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Gravimetric inhibition efficiency prediction ==

model of AA7075-T7351 alloy using Treculia
africana extract in 1.0 M HCl through input
feature optimization
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Abstract

The applications of four machine learning (ML) algorithms, namely: Support Vector Regressor (SVR), Extreme Gradient
Boosting (XGBoost), Least absolute shrinkage and selection operator (Lasso), and Ridge, in predicting the corrosion
inhibition efficiency (IE) of Treculia africana (TA) leaves extract on AA7075-T7351 alloy, in corrosive 1.0 M HCl environ-
ment, with a small (42) sample space, have been studied. Time and resource constraints in traditional corrosion study
methods have been avoided through feature engineering to expedite prediction process. The dominant features,
which affected the IE, were done through feature importance and selection processes using pair plot matrix of fea-
tures and Kendall correlation etc,, to remove redundant features. The results in the form of data visualization, feature
importance, and the performance of each algorithm on the test set were explicitly depicted. The evaluation metrics,
including coefficients of determination (R2) and root mean square error (RMSE), validated the efficacy of the models
in predicting the IE of TA on AA7075-T7351 in 1.0 M HCl environments. Ridge model demonstrated superior accuracy,
with R2 score of 0.972, particularly in handling the highly correlated dataset used in this study. SVR followed closely

in performance (0.969). XGBoost proved reliable at R2 score of 0.953. Lasso with R2 of 0.952 was the least of the four
models, due to its random feature selection method. The RMSE scores corroborated the prediction accuracies

with values; 4.145, 4408, 5.138 and 5.462 respectively. This study revealed the viability of using the four machine learn-
ing algorithms in potential generalization ability of IE prediction accuracy, while offering an efficient and accurate
alternative to traditional methods.

Highlights

- Feature selection to remove quasi-constant features.

« Comparison of different machine learning algorithms.

« The prediction accuracy of Inhibition efficiency were improved by feature engineering.
« The prediction accuracies of the prediction models validated their generalizability.
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e Feature selection to remove quasi-constant features.
e Comparison of different machine learning algorithms.
e The prediction accuracy of Inhibition efficiency were improved by feature engineering.

e The prediction accuracies of the prediction models validated their generalizability.
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1 Introduction

Aluminium alloys are used frequently as engineering
materials because of their viable strength—to—weight
ratio. Therefore, many automotive, marine equipment,
military hardware for submarines, hulls of fast ocean
going boats/ships, oil pipelines, Liquefied natural gas
(LNG) cargo tanks etc. are often built with aluminium
alloys [1]. AA7075-T6 is one such aluminium alloy used
in fabricating majority of the aforementioned hardware,
utilized in adverse environments [2]. A unique problem
of these alloys, which affect their service life in construc-
tions, where they are used, is corrosion in harsh marine
atmospheric environments [3], atmosphere with organic
and inorganic particles [4], acidic and alkaline environ-
ments [5]. To protect them from such environments,
accurate and timely application of corrosion inhibitors—
organic or synthetic—are usually employed to avoid haz-
ardous outcomes. However, real-time determination of
corrosion rate of metallic alloys and inhibition efficiency

of inhibitors are usually involved—because of the enor-
mous amount of time (years) and resources needed to
complete the task [6]. Even in the laboratory, these harsh
corrosive environments could be simulated using gravi-
metric (weight loss) method of corrosion rate determi-
nation that could run for very long times, say 80 days
[7]. Nowadays, the duration of these tests are shortened
using accelerated simulated experiments that could last
a few hours [8], after which modelling methods could be
applied to extract useful information from the obtained
data.

