
Y. I. Murthy and S. Kumar/ Portugaliae Electrochimica Acta 44 (2026) 1-15 

1 

Levenberg-Marquardt Based Prediction Models  

for Slabs with Magnesium Sacrificial Anodes  

Subjected to Chloride Ingress 
 

Y. I. Murthy1, *and S. Kumar2 

 
1Assistant Professor, Department of Civil Engineering, Jaypee University of Engineering 

and Technology, Guna, India  
2B. Tech. (third year student), Department of Civil Engineering, Jaypee University of 

Engineering and Technology, Guna, India 
Corresponding author: yogesh.murthy@juet.ac.in 

 
Received 23/11/2023; accepted 18/04/2024 

https://doi.org/10.4152/pea.2026440101 
 

  
Abstract 
This work focused on developing prediction models using ANN, in order to forecast the 
long-term performance of reinforcements in concrete slabs containing pure Mg anodes, and 
subjected to Cl- ingress. The experimental set-up consisted of two built RCC slabs with 
1000 x 1000 x 100 mm. Slab #1 was cast with 3.5% NaCl by cement weight. Slab #2 was 
cast without NaCl. Considered input parameters were the distance of the anode from the 
point under consideration in x and y-axes, T, RH and concrete age in days. HCP values 
concerning SCE were considered output. Experimental values consisted of 80 HCP per 
slab/day. These were collected for 270 days, in order to generate the prediction model. The 
learning heuristic used LM supervised learning in feed-forward. A two-layer feed-forward 
network, with ten hidden sigmoid neurons and trained linear output neurons, was 
employed. The network architecture [5-10-1] and ten neurons in the hidden layer were used 
for all prediction models. The accuracy level of results obtained with LM was above 97%.   
 
Keywords: ANN model; Cl-induced corrosion; HCP; SA from Mg. 
 

 
 
Introduction 
RCC is, undoubtedly, one of the most versatile materials used in the construction 
industry. The concrete in RCC provides a very high compressive strength, is highly 
durable and can take complex shapes. Steel reinforcement embedded in concrete 
provides the required tensile and flexural strength. Thus, RCC is robust concerning 
strength characteristics and durability in general prevailing conditions. However, 
since free Cl-, carbonates, sulfates and other ionic materials cause steel corrosion 
[1], they affect its structural performance. Among these ions, Cl- is the most 
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detrimental substance affecting RCC structures structural performance, especially 
those exposed to the marine atmosphere.  
In general, the pH of concrete is approx. 13. In such a highly alkaline atmosphere, a 
weak protective layer of Fe2O3 is formed, which acts as a passivating coating and 
protects steel from corrosion. The ingress of Cl- from the atmosphere, and the 
subsequent reaction of these ions with water in concrete pores causes HCl 
formation, which results in a pH reduction. At a threshold Ct of Cl-, as reported by 
[2], the depassivation of the protective thin oxide film of steel reinforcement is 
initiated. At this stage, the corrosion of reinforcements also takes place, 
subsequently reducing the cross-sectional area of struts, and decreasing the bonds 
with the surrounding concrete. In addition, as shown in Fig. 1, the final product of 
corrosion occupies a volume that is more than six times that of the uncorroded 
reinforcement [1]. This causes spalling of adherent concrete, which results in 
complete exposure of reinforcements to the atmosphere, thereby accelerating the 
corrosion process. 
 

 
Figure 1: Corrosion products and their unit volume. 

 

The process of Cl-induced corrosion is schematically depicted in Fig. 2. Generally, 
cement hydration results in the formation of a protective, adherent and passivating 
Ca(OH)₂ film with a high pH value (typically around 13) on the RCC surface [3]. 
This passive film protects the steel from corrosion for sufficiently long time, due to 
FeH₂O₂ formation. However, the ingress of free Cl- and moisture from the 
atmosphere results in lower pH due to HCl formation, which decreases the 
protective film passivity [1]. As the ingress of free Cl- proceeds, pH decreases to 
around 8, and primary silicates, aluminates and ferrites begin to decompose, thereby 
lessening the protective film [4]. Several factors affect the onset of reinforcement 
corrosion through Cl ingress, which include C3A content, voids, moisture and air 
content in concrete [5], and non-homogeneous and non-uniform sites in the steel and 
concrete interface [6]. 
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Thus, in a marine atmosphere, such as in coastal regions, where Ct from Cl- is 
extreme, Cl--induced corrosion is the primary agent causing RCC deterioration. 
Hence, the development of various novel techniques to mitigate corrosion is an 
active area of research in the design of offshore structures.  
 

 
Figure 2: Depassivation of protective oxide film due to Cl- ingress. 

