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� Develop a new artificial neural
network-based data fusion model to
provide tailored corrosion predictions
for bulk carriers.

� Combine operational information
from ship surveys and corrosion
fundamentals from experimental
measurements.

� Prediction accuracy is improved by at
least 82% compared to the state-of-
the-art corrosion models.

� The model quantifies the contribution
of different environmental/operating
factors to the marine corrosion of
carbon steels.
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Accurate corrosion predictions are vital to safe and optimised designs of marine assets. Traditional
approaches, including those used to develop rule requirements, seek to use empirical regressions to
model corrosion, but most are solely time-dependent. This may lead to conservative damage estimates
and hence heavy and inefficient ships. To provide more accurate predictions, this paper presents an inter-
pretable machine learning algorithm based on data fusion of ship survey and experimental measure-
ments. The corrosion behaviour in bulk carrier ballast tanks is interpreted through a sensitivity
analysis which quantifies the relationships between operational/environmental factors and the corrosion
rate. The prediction accuracy is improved by a minimum of 82% when compared to the two representa-
tive empirical models, with a mean absolute error down to 0.10 mm.
� 2021 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND

license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Marine corrosion of carbon steels has been extensively investi-
gated. However, to accurately predict the corrosion rate of ocean-
going ships, more than 90% of which are made of carbon steels,
remains one of the most challenging tasks in materials science
and maritime engineering [1]. This is because ships operate under
complex conditions for an extensive period of time (typically more
than 25 years). For example, bulk carriers, one of the major com-
mercial ship types, show complex corrosion phenomena in ballast
water tanks, decks and cargo holds (depending on the corrosivity
of the cargos). More details regarding corrosion predictions are
available in the authors’ review [2]. From this review it is found
that some of the empirical models in the literature are able to pre-
dict the general trends in corrosion and thickness reductions. How-
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Table 1
Test environments and methods used for immersion and atmospheric corrosion
studies.

Immersion
corrosion‘

Atmospheric
corrosion

Test environment Laboratory [3–6,8,10,11,13–
26,28–31]

n/a

Field (coastal/
harbour)

[3,9,24–26] [21–23,27–42]

Test method Weight loss [1,2,6–8,10–
12,19,26]

[32–41,43–49]

Electrochemical [7,46–49] n/a
Combined [5,8,11–20,50,51] [34,35]
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ever, they cannot predict the thickness change on an individual
plate, which varies greatly across a ship due to different operating
conditions.

Fig. 1 summarises the main influencing factors of ship corro-
sion, which can be broadly categorised as ship operating factors
and environmental factors. Research on the environmental factors
is focused on understanding the degradation mechanisms and
kinetics in a particular corrosive environment, mainly using exper-
imental methods. Table 1 categorises the available experiments for
immersion corrosion in seawater and atmospheric corrosion in
coastal/harbour areas for carbon steels. Studies on the immersion
corrosion includes the effects of the short-term (less than
6 months) immersion in seawater [3,4], long-term immersion con-
ditions, rust layer formations [5,6], anaerobic/aerobic conditions
[7,8], the roles of cathodic protections [4,9–12] and different types
of inhibitors [4,13–20]. The focus of the current atmospheric corro-
sion experiments is the analysis of corrosion products and the
effects of environmental conditions, especially the influences of
airborne deposits [21–23]. The measurements are relevant to the
corrosion of ship ballast tanks and external hulls (decks, side shells
and bottom shells). However, they cannot be directly utilised to
predict the corrosion rate.