Many researchers had used machine learning algo-
rithms like: random forest (RF) in modeling corro-
sion rate of steel in marine environments [8, 9]; neural
network (NN) in modeling CO, corrosion with labo-
ratory data and in pipeline steel [10, 11]; support vec-
tor machine (SVM) and convolutional neural network
(CNN) frameworks in inspecting different metal cor-
rosion stages [12, 13]. Elsewhere, principal component
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analysis (PCA); Feed-Forward Artificial Neural Network
(FFANN); Gradient Boosting Machine (GBM); Deep
Neural Network (DNN) and so on, were used to detect
corrosion via automatic image analysis [14, 15], model
growth of corrosion defects in pipelines [16, 17], evalu-
ate corrosion initiation time of steel embedded in con-
crete [18, 19], model pipeline aging process [20, 21] and
predict corrosion rate using electrochemical impedance
spectroscopy (EIS) method [22, 23]. Even characterizing
the spatial distribution of pitting corrosion [24, 25] etc.
have been reported.

Recently, two different sparse machine learning mod-
els, namely variance and RF, were used to predict the
inhibition efficiencies of magnesium alloy ZE41 dissolu-
tion modulators [26]. In another study, SVR and k near-
est neighbour (KNN) algorithms were used to predict the
hydrogen adsorption energy (E,4) on magnesium inter-
metallic surface, which might subdue galvanic corrosion
[27].

Corrosion rate obtained by gravimetric method is not
a linear function. Rather, it depends on factors like; the
specimen’s weight loss, density, exposed area, the expo-
sure time and a constant whose magnitude depends
on the systems of units used. All these factors could be
used as features in machine learning (ML) algorithm(s)
to predict the inhibition efficiency (target) of an organic
inhibitor. Hitherto, no study on ML, to the best of our
knowledge, had used these types of algorithms, to con-
sider the effect of the physical properties of the gravimet-
ric process, in inhibition efficiency prediction.

Consequently, we present herein, a detailed supervised
learning (SL) of the regression and ensemble learning
types, to model the inhibitive performance of Treculia
africana (TA) extract, an inhibitor, on AA7075-T7351 in
1.0 M HCI corrosive environment. The practical work of
which we published elsewhere [28]. The use of non-linear
regression algorithms like support vector regressor (SVR)
and extreme gradient boosting (XGBoost) [29] were
utilized in the study. In addition, the non-standalone
lasso regression (LR) and ridge Regression (RR) were
considered.

2 Dataset and machine learning

2.1 Corrosion data

The corrosion data of the specimen, AA7075-T7351
immersed in 1.0 M HCI, for different exposure time rang-
ing from 60 to 420 min were collected, in a tabular form
of 42 rows and 16 columns. The heading of each column
(or feature) include: exposure time (ExpoTimeMin); mass
in grams of added TA inhibitor (mass); concentration of
the corrosive environment (conc); length of the specimen
(Lgth); breadth of the specimen (Brdth); thickness of the
specimen (Thick); the diameter of specimen’s perforation
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for easy immersion/withdrawal (Dia). Other features
considered were the specimen’s initial weight (WtIni);
final weight (WtFnl); weight loss (loss); total surface area
(SurfArea); volume (Vol); density (Density); corrosion
rate in millimeter per year (CRMmPerYr); inhibition effi-
ciency of TA extract (IE) and the surface coverage of the
inhibiting action (SC). In this study, the target is the IE of
the extract.

2.2 Feature importance and selection

The column or feature that contributed the most in IE
were selected using the Kendall correlation analysis (7)
and gradient boosting decision tree (GBDT). Kendall
correlation method weighs the significance of the linear
correlation between any pair of input features after which
only one feature is chosen from the input features that
were distinctly correlated [30]. The Kendall correlation
is preferred for very small data, such as ours with many
ranked ties and is defined mathematically using Eq. 1.

_ e —ng
te \/(”10 —ny1)(ny — ny) (1)
where
nn—1)
HNp = —————
2

ne = number of concordant (x,y) pairs

ng = number of discordant pairs

iy — Z ti(tiz_ 1)

