
ABSTRACT
This chapter provides an overview of corrosion of metals. It describes the general factors that influences metal corrosion. 
Over the years, there have been numerous studies on the rates of corrosion of metals in sea water. From various studies, 
it is now possible to identify the major factors that affect metal corrosion. These factors are metal composition, water 
composition, temperature, marine growth, seabed composition, and extent of water movement. The combined effect of 
all these complex and often interrelated factors is that each object must be considered individually when attempting to 
evaluate its corrosion history or when considering its recovered condition. Till date the available literature on corrosion 
factor prejudiced by the bacteria, which was predominantly focused on Sulfate Reducing Bacteria (SRB) that usually 
reside on sulfate (terminal electron acceptor) because SRB are often found at pitting sites.
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INTRODUCTION

The corrosion is a natural process of degradation that 
converts a refined metal into a more chemically stable 
form which is its natural state. The very serious effects 
of the corrosion process generate problems of global 
significance. Many industries, such as energy, automotive, 
food, chemical, household appliances, brewery, suffer huge 
economic losses (Morsillo and Chico, 2013) because of the 
corrosion damages. Corrosion harms assets; forming pits 
and decreasing mechanical properties in water rotating 
propellers or cavitation, leaks in pipelines transporting 
fluids like water or petroleum, corrosive effects of acid 
rains on metallic and/or non-metallic surfaces etc. 
Some of the effects of corrosion include a significant 

deterioration of natural and historic monuments as well 
as increase the risk of catastrophic equipment failures.

This paper summarizes and proves the theoretical concepts 
of corrosion with practical proofs that are embedded in the 
huge data-sets collected over the years from industry, and 
analyzing the same Using algorithms which can handle 
(Nishimura 2008) big data in different environments. Big 
Data is a term used to describe a collection of data that 
is huge in volume and yet growing exponentially with 
time. In-short such data is so large and complex that 
none of the traditional data management tools are able 
to store it or process it efficiently. Big data is a term that 
describes the large volume of data – both structured and 
unstructured – that inundates a business on a day-to-day 
basis. But it is not the amount of data that is important, 
it is what organizations do with the data that matters. 
Big data can be analyzed for insights that lead to better 
decisions and strategic business moves.

Big Data helps the organizations to create new growth 
opportunities and entirely new categories of companies 
that can combine and analyze industry data. These 
companies have ample information about the products 
and services, buyers and suppliers, consumer preferences 
that can be captured and analyzed. While the term “big 
data” is relatively new, the act of gathering and storing 
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large amounts of information for eventual analysis is 
ages old. The concept gained momentum in the early 
2000s when industry analyst Doug Laney articulated 
the now-mainstream definition of big data as the three 
Vs: Why is big data important? The importance of big 
data does not revolve around how much data a company 
has but how a company utilizes the collected data. Every 
company uses data in its own way; the more efficiently a 
company uses its data, the more potential it has to grow. 
The company can take data from any source and analyze 
it to find answers which will enable: Cost Savings: 
Some tools of Big Data like Hadoop and Cloud-Based 
Analytics can bring cost advantages to business when 
large amounts of data are to be stored and these tools 
also help in identifying more efficient ways of doing 
business. Time Reductions: The high speed of tools like 
Hadoop and in-memory analytics can easily identify 
new sources of data which helps businesses analyzing 
data immediately and make quick decisions based on 
the learnings.

Understand the market conditions: By analyzing big 
data you can get a better understanding of current 
market conditions. For example, by analyzing customers’ 
purchasing behaviors, a company can find out the 
products that are sold the most and produce products 
according to this trend. By this, it can get ahead of its 
competitors. Control online reputation: Big data tools can 
do sentiment analysis. Therefore, you can get feedback 
about who is saying what about your company. If you 
want to monitor and improve the online presence of your 
business, then, big data tools can help in all this. Using 
Big Data Analytics to Boost Customer Acquisition and 
Retention: The customer is the most important asset any 
business depends on. 