 

Several techniques for corrosion mitigation are reported by researchers worldwide. 
These include the use of stainless and galvanized steel [7], corrosion-resistant steel 
reinforcements [8], corrosion inhibitors [9-13], paints [14], epoxy coatings [15], 
laminates, reinforced plastics [16] and SA [17]. For marine structures exposed to 
free Cl-, the use of SA, also known as the cathodic protection technique, provides a 
practical and viable solution [18]. This method effectively mitigates the corrosion 
process, minimizing reinforcements corrosion.  
Cathodic protection technique involves the formation of an electrochemical cell in 
the concrete structure. Metals, such as Mg and its alloys, Al and Zn, with high 
electronegative E, are used for this purpose. They are connected to the structure’s 
reinforcement, which is rendered cathodic, due to its lower negative electrochemical 
E. The pore solution which is available in concrete acts as electrolyte. The metals, 
being anodic, interact with ions, and are rapidly consumed, hence, the name 
sacrificial anode (Fig. 3). Mg and its alloys are the most commonly used SA, since 
they possess high electronegative E (2.34 V). Extensive literature on experimental 
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investigations involving corrosion mitigation by Mg alloys as SA is available [17, 
19, 20-22]. However, in general, such investigations are conducted over a relatively 
large duration of time, so as to arrive at conclusions. For example, [23] have carried 
out their experimental work of 42 months on Mg alloy anodes, and have reported a 
decrease in Cl content with time.   
 

  
Figure 3: Schematic of cathodic protection of reinforcement. 

 

Due to inherent complexities involved with prolonged experimentation, many 
researchers have resorted to proposing models that predict corrosion of 
reinforcements [23-29]. These models are bound to stipulated conditions, and their 
applications are limited by assumptions such as uniform oxygen Ct distribution and 
rapid formation of the hydroxide film on steel. Good agreement of these models 
with experimental data is reported for the given corrosion environment in the 
system. However, to the author’s knowledge, long-term predictions using any of 
these models for a cathodically protected system have not been not reported. Hence, 
a measurable model must be developed to predict and analyze the corrosion state of 
reinforcement in concrete. The most straightforward measure for the corrosion of 
reinforcement is HCP measurement. These values can be later compared with 
stipulations laid by international standards [30-33]. Thus, the present work considers 
the use of HCP measurements, aiming to investigate parametric effects of various 
environmental factors on HCP values via ANN. It also presents a comparative study 
of different available ANN algorithms, in terms of regression analysis and effects of 
T, RH, distance from the anode and age of concrete in days on HCP values. 
 
Scope of this study 
The scope of this study covered the comparison of various available algorithms in 
ANN for concrete slabs containing Cl-, and subjected to cathodic protection by pure 
Mg anodes. The significant factors that affect corrosion of reinforcements in such 
cases, namely, the distance of the point of consideration from the anode, T, RH and 
concrete age, are considered input parameters. HCP values, which indicate the 
probability of corrosion, are considered as output. Thus, this study finds major 
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environmental parameters taken over 270 days, to develop prediction models for 
slabs with Cl- ingress.  
 
Experimental set-up and materials used 
The process of slabs fabrication is shown in Fig. 4. The formwork with dimensions 
of 1000 x 1000 x 100 mm, as shown in Fig. 4(a), was selected to cast two RCC slabs.  
 

 
Figure 4: Fabrication steps for concrete slabs: (a) formwork; (b) reinforcement cage; (c) 
slab after concreting. 
 

A steel reinforcement mat of 10 mm diameter, with a clear cover of 25 mm from all 
sides and a center to center spacing of 190 mm (Fig. 4(b)), was placed in the 
formwork. The cover depth was kept constant at 10 mm from the slab top surface, 
since it has been reported to have significant influence on HCP values [34]. The 
surface area of the steel reinforcement mat was 1.884 m2. The reinforcements were 
treated with a pickling solution, to remove existing corrosion sites, if any. Pure Mg 
anodes, with diameter and length of 22 and 250 mm, were centrally placed and 
monolithically cast to complete the electrochemical cell (Fig.4(c)). Insulated copper 
wires were soldered at the reinforcements ends, and then covered with epoxy. These 
wires were necessary for measuring HCP values using a SCE. The slabs were cured 
by covering them with Hessian cloth for 28 days.  
 
HCP test 
The schematics for the measurement of HCP value is shown in Fig. 5.  
 

 
Figure 5: HCP test set-up. 

Reinforcement 10 mm 
diameter 190 mm c/c

Pure Magnesium anode

Wet Sponge

High Impedance Voltmeter

Standard Calomel Electrode

Concrete
slab
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The measurement process involved placing the SCE at the required point, and firmly 
connecting it to the negative terminal of a high impedance voltmeter. This is a quick 
and relatively reliable technique to measure E values. ASTM C876-15 [35] provides 
the correspondence of these measured values and corrosion probability. For example, 
E values, <-350 mV vs. SCE, have more than 90% probability of corrosion. As per 
RILEM TC-154’s recommendations [36], typical HCP values for reinforcements 
embedded in concrete, under different situations, are shown in Table 1. 
 

