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Abstract: Corrosion is a natural undesirable occurrence due to chemical and electrochemical reaction of metals with
encompassing environment, as a result it deteriorates and damages the surface of the metallic material. It has a significant
short and long-time economic impact because it creates failure, leakage and damages of metal. Every year it causes billions of
dollar damages. Because of diverse boundary of corrosion surface and different level of texture it is very difficult to detect
corrosion using current technologies. Hence, there is a need to investigate the robust corrosion detection algorithms that are
suitable for all degrees of corrosion level. In this paper firstly, we have illustrated different class of Artificial Intelligence and
secondly Al application approached in corrosion monitoring is explained. The outcomes of this review paper will bring
forward the new and additional knowledge to develop the different Al methods which can avoid unexpected failure and
damages due to corrosion

Keywords: Artificial intelligence, corrosion, monitoring, marine, metal.

1. Introduction In shipping industry marine structures are significantly
damaged by the corrosion, it will not only reduce the
efficiency of mechanical property but also the different
structural parts [6] such as hull structural failure [7].
According to statistical data [8] corrosion is responsible for
90% of the structural failure cost of a ship. Therefore, long
term corrosion detection is the great realistic significant
method to the prevent the occurrences of catastrophic
accidents of marine structures. In addition to financial gains,
early detection of structural deterioration prior to failure can
also avoid dangerous circumstances for both people and the
environment and prevent catastrophic failures of structures
indirectly it reduces the cost [9,10]. According to researchers
the approximate cost can be reduce 18-35% by utilizing
proper strategy [4]. Another study indicates that using the
current artificial technologies can minimize the yearly
expense of corrosion by 20-25% [11,12].

When a metal experiences corrosion, it degrades chemically
into its oxides and sulfides as a consequence of chemical or
electrochemical  reactions [1]. Because of its
multidisciplinary nature it has become one of the most
challenging aspects in the field of science and engineering
[2]. Moreover, corrosion poses significant short-term and
long-term threats that costs billions of dollars [3]. The
National Association of Corrosion Engineers (NACE)
estimates that the yearly cost of corrosion is approximately
2.5 trillion US dollars, or 3.4% of the world's Gross
Domestic Product (GDP) in 2013 [4]. Direct costs have
included the expense of equipment, labor, maintenance, and
the expense of replacement deteriorated equipment. The
indirect costs of corrosion include production losses,
environmental impacts, transportation disruptions, accidents,
and fatalities. [5].
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Sharon and Itzhak [13] used image processing to study the
corrosion in stainless steel in the year of 1997. The most
significant advantage of that method is, it is capable to
identify almost all superficial defects such as cracks and

corrosion however feature extraction operations are essential.

Requires of large manpower, huge workload, financial
resource, feature extraction methods often effected to apply
in corrosion detection [14]. Therefore, it was essential to
develop other methods to corrosion prediction and detection.
Consequently, new methods of artificial intelligence have
able to attract researcher because of enormous advantages
over human intelligence [15,16] advanced technology to

solve complex problems [17-19], faster decision making [20].

Big data, machine learning, neural networks, deep learning,
image classification and recognition, face recognition,
character recognition, Pattern recognition [21-25].

The objective of this paper is to provide a state art of review
on artificial intelligence method in corrosion prediction and
detection within the period of 2017-2022. Table 1 is
represented the review corresponding to the review protocol.
A number of 153 notable works on this issue have already
been found after a search of the selected databases and the
compilation of a list of literatures. These papers were
evaluated within the parameters of the research, wherein 48
studies were chosen for further analysis in this work.

The discussion in this paper is divided into two divisions.
First division, a description on artificial intelligence and their
branches such as; pattern recognition, machine learning and
deep learning is elaborated. Second division of this paper,
Artificial intelligence approaches in corrosion detection and
prediction is elaborated.

Table 1 description scope of bodies within the body of
literature

Subject Description
Database The Web of Science (WoS),
Scopus,
ScienceDirect,
IEEE
“artificial Intelligence +
corrosion+ detection”,
Keywords “artificial + intelligence” and
“current + trends”.
Type of publications Journal & conference paper
Publication English
language
Time interval 2017-2022

2. Artificial Intelligence

Artificial intelligence (Al) is the capability of a machine to
mimic human behavior, respond perceptively, solve
problem and make decision automatically without human

interference or with less human interference. The main
objective if Al research involve automated planning, natural
language processing, perception, general intelligence,
knowledge representation and robotic [26-30]. Numerous
Al branches, such as Machine learning (ML), deep learning,
pattern recognition (PR), evolutionary computation, neural
networks, expert  system, discriminant  analysis,
metaheuristic optimization, swarm optimization, image
processing, computer vision have been used in marine
research. Among those technologies pattern recognition,
deep learning and machine learning are the most reliable
and efficient method in the field of corrosion engineering
[31]. In this section we have illustrate the technical
background of main Al braches such as, pattern recognition
(PR), Machine learning (ML) and Deep learning. Figure 1
presents the different intelligent technique and their
correlation.
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Figure 1: Al téﬁ(':ﬁr'iriques interrelation [20]

2.1. Pattern Recognition

The main objectives of pattern recognition are to classify
object into a category or a number of classes. The objects
could be signals, speech, images, handwriting; it depends
on the application. A pattern is represented by a number of
features. To create decision boundaries between pattern
classes statistical theory are applied. The recognition system
in pattern recognition consists of two modes such as,
learning (training) and classification (testing) as illustrated
in fig 2. In the training mode, the appropriate features for
representing the input patterns are exposed by means of the
selection module/ feature extraction, and the classifier is
trained to partition the feature space. Using the trained
classifier, input patterns are assigned to one of the classes,
while the designed classifier's performance, such as, system
evaluation module evaluates the classification error rate.
Generally, Pattern Recognition can be classified into two
categories, Supervised pattern recognition and unsupervised
pattern recognition. In Supervised pattern recognition a set
of labelled training samples are available but in
unsupervised pattern recognition the training data are not
levelled additionally there is no preceding information
concerning on class level. Unsupervised PR also called
clustering.
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2.2. Machine Learning

