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Abstract: Predictive maintenance utilising Machine learning approaches assist machines or systems in predicting and reducing various
forms of machine failures using various particular strategies. Predictive maintenance (PdM) has developed as a crucial strategy to
optimising maintenance procedures and enhancing industrial equipment dependability and efficiency. Predictive maintenance, which
employs machine learning techniques, helps firms to proactively identify and handle possible equipment faults, decreasing unplanned
downtime, lowering maintenance costs, and increasing operational productivity.
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1. Introduction

Condition-based maintenance is another term for
predictive maintenance [13]. "It entails monitoring
performance and equipment condition throughout routine
operations to lessen the likelihood of a breakdown.” "In
the 1990s, manufacturers began utilising predictive
maintenance. Predictive maintenance™ (PdM) is upkeep
that displays the performance and condition of a device
during normal operation to reduce the likelihood of
failure [33, 41]. Predictive maintenance, also known as
situation-based maintenance, has been used in the
business sector since the 1990s.

Predictive maintenance cannot exist without continuous
inquiry. Machines that conduct frequent investigations in
real-world settings to maximise resource use. The goal of
"predictive maintenance™ as a preventative strategy is the
ability to first predict when equipment defects may occur
(based on favourable situation), seen via preventing the
malfunctions with often predicted and disciplinary
protection [11, 43].

The goal of predictive "maintenance" is to reduce failure
incidence and increase resource uptime while improving
resource authenticity [19].
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» Reduce maintenance work by optimising useful
charges.

» Reduce maintenance costs by reducing security costs
and increasing manufacturing time.

The rest of this paper is structured as follows. Section |1
delves into predictive maintenance technology. Section
Il describes the processes for building a maintenance
programme. Sections 1V and V explain how predictive
maintenance works and how to apply it. Sections VI and
VII discuss the current system as well as the suggested
system idea. The author presents the various ML
(Machine Learning) techniques appropriate for predictive
maintenance in Section VIII. Sections IX and X go into
the concept of Industry4.0 requirements and machine
learning methods for predictive maintenance. Section XI
discusses the findings and output. Section XII describes
the conclusion and future scope.

2. Technologies for Predictive Maintenance

The purpose of predictive preservation is to be able to rely
on when preservation is needed. Although there is no
illusion eight-jump, there are a variety of situation-
monitoring tools and tactics that may be used to
accurately anticipate loss while also providing superior
notice for defence on the horizon [4, 7].

“Vibration Analysis”

“Employed normally for excessive velocity rotating tool,
vibration analysis lets in a technician to display screen a
tool’s vibrations using a hand-held evaluator or actual-
stage sensors constructed within the apparatus”. A
technically expert can determine which troubles are
occurring by observing the displays in comparison to
recognised failure scenarios employing advanced
examining the tool [4].
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Misalignment, bent shafts, unbalanced equipment, and
loose dynamic additives with motor troubles are just a
few of the concerns that fluctuation analysis may detect.

Making certain that specialists are informed is crucial,
because it might be difficult to search for system
breakdown employing vibration evaluation in advance.
Many firms provide intensive training to equip people to
become certified as fluctuation specialists. The main
disadvantage of using fluctuation analysis is the cost of
replicating it in a PAM programme.

Ultrasonic Study

Ultrasound is an effective pass-no-go tool for
preventative maintenance. It may offer you with an
extremely early warning of developing flaws. When you
uncover difficulties with ultrasonography, you can
investigate the vibration spectrum further. It is also an
excellent diagnostic tool for identifying lubrication
concerns.

Infrared Thermograph

It is called a “nondestructive or nonintrusive finding out
technology, infrared (IR) thermography in predictive
preservation is broadly used. With IR cameras, personnel
can stumble on excessive temperatures (aka, hotspots) in
system”.  “Worn  components, which includes
malfunctioning electric circuits, generally emit heat a
good way to show as a hotspot on a thermal image”
(“Predictive protection, Lean production equipment”) [4].

Infrared inspections can help discover issues and
hotspots. Avoid costly maintenance and downtime.
Infrared generation is considered as “one of the maximum
versatile predictive renovation technology available used
to take a look at the whole lot from man or woman
additives of machinery to plant structures, roofs and even
whole buildings,”. Greater applications for infrared
production include “detecting temperature anomalies”
and “problems with operational structures” which rely on
heat movement or retention.

Oil Analysis

“One of the advantages of the usage of oil assessment is
that the initial check(s) will set a baseline for a brand-new
device. while accomplished properly, oil assessment can
yield a myriad of consequences to help make predictive
protection a success.”

Laser-shaft alignment

The notion of laser shaft alignment is a corrective
protection assignment. The shaft is shifted to improve
energy transfer efficiency. |Installing dial signs,
calibrating, and measuring most effectively to take
readings that are incorrect is a futile task [4].

Analysis of motor circuitry

The electrical characteristics of the motor, section-
section, and phase-phase-ground are measured by motor
circuit analysis. As they may be synthetically identical,
each of the levels must have similar properties. Similarly,
it includes “electrical impedance, segment viewpoint, the
cutting-edge/frequency ratio, dissipation issue, static
check price, and stator and rotor dynamic signature”[4].