Table 1: Typical HCP values for reinforcements as per RILEM TC-154 [36]. 
S. no. Conditions E values (mV/SCE) 
1 Humid, Cl free concrete -200 to +100 
2 Wet, Cl contaminated concrete -600 to -400 
3 Water saturated concrete without oxygen -1000 to -900 
4 Humid, carbonated concrete -400 to +100 
5 Dry, carbonated concrete 0 to +200 
6 Dry concrete 0 to +200 

 

However, there are considerable factors mentioned in literature [33], which 
influence E value readings. These include Cl- presence, concrete’s surface condition 
and the presence of moisture in it, T and RH, which may shift E reading towards 
more positive or negative values. In this work, all of these factors were considered. 
 
Materials  
Nominal concrete ratio of 1:1.5:3 and water:cement ratio of 0.45 were selected. Slab 
#1 was cast with 3.5% NaCl by weight of cement. Slab #2 was cast without NaCl. 
These slabs were constructed using tap water. The casting of both slabs was done on 
the same day, to create similar conditions. 
 
Cement 
OPC 53 grade complying with IS 12269-2013 [37] was used in this work. Physical 
properties of cement used for fabricating the slabs are shown in Table 2. 
 

Table 2: Physical properties of OPC (53 grade). 

Fineness 
(%) 

Le Chatelier 
soundness(mm) 

Specific 
gravity 

Consistency 
(min.) 

Setting time 
(min) 

Compressive 
Strength (MPa) 

IST FS 3 days 7 days  28 days 
2.10 8 3.15 30 100 250 28 40 57 

 

Chemical properties following IS 12269-2013 [37] were also evaluated, as shown in 
Table 3. 
 

Table 3: Chemical properties of OPC (53 grade) in %. 

Loss on ignition  CaO SiO2 Al2O3 Fe2O3 MgO K2O Na2O 
3 66.72 18.93 4.57 4.90 0.83 0.45 0.12 
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Aggregates  
Locally available basalt, complying with IS requirements 2386-1963 (Reaffirmed in 
1997) [38], of 20 mm down to particle size was used. The particles were thoroughly 
washed with tap water and dried in the air for 24 h, to remove detrimental 
substances to concrete, such as silt and dust. The properties of coarse aggregates are 
mentioned in Table 4. River sand following IS: 383-2016 [39] was used, with 
particle size distribution shown in Fig. 6. 
 

Table 4: Properties of coarse and fine aggregates. 
 Coarse aggregate  Fine aggregate 

S. no. Property  Values Ref S no. Property Values Ref 
1 Aggregate crushing value % 20.62 [38] 1 Bulk density, kg/m3 1532 

[39] 
2 Aggregate impact value% 10.48 [38] 2 Fineness modulus 2.48 
3 Los Angles abrasion value% 12.08 [38] 3 Water absorption% 0.57 
4 Bulk density (kg/m3) 1623 [40] 4 Specific gravity 2.62 
5 Fineness modulus 6.3 

[38] 
 

 
6 Water absorption% 0.45 
7 Flakiness index% 6.9 
8 Elongation index% 11.5 
9 Specific gravity 2.66 

 

 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 

Figure 6: Particle size distribution of sand. 
 

Microstructure of resulting concrete 
EDS coupled with SEM was used to identify the morphology of a small concrete 
segment chipped off after 28 days of curing. The phase compositions were studied 
using Hitachi S-3400N SEM equipped with EDS. The samples analysis was carried 
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out with a 2 μm probe diameter, 15 kV accelerating V and 50 nA probe current. 
SEM measurements error was estimated to be about ± two at %. Fig. 7 shows SEM 
image of concrete. 
 

 
Figure 7: Microstructure of concrete after 28 days of curing. 

 

The image informs that the produced concrete mix is rich and homogeneous. EDS 
spot analysis performed at several points revealed Ca(OH)₂ and C-S-H. 
 
Structuring ANN models 
Neural Network Toolbox in MATLAB R2014a was employed to develop an ANN 
model for predicting HCP values. Training, validation and testing data were 
randomly divided in 70, 15 and 15% ratio, respectively, as available by default. Feed-
forward backpropagation was used to obtain the optimum model, as it decreases the 
error between model and target outputs by reducing mean square error for a given 
training set. Sigmoid function was selected as activation function, since it allows for 
non-linear decision boundaries. ANN architecture used in this model was 5-10-1 
(Fig. 8). Other factors were kept constant throughout the experimental study.  
 

