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Abstract— An imbalanced classification problem is an
example of a classification problem where the distribution of
examples across the known classes is biased or skewed. The
distribution can vary from a slight bias to a severe imbalance
where there is one example in the minority class for hundreds,
thousands, or millions of examples in the majority class or
classes. Imbalanced classifications pose a challenge for
predictive modelling as most of the machine learning
algorithms used for classification were designed around the
assumption of an equal number of examples for each class.
This results in models that have poor predictive performance,
specifically for the minority class. This is a problem because
typically, the minority class is more important and therefore
the problem is more sensitive to classification errors for the
minority class than the majority class. We proposed a model
which handles the imbalanced data and to predict the fault
occurrences and their solution to rectify the fault as well as
updating the new pipeline failure data in the model. In the
industry fault rectification requires much amount of time and
effort, finding the error is also a tedious process. This will
reduce the cost and time efficiency in the oil and gas
production industries.
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I. INTRODUCTION

Imbalanced classification refers to a classification predictive
modeling problem where the number of examples in the
training dataset for each class label is not balanced. Machine
learning in oil & gas can be used to enhance the capabilities
of this increasingly competitive sector. Not only can it help
to streamline the workforce. The technology can also be used
to optimise extraction and deliver accurate models. The future
scope includes analysing the sensor data in the oil and gas
industry to increase monitoring each and every part of the
machineries and machine learning approaches used in the
predictive maintenance to enhance the life of the pipelines
and machineries. The implementation of this concept requires
additional model training to solve complex problems.
Imbalanced data sets in real-world applications have a
majority class with normal instances and a minority class with
abnormal or important instances. The Synthetic minority
over-sampling technique is specifically designed for learning
from imbalanced data sets which gives better machine

II. DOMAIN: MACHINE LEARNING

Machine learning (ML) is the scientific study of algorithms
and statistical models that computer systems use to perform a
specific task without using explicit instructions, relying on
patterns and inference instead. It is seen as a subset of
artificial intelligence. Machine learning algorithms build a
mathematical model based on sample data, known as
"training data", in order to make predictions or decisions
without being explicitly programmed to perform the task.
Machine learning algorithms are used in a wide variety of
applications, such as email filtering and computer vision,
where it is difficult or infeasible to develop a conventional
algorithm for effectively performing the task.Machine
learning is closely related to computational statistics, which
focuses on making predictions using computers.The study of
mathematical optimization delivers methods, theory and
application domains to the field of machine learning. Data
mining is a field of study within machine learning, and
focuses on exploratory data analysis through learning. In its
application across business problems, machine learning is
also referred to as predictive analytics.

I1l.  PROPOSED METHODOLOGY

One of the most noticeable impacts of machine learning in oil
& gas focused industries is how it transforms discovery
processes. Applications employing machine learning in oil &
gas enable computers to quickly and accurately analyse huge
amounts of data. After this information has been gathered and
analysed modern software applications can construct accurate
geological models. By using machine learning in oil & gas in
this manner has allowed engineers to auto-track the working
of all the process. By using machine learning in oil & gas in
this manner has allowed engineers to identify the type of
damage occurs and rectify them more efficiently. In
particular, machine learning algorithms can be used for case-
based reasoning (CBR). This means that the algorithms can
be used to quickly sort through massive databases of recorded
problems. The algorithms are then able to identify similar
cases. Once a similar case, or cases, is identified the software
identifies how the issue has previously been solved. So that
at the time of experienced operators not available or in a hard
situations this algorithm helps other professionals to resolve
the issue with a note and solving videos.
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IV. SCOPE OF THE PROJECT

Imbalanced classification refers to a classification predictive
modeling problem where the number of examples in the
training dataset for each class label is not balanced. Machine
learning in oil & gas can be used to enhance the capabilities
of this increasingly competitive sector. Not only can it help
to streamline the workforce. The technology can also be used
to optimise extraction and deliver accurate models. The future
scope includes analysing the sensor data in the oil and gas
industry to increase monitoring each and every part of the
machineries and machine learning approaches used in the
predictive maintenance to enhance the life of the pipelines
and machineries. The implementation of this concept requires
additional model training to solve complex problems.
Imbalanced data sets in real-world applications have a
majority class with normal instances and a minority class with
abnormal or important instances. The Synthetic minority
over-sampling technique is specifically designed for learning
from imbalanced data sets which gives better machine

A. Advantages

— This allows operatives to predict, accurately, what is
actual reason for the failure.

— This canspeed up problem resolution times, saving
money and improving efficiency.

— Data training using the imbalanced data will be solved
using oversampling approach.