For practical engineering applications, survey data is used
instead to predict corrosion depths/rates, traditionally through
probabilistic models and more recently through regression [2].
The probabilistic modelling approach was used by the Interna-
tional Association of Classification Societies (IACS) by defining cor-
rosion diminution at 95% cumulative probability for 25 years to
develop the design corrosion allowances for bulk carriers and tan-
kers. The majority of the empirical regression models are only
Fig. 1. Key factors influencing ship corrosion (factors highlighted
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time-dependent. For example, the model developed by Paik and
Kim [52] for bulk carrier ballast tanks used the thickness measure-
ment data collected from periodical surveys and a regression line
to represent the relationship between the corrosion depth/rate
and ship age. The Weibull function is considered to best represents
the distribution of carbon steel corrosion in ballast tanks. In com-
parison, Guedes Soares and Garbatov [53] show that the corrosion
rate would gradually approach zero after long-term exposure, due
to the oxide layer. Therefore, the corrosion depth predicted by this
model converges to the pre-set long-term corrosion wastage value.
Other models are summarised in the authors’ review paper [2].
Only regression models proposed by Guedes Soares et al. [54,54]
and Zayed et al. [55] explicitly account for environmental factors.
Guedes Soares et al. defines relationships between corrosion rate
and temperature, flow velocity and dissolved oxygen for structures
in bold are explicitly incorporated into the proposed model).
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immersed in seawater [53] and the relative humidity and chloride
concentration are incorporated for atmospheric corrosion [54].
Zayed et al. [55] divided ship structures into different environmen-
tal regions and used the corresponding corrosion wastage allow-
ance of each region from the IACS Harmonised Common
Structural Rule (CSR-H) to calibrate the Guedes Soares and Garba-
tov model [56]. However, the accuracy of these regression models
is not clear and a number of key environmental factors are not
included.

To account for the multi-variate nature of marine corrosion,
machine learning methods are increasingly implemented to pre-
dict the corrosion rate [58–68] and corrosion depth [70,70]. These
methods are also used to identify the corrosion type in seawater or
marine atmospheric conditions [69,71–73]. These models provide
accurate prediction results, with the coefficient of determination
(R2) above 0.8 and more than 95% accuracy in recognition of the
corrosion type. The most frequently used machine learning meth-
ods are Artificial Neural Networks (ANNs) for regression problems
and Support Vector Machines (SVMs) for classification problems.
The number of data that the approaches were used for ranges
between 46 and 6540 with most of the data taken from laboratory
experiments. Although these approaches show promising predic-
tions of the thickness reduction in steels due to corrosion, the
scope of applications is limited to the associated experiments
rather than actual usage for ships.

This paper proposes an ANN-based data fusion approach using
ship survey thickness measurements (TM) and corrosion experi-
mental data to provide tailored corrosion predictions for sweater
ballast tanks and decks of bulk carriers. The goal is to capture a
wider range of influencing factors (both operational and environ-
mental), as highlighted in bold in Fig. 1, in the corrosion prediction
process and to investigate the resulting method approximation of
the fundamental understanding of marine corrosion mechanisms.
The ship survey thickness measurement dataset was collected
from periodical surveys of 44 vessels from 9.75-year-old to
25.25-year-old, containing 2978 measurements from six structural
locations, and complimented with experimental data sourced from
the literature, containing 253 measurements. The approach is com-
pared with two representative empirical models and a traditional
ANN model based solely on the TM data. A sensitivity analysis
was subsequently carried out to understand the influence of each
input variable on the corrosion behaviour. The prediction was also
compared with current design requirements of corrosion
allowances.
2. Methodology to predict corrosion from a fusion of datasets

An important factor in this prediction is the ability to represent
the physics or fit to the ground truth. Existing machine learning
approaches to achieve this can be divided into four categories.
The first category is modifying the loss function, which is normally
based on the Minkowski family of error metrics, by using physical
rules when solving regression problems [75–76]. However, it is dif-
ficult to find a simplified equation to quantify marine corrosion
due to its multi-variate nature, Fig. 1. The second category is to
pre-train an ANN with data from models that represent the base/-
partial physical relationships between inputs and outputs. This
biases the network’s weights to this relationship and allows the
operational data to adjust this representation to the available data
[77]. However, this method is also not applicable in this case due to
the lack of suitable corrosion models. In the third category, the ker-
nels within nodes of the machine learning approach are adapted to
force the network to follow a predefined response [78]. While this
approach is effective it is difficult to adapt and the most beneficial
kernel needs recalculating/recalibrating as the approach is
3

improved. Finally, a fusion of different datasets can be used where
some data represents the fundamental relationships which aug-
ment the data from operation, allowing a more general use of the
network [72,79]. This data fusion concept was selected and the
model architecture is illustrated in Fig. 2. The inputs and outputs
are summarised in Table 2 and the three parts of the model (repre-
sented by three colours in Fig. 2) are detailed in the following
subsections.
2.1. ANN model based on ship survey TM data (ANN model 1)