Machine learning is a subdivision of Artificial
Intelligence. The objective of machine learning is to
construct and develop of mathematical models which can be
trained deprived of comprehensive knowledge [32]. The
main objectives to enable intelligent decision-making, ML
is used to create and evolve mathematical models that can
be taught without having complete knowledge of all the
influencing external factors. [33-36]. Additionally, these
methods trained by given data and capable to solve
problems without or with minimum human intervention and
predict the future actions utilizing complex learning and
predicting algorithm [37-41]. These models can be
predictive to make decisions, learn from data, or do both.
[42,43]. ML models are successfully utilized in numerous
fields of research such as, Computational finance [44,45],
image and speech processing [46-48], energy production
[49,50], hydrology [51,52], computational biology [53,54],
over few decades and bring significant advancement in
science and engineering along with developments in quality
of our daily life.
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- No feedback

- Tasks: association, clustering
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- Able to predict outcome/future
- Has a direct feedback

- Tasks: classification, regression

Figure 3: machine learning categories [55]

2.3. Deep Learning

Deep learning is one of the subdivision of machine
learning. Fundamentally a neural network that has three or
more than three layers. A single layer can make predictions
but additional hidden layer assists to enhance and improve
the correctness. These neural networks capable to learn
from big data and act as human brain. Deep learning
technology are applied in many areas such as; law
enforcement, finance, customer service, engineering
technology application.
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3. Al METHODS
MONITORING

In this chapter we have illustrated a basic introduction
about corrosion and the brief explanation of corrosion
monitoring methods.

IN CORROSION

3.1. Corrosion:

Corrosion is a natural phenomenon [56]. happens when
metallic materials gradually convert into undesirable
substances such as hydrogen, oxygen, bacteria and
electrical current, due to the chemical and electrochemical
response to the encompassing environment Moreover,
corrosion is inevitable and susceptible to the degradation of
metallic materials [57]. The anodic and cathodic of
electrochemical reactions are involved to create corrosion
process [58]. Corrosion is categorized according to the
environment exposure and attack morphology. General or
uniform attack, galvanic or two-metal corrosion, pitting,
intergranular  corrosion, selective leaching, erosion
corrosion, and stress-corrosion cracking are the eight types
of corrosion [59].

3.2. The infrared thermography:

Infrared thermography is common computer vision and
image processing approaches for corrosion detection
[60-62]. These methods produce better accurate and
resolution corrosion detection because of recently
developed infrared detector. The developing and monitoring
cost is deducted but thermal image can be interrupted due to
low signal strength and noise. This technique records the
electromagnetic energy emits by metallic materials. Then,
corrosion patterns can be located from the thermal images.
Application of thermography-based techniques applied in
optical [63], laser [64], induction [65] and microwave [66],
photovoltaic (PV) electroluminescence module [67] for
crack and corrosion detections on pipelines energy, surface
inspection, practically, source, etc. however, each of these
methods have limitation regarding their energy, surface
inspection, practically, source, etc.

3.3. Rules of hull girder:

Used by applied by [68] to detect the corrosion effect in
bulk carrier. That method was able to detect the corrosion
as a predictive maintenance method which significantly
reduce the corrosion effect on the ship hull. The limitation
of this method are, insufficient historical data can be effect
the sensitivity of the model maintenance planning. Even the
prediction model is accurate unplanned and unexpected
behavior can be occurred.

3.4. Texture Analysis:

Texture analysis has been used in [69-72] This a one kind
of image processing techniques and to object classification
computer vision is used. Texture analysis improves
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classification results by reducing errors for isolated data
detection.it can accomplish an accurate detection,
recognition and classification of corroded regions in the
images. Additionally, texture analysis is capable to identify
the corrosion and non-corrosion regions [73,74].
Application of SVM; water pipelines [75], underwater
pipelines [76], steel bars [77], bridge cables [78], equipment
[79], aircraft structures [80], wind turbine blades [81] and
many more.

3.5. Extreme Value Analysis (EVA):

The real-time data of degradation process from the
inspection reports were used to develop a prediction model
by considering the peaks over threshold (POT) [82]. The
main purpose of this model is to make prediction of the
depth of pits that required immediate maintenance.
Achieved a high performance in detecting and assessing
corrosion failures. However, might require fine-tuning and
parameterization for assessing multiple sections of
corrosion failure.

3.6. Expected Behavior (EB):

This model can be used as indirect method of any
corrosion model [83]. It is able to detect specific fault
parameters such as air pressure and gas temperature.
However, the well-maintained ship was inevitable due to
the occurrence failures which can exhibit energy efficiency,
safety and reliability. Such condition can contribute to
corrosion and fouling in the turbocharger and nozzle ring of
the vessel.

3.7. Non-destructive methods:

The purpose of non-destructive testing to corrosion
detection is to inspect and evaluate the materials without
affecting its serviceability. The common method of
non-destructive approaches such as [84,85]; Acoustic
emission used to real large-scale structure [86], fracture
propagation [87,88], carbon steel welding join [89],
monitored pitting corrosion of stainless steel [90,91],
accelerated corrosion testing [92]. magnetic flux leakage
[93] and magnetic perturbation techniques [94] for
detecting the corrosion in pipelines, guided waves [95] to
detection of corrosion under insulation where reflections of
guided waves and their arrival time reveals the presence of
defects and their axial location. Long Range Ultrasonic
Testing (LRUT) for long distance pipeline inspection [96],
eddy current to detect stress corrosion in gas transmission
pipes [97]. A comparison of different non-destructive
testing techniques for corrosion monitoring is given below
(see Table 2). Others corrosion detection methods
illustrated in table 3.