n = data size

t; = number of x values tied at i value

uj = number of y values tied at jth value

However, GBDT weighs the significance of a feature by
introducing extra noise to the initial data, and ranking
them in order of importance, before finding the error in
predicting the target property (herein IE) [31]. The shape
of the dataset reduced to 42 x 13 from 42 x 16, after
dropping quasi-constant features/columns (i.e. conc, Dia,
and SC), that had nearly constant values.
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2.3 Experimental procedure
In this study, we compared the predictive performance
of four machine learning algorithms via SVR, XGBoost,
LR and RR models. The goal is to find the optimal
machine learning model(s) capable of handling a small
sample space, in other to predict the corrosion inhibi-
tion efficiency of TA. This dataset was divided into two:
the training set for inhibition efficiency optimization of
the prediction models’ accuracies and the test set used
for classification of the models’ prediction accuracies.
In order to establish a better working ratio of test size to
train size, test sizes is to train sizes of 20:80, 30:70, 40:60,
50:50, 60:40, 70:30 and 80:20 respectively were compared.
The four machine learning algorithms used in this work
were implemented in the Python environment using the
scikit-learn library under default parameter conditions.
The goodness of fit of these models would be quanti-
fied by the coefficient of determination (R?), represented
mathematically by Eq. 2.

X (Zt - 2)2
>t (Zi - 2)2

Equation 2 alone is considered inadequate in testing
the prediction performance of machine learning models.
This prompted us to use another metric, the root mean
square error (RMSE) shown mathematically in Eq. 3 to
validate our results.

R?=1 )
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RMSE = \/ %27_1 (Zi - 2)2 3)

Where Z;, ?, and ZAi from Eqgs. 2 and 3 represent the
actual, average and predicted values respectively.

3 Results and discussion

3.1 Exploratory data analysis

In other to visualize the relationships between differ-
ent pairs of variables in our dataset and to identify the
pattern or trend of inhibition, we used pair plots. This
helped in spotting outliers, which could render dispro-
portionate weights to smaller values during data train-
ing. From Fig. 1, the pair plot shows the existence of a
minimal amount of collinearity among the features and
target. This was further confirmed by Kendall correlation
matrix, the map of which is shown Fig. 2. The map also
revealed two quasi-constant features in ‘conc’ and ‘Dia,
mainly because these values remained nearly constant
throughout the dataset. Also the feature ‘SC’ was per-
fectly correlated with the target column (IE), because it
was just ‘IE’ divided by 100. These observations necessi-
tated the discarding/dropping of columns ‘conc; ‘Dia’ and
‘SC:

3.2 Feature selection for inhibition efficiency prediction

In order to improve the model performance, interpret-
ability and real world deployment of the model, ‘conc,
‘Dia’ and ‘SC’ were dropped. In addition, fewer features
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Fig. 1 The pair plot matrix of the feature used
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Fig. 2 Kendall correlation map showing the quasi-constant and perfectly correlated features

account for reduced overfitting, less susceptibility to
noise in data. The feature variance recorded in this study
is shown in Fig. 3. ‘ExpoTimeMin’ has the highest fea-
ture variance because time was varied between zero and
420 min. Whereas the least feature variances happened
for feature with almost constant property, say ‘Density,
‘Vol, ‘“Thickness’ etc.

3.3 Comparison of machine learning algorithms

The four regression algorithms used in this study to
model the inhibition efficiency of TA in 1.0 M HCI per-
formed well as could be seen from the graph of the root
mean square errors (RMSE) of the test size versus the

percent train size, of all the algorithms, in Fig. 4. In the
training set range of 40 to 80% (i.e. the testing set ratio
of 60 and 20% respectively), Ridge model prediction
accuracies were the best (i.e. least), followed averagely
by LASSO, XGBoost and SVR respectively. However, in
machine learning community, it is customary to choose
a test size of 20% (train size of 80%) [8], resulting in accu-
racy rank of Ridge — SVR — XGBoost — LASSO. Since the
amount of data in the training set correlates positively
with its contents, larger datasets would be required for
optimal prediction. LASSO prediction accuracy coin-
cided with Ridge at 50% test size; however, it decreased
with increasing test proportions. This could be attributed
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Fig. 4 Inhibition efficiency prediction performance of XGBoost, SVR, LASSO and Ridge models, at various training set and testing set ratios

to overfitting of the algorithm [32]. SVR model improved
with increased train size, with a fluctuation at 60% train
size, because of outliers in the dataset [33]. This was cor-
rected again by increasing the train size to 70%, after
which overfitting set in, consequent upon noisy data
credited to features with variances closer to zero.