Several ship survey TM datasets were reviewed [53,80–83]. The
data from Paik et al. [80] was selected to develop the model
because it contains the highest number of variables and measure-
ments compared with the other datasets, with measurements from
eight structural locations of seawater ballast tanks and decks.
These were collected from 44 bulk carriers, aged between 9.75
and 25.25 years old. Each measurement was obtained by averaging
several thickness readings within a plate [80] and the raw data is
shown in Fig. 3. The ship survey TM dataset contained 2203 data
points by only keeping data from structures that are either
immersed in seawater: outer bottom plates, lower wing tank side
shells and side shells; and the structures that are exposed to mar-
ine atmospheric environments: upper wing tank side shells, upper
sloping plates and upper deck plates. To fuse the ship survey thick-
ness measurements with the experimental data, corrosion depths
in Fig. 3 were converted to corrosion rates, assuming that corrosion
started after five years of service [81,81].

The measurements cannot be linked to individual ships, making
it difficult to accurately trace the corrosion behaviour at each
structural location, and the operating factors listed in Fig. 1 cannot
be traced to individual ships either. The database was imbalanced,
with different data densities in different regions. Table 3 shows
that the majority of the data ranges between 0 and 0.15 mm/year.
The data was also discontinuous, as seen in Fig. 3, due to the data
being collected at periodical surveys. To have a more evenly dis-
tributed dataset for better regression performances, the data was
transformed to a symmetrical distribution, using Eq. (1),

X ¼ arc sinh
ffiffiffi
x

p ð1Þ

where x is the original corrosion rate and X is the adjusted corrosion
rate, both in mm/year. This function was chosen since it shows the
best performance in improving the correlation between the inputs
and outputs when comparing several functions commonly used
for transforming data [84].

Due to the rather limited information in the TM dataset, an
additional supervised machine learning algorithm, the SVM for
multi-class classification [85], was utilised to classify the data into
three corrosion levels. These are minor, moderate and severe cor-
rosion, which were defined using 10% and 90% cumulative proba-
bility of corrosion rate, correlating with the definitions in the
CSR-H. Since the ship survey TM reports indicate the renewal sta-
tus of each measured structural component, the renewal status of
each data in this paper was estimated. This was based on the
assumption that if there was no data between 0 and 0.5 mm for
two consecutive half-year time periods, and the corrosion depth
was 0 mm at the following time point, this time point was consid-
ered to be a renewal.

The ANN model 1 (yellow branch in Fig. 2) has four layers,
including one input layer, two hidden layers and one output layer.
The model was built using Keras 2.3.1 and Tensorflow 2.1.0. It was
trained on the TM data. Each hidden layer in the ANN had 32 neu-
rons, selected after performing a parametric study from 8 neurons
to 64 neurons, and was trained using a 20% dropout rate to min-
imise overfitting based on the stochastic nature of the data. This



Fig. 2. The data fusion network architecture, with the ship survey data trained network (ANN model 1) in yellow, experimental data trained network (ANN model 2) in blue,
and a fused layer in green to combine the predictions. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this
article.)

Table 2
Inputs into the different networks.

Ship survey TM database Experimental database

Structural type Inputs Corrosion
type

Inputs

Immersed structures � Ship age
� Structural
location

� Corrosion
level

� Renewal
status

Immersion
corrosion

� Temperature
� pH
� Salinity
� Dissolved
oxygen

Structures exposed to
marine atmospheric
environments

� Ship age
� Structural
location

� Corrosion
level

� Renewal
status

Marine
atmospheric
corrosion

� Temperature
� Relative
humidity

� Annual
rainfall

� Chloride
deposition
rate

� SO2 deposi-
tion rate

Fig. 3. Corrosion data from 44 bulk carriers at eight ballast tank structural
locations, where the coating life is documented as being 5 years on average [80].
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means that 20% of the 32 neurons were randomly deactivated dur-
ing training, ensuring that the training of the weights was pro-
tected against extreme values. Fig. A1 in the Appendix indicates
the convergence at 32 neurons when tested from 8 neurons to
64 neurons. Due to its performance on avoiding saturation [86],
the ‘Relu’ (Rectified Linear Unit) activation function was used in
the hidden layers and a linear activation function was imple-
mented in the output layer. An adaptive learning rate optimisation
algorithm, ‘Adam’, was implemented to train the ANN. The batch
size was set to 32 after a small parametric study and the epoch
number was set at 1000. The hyperparameters of the ANN model
are summarised in Table 4.