Table 2: Non-destructive testing techniques comparison
for corrosion monitoring [1]

Corrosion Advantages Limitations
monitoring
technique
Vision Based | Reliable Monitoring | Off-line Processing.
Inspection Inexpensive. Computationally
Expensive. Limited
Access Issues.
Magnetic Flux | Active type NDT, | Limited to
Leakage Fast surface and | ferromagnetic
sub- surface | materials.
inspection, Alignment between
Relatively magnetic. flux and
Inexpensive. defects are
necessary.
Guided waves | Active type, NDT | High frequency
Based Inspection On-line Monitoring. | Ultrasonic.  waves
are required.
Cross-talk issues
Expensive.
Radiographic Active type NDT, | Safety Hazards
Inspection Not  limited by | Expensive.
Material type, | Required
Accurate and | Interpretation for
Reliable. Results.
Acoustic Emission | Passive type NDT, | Interpretation of AE
On-line Monitoring, | is important.
Relatively
Inexpensive.
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3.8. Framework of Impressed Current Cathodic
Protection (ICCP):

ICCP is a kind of knowledge-based model to predict
corrosion behavior. In order to established this model
machine learning and historical data are utilized [98]
evaluate it with survival, regression and classification
analysis. This model applied to estimate and detect the
corrosion progress and maintenance time in a result it was
able to create an external corrosion prevention mechanism
for an effective corrosion control. In order to develop this
model many Al approached are used which can create
complexity for this model.

3.9. UHF RFID (Ultra High Frequency Radio Frequency
Identification:

This model used in marine environment to detect corrosion
on steel [99]. The UHF RFID sensor detected the corrosion
area by calculating the difference between the steel layer
and the concrete moisture degree. Proposed method was
capable to monitor and control the mass loss of steel by
detecting corrosion status. To develop accurate model a
sensor network development is essential.




Md Mahadi et al., / Journal of Engineering and Science Research, 7(1) 2023, Pages: 17-21

Ref Method Description

[100] Artificial Neural Network Concrete corrosion monitoring in swage system.
To predict the metal loss BP-NN (Back Propagation Neural
Network) with sigmoidal activation function was trained.
To detect pitting corrosion in steel reinforced concrete.

[101] Hybrid Machine Learning Algorithms To find corrosion rate in gas pipeline.

[102] Electrochemical Noise (EN) To find pitting, uniform and passivation Corrosion rate.

[103-105] Magnetic Resonance Imaging (MRI) For corrosion analysis.

[106] Fitting Neural Network (FNN) Investigate of corrosion rate in subsea pipeline.

[107] Thermal Spraying Method To assess the corrosion mechanism and coatings.

[108] A Wasserstein distance-based analogous method | To predict distribution of non-uniform corrosion on reinforcements
in concrete.

[109] Fourier transform and Gaussian filter Monitor and predict the corrosion degree

[110] Python-based Deep Learning Approach Automatic metal corrosion (rust) detection.

[111,112] Two Weak Classifiers Automatically detect corrosion in storage tanks, vessels and on
pipelines.

[113] HSI (Hue, Saturation and Intensity) Applied for corrosion detection.

[114] The hybrid wavelet packet transforms For carbon-steel pipeline corrosion detection.

[115] Wavelet image coefficient To determine the atmospheric corrosion characteristics.

[116] SOM (Self-Organizing Map) To investigate the deteriorations of corrosion-induced crack and
rebar corrosion.

[117] SOM-based neural network Corrosion evolution analysis and identification mechanism of
restressed steel.

[118] Hybrid Intelligent Algorithm Method Predicts the corrosion rate of the multiphase flow pipeline.

[119] Convolutional Neural Network Hull structural plate corrosion damage detection.

[120] Tree-based Ensemble, Predicted the corrosion and stress corrosion cracking 81 %

. . 0 .
Kernel-based Technique accuracy using ens_emble techniques and 87 % accuracy using the

kernel-based technique.

[121] Feed-Forward Artificial Neural Network Predict corrosion in offshore pipeline.

(FFANN), Principal Component Analysis-
Gradient Boosting Machine (PCA-GBM)

[122] CorrDetector Structural corrosion detection from drone
images

[123] Wavelet Analysis To determine the effect of nitrogen for pitting corrosion.

[124] The Hybrid Metaheuristic For real-time tracking of corrosion in steel rebar.

Regression Model

[125] Automated Method To identify corrosion mechanism by obtaining a set of historical
data.

[126, 127] Single Support Vectors Regression (SVR) Predicting the corrosion rate of 3C steel in five different seawater
environments.

[128] Phenomenological Model Pitting corrosion of steel in concrete.

4. Advantages and Challenges

In this chapter the advantages and challenges of corrosion
monitoring method is discussed.

Sometimes detection of corrosion is very dangerous and
harmful for the people such as sewage pipes. In terms of
sewage pipes, it is critical to address the challenges of
assessing and maintaining corrosion in situ. The sewage
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pipes contain many bacteria and other microorganisms that
are settling inside which can pose health threats to the
corrosion inspectors because of the practical approaches.
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structures, the most affected area is engine room, ship hull
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builders, wastewater pipelines to oil and gas pipelines. In
this paper, the state-of-the-art artificial intelligence
approaches have been assessed and summarized in relation
to corrosion monitoring. Fundamentals, limitations and
advantages of these approaches has been illustrated. Most
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corrosion.

