulation and experimental results. 

4. Discussion 

This study developed an enhanced phenomenological model for surface-based localised corrosion 

of magnesium alloys. The modelling framework extended the approach by Grogan et al. [25] to more 

accurately capture spatial and temporal features of localised corrosion by considering the role β-phase 

components throughout the material volume. This enhanced surface-based corrosion model offers many 

advantages as it (i) captures multi-directional pitting, (ii) captures various pit morphologies, (iii) 

eliminates mesh sizing effects, (iv) reduces computational cost through custom time controls (v) offers 

control of pit sizing and (vi) produces corrosion rates that are independent of pitting parameter values. 

The model was fully implemented in three dimensions within the finite element framework and shows 

excellent potential to enable robust predictions of the long-term performance of magnesium-based 

implants undergoing corrosion. 

The onset of localised surface-based corrosion in magnesium alloys presents distinct challenges 

in the design of medical implants as the load-bearing capacity of the implant is constantly changing 

during the device lifetime. While several phenomenological models [8, 29, 30, 36, 38] for surface-based 

corrosion have been developed, they suffer from several limitations, most notably that the entire 

corrosion process depends only on parameters prescribed on the initial exposed corrosion surface. 

Therefore, the evolution of localised corrosion in these models tends to be simplistic and models are 

unable to capture more intricate features such multi-directional or sub-surface pitting, phenomena that 

are well-described in experimental literature [15]. The primary contribution of this model is that we 

consider the role of impurities and inter-metallic phases in the entire material volume, which can 

potentially contribute to corrosion due to the evolving corroding surface. While the model is 

phenomenological, several of the models parameter do have a physical basis. For example, the Weibull 

shape parameter (γ) and random seed (𝑅𝑆) controlled the overall distribution of initial pitting parameter 
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values (λ𝑒) whose values represented the concentration and position of impurities and possible 

nucleation sites of β-phases within the material, which locally accelerate the corrosion rate. The 

characteristic pit radius (𝑟𝑝𝑖𝑡) controlled the range of influence pit nuclei imparted on the surrounding 

material, which ultimately controlled the size of observed pitting features within the degrading part. 

The corrosion rate parameter (𝑘𝑢) dictated the overall corrosion rate encompassing physical, chemical, 

and biological factors, simplifying the complex interactions (and associated reaction rates) that occur 

between the corroding surface and surrounding environment. 

In particular, the Weibull shape parameter (γ) controlled the variance of the distribution of 

random numbers (λ𝑒) across all elements in the model, which was a phenomenological representation 

of the physical distribution of the β phase throughout the magnesium alloy. The random seed parameter 

was used to initialize the pseudorandom number generation based on the prescribed Weibull 

distribution. While pseudorandom distributions are not truly random as they use deterministic, 

predictable algorithms, they are statistically random. For a given random seed, the location of prominent 

pit nuclei remained constant while the intensity of pit nuclei was altered through γ. This provided control 

over the intensity of pit nuclei throughout the material volume, which would alter the rate and direction 

of localised corrosion. While γ described the intensity of pit nuclei, 𝑟𝑝𝑖𝑡 described the range of influence 

pit nuclei had on the surrounding material, with based on their relative strength determining the 

corrosion characteristics of proximal elements, thus allowing for greater control of observed pitting 

features (see Figure 17B).  

This approach allowed for new pitting features to be generated at any stage of corrosion and 

generation of unique pitting profiles and pit morphologies such as deep & narrow, elliptical, wide & 

shallow, subsurface, and undercutting, which is similar to those commonly observed from experiments 

[35]. (represented schematically in Figure 1D). Prediction of these complex features are in contrast to 

other phenomenological models that are only capable of producing a characteristic cone-shaped pits 

[25]. Until now, physically-based corrosion models would have been required to capture such processes, 

although these have been generally at the level of an individual pit [28]. However, physically-based 

models are not easily applicable to larger geometries due to the high computation cost associated with 

modelling electrochemical reactions [8]. Our enhanced surface-based model also inlcuded targeted 

optimisation of computational time, while ensuring model accuracy through a time control that 

controlled the maximum damage increment (𝐷𝑒𝑚𝑎𝑥)  that could occur within a single increment making 

it highly adaptable to larger structures. Greater control over pit morphology was also possible through 

the introduction of 𝑟𝑝𝑖𝑡, which allowed for the redistribution of λ𝑒 to be scaled with distance and 

determined the influence a single pit nucleus had within the model. Through the manipulation of 𝑟𝑝𝑖𝑡 

and γ it may be possible to match a wide array of experimental corrosion profiles; (i) numerous severe 

small pits (γ = high, 𝑟𝑝𝑖𝑡 = low), (ii) numerous severe large pits (γ = high, 𝑟𝑝𝑖𝑡 = high), (iii) few weak 
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small pits (γ = low, 𝑟𝑝𝑖𝑡 = low) and (iv) few weak large pits (γ = low, 𝑟𝑝𝑖𝑡 = high). Through altering 𝑟𝑝𝑖𝑡 

and γ the number, severity and size of pitting features can be approximately controlled for a given 

random seed. 