To verify the performance of the model, all data in the databases
were randomly split into a training data set (70%), a validation data
set (10%) and a testing data set (20%). The validation data was used
at the end of every epoch to determine the accuracy of the model.
4

Early stopping was applied in the training process where if the loss
was stable for 100 epochs, it was terminated. The testing data was
used after the training was complete to determine the accuracy of
the model. Since the initial weights of the ANN were randomly
generated, and the data used for training were randomly selected,
the model was independently trained for 30 times for robustness.
The prediction error and the proportion of variance in the pre-
dicted corrosion rate were evaluated using the mean absolute error
(MAE), root mean squared error (RMSE) and the R2. In general, a
low MAE and RMSE as well as a high R2 value indicate an accurate
prediction.

2.2. ANN model for the experimental data (ANN model 2)

The experimental database was taken from various literature
and contained 188 corrosion rate measurements of mild and high



Table 3
Determination of the skewness of the ship survey thickness measurement dataset.

Corrosion rate range [mm/year] Percentage of thickness measurement in the dataset Percentage of thickness measurement after
transformation

Immersed structures Structures above seawater Immersed structures Structures above seawater

0–0.05 62.4% 60.4% 1.7% 1.4%
0.05–0.15 33.3% 31.8% 23.8% 20.9%
0.15–0.30 3.2% 7.6% 59.7% 60.9%
0.30–0.50 1.7% 0.3% 13.7% 16.4%
>0.50 0.1% 0% 1.2% 0.4%

Table 4
The hyperparameters of the ANN model.

Hyperparameter Value

Number of hidden layers 2
Number of neurons in each hidden layer 32
Batch size 32
Number of epochs 1000
Early stopping patience 100
Error function Mean absolute error (MAE)
Optimiser Adam
Learning rate 0.01
Activation function Relu
Dropout rate 0.2
Initialiser Random
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strength carbon steels (H32 and H36) in fully immersed seawater
conditions [44,45,48,49] and 65 measurements of carbon steels
in marine atmospheric conditions [29,32,36,37]. The experimental
data were mostly obtained using the weight loss method following
the ASTM G1-03 standard. The immersion corrosion experimental
data were obtained after 14–68 days of immersion. The marine
atmospheric experimental data were obtained after an exposure
of 1–5 years. The experimental database of immersion corrosion
was filtered to the range of global seawater statistics, leaving 77
measurements, as shown in Table 5. All collected marine atmo-
spheric corrosion experimental measurements were kept since
they are all from field tests.

The ANN architecture to regress the experimental data had two
hidden layers and 32 neurons in each layer, selected after perform-
ing a parametric study (Fig. A1). The same activation function as for
the ANN model 1 was used in the hidden layers and the output
layer. The model also used the same dropout rate, data set splitting
method and optimisation algorithm as for the ANN model 1. The
batch size was set to 16, selected after a small parametric study,
and the epoch number was set as 1000. Early stopping of 100
epochs was applied to the training process. The model was inde-
pendently trained for 30 times, using the same metrics as the pre-
vious study. After training on the experimental database, a
sensitivity analysis was performed to quantify the influence of
each input variable on the corrosion rate by using the partial
derivative method [88,88].
Table 5
The range of factors in the experimental database and the global seawater statistics.

Immersion corrosion experiments Seawater temperature (�C)
Dissolved oxygen (mg/L)
Salinity (ppt)
pH value

Marine atmospheric corrosion experiments Annually average temperatu
Relative humidity (%)
Average annual rainfall (mm
Chloride deposition rate (mg
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2.3. ANN with data fusion of ship survey TM and the experimental
datasets

The model representing the ship survey TM dataset was fused
with the model representing experimental data from the marine
immersion or atmospheric corrosion conditions. The network
architecture of the ANN after data fusion is shown in Fig. 4. As
the experimental input variables were different to the ship survey
thickness measurement dataset, the fusion layer combined the two
through three ship survey input variables, namely the environment
temperature, the structural location and the corrosion level, as
illustrated in Table 2. As the sailing route information was not
available from the database, the environmental temperature was
determined according to the temperature values provided by
Guedes Soares et al.’s temperature-corrosion rate empirical models
[54,54], as listed in Table 6. Gaussian noises, with a mean value of
0 �C and a standard deviation of 1 �C, were added to each temper-
ature value generated from the empirical models. The ship survey
TM data was matched to a corresponding corrosion experimental
data point by finding the same or similar temperature, defined
based on a temperature difference of within ± 0.5 �C between the
TM data and experimental data. The structural locations were used
to determine the corrosion type, i.e., marine atmospheric corrosion
or immersion corrosion. Depending on the corrosion level, severe,
moderate or low, the experimental input variables corresponding
to the highest, median or the lowest corrosion rate were utilised.