Acknowledgements

The authors would like to acknowledge the Ministry of
Higher Education Malaysia (MOHE) and Universiti
Malaysia Terengganu (UMT) for funding this research
through:

1. Talent and Publication Enhancement — Research Grant

2020 (TAPE-RG 2020/Vot 55229).
2. Fundamental  Research  Grant

(FRGS/1/2022/TKO7/UMT/02/5).

Scheme 2022

22

[1]

[2]

(3]

(4]

[5]

(6]

(71
(8]

[9]

[10]

[11]

[12]

[13]

[14]

[18]

[16]

[17]

[18]

Muhammad F. S., Khurram K., Faheem R., Salman S.,
Hassan Z., Kashif K., Corrosion detection and severity level
prediction using acoustic emission and machine learning
based approach, Ain Shams Engineering Journal, Volume 12,
Issue 4, 2021, Pages 3891-3903,
https://doi.org/10.1016/j.asej.2021.03.024.

E.J. Schindelholz, M.A. Melia, J.M. Rodelas, Corrosion of
additively manufactured stainless steels—process, structure,
performance: A review, Corrosion 77 (2021) 484-503

Sun, P., Wang, Z., Lu, Y., Shen, S., Yang, R., Xue, A., Parker,
T., Wang, J., & Wang, Q. (2020). Analysis of the corrosion
failure of a semiconductor polycrystalline distillation column.
Process Safety and Environmental Protection, 135, 244-256
NACE - National Association of Corrosion Engineers.
NACE SP0294-2006: Standard practice — Design, fabrication,
and inspection of storage tank systems for concentrated fresh
and process sulfuric acid and oleum at ambient temperatures.
Houston; 2006. 42p.

Koch, G., Varney, J., Thopson, N., Moghissi, O., Gould, M.,
Payer, J., 2016. International Measures of Prevention,
Application, and Economics of Corrosion Technologies
Study. NACE Int., pp. 1-216

T. Nakai, H. Matsushita, N. Yamamoto, Effect of pitting
corrosion on the ultimate strength of steel plates subjected to
in-plane compression and bending, J. Mar. Sci. Technol. 11 (1)
(2006) 52—64.

TSCF, Guidance Manual for Tank Structures. Tanker
Structure Cooperative Forum, Witherby, London, 1997.

H. Emi, M. Yuasa, A. Kumano, H. Kumamoto, N. Yamamoto,
M. Matsunaga, A study on life assessment ofships and
off-shore structures: 2nd report: risk assessment of fatigue
failures of hull structures, J. Jpn. Soc. Nav. Archit. Ocean.
Eng. 172 (1992) 627-635.

M. Khayatazad, L. De Pue, W. De Waele, Detection of
corrosion on steel structures using automated image
processing, Developments in the Built Environment, Volume
3, 2020, 100022, https://doi.org/10.1016/j.dibe.2020.100022
Wu, D., Birge, J.R., 2016. Risk intelligence in big data era: a
review and introduction to special issue. IEEE Trans. Cybern.
46, 1718-1720.

Agarwala, Vinod S., Perry L. Reed, and Siraj Ahmad.
Corrosion detection and monitoring-A review. CORROSION
2000. NACE International; 2000.

Schmitt Gunter. Global needs for knowledge dissemination,
research, and development in materials deterioration and
corrosion control. New York: World Corrosion Organization;
2009.

A. Sharon, D. ltzhak, the environmental behavior of SAE
304L stainless steel sintered in the presence of a copper base
additive, Mater. Sci. Eng. A 224 (1) (1997) 177-186.

Yuan Yao, Yang Yang, Yanpeng Wang, Xuefeng Zhao,
Artificial intelligence-based hull structural plate corrosion
damage detection and recognition using convolutional neural
network, Applied Ocean Research, Volume 90, 2019, 101823,
https://doi.org/10.1016/j.apor.2019.05.008.

R.S. Patwardhan, H.A. Hamadah, K.M. Patel, R.H. Hafiz,
M.M. Al-Gwaiz, Applications of advanced analytics at Saudi
Aramco: A practitioners’ perspective, Ind. Eng. Chem. Res.
58 (2019) 11338-11351.

P. Rudling, A. Strasser, F. Garzarolli, L. van Swam, Welding
of Zirconium alloys, IZNA?7 special topic report Welding of
Zirconium Alloys2007

C. Volker, S. Kruschwitz, G. Ebell, A machine
learning-based data fusion approach for improved corrosion
testing, Surv. Geophys. 41 (2020) 531-548.

P.O. Dral, O.A. von Lilienfeld, W. Thiel, Machine learning of
parameters for accurate semiempirical quantum chemical



[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

Md Mahadi et al., / Journal of Engineering and Science Research, 7(1) 2023, Pages: 17-21

calculations, J. Chem. Theory Comput. 11 (2015) 2120-2125.
C.T. Ser, P. Zuvela, M.W. Wong, Prediction of corrosion
inhibition efficiency of pyridines and quinolines on an iron
surface using machine learning-powered quantitative
structure-property relationships, Appl. Surf. Sci. 512 (2020)
145612.

Hadi Salehi, Rigoberto Burguefio, Emerging artificial
intelligence methods in structural engineering, Engineering
Structures, Volume 171, 2018, Pages 170-189,

Y. LeCun, Y. Bengio, G. Hinton, Deep learning, Nature 521
(7553) (2015) 436-444.

Y. LeCun, L. Bottou, Y. Bengio, P. Haffner, Gradient-based
learning applied to document recognition, Proc. IEEE 86 (11)
(1998) 2278-2324.

Y. Li, G. Wang, L. Nie, Q. Wang, W. Tan, Distance metric
optimization driven convolutional neural network for age
invariant face recognition, Pattern Rec. 75 (2017) 46.

M. Jaderberg, A. Vedaldi, A. Zisserman, Deep features for
text spotting, Eur. Conf. Comput. Vis. 8692 (2014) 512-528.
H.H. Aghdam, E.J. Heravi, D. Puig, A practical approach for
detection and classification of traffic signs using
convolutional neural networks, Rob. Auton. Syst. 84 (2016)
97-112.