3.4 Feature importance in inhibition efficiency
determination

Figure 6 shows the graphs of feature importance for the

four algorithms used in this study. They are independent

of each other. However, Ridge (after regularization) and

XGBoost show that all the features contributed in the
determination of their importance in predicting the IE of
TA extract. While XGBoost considers mass of extract as
of utmost importance, Lasso considered CRMmPerYr as
of paramount importance. XGBoost model uses decision
tree approach between the features to arrive at the most
important feature. Figure 5 shows the decision tree used
in measuring the feature importance for XGBoost, where
the most frequent feature used was mass.

SVR’s choice of hyperparameter influenced how
the features were scaled [34]. SVR model interpreted
its importance in terms of weights assigned to each

Fig. 5 The XGBoost decision tree for feature importance selection
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Fig. 6 Feature importance of the algorithms used in the prediction of inhibition efficiency of of TA in 1.0 M HCI. XGBoost (top left), SVR (top right),
Lasso (bottom left) and Ridge (bottom right)

feature, positive coefficients indicating positive contri- 3.5 Coefficient of determination (R?) of the models
bution and negative coefficients otherwise. Therefore, The prediction accuracies of the inhibition efficiency of
the top right graph of Fig. 6 shows positive contribu-  the extract, for the four models are shown in Fig. 7, for
tion from WtFnl, ExpoTimeMin, mass and Brdth, in  the 80% training sets and 20% testing sets, using coef-
descending order of importance. It considered corro- ficient of determination. Also, the R> RMSE values are
sion rate and loss in weight as the same, hence, less recorded in Table 1. It could be seen that the training
important. score of XGBoost model was the best (0.998). This was
Lasso on the other hand, shows only features with  attributed to the involvement of all the features, during
non-zero coefficients to be of importance, after regu-  training session. Ridge (0.967) and Lasso (0.964) mod-
larization. Hence, three features, CRMmPerYr, loss els respectively followed this closely. SVR (0.963) model,
and mass, contributed most in the IE prediction in  although having a comparative score with other models

descending order of magnitude. may have been affected due to its usage of hyper-param-
In all four models, mass of TA and ExpoTimeMin eter scaling.
appeared as features of significant importance in the However, R? results from the testing sets show the

prediction of the inhibition efficiency of TA in 1.0 M  order; Ridge (0.972), SVR (0.969), XGBoost (0.953)
HCIL. If the magnitude of SVR scale were used, loss and  and Lasso (0.952). Ridge accuracy was highest and was
corrosion rate would follow in the important feature. confirmed by the low RMSE score (4.145). This was
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Fig. 7 Prediction accuracy of the inhibition efficiency of TA extract in 1.0 M HCl for XGBoost (top left), SVR (top right), Lasso (bottom left) and Ridge

(bottom right) models after feature engineering,

at 20% test size

Table 1 The calculated training and test sizes' coefficient of determination (R?) and root-mean-square error (RMSE) for the prediction
accuracy of the inhibition efficiency of TA extract in 1.0 M HCl, using XGBoost, SVR, Lasso, and Ridge models respectively

Models Training set R?_score Test set R%_score RMSE R? accuracy

XGboost 0.9982364705126574 0.9532597321571542 5.138093 0.9532597321571542
SVR 0.9628614907762536 0.9685573042631938 4408606 0.9685573042631938
Lasso 0.9638521336228514 0.9517397070824443 5461807 0.9517397070824443
Ridge 0.9672774071460986 0.9721997464382068 4.145394 0.9721997464382068

attributed to Ridge’s ability to deal with highly correlated

independent variables [35]. SVR acc
scores of 0.969 and 4.409 respectively

in second place and these results were attributed to the
SVR method of finding the best hyperplane that fits the

data [36]. The third best accurate mo

0.953 and 5.138 respectively, this was attributed to its

uracy and RMSE
ranked the model

del was XGBoost,

method of sequential learning, whereby new learners
corrected previous errors made in the ensemble. The
fourth place, occupied by Lasso model (with RMSE of
5.462), was due to its penchant to choose randomly fewer
features from usually highly correlated features [37]. This
is usually a fault, especially in our world, where most
things are correlated.
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3.6 Models’ capabilities