The proposed data fusion model was compared to the model
solely based on ship survey TM database (ANN model 1). The same
training process as used in the ANN model 1 was implemented,
using 70% of data as training data set, 10% of data as validation
set and 20% of data as testing data set. The training was repeated
for 30 times, using the same metrics as the ANN model 1.
3. Results and discussion

3.1. Predictions based on ship survey TM data

The prediction results of the testing dataset from the ANN
model 1 (based on the ship survey TM data) are shown in Fig. 5.
These are from the best case with the lowest MAE from the 30
Experimental database Global seawater [53]

0–35 (Mean 23.5) �2–35 (Mean 15.5)
4–12 (Mean 6.8) 4–10.4 (Mean 5.9)
24–43 (Mean 32.2) 27–40 (Mean 34.3)
6–9 (Mean 7.7) 7–8.4 (Mean 8.2)

re (�C) 11.3–32 (Mean 23.1)
50–93 (Mean 70.1)

/year) 58.5–9908 (Mean 1259)
/m2/day) 3.8–968.3 (Mean 140.7)



Fig. 4. The ANN network architecture for the data fusion model.

Table 6
Estimated temperatures for the dataset.

Measured ship structural
component

Mean
temperature

Standard
deviation

Outer bottom plates 11 �C 3.9 �C
Lower wing tank side shells 13 �C 5.1 �C
Side shells 20 �C 1.9 �C
Upper wing tank side shells 19 �C 1.0 �C
Upper sloping plates 21 �C 1.1 �C
Upper deck plates 20 �C 1.0 �C

Fig. 5. Prediction results of the ANN model 1 based on ship survey TM d
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independent trainings. It can be seen that the predictions are
skewed to the left in both environmental conditions. This is
because the ANN tends to fit to the values with a high data density,
with corrosion depths lower than 0.5 mm. Hence, it underesti-
mates the higher corrosion depths. The use of SVM to classify the
corrosion levels and normalisation of the data, detailed in Sec-
tion 2.1, reduce the skewness to some extent. However, it cannot
fully resolve the imbalanced nature of the dataset. The 2r values,
representing the two standard deviations of all markers’ errors (er-
ror = actual value – predicted value), are 0.75 mm for immersed
ata: (a) the immersed structures (b) the structures above seawater.
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structures and 1.00 mm for the structures above seawater. The
number of outliers, which are the markers exceeding the 2r
boundaries for the two structural conditions are 19 and 18, respec-
tively. Most of these data points have actual corrosion depth higher
than 0.5 mm. The mean values (and standard deviations) of the
MAEs from the 30 independent trainings are 0.27 mm (0.02 mm)
for immersed structures and 0.28 mm (0.02 mm) for the structures
above seawater. For the RMSE, the mean values (and standard
deviations) are 0.46 mm (0.04 mm) for the immersed structures
and 0.47 mm (0.04 mm) for the structures above seawater. The
mean (and standard deviations) of R2 values are 0.55 (0.08) and
0.48 (0.1) for each environmental condition.

3.2. Predictions from data fusion of ship survey TM and experimental
data sets

The prediction results of the testing dataset from the data
fusion model are shown in Fig. 6, representing the best case with
Fig. 6. Prediction results from a fusion of experimental and TM data

Fig. 7. Percentiles of prediction absolute error from the two models:

7

the lowest MAE from the 30 independent trainings. It can be seen
that the markers are much closer to the diagonal line compared to
Fig. 5, with the 2r values reduced by approximately 50%. The num-
ber of data points exceeding the 2r boundaries are similar in Fig. 5
(a) and Fig. 6(a). However, this number is reduced from 18 to 4 by
using the data fusion model for structures above seawater. The
skewness is significantly reduced for the corrosion depth below
2 mm, compared with the predictions from ANN model 1 (Fig. 5).
The 30 independent trainings resulted in an average MAE (and
standard deviations) of 0.15 mm (0.02 mm), reduced by 44%, for
the immersed structures and 0.13 mm (0.01 mm), reduced by
54%, for structures above seawater. The mean values (and standard
deviations) of RMSE are 0.38 mm (0.04 mm), reduced by 17%, for
the immersed structures and 0.24 mm (0.03 mm), reduced by
49%, for the structures above seawater. The mean values (and stan-
dard deviations) of R2 are 0.69 (0.09), increased by 25%, for the
immersed structures and 0.87 (0.04), increased by 81%, for the
atmospheric condition. Furthermore, the robustness of the pro-
: (a) the immersed structures (b) the structures above seawater.