Bezdek J. What is computational intelligence? comput intell
imitating life. In: Zurada JM, Marks Il RJ, Robinson CJ,
editors. IEEE Press; 1994. p. 1-12.

Artificial Intelligence. A new synthesis. Elsevier 1998.
http://dx.doi.org/10.1016/ C2009-0-27773-7.

Computational intelligence: a logical approach. Choice Rev
Online 1998;35:35-5701-35-5701.
doi:http://dx.doi.org/10.5860/CHOICE.35-5701.

Kurzweil R. The age of spiritual machines: When computers
exceed human intelligence. New York, NY: Penguin Books;
2000.

Luger GF. Artificial intelligence: Structures and strategies for
complex problem solving. 6th ed. Boston: Pearson; 2008.
Hadi Salehi, Rigoberto Burguefio, Emerging artificial
intelligence methods in structural engineering, Engineering
Structures, Volume 171, 2018, Pages 170-189,
https://doi.org/10.1016/j.engstruct.2018.05.084.

Y. Reich, Machine learning techniques for civil engineering
problems, Comput.-Aided Civ. Infrastruct. Eng. 12 (1997)
295-310.

H. Wang, W. Zhang, F. Sun, W. Zhang, A comparison study
of machine learning based algorithms for fatigue crack
growth calculation, Materials 10 (2017) 543.

R. Bekkerman, M. Bilenko, J. Langford, Scaling up machine
learning: Introduction, Scaling up Machine Learning: Parallel
and Distributed Approaches; Bekkerman, R., Bilenko, M.,
Langford, J., Eds, DOI (2012) 1-22.

V. Cherkassky, F.M. Mulier, Learning from data: concepts,
theory, and methods, John Wiley & Sons, 2007.

W.Z. Taffese, E. Sistonen, Machine learning for durability
and service-life assessment of reinforced concrete structures:
recent advances and future directions, Autom. Constr. 77
(2017) 1-14.

Duda RO, Hart PE, Stork DG. Pattern classification. 2nd ed.
New York: Wileylnterscience; 2000.

Theodoridis S, Koutroumbas K. Pattern recognition. 4th ed.
Elsevier; 2008.

V. Karbhari, L.S.-W. Lee, Vibration-based damage detection
techniques for structural health monitoring of civil
infrastructure systems, Structural health monitoring of civil
infrastructure systems, Elsevier 2009, pp. 177-212.

Y. Reich, Machine learning techniques for civil engineering
problems, Comput.-Aided Civ. Infrastruct. Eng. 12 (1997)
295-310.

K.P. Murphy, Machine learning: a probabilistic perspective,

23

[42]
[43]

[44]

[45]

[46]

[47]
[48]

[49]

[50]

[51]

[52]

[53]

[54]

[58]

[56]

[57]

[58]

[59]

[60]

[61]

MIT Press, 2012.

Bishop C. Pattern recognition and machine learning. N Y:
Springer; 2007.

Cherkassky V, Mulier FM. Learning from data: concepts,
theory, and methods. John Wiley & Sons; 2007.

A. Takeda, T. Kanamori, Using financial risk measures for
analyzing generalization performance of machine learning
models, Neural networks 57 (2014) 29-38.

M.-J. Kim, D.-K. Kang, Ensemble with neural networks for
bankruptcy prediction, Expert Syst. Appl. 37 (2010)
3373-3379.

K. Di, W. Li, Z. Yue, Y. Sun, Y. Liu, A machine learning
approach to crater detection from topographic data, Adv.
Space Res. 54 (2014) 2419-2429.

G. Dede, M.H. Sazli, Speech recognition with artificial neural
networks, Digital Signal Process. 20 (2010) 763-768.

Duda RO, Hart PE, Stork DG. Pattern classification. 2nd ed.
New York: WileylInterscience; 2000.

A. Vaughan, S.V. Bohac, Real-time, adaptive machine
learning for nonstationary, near chaotic gasoline engine
combustion time series, Neural Networks 70 (2015) 18-26.
A. Kialashaki, J.R. Reisel, Development and validation of
artificial neural network models of the energy demand in the
industrial sector of the United States, Energy 76 (2014)
749-760

K.W. Chau, C. Wu, A hybrid model coupled with singular
spectrum analysis for daily rainfall prediction, J.
Hydroinformatics 12 (2010) 458-473.

X. Chen, Hydrologic connections of a

stream-aquifer-vegetation zone in southcentral Platte River
valley, Nebraska, J. Hydrol. 333 (2007) 554-568.

D. Che, Q. Liu, K. Rasheed, X. Tao, Decision tree and
ensemble learning algorithms with their applications in
bioinformatics, Software tools and algorithms for biological
systems2011, pp. 191-199.

S. Zhang, K.-W. Chau, Dimension reduction using
semi-supervised locally linear embedding for plant leaf
classification, International conference on intelligent
computing, Springer, 2009, pp. 948-955.

Hamdi A. Al-Jamimi, Sadam Al-Azani, Tawfik A. Saleh,
Supervised  machine learning  techniques in the
desulfurization of oil products for environmental protection:
A review, Process Safety and Environmental Protection,
Volume 120, 2018, Pages 57-71,
https://doi.org/10.1016/j.psep.2018.08.021

Shaw, B., & Kelly, R. (2006). What is corrosion?. The
Electrochemical Society Interface, 15(1), 24.

Shi, L., Song, Y., Zhao, P., Wang, H., Dong, K., Shan, D., &
Han, E. H. (2020). Variations of galvanic currents and
corrosion forms of 2024/Q235/304 tri-metallic couple with
multivariable cathode/anode area ratios: Experiments and
modeling. Electrochimica Acta, 359, 136947.