Our enhanced surface-based corrosion model also offers several advantages in its numerical 

implementation as it eliminated the effects of mesh discretisation and model parameter sensitivity on 

the spatial and temporal progression of corrosion. These features are known to severely impact other 

surface-based corrosion models [8, 30, 36]. Model verification was carried out to ensure that the 

continuous process of corrosion was robustly captured within the discretized finite element framework. 

Within the enhanced surface-based corrosion model, the key parameters of corrosion rate (𝑘𝑢, 𝐿𝑎𝑐𝑡𝑖𝑣𝑒) 

and corrosion shape (γ, 𝑟𝑝𝑖𝑡) were independent of each other. Within the enhanced model, the 

implementation of 𝐿𝑎𝑐𝑡𝑖𝑣𝑒 achieved uniform corrosion regardless of mesh structure by considering the 

precise geometry of elements. Previous papers commonly utilized a characteristic length parameter (𝐿𝑒) 

to describe the element dimension, which only accurately described perfectly square/cubic elements 

and therefore resulted in inaccuracies in the corrosion rate of irregular element shapes (see Figure 9). 

The impact of mesh effects was highlighted through the implementation of irregular meshing within 

simple geometries under uniform corrosion, due to the predictability of the result. For uniform 

degradation, mesh density had no influence on corrosion rate for the enhanced surface-based model (see 

Figure 10A), unlike the original surface-based algorithm. For the latter, the redistribution of λ𝑒 upon 

element removal was not scaled according to distance. Increasing element density increased the rate at 

which pitting parameter values were lost over a given distance. Therefore, altering the mesh density 

affected the size of pitting features created in the original surface-based algorithm. Within the enhanced 

surface-based algorithm, the redistribution of λ𝑒 was scaled according to distance Equation (10), 

ensuring mesh density did not influence the size of pitting features generated (see Figure 10). 

Additionally, the enhanced surface-based model ensured that altering the mesh density and Weibull 

beta parameter (γ) did not affect the sum of pitting values within the degrading part, which meant that 

the overall corrosion rate remained constant, regardless of parameter selection. This is well 

demonstrated for the uniform corrosion case (λ𝑒 = 1) when both the original and enhanced surface-

based models are compared (see Figure 10A). Therefore, the sum of pitting parameter values within the 

volume-based algorithm was adjust according to Equation (12), such that the sum of pitting parameter 

values within the part was set to equal the number of elements within the corroding part. This allowed 

for the convergence of the corrosion rate within the volume-based model upon increasing the mesh 

density (see Figure 10B) and minimised the effect the shape parameters (γ, 𝑟𝑝𝑖𝑡)  had on corrosion rate 

(see Figure 11). The small changes in corrosion rate observed within Figure 11 were primarly due to 

the relative strength and position of pit nuclei within the degrading part. 
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Within this study the framework of a magnesium corrosion model was created, however there 

are certain limitations to be acknowledged, and some scope for further development. The corrosion rate 

of magnesium was ultimately controlled through a static the rate parameter (𝑘𝑢), numerous papers [29, 

39, 40] implement a more realistic approach whereby degradation rate could be better captured using a 

non-linear rate function. Generally, these models consider corrosion as a diffusion-controlled process 

driven by the dissolution of magnesium. However, modelling different corrosion mechanisms 

accounting for all electrochemical and mechanical phenomena represents a difficult challenge, which 

hopefully this model can be further developed to achieve. Also, this model assumes that corrosion of 

magnesium is independent of the stress/strain state. However, there is evidence that corrosion of 

magnesium can be affected by the loading stage, with researchers proposing that corrosion can be 

captured through the addition of a strain-based criteria [41] As magnesium-based implants are 

commonly used in load bearing applications, the addition of strain-based corrosion could provide 

further enhancement to the model and valuable insight for device design.  
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5. Conclusion  

In this study an enhanced surface-based corrosion model was developed to simulate localized 

pitting caused by galvanic corrosion in magnesium alloys. This enhanced surface-based corrosion 

model offers many advantages as it (i) captured multi-directional pitting, (ii) captured various pit 

morphologies, (iii) eliminated mesh sizing effects, (iv) reduced computational cost through custom time 

controls (v) offered control of pit sizing and (vi) produced corrosion rates that were independent of 

pitting parameter values. This model allowed a wide range of pitting profiles and pit morphologies to 

be captured, similar to those observed in the experimental literature. In addition, more complex features 

of corrosion including subsurface pitting and undercutting could even be captured through this novel 

approach. The model was fully implemented in three dimensions within the finite element framework 

and shows excellent potential to enable robust predictions of the long-term performance of magnesium-

based implants undergoing corrosion (i.e. degradation in the human body).  
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