(a) the immersed structures (b) the structures above seawater.



Fig. 9. Influence of the ship age on corrosion rate using the proposed model: (a) Imm
seawater compared with data from de la Fuente et al. [41].

Fig. 8. Sensitivity of each input variable on the (a) immersion and (b) atmospheric
marine corrosion rates of carbon steels.

Z. Wang, A.J. Sobey and Y. Wang Materials & Design 208 (2021) 109910

8

posed model for the structures above seawater is also improved
with smaller standard deviations of the MAE, RMSE and R2 from
all trainings.

The absolute errors between the predicted and actual corrosion
depths for all of the 30 independent trainings are shown in Fig. 7.
The value at the ith percentile represents that i% of the values are
lower than the ith percentile value. It can be seen that the absolute
errors of the data fusion model are lower than the ANN model
based on ship survey TM data at each percentile. For the data
fusion model, 95% of the prediction errors are lower than
0.58 mm for the immersed structures and 0.53 mm for the struc-
tures above seawater.
3.3. Sensitivity analysis

The sensitivity analysis of the experimental data is shown in
Fig. 8. All the data, including both training and testing dataset, from
the experimental database were used to calculate the partial
derivatives, which indicates how the corrosion rate changes with
an increase of each input variable. These values are taken from
the 10th percentile to the 90th percentile to understand how the
sensitivity changes within the database. The distribution of per-
centile markers indicates the importance of the input variable,
where the closer the percentile markers are to the zero line the less
influential the variable is.

The general influence of each input variable for the immersion
corrosion experiments matches well with the results from Paul
[48]. Paul stated that the corrosion rate is increased with increased
temperature, dissolved oxygen or salinity, whereas increasing pH
values from 4 to 8 reduces the corrosion rate. The sensitivity anal-
ysis demonstrates the same phenomenon for values under 75th
percentile (pH from 6 to 8), showing that increased pH leads to a
reduced corrosion rate. This is due to the enhanced formation of
calcareous scales on steels in seawater, which provides a level of
protection for the metal substrate [61,89]. As the pH increases
from 6 to 8, the tendency of the immersion corrosion rate reduc-
tion is also decreased. The quantified contribution of each input
variable was compared with the feature importance analysis con-
ducted by Diao et al. [60] based on 105 coupon tests. They found
the salinity and pH values are the most important environmental
ersed structures compared with data from Matsushima [91]; (b) Structures above



Fig. 10. Comparisons between the actual corrosion depths, the CSR-H allowance,
predictions from the proposed model and two representative empirical models for
(a) deck plates (Guedes Soares & Garbatov’s model: 1.45 mm for the long-term
corrosion depth and 4.8 years for the transition time under average condition [2])
and (b) lower wing tank side shells (Guedes Soares & Garbatov’s model: 1.07 mm
and 1.64 years [92]).
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factors affecting the immersion corrosion rate. Furthermore, the
dissolved oxygen had a slightly higher effect on the corrosion rate
compared to temperature. These findings are confirmed through
the current sensitivity analysis, Fig. 8(a). The rate of carbon steel
corrosion in seawater is controlled by the rate of dissolved oxygen
supply to the metal surface. For the most range of dissolved oxy-
gen, the increased dissolved oxygen results in increased corrosion
rate. This, in turn, is determined by the dissolved oxygen concen-
tration in the bulk solution, salinity, temperature and the state of
surface filming. Increased temperature will lead to enhanced metal
surface activity and the diffusion coefficient of oxygen [89] but
higher salinity will result in lower oxygen solubility. From Fig. 8
(a) it reveals that the role of salinity is more important and is also
more uncertain, or complex, than that of temperature. There are
possibilities that salinity can have either a positive or a negative
effect on the corrosion rate change. The sensitivity analysis demon-
strates that the corrosion rate is increased when the temperature is
higher than 22 �C and salinity changing from 24 ppt to 32 ppt. The
increased dissolved oxygen concentration enhances the cathodic
reaction rate [48] and facilitates the formation of the oxide layer
on low-alloy steels [60], which hinders the corrosion process. How-
ever, certain combinations of temperature, salinity and dissolved
oxygen may also lead to decreased corrosion rate, which is also
reported by Paul [48]. In comparison, the pH value has a more
definitive effect.