Bitenc, J., Lindahl, N., Vizintin, A., Abdelhamid, M. E.,
Dominko, R., & Johansson, P. (2020). Concept and
electrochemical mechanism of an Al metal anode—organic
cathode battery. Energy Storage Materials, 24, 379-383.
Goyal, M., Kumar, S., Bahadur, I., Verma, C., & Ebenso, E. E.
(2018). Organic corrosion inhibitors for industrial cleaning of
ferrous and non-ferrous metals in acidic solutions: A review.
Journal of Molecular Liquids, 256, 565-573.
Doshvarpassand, S., Wu, C., & Wang, X. (2019). An
overview of corrosion defect characterization using active
infrared thermography. Infrared Physics and Technology, 96,
366-389.

Zhang, X., Saniie, J., & Heifetz, A. (2020). Detection of
defects in additively manufactured stainless steel 316L with
compact infrared camera and machine learning algorithms.
JOM, 72(12), 4244-4253.



[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

(78]

[76]

(7]

[78]

[79]

Md Mahadi et al., / Journal of Engineering and Science Research, 7(1) 2023, Pages: 17-25

Omar, T., Nehdi, M. L., & Zayed, T. (2018). Infrared
thermography model for automated detection of delamination
in RC bridge decks. Construction and Building Materials, 168,
313-327.

Zhao, Y., Addepalli, S., Sirikham, A., & Roy, R. (2018). A
confidence map based damage assessment approach using
pulsed thermographic inspection. NDT and E International,
93, 86-97.

Park, J., Han, H. S., Park, J., Seo, H., Edwards, J., Kim, Y. C.,
Ok, M. R., Seok, H. K., & Jeon, H. (2018). Corrosion
behavior of biodegradable Mg-based alloys via femtosecond
laser surface melting. Applied Surface Science, 448, 424-434.
Wang, L., Dai, L., Bian, H., Ma, Y., & Zhang, J. (2019).
Concrete cracking prediction under combined prestress and
strand corrosion. Structure and Infrastructure Engineering,
15(3), 285-295.

Nair, R. B., Arora, H. S., & Grewal, H. S. (2019). Microwave
synthesized complex concentrated alloy coatings: plausible
solution to cavitation induced erosion-corrosion. Ultrasonics
Sonochemistry, 50, 114-125.

Karimi, A. M., Fada, J. S., Hossain, M. A, Yang, S., Peshek,
T.J.,Braid, J. L., & French, R. H. (2019). Automated pipeline
for photovoltaic module electroluminescence image
processing and degradation feature classification. IEEE
Journal of Photovoltaics, 9(5), 1324-1335.

Vu, V. T., & Dong, D. T. (2020). Hull girder ultimate strength
assessment considering local corrosion. Journal of Marine
Science and Application, 19(4), 693-704.

Key, J. W., & Kacher, J. (2021). Establishing first order
correlations between pitting corrosion initiation and local
microstructure in AA5083 using automated image analysis.
Materials Characterization, 178, 111237.

Atha, D. J., & Jahanshahi, M. R. (2018). Evaluation of deep
learning approaches based on convolutional neural networks
for corrosion detection. Structural Health Monitoring, 17(5),
1110-1128.

Prithivirajan, S., Narendranath, S., & Desai, V. (2020).
Analysing the combined effect of crystallographic orientation
and grain refinement on mechanical properties and corrosion
behaviour of ECAPed ZE41 Mg alloy. Journal of Magnesium
and Alloys, 8(4), 1128-1143.

Bondada, V., Pratihar, D. K., & Kumar, C. S. (2018).
Detection and quantitative assessment of corrosion on
pipelines through image analysis. Procedia Computer Science,
133, 804-811.

Li, J., Liu, H., Shi, L., & Lan, J. (2020). Imaging feature
analysis-based intelligent laser cleaning using metal color
difference and dynamic weight dispatch corrosion texture.
Photonics, 7(4), 1-17.

Li, M., Duan, Y., He, X,, & Yang, M. (2022). Image
positioning and identification method and system for coal and
gangue sorting robot. International Journal of Coal
Preparation and Utilization, 42(6), 1759-1777.

Ramkumar, G. (2022). Hybrid model for detection of
corrosion in water pipeline images using CNN and comparing
accuracy with SVM. ECS Transactions, 107(1), 13861.
Hong, X., Huang, L., Gong, S., & Xiao, G. (2021). Shedding
damage detection of metal underwater pipeline external
anticorrosive coating by ultrasonic imaging based on HOG +
SVM. Journal of Marine Science and Engineering, 9(4), 364.
Lv, Y.J., Wang, J. W., Wang, J., Xiong, C., Zou, L., Li, L., &
Li, D. W. (2020). Steel corrosion prediction based on support
vector machines. Chaos, Solitons and Fractals, 136, 109807.
Li, X., Guo, Y. & Li, Y. (2019). Particle swarm
optimization-based SVM for classification of cable surface
defects of the cable-stayed bridges. IEEE Access, 8,
44485-44492.

Yang, J., Li, R., Chen, L., Hu, Y., & Dou, Z. (2022). Research

24

[80]

[81]

[82]

[83]

[84]

[85]

[86]

[87]

(88]

[89]

[90]

[91]

[92]

[93]

[94]

[98]

[96]

[97]

[98]

[99]

on equipment corrosion diagnosis method and prediction
model driven by data. Process Safety and Environmental
Protection, 158, 418-431.

Le, M., Luong, V. S., Nguyen, D. K,, Le, D. K., & Lee, J.
(2022). Auto-detection of hidden corrosion in an aircraft
structure by electromagnetic testing: a machine-learning
approach. Applied Sciences, 12(10), 5175.