Figure 8 depicts the multiple bar chart plots for the vali-
dation of the models done using nine separate actual val-
ues of inhibition efficiency obtained from experiment.
It could be seen that all the models comparatively per-
formed well. The higher the actual values the better the
simulation.

3.7 Surface image of the experimental work

Figure 9 gives the optical micrographs of polished
AA7075-T7351 samples immersed in 1.0 M HCI solu-
tions containing; (a) 0.5 g/L TA, (b) 0.4 g/L TA, (c)
0.3 g/L TA, (d) 0.2 g/L TA, (e) 0.1 g/L TA and (f) no
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inhibitor respectively, after 60, 120, 180, 240, 300, 360
and 420 min. The most inhibited sample (Fig. 9a) had
the smoothest surface because of better surface cov-
erage of the inhibitor, leading to lowest corrosion rate
[28]. The uninhibited sample corroded most (Fig. 9f)
due to the corrosive acid direct contact with the sam-
ple. In between, the level of corrosion was determined
by the amount of TA inhibitor added to 1.0 M HCL. All
inhibited samples had inhibition efficiencies of more
than 60%. The best inhibition efficiency recorded was
81.6%. These were what our algorithms were trained to
execute, using the features (data) given them, with sig-
nificant success.

mSVR Lasso ®Ridge

5 6 7 8 9

Models

Fig. 8 Actual and predicted inhibition efficiencies, using XGBoost, SVR, Lasso and Ridge models, for TA extract in 1.0 M HCI
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Fig. 9 The optical micrographs of AA7075-T7351 samples immersed in 1.0 M HCl solutions containing (a) 0.5 g/L TA, (b) 0.4 g/L TA, (c) 0.3 g/L TA, (d)
0.2 g/LTA, (e) 0.1 g/LTA (f) uninhibited solution, after 60, 120, 180, 240, 300, 360 and 420 min
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Fig. 10 The SEM micrographs of AA7075-T7351 samples after 7 h immersion time in 1.0 M HCl solutions containing (@) 0.5 g/L TA, (b) 0.4 g/L TA, (c)

0.2 g/LTA, and uninhibited solution, after 420 min

The scanning electron micrographs of AA7075-
T7351 aluminum alloy samples shown in Fig. 10, con-
firmed the surface roughness/smoothness obtained by
optical results, after a 7-h immersion time in 1 M HCl
solutions holding (a) 0.5 g/L TA, (b) 0.4 g/L TA, (c)
0.2 g/L TA, and (d) no inhibitor respectively. The sur-
face roughness of the uninhibited was highest; how-
ever, 0.2 g/L TA addition improved the smoothness and
raised the inhibition efficiency. Successive increment of
the inhibitor further improved the inhibition efficiency
and smoothness, with the sample immersed in 0.5 g/L
TA emerging the best.

4 Conclusion

In this study, we suggested a machine learning of cor-
rosion inhibition efficiency of TA extracts on AA7075-
T7351 alloy in corrosive 1.0 M HCIl environments,
using four different algorithms, namely; SVR, XGBoost,
Lasso and Ridge, as a way of fast evaluation and optimi-
zation processes. The relationship of the target feature
(IE) with several physical properties of the corroded
alloy etc. were investigated through feature preproc-
essing and exploratory data analysis. The training sets
coefficients of determination (R?) were above 0.96 in
each case, XGBoost being the best trained. The coef-
ficients of determination (R?) and root mean square
error (RMSE) results revealed that Ridge model out-
performed other models in predicting the inhibition
efficiencyof TA extract. All the values being above 0.95.
Ridge achieved this due to its ability to handle highly
correlated independent variables.
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