For the marine atmospheric corrosion, the influences of each
input variable shown in Fig. 8(b) are in good agreement with
the results reported by Zhi et al. [63,65] and Yan et al. [88].
Specifically, the temperature, chloride deposition rate and
relative humidity play the most significant roles in the determi-
nation of corrosion rate whereas the SO2 deposition rate and
annual rainfall have the least effects. When the temperature is
higher than 21 �C, an increased temperature reduces the atmo-
spheric corrosion rate, which is also reported by Refs.
[63,65,88]. This is because the increased temperature accelerates
the evaporation of the electrolyte film on the steel surface [62].
Furthermore, Castaneda et al. [90] observed that the increased
temperature significantly reduces the chloride deposition rate
and hence slows down the corrosion rate. However, a positive
correlation between temperature and the corrosion rate is
reflected in Fig. 8(b) at lower temperature values. Furthermore,
the sensitivity analysis demonstrates that when annual rainfall
is higher than 1457 mm/year, the increased annual rainfall
decreases the corrosion rate. This phenomenon was also
reported by Zhi et al. [65], where they found the corrosion rate
starts to decrease when the rainfall is over 147 mm/month
(annual rainfall = 1764 mm/year).

The influence of ship age on the corrosion rate is also examined,
where the structures are assumed to be without renewal and
under the moderate corrosion level. The parametric study results
are compared with field/experimental data collected from the liter-
ature Specifically, the experimental data collected by Matsushima
were measured at many locations throughout the world and the
coupon specimens were immersed for periods from less than 1 year
to 40 years [91]. de la Fuente et al. reported the corrosion rate of
mild steels with 1–14 years of exposure at marine atmospheric test
sites in Alicante and Barcelona [41]. As shown in Fig. 9 (a), for the
three immersed structural locations, the predicted corrosion rate
lies within Matsushima’s data for the time period of 10–25 years
and does not change significantly with time. The parametric study
results of the three structures above seawater are comparable with
the field measurements, with a slight decrease in corrosion rate
with increasing exposure time. The same trend can be observed
from all of the three structures. In Fig. 9 (b), the deck plate has
9

higher corrosion rate for the ship age between 20 and 25 year-
old when compared to the upper wing tank side shells and the
upper sloping plates. This indicates that the environmental condi-
tion of the deck plates is more complicated, with additional influ-
ences from greater temperature fluctuations, splash seawater and
possible mechanical damage. The corrosion rate plateaus in long
term services, however, the corrosion evolution over time cannot
be traced for individual structural component due to the lack of
information in the survey TM dataset.

3.4. Comparison with empirical approaches and design requirement

The newly proposed ANN model with data fusion was com-
pared with the state-of-the-art corrosion models proposed by
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Guedes Soares and Garbatov [56] and Paik and Kim [52]. Guedes
Soares and Garbatov’s model [56] requires the long-term corrosion
wastage, the transition time between coating durability and corro-
sion initiation and the coating life for the individual structural
locations on ships. Paik and Kim [52] provide shape and scale
parameters specifically for modelling bulk carriers [52]. These
parameters are listed in the caption of Fig. 10 and Table A1 in
the Appendix. The comparison of the deck plates and the lower
wing tank side shells are shown in Fig. 10. The prediction results
of the other structures are listed in Table A1 in the Appendix.
The actual corrosion depth from the TM data and the CSR-H design
corrosion allowance are also included in the figures. It needs to be
noted that the TM dataset is collected from pre-CSR-H ships which
may have different designed corrosion allowances. However, the
development of CSR-H was based on data collected from older
ships and Fig. 10 is to provide some generic understanding of the
difference between rule requirements and the actual corrosion
damage.