 
Figure 8: Neural network architecture for the proposed model. 
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Results and discussion 
ANN models to study the effect of distance, T, RH and concrete age on E values 
Broadly, there are two basic categories of algorithms: heuristic and standard 
numerical optimization techniques. While heuristic methods involve variable 
learning rates by applying momentum and rescaling variables, standard numerical 
optimization techniques use Newton’s methods and conjugate gradient algorithms. 
In the current work, eight different algorithms were used. These algorithms and their 
corresponding regression analysis are discussed below. 
 
LM algorithm 
Since LM algorithm is a robust optimization method where the second derivative of 
the Hessian matrix is not required for computation, it is an effective technique for 
updating weights. The process involves selecting β parameter, with a high onset 
value, given a set of values of dependent (xi) and independent variables (Yi). β final 
value was sought to minimize S(β) sum of squares, which was herein given by: 
 
 S(β) = argminβ∑ [𝑦 − 𝑓(𝑥 , β)]ଶ

ୀଵ   (1) 
 
The algorithm provided an R-value of 0.99199 for training, 0.9712 for testing, 0.98270 
for validation and obtained overall R-value was 0.98696, as shown in Fig. 9. 
 

 
Figure 9: Regression analysis of experimental data using LM algorithm. 
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Algorithm performance evaluation 
Table 5 shows various statistical parameters used to study the fit between the model 
output and target values. These parameters are COV, CRM, EC, OIMP and RMSE. 
The formulae used for calculating these parameters and the desired range of values 
are shown in Table 6. EC highest value, as given by LM, depicts the excellent match 
between target and forecasted values. These findings suggest that LM algorithm is 
herein adequate for corrosion prediction of slabs with SA from pure Mg.  
 

Table 5: Statistical parameters and their values for measuring the algorithm performance. 
Statistical parameter Formula Desired value LM 

RMSE ඨ∑ ൫𝑎, − 𝑎,൯
ଶ

ୀଵ

𝑛
 As low as possible 0.0019 

EC  1- 
∑ ൫,ିబ,൯

మ
సభ

∑ ൫,ିᇱబ,൯
మ

సభ

 
As close to 1.0  
as possible 

0.9897 

OIMP  
1

2
1 − ൬

𝑅𝑀𝑆𝐸

𝑎௫ − 𝑎

൰ +  𝐸𝐶 ൨ 
As close to 1.0  
as possible 

0.9978 

CRM  
൫∑ 𝑎, − ∑ 𝑎,


ୀଵ


ୀଵ ൯

∑ 𝑎,

ୀଵ

 
As close to zero as 
possible 

0.009 

 

Actual vs. predicted values 
Values predicted from model #2 shows excellent congruence with the actual values, 
with the minimum accuracy of prediction being 99.53%, on the 270th day. Results 
are shown in Fig. 10.  
 

 
Figure 10: Results of regression analysis using feed-forward backpropagation for slab #2. 
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This trained ANN model was further validated using data for a slab produced on the 
same day with equal w/c ratio and materials, but devoid of Cl-, i.e., slab #2. ANN 
model revealed an excellent prediction of HCP values (Fig. 11), and demonstrated 
promising performance, with an overall R-value of 0.97282.  
 

 
Figure 11: Results of regression analysis using feed-forward backpropagation with hidden 
layers of ten neurons for slab #2. 
 

Conclusions 
Based on experimental data collected for 80 points each, during 270 days, several 
ANN algorithms were studied to predict the variation in HCP values of RCC slab 
containing SA from pure Mg subjected to Cl- ingress. The distance of the point 
under consideration, from the anode in x and y-axes, T, RH and concrete age in days 
were considered input parameters. A feed-forward network with hidden sigmoid 
neurons and linear output neurons trained with various backpropagation algorithms 
was studied to forecast the prediction model. The network architecture [1, 5, 10] was 
chosen and the following conclusions were drawn: the prediction of HCP values 
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through an ANN model based on the available experimental data set was excellent. 
These models can be used to predict future values of HCP and, hence, potential 
corrosion of embedded reinforcements; COV, CRM, EC, OIMP and RMSE 
statistical parameters were used to evaluate the algorithm performance; LM 
provided the maximum proximity to the desired values of statistical parameters. 
Thus, it is recommended as a feed-forward backpropagation ANN model to estimate 
HCP values of slabs containing pure Mg anodes; it is herein proposed to develop 
models that predict the presence of free Cl-, given HCP value. This will enable the 
prediction of corrosion sites in RCC slabs. 
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HCP: half-cell potential 
LM: Levenberg-Marquardt  
NaCl: sodium chloride 
OIMP: overall index of model performance 
OPC: Ordinary Portland Cement 
RCC: reinforced cement concrete 
RH: relative humidity  
RILEM: International Union of Laboratories and Experts in Construction Materials, 
Systems and Structures  
RMSE: root mean square error 
SA: sacrificial anodes 
SCE: saturated calomel electrode 
SE: secondary electron 
SEM: scanning electron microscopy 
T: temperature 
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