— New type of failures will be trained with professional
knowledge.

— Pastsimilar failure data will be used to predict and rectify
the problem.

— The cause and rectification steps of the project will be
provided to the operator at the resolving time.

B. Disadvantages

— Finding the failures is done by using human knowledge.

— Finding cause and rectification is quite hard.

— Even experienced professionals were struggling to find
the cause of failure.

— Resolving issue will consume much time and cost.

—  Production will be paused at the time of rectification.

C. Block diagram

Modules
— Load Dataset

— Oversampling

— Model Training

— Failure Prediction
— Training new data

D. Load Dataset

In oil and gas industry there are various types of pipes which
is connecting to different places inside the industry to transfer
the extracted oil and gas to different locations inside the
industry. There are faults occurring on the pipelines when
they face certain degradation. In this module we load the
failure dataset to our model to provide training on the
particular dataset. Loading up of the dataset requires some

time due to large amount, after this the training algorithm will
work.

E. Oversampling

The loaded datasets were preprocessed and extracted for the
number of different types of failures. Then the total numbers
of occurrences of the failures were calculated and grouped by
the types. There are lots of imbalanced calculations in the
dataset, So that the oversampling algorithm is applied here. It
will balance the imbalanced dataset type to a proper count
after that it will give for training the model.

F. Model Training

In the module our learning algorithm will get trained on the
training dataset. The loaded dataset will be preprocessed
initially to ensure the integrity of the data. Then the
oversampling is applied. Finally the dataset will be trained to
predict the failure.

G. Failure Prediction

In this module the algorithm will predict the type of failure
which is occurred in the pipelines of the oil and gas industry.
At the time of failure occurrences the operator of the
particular section will search for the solution to resolve the
issue. The operator can interact with the model to fetch the
error. And the solution will be provided.

H. Training new data

In this module, if at any rare case the occurred failure is a new
one, then the new type of failure with their attributes and
solutions will be analyzed, added and trained to the model.
Through this module the training model will adapt new type
of scenarios also.

V. BOTTOMLINE AND FUTURE ENHANCEMENT

Machine learning in oil & gas will not replace manual
operatives entirely. While it will account for some
streamlining, human operatives will still be required. Using
machine learning in oil & gas industries will allow skilled
workers to become more efficient. It can also save them from
conducting needless tasks. Finally adopting more
applications centred on machine learning in oil & gas can
make the industry safer. However, it is necessary and workers
will soon become adept at these skills. Workers who can
properly deliver all these skills will become commonplace.
They will also be best served by machine learning algorithms
that are fed by standardised, quality data. This will yield the
best possible results.

Tasks such as collecting and maintaining data will
fall increasingly on Al and machine learning, in oil & gas as
well as other industries. While this will allow for a
standardised information base to be created it won’t
completely negate the need for human workers. Machine
learning in oil & gas will not only improve the customer
experience but can also help to keep costs low across the
process. The possible advantages that can be brought by
machine learning in oil & gas to this competitive sector are
massive.
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A. Hardware and Software Requirements
1) Hardware Requirements:

Processor : Intel (R) Pentium (R)
Speed : 1.6 GHz and Above.
RAM : 4 GB and Above.

Hard Disk : 120 GB.

Monitor : 15> LED SVGA

Input Devices : Keyboard, Mouse.

2) Software Requirements:

Operating system : Windows 7 /8/8.1/10.
Coding Language : JAVA / J2EE.

Java Version : jdk 8.

IDE : Eclipse Oxygen.

Database : MySQL v5.1.

Database Tool : HeidiSqgl v11.0.

Application Server : Apache Tomcat 8.X / 9.X.
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VII. CONCLUSION

Machine learning in oil &amp; gas will not replace manual
operatives entirely. While it will account for some
streamlining, human operatives will still be required. Using
machine learning in oil &amp; gas industries will allow
skilled workers to become more efficient. It can also save
them from conducting needless tasks. Finally adopting more
applications centred on machine learning in oil &amp; gas
can make the industry safer. However, it is necessary and
workers will soon become adept at these skills. Workers who
can properly deliver all these skills will become
commonplace. They will also be best served by machine
learning algorithms that are fed by standardised, quality data.
This will yield the best possible results. Tasks such as
collecting and maintaining data will fall increasingly on Al
and machine learning, in oil &amp; gas as well as other
industries. While this will allow for a standardised
information base to be created it won’t completely negate the
need for human workers. Machine learning in oil &amp; gas
will not only improve the customer experience but can also
help to keep costs low across the process. The possible
advantages that can be brought by machine learning in oil
&amp; gas to this competitive sector are massive.
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