The predictions from Guedes Soares and Garbatov’s nonlinear
model are within the range between 1 mm and 1.5 mm for both
the immersed structures and structures above seawater. Predic-
tions from Paik and Kim’s model are between 0.4 mm and
0.8 mm and are independent of structural locations. When com-
paring the data fusion model to the Guedes Soares and Garba-
tov’s nonlinear model, the mean values of MAEs from the 30
independent trainings are reduced by 82% for immersed struc-
tures and by 84% for the structures above seawater. The CSR-H
corrosion allowances in the design requirement are always con-
servative, which could lead to overdesigned scantlings and
increased lightweight tonnage. Even after 25 years of service
the CSR-H retains a safety factor of 1.85 in the upper sloping
plates as the best case scenario although this is only 1.05 in
the side shells as the worst case scenario. In comparison, the pro-
posed machine learning method is able to provide tailored pre-
dictions taking into account additional influencing parameters
and the fundamental understanding/measurements of the corro-
sion processes.

However, some of the extreme high corrosion depths cannot be
predicted with the current data fusion model due to the lack of
data within the high corrosion depth region (less than 7% of the
total 2203 data points are over 2 mm). A majority of the factors
effecting corrosion are not documented and the corrosion rate
exceeds the corresponding experimental data. However, a margin
of 0.6 mm can be added to the predicted value from the data fusion
model to gain a 95% confidence. This will enable tailored mainte-
nance strategies and potential service life extensions. It may also
help to find a balance point between a reduced design scantling
and a more targeted survey, with the current concerns around cli-
mate change a 20% reduction in steel could lead to a 9% reduction
in power and emissions [93].
4. Conclusions

Corrosion costs the marine industry $80 billion a year [94].
However, it is challenging to predict due to the complex opera-
tional environments and the multiple processes/mechanisms that
can change the corrosion rate. To accommodate the sparse docu-
mentation about the operating conditions and to account for the
large range of influencing factors an ANN based data fusion model
is developed to better predict the corrosion phenomenon in ballast
tanks of bulk carriers. The main findings are summarised as
follows:
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� A fusion of data is needed for accurate predictions of the corro-
sion in ships. Using ship survey TM data alone provides a biased
prediction towards low corrosion depths. In comparison, the
mean value of the Mean Absolute Error from the 30 indepen-
dent trainings from the proposed method is reduced by at least
40%.

� This improvement in prediction performance also provides an
improvement over the current empirical approaches with the
Mean Absolute Error reduced by a minimum of 82%.

� The new ANN model provides corrosion depth predictions with
a Mean Absolute Error of 0.10 mm in the best cases for both
structural conditions.

� The sensitivity analysis quantifies the importance of influencing
factors for carbon steel immersion corrosion as:
pH > salinity > dissolved oxygen > temperature. The ranking
for carbon steel marine atmospheric corrosion is:
temperature > chloride deposition rate > relative humidity > SO2

deposition rate > annual rainfall.
� Compared with the current design rule requirement, the data
fusion machine learning approach could lead to a more opti-
mised ship design with lighter scantlings and more targeted
surveys.
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Appendix

See Fig. A1.

The equations of MAE, RMSE and R2:

The equations of MAE, RMSE and R2 are given in Eqs. (a1)-(a3)
as,

MAE ¼
Pn

i¼1 yi � byi

�� ��
n

; ða1Þ

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

i¼1 yi � byi

� �2
n

s
; ða2Þ

R2 ¼ 1�
Pn

i¼1 yi � byi

� �2Pn
i¼1 yi � y

�� �2 ; ða3Þ

where yi is the actual value; byi is the predicted value; n is the num-

ber of data points and y
�
is the mean of the actual values of all data

points (see Table A1).



Fig. A1. Convergence of the mean values of MAE and R2 among 30 independent trainings with increased number of neurons: (a) & (b) from ANN model 1; (c) & (d) from ANN
model 2 (both models are indicated in Fig. 2).

Table A1
Comparison between the actual corrosion depths, the predictions from the proposed model and two representative empirical models and the CSR-H allowance.

Structural location Comparison results

Outer bottom plates
(Guedes Soares & Garbatove’s model: 1.07 mm for the long-term corrosion depth
and 1.64 years for the transition time under average condition)

(continued on next page)
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Table A1 (continued)

Structural location Comparison results

Side shells
(Guedes Soares & Garbatove’s model: 1 mm and 3.6 years)

Upper wing tank side shells
(Guedes Soares & Garbatove’s model: 1 mm and 3.6 years)

Upper sloping plates
(Guedes Soares & Garbatove’s model: 1.07 mm and 1.64 years)
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