Deng, L., Guo, Y., & Chai, B. (2021). Defect detection on a
wind turbine blade based on digital image processing.
Processes, 9(8), 1452.

Yarveisy, R., Khan, F., & Abbassi, R. (2022). Data-driven
predictive corrosion failure model for maintenance planning
of process systems. Computers & Chemical Engineering, 157,
107612.

Cheliotis, M., Lazakis, I., & Theotokatos, G. (2020). Machine
learning and data-driven fault detection for ship systems
operations. Ocean Engineering, 216, 107968.

Blitz Jack. Electrical and magnetic methods of
non-destructive testing, Vol. 3. Springer Science & Business
Media; 2012.

Hellier, Charles. Handbook of nondestructive evaluation;
2001.

Grosse Christian U, Ohtsu  Masayasu, editors.
Acoustic  emission testing. Springer Science & Business
Media; 2008.

Carpinteri Al, Lacidogna G, Pugno N. Structural damage

diagnosis and life-time assessment by acoustic emission
monitoring. Eng Fract Mech 2007;74(1- 2):273-89.
Carpinteri A et al. Cracking and crackling in concrete-like
materials: A dynamic energy balance. Eng Fract Mech
2016;155:130-44.

Droubi Mohamad G et al. Acoustic emission method for
defect detection and identification in carbon steel welded
joints. J Constr Steel Res 2017;134:28-37.

Wu Kaige, Jung Woo-Sang, Byeon Jai-Won. Acoustic
emission of hydrogen bubbles on the counter electrode during
pitting corrosion of 304 stainless steel. Mater Trans
2015;56(4):587-92.

Prateepasen A. Pitting corrosion monitoring using acoustic
emission. INTECH Open Access Publisher 2012.

Patil, Shilpa, Shweta Goyal, Bilavari Karkare. Performance
evaluation of accelerated corrosion techniques using
electrochemical measurements and acoustic emission
parameters. In: Prognostics and Health Management
(ICPHM), 2016 IEEE International Conference on. IEEE;
2016.

Gloria NBS et al. Development of a magnetic sensor for
detection and sizing of internal pipeline corrosion defects.
NDT E Int 2009;42(8):669-77.

Van der Veer P. Internal corrosion in small-diameter,
heavy-wall pipelines: a critical phenomenon and how to
measure it. Corros Prevent Control 2000;47 (4):103-6.
Raghavan Ajay, Cesnik Carlos ES. Review of guided-wave
structural health monitoring. Shock Vibration Digest
2007;39(2):91-116.

Mokhles M, Ghavipanjeh Ch, Tamimi A. The use of
ultrasonic guided waves for extended pipeline qualification
prediction. SINCE2013: Singapore International NDT
Conference & Exhibition, Marina Bay Sands, Singapore;
2013.

Kim D, Udpa L, Udpa S. Remote field eddy current testing for
detection of stress corrosion cracks in gas transmission
pipelines. Mater Lett 2004;58 (15):2102—4.

Rossouw, E., & Doorsamy, W. (2021). Predictive
Maintenance Framework for Cathodic Protection Systems
Using Data Analytics. Energies, 14(18), 5805.

Bouzaffour, K., Lescop, B., Talbot, P., Gallée, F., & Rioual, S.
(2021). Development of an embedded UHF-RFID corrosion



Md Mahadi et al., / Journal of Engineering and Science Research, 7(1) 2023, Pages: 17-21

sensor for monitoring corrosion of steel in concrete. IEEE
Sensors Journal, 21(10), 12306-12312.

[100] Shi, X., Nguyen, T.A., Kumar, P., Liu, Y. 2011. A
phenomenological model for the chloride threshold of pitting
corrosion of steel in simulated concrete pore solutions. Anti-
Corros. Methods Mater. 58, 179-189.

[101] Liao Kexi et al. A numerical corrosion rate prediction method
for direct assessment of wet gas gathering pipelines internal
corrosion. Energies 2012;5 (10):3892-907

[102] Jian Li et al. Determination of corrosion types from
electrochemical noise by artificial neural networks. Int J
Electrochem Sci 2013;8:2365-77.

[103] Ulum, M. F., Caesarendra, W., Alavi, R., & Hermawan, H.
(2019). In-vivo corrosion characterization and assessment of
absorbable metal implants. Coatings, 9(5), 282.

[104] Saadi, S. B., Ranjbarzadeh, R., Amirabadi, A., Ghoushchi, S.
J., Kazemi, O., Azadikhah, S., & Bendechache, M. (2021).
Osteolysis: a literature review of basic science and potential
computer-based image processing detection methods.
Computational Intelligence and Neuroscience, 2021, 1-21.

[105] David, D. S. (2019). Parasagittal meningioma brain tumor
classification system based on MRI images and multi phase
level set formulation. Biomedical and Pharmacology Journal,
12(2), 939-946.

[106] De Masi, Giulia, et al. Machine learning approach to
corrosion assessment in subsea pipelines. OCEANS
2015-Genova. IEEE; 2015.

[107] Lee, H. S., Singh, J. K., Ismail, M. A., Bhattacharya, C., Seikh,
A. H., Alharthi, N., & Hussain, R. R. (2019). Corrosion
mechanism and kinetics of Al-Zn coating deposited by arc
thermal spraying process in saline solution at prolong
exposure periods. Scientific Reports, 9(1), 1-17.

[108] Qifang Liu, Ray Kai Leung Su, A Wasserstein distance-based
analogous method to predict distribution of non-uniform
corrosion on reinforcements in concrete, Construction and
Building Materials, Volume 226, 2019, Pages 965-975, ISSN
0950-0618,
https://doi.org/10.1016/j.conbuildmat.2019.07.343.