“Acoustic Monitoring”

Including acoustic generation, “employees may locate
smoke, liquid or chasm leakage in device on a sonic or
ultrasonic diploma. taken into consideration tons much
less luxurious than ultrasonic technology, sonic
generation is beneficial on mechanical device however
limited in its use. Ultrasonic era has more packages and
is greater dependable in detecting mechanical issues.”

It permits an expert to “pay interest friction and stress in
rotating equipment, that can be expecting deterioration
earlier than traditional strategies” (“Predictive upkeep,”
Wikipedia) thru “the use of instrumentation to transform
sounds in the 20- to a hundred-kilohertz range into”
“auditory or visual signs that can be heard/visible through
a technician. these immoderate frequencies are the
suitable frequencies generated through worn and below
lubricated bearings, faulty electric tool, leaky valves, and
lots of others.” (Wright, “a manner to Leverage a couple
of Predictive upkeep technologies™) [4].

While both sonic and ultrasonic testing methods can be
expensive, there exists a more cost-effective alternative:
the use of an expert's ears for a different form of acoustic
monitoring. “Something as smooth as detecting an oil
leak or a gearbox that sounds bizarre ought to and
regularly does bring about the prevention of a
catastrophic failure, avoiding tens of loads of bucks in
losses,” (Wright, “a way to Leverage a couple of
Predictive renovation technology”.

Other Methodologies

Besides employing the aforementioned approaches,
centers may opt for alternative technologies like motor
state analysis, providing insights into the operational
states of vehicles during running and walking. Current
assessment, delineating alterations in the thickness of the
"tube wall" within “centrifugal chillers and boiler"
structures, and borescope monitoring, CMMS, data
synthesis, and situation tracking are additional avenues
that contribute to streamlining "predictive maintenance."”
It is essential to carefully choose the most suitable
strategy from the various options available to maximize
the effectiveness of all resources in the PdM (Predictive
Maintenance) initiative [4].
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I1l.  Steps for implementing a "predictive
maintenance™ program:

1. Analyze historical data to identify critical assets.

2. Install Internet of Things (loT) sensors for data
collection.

3. Configure the settings for the equipment.

4. Define action items to be implemented upon alert
triggers.

5. Ensure the presence of suitable mechanisms to support
the program.

3. Executing Predictive Maintenance Strategies
with Illustrations

Predictive  maintenance represents a  proactive
maintenance approach utilizing condition monitoring
tools to identify signs of degradation, abnormalities, and
performance issues in equipment. Leveraging these
indicators, companies can employ pre-programmed
predictive algorithms to forecast potential equipment
failures, enabling timely maintenance interventions just
before the occurrence of breakdowns.

The goal of predictive security is to make the most use of
your maintained assets. By anticipating when a certain
component will fail, security administrators may schedule
maintenance work only when it is genuinely required,
avoiding unnecessary refurbishment, and preventing
surprise device breakdown.

“According to a predictive upkeep report from market
studies future, the worldwide predictive upkeep market is
expected to grow to 23B by 2025”. The manufacturing
industry is seeing the most installations, but all businesses
with a lot of money invested in their equipment are
particularly interested in predictive upkeep.

“When used effectively, predictive preservation reduces
operational costs, reduces downtime, and enhances
standard asset health and performance”.

4.  Working Principles  of
Maintenance

Predictive

The primary advantage of predictive security is the ability
to schedule work depending on the current state of the
asset. However, determining the circumstances of a
difficult property is anything but simple.

PdM uses three primary components to monitor asset
status and advise personnel about impending device
failures:

1. Real-time Performance Insights through Connected
Condition-Monitoring Sensors

2. 10T Technology: Enhancing Data Collection and
Analysis through Device Communication

3. Utilizing Predictive Statistical Methods for Failure
Predictions from Processed Data
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The following are the stages to launching a predictive
maintenance programme:

1. Examine your equipment's history and the need for
predictive refurbishment software.

2. Examine all data on downtime, equipment failures,
manufacturing and power losses, regulatory fines, and
workplace safety levels.

3. Determine which device will be used in the preliminary
implementation of the application.

5. Develop different data for character systems and their
components.

6. Examine any previous preventative or predictive
security methods.

7. Configure the predictive protection software's
frequency and schedule.

8. Establish personnel responsibilities at all levels and
compare aid requests

©

. Arrange the timetable and integrate it with scheduling
structures.

10. Design an automated remodelling control system
(CMMS)

5. Existing System

The present predictive maintenance system generally
monitors various elements of equipment and their
working conditions in real time, collecting real-time data
on various functions such as vibration monitoring,
thermography, tribology, and motor rotation speed. The
acquired data is then examined, and it advises whether or
not maintenance is required in the near future, as well as
the machine's present functioning state and how long it
will run smoothly.

6. Proposed System

The proposed predictive maintenance system leverages
machine learning within a Jupyter notebook to gather
real-time data, including parameters such as lubricant
level, lubricant quality and quantity, motor rotating speed,
machine temperature, and various other machine factors.
Diverse sensors, such as ultrasonic, thermal cameras, heat
sensors, and more, are employed for data acquisition. The
real-time data undergoes analysis through machine
learning, comparing it to historical data. The system then
generates an overall chart or graph based on
comprehensive data and analysis. This graphical
representation informs us