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ABOUT THE STUDY

Machine learning is an emerging technology that has
revolutionized the way engineers approach problems. It has
become a crucial tool in engineering, and it has found
applications in various fields, from manufacturing to energy,
aerospace, and biomedical engineering.

Machine learning refers to a subset of artificial intelligence that
enables machines to learn from data and improve their
performance over time. Machine learning algorithms are created
to recognize patterns in data, predict the future, or take action
without being explicitly programmed. In other words, machines
can learn to perform tasks by recognizing patterns and
relationships in data, without the need for human intervention.

In engineering, machine learning is used to analyses large
datasets, predict outcomes, optimize processes, and improve
efficiency [1,2]. For example, machine learning can be used to
analyses sensor data from industrial equipment to detect
anomalies and predict failures. It can also be used to optimize the
design of complex systems, such as aircraft engines, by simulating
various scenarios and identifying the most efficient designs.

One of the main advantages of machine learning is its ability to
handle large amounts of data. With the increase in data
availability, machine learning has become an essential tool for
engineers to extract insights and make informed decisions [3,4].
Machine learning algorithms can analyses vast amounts of data
from various sources, such as sensors, cameras, and databases, to
identify patterns, anomalies, and trends [5].

Another advantage of machine learning is its ability to learn from
experience. Machine learning algorithms can be trained on
historical data to learn patterns and make predictions. For
example, in manufacturing, machine learning can be used to
predict defects or failures in products based on past production
data [6,7]. This allows engineers to identify and address issues
before they occur, improving product quality and reducing costs.

Machine learning is also used to optimize processes and improve
efficiency. For example, in energy production, machine learning
can be used to predict energy demand and optimize production

schedules. In transportation, machine learning can be used to
optimize routes, reduce travel time, and minimize fuel
consumption [8].

One of the challenges of machine learning in engineering is the
need for high-quality data. Machine learning algorithms require
large amounts of data to train and make accurate predictions.
However, the quality of the data is essential, as machine learning
algorithms can be sensitive to outliers, noise, and biases in the
data [9]. Therefore, engineers need to ensure that the data is
representative, accurate, and reliable. Another challenge of
machine learning in engineering is the interpretability of the
results. Machine learning algorithms can be complex, and it can
be difficult to understand how they make predictions or
decisions. Therefore, engineers need to ensure that the results
are interpretable and can be explained to stakeholders [10].

To address these challenges, engineers have developed various
techniques and tools to improve the quality of data and
interpretability of results. For example, data preprocessing
techniques are used to clean, normalize, and transform data
before it is fed into machine learning algorithms. Feature
selection techniques are used to identify the most relevant
features in the data to improve model accuracy and reduce
complexity. Model interpretation techniques
understand how machine learning algorithms make decisions or
the

performance and explain its behavior to stakeholders [11].
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Machine learning has become an essential tool for engineers in
various fields. It has enabled engineers to analyses large datasets,
predict outcomes, optimize processes, and improve efficiency
[12]. Machine learning has also introduced new challenges, such
as the need for high-quality data and interpretability of results.
However, with the development of new techniques and tools,
engineers can overcome these challenges and continue to
leverage the power of machine learning in engineering.
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