[109] Al-Hameedawi, M. M., Thabit, J. M., Al-Menshed, F. H., &
Conyers, L. (2022). Integrating electrical resistivity
tomography and ground-penetrating radar methods to map
archaeological walls near northern Ishtar gate, ancient
Babylon city, Irag. Archaeological Prospection, 29(2),
293-304.

[110] Petricca, L., Moss, T., Figueroa, G., Broen, S., 2016.
Corrosion detection using A.l : a comparison of standard
computer vision techniques and deep learning model. Comput.
Sci. Inf. Technol. (CS IT) 91-99

[111] Bonnin-Pascual, F., Ortiz, A., 2014. “Corrosion Detection for
Automated Visual Inspection,” in Developments In Corrosion
Protection. INTECH, pp. 619-632.

[112] Medeiros, F.N.S., Ramalho, G.L.B., Bento, M.P., Medeiros,
L.C.L., 2010. On the evaluation of texture and color features
for nondestructive corrosion detection. EURASIP J. Appl.
Signal Process. 2010

[113] Xiong, J., Yu, D., Wang, Q., Shu, L., Cen, J., Liang, Q., Chen,
H., & Sun, B. (2021). Application of histogram equalization
for image enhancement in corrosion areas. Shock and
Vibration, 2021, 1-13

[114] May, Z., Alam, M. K., Nayan, N. A., Rahman, N. A. I. A., &
Mahmud, M. S. (2021). Acoustic emission corrosion feature
extraction and severity prediction using hybrid wavelet
packet transform and linear support vector classifier. Plos
One, 16(12), €0261040

[115]Wu, G. L., Zhong, Y., Ren, X., Hao, J., Wang, Q., & Wang, X.
P. (2019). Atmospheric corrosion state evaluation based on
surface corrosion morphology for electrical metal frame

25

equipment in chongging power grid. Key Engineering
Materials, 815, 89-95.

[116] Tada, Y., Miura, T., & Nakamura, H. (2021). Detection
method of corrosion area of rebar and corrosion induced
internal crack by using electromagnetic wave radar. In Bridge
Maintenance, Safety, Management, Life-Cycle Sustainability
and Innovations (pp. 1672-1679). CRC Press, London.

[117]Li, D., Tan, M., Zhang, S., & Ou, J. (2018). Stress corrosion
damage evolution analysis and mechanism identification for
prestressed steel strands using acoustic emission technique.
Structural Control and Health Monitoring, 25(8), €2189.

[118] Shanbi Peng, Zhe Zhang, Enbin Liu, Wei Liu, Weibiao Qiao,
A new hybrid algorithm model for prediction of internal
corrosion rate of multiphase pipeline, Journal of Natural Gas
Science and Engineering, Volume 85, 2021, 103716,
https://doi.org/10.1016/j.jngse.2020.103716.

[119] Yuan Yao, Yang Yang, Yanpeng Wang, Xuefeng Zhao,
Artificial intelligence-based hull structural plate corrosion
damage detection and recognition using convolutional neural
network, Applied Ocean Research, Volume 90, 2019, 101823,
https://doi.org/10.1016/j.apor.2019.05.008.

[120] P. Rudling, A. Strasser, F. Garzarolli, L. van Swam, Welding
of Zirconium alloys, IZNA?7 special topic report Welding of
Zirconium Alloys2007.

[121] C.l. Ossai, A data-driven machine learning approach for
corrosion risk assessment—a comparative study, Big Data
Cogn. Comput. 3 (2019) 28.

[122] Abdur Rahim Mohammad Forkan, Yong-Bin Kang, Prem
Prakash Jayaraman, Kewen Liao, Rohit Kaul, Graham
Morgan, Rajiv Ranjan, Samir Sinha, CorrDetector: A
framework for structural corrosion detection from drone
images using ensemble deep learning, Expert Systems with
Applications, Volume 193, 2022, 116461,
https://doi.org/10.1016/j.eswa.2021.116461.

[123] Upadhyay, N., Ravi Shankar, A., Singh, S. S., & Anandkumar,
B. (2022). Electrochemical noise studies on the effect of
nitrogen on the pitting corrosion of stainless steel using
wavelet analysis. Corrosion Engineering, Science and
Technology, 2022, 1-11.

[124] Jui-Sheng Chou, Ngoc-Tri Ngo, Wai K. Chong, The use of
artificial intelligence combiners for modeling steel pitting risk
and corrosion rate, Engineering Applications of Artificial
Intelligence, Volume 65, 2017, Pages 471-483,
https://doi.org/10.1016/j.engappai.2016.09.008.

[125]W.C. Tan, P.C. Goh, K.H. Chua, I.-M. Chen, Learning with
corrosion feature: For automated quantitative risk analysis of
corrosion mechanism, in: 2018 IEEE 14th International
Conference on Automation Science and Engineering (CASE),
2018, pp. 1290-1295

[126] Zhang J, Sato T, lai S, Hutchinson T. A pattern recognition
technique for structural identification using observed
vibration signals: Linear case studies. Eng Struct
2008;30:1439-46.

[127] Zhang J, Sato T, lai S, Hutchinson T. A pattern recognition
technique for structural identification using observed
vibration signals: Nonlinear case studies. Eng Struct
2008;30:1417-23.

[128] Shi, X., Nguyen, T.A., Kumar, P., Liu, Y., 2011. A
phenomenological model for the chloride threshold of pitting
corrosion of steel in simulated concrete pore solutions. Anti-
Corros. Methods Mater. 58, 179-189.

[129] Ayob, A. F. M., Jalal, N. I, Hassri, M. H., Rahman, S. A., &
Jamaludin, S. (2020). Neuroevolutionary autonomous surface
vehicle simulation in restricted waters. TransNav, The
International Journal on Marine Navigation and Safety of Sea
Transportation, 14(4), 865-873.