There is no single business that can claim success without 
first having to establish a solid customer base. However, 
even with a customer base, a business cannot afford to 
disregard the high competition it faces. If a business is 
slow to learn what customers are looking for, then it is 
very easy to begin offering poor quality products. In 
the end, loss of clientele will result, and this creates an 
adverse overall effect on business success. The use of 
big data allows businesses to observe various customer 
related patterns and trends. Observing customer behavior 
is important to trigger loyalty. Using Big Data Analytics 
to Solve Advertisers Problem and Offer Marketing 
Insights: Big data analytics can help change all business 
operations. This includes the ability to match customer 
expectation, changing company’s product line and 
of course ensuring that the marketing campaigns are 
powerful. Big Data Analytics as a Driver of Innovations 
and Product Development: Another huge advantage of 
big data is the ability to help companies innovate and 
redevelop their products.

Corrosion being a continuous process and data generated 
to document corrosion in terms of its measurements in 
various fluids and under different process conditions 
is huge, Big Data analysis concepts were applied to 
get an insight into the relationship of corrosion (in 

terms of corrosion rates) with different environments. 
The literature review was done in order to establish 
an Understanding of the state-of-the-art research on 
corrosion. From literature survey (Diaz 2013; Hoerle 
2004; Panchenko 2008;Wang 2013) it was found that 
various forms of bacteria create different localized 
environments and hence the corrosion rates with various 
bacteria forms in different environments was sought in 
analyzing the huge corrosion data base. In this paper 
using the real-time data, we extracted the information 
using big data analysis and machine learning concepts 
and hence proved which bacteria is causing what effect in 
which environment and hence giving proper justification 
for the corrosion problem which is theoretical existing 
and matching with the corelated practical proofs to the 
industry sector.

METHODOLOGY

The Multiple Linear Regression (MLR) algorithm is used 
to find the correlation of the corrosion rate and pitting 
rate with other parameters in the data. This algorithm 
takes multiple inputs and generates the output based on 
the parameters to be predicted. Multiple linear regression 
(MLR), also known simply as multiple regression, is 
a statistical technique that uses several explanatory 
variables to predict the outcome of a response variable. 
The goal of multiple linear regression (MLR) is to 
model the linear-relationship between the explanatory 
(independent) variables and response (dependent) 
variable. 

The MLR algorithm we used to find the co relation 
of the corrosion rate and pitting rate with other 
parameters in the data. This algorithm takes multiple 
inputs n gives the output based on the parameter to be 
predicted. Heat maps are used as a means of pictorial 
representation to visualize the data in an efficient and 
understandable manner. This provides the clear picture 
about the correlation between the parameters used in 
the algorithm. According to our dataset, the maps will 
represent the corrosion rate, pitting rate based on the 
impact of bacteria and environment choice.

RESULTS AND DISCUSSION

Following steps were implemented to get the desired 
results, Classification of the dataset according to the 
environment, application of MLR algorithm to each set 
of the dataset obtained, representation of graphs using 
Heat Map Concepts. Dataset is been trained using MLR 
algorithm and visualized it graphically using heat maps 
for every dataset model. Figure 1 and Table 1 shows 
the results and action performed by the bacteria on 
dry-crude. 

Dry Crude (CRD)

The effect of SRB is predominant and it constitutes 
to corrosion rate. Hence it is proved that SRB is most 
dangerous, if present then preventive measures need to 
be taken. When bacteria colony occurs, SRB is the most 
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dangerous bacteria. Figure 3 represents the coupon of dry 
crude. Theoretically the concept exists, and now hence 
proved with analysis as well

its existence in high chloride water and GAnB causes 
very severe pitting corrosion rate.

Figure 1: Heat map of dry crude

Table 1. Dry Crude Corrosion/Pitting Rate

Figure 2: Dry Crude Coupons

Effluent Water (EFW)

The heat map of effluent water is given in Figure 3 and 
the table comprising of corrosion and pitting rate is given 
in Table 2. The table shows the values of various bacteria 
as well. Figure 4 depicts the coupons of effluent water.  
Generally effluent water and produced water have high 
chlorides, due to high “chlorides”, presence of SRB is 
minimum or doesn’t exist. GAB is the main cause and 
next is GAnB, whereas SRB is minimum as it cannot have 

Figure 3: Heat map of effluent water

Table 2. Effluent water Corrosion/Pitting Rate

Figure 4: Coupons of effluent water

Wet Crude (CRW)

Presence of GAnB causes pitting rate of corrosion where 
SRB is minimum in wet crude. This concept was not 
clear in the literature available, now it is proved and 
the concept is clear. The heat map of wet crude is given 
in Figure 5 and the table comprising of corrosion and 
pitting rate is given in Table 3. The table shows the 
values of various bacteria as well. Figure 6 depicts the 
coupons of wet crude.  
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Figure 5: Heat map of wet crude

Table 3. Wet Crude Corrosion/Pitting Rate

Figure 6: Coupons of wet crude

Wet Gas (HGW)

Due to droplet formation, deposits are not formed on the 
coupons as water get condenses. Observations from the 
plot reveal existence of all types of bacteria. SRB effect is 
moderate in presence of high number of colonies of GAB 
and GAnB, which cause very severe pitting corrosion. 
Minimal amounts of solid exist in gas, therefore SRB, 
GAB and GAnB traces are found in the wet gas. The 
heat map of wet gas is given in Figure 7 and the table 
comprising of corrosion and pitting rate is given in Table 
4. The table shows the values of various bacteria as well. 
Figure 8 depicts the coupons of wet gas.

Figure 7: Heat map of wet gas

Table 4. Wet gas Corrosion/Pitting Rate

Figure 8: Coupons of wet gas

Final Effluent Water (FEFW)

Due to the presence of maximum chlorides, both 
corrosion rate and pitting rate is minimal. No traces of 
SRB present. Pitting rate is more due to below mentioned 
two reasons: i) Presence of high chlorides ii) Presence of 
GAnB Hence it can be observed that GAnB is a bad actor, 
and presence of it damages asset integrity. Recorded in 
literature and now proved practically. The heat map of 
final effluent water is given in Figure 9 and the table 
comprising of corrosion and pitting rate is given in Table 
5. The table shows the values of various bacteria as well. 
Figure 10 depicts the coupons of final effluent water.  
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Figure 9 : Heat map of final effluent water

Table 5: Final effluent water Corrosion/Pitting Rate

Figure 10: Coupons of final effluent water

Produced Water (PDW)

The heat map of produced water is given in Figure 
11 and the table comprising of corrosion and pitting 
rate is given in Table 6. The table shows the values of 
various bacteria as well. Figure 12 depicts the coupons 
of produced water. 

Recycled Water (RCW)

The heat maps of recycled water is given in Figure 
13 and the table comprising of corrosion and pitting 
rate is given in Table 7. The table shows the values of 

various bacteria as well. Figure 14 depicts the coupons 
of recycled water.

Figure 11: Heat map of produced water

Table 6. Produced water Corrosion/Pitting Rate

Figure 12: Coupons of produced water

Table 7. Recycled water Corrosion/Pitting Rate
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Figure 13: Heat maps of recycled water

Figure 14: Coupons of recycled water

CONCLUSION

Corrosion analysis justifies that all analysis made are 
accurate with respect to the theory concepts, and the 
observations which are recorded are proved by the 
analysis. GAnb has the predominant effect on pitting rate 
and corrosion rate if present in large number in given 
environment. SRB contributes more to general corrosion 
rate and in presence of GAnB the effect of SRB can be 
minimized. If GAB is present along with SRB, the effect 
of GAnB is further reduced. The factors considered are 
humidity, chloride deposits with respect to corrosion and 
pitting rate. The effort in this paper is to prove the facts 
available in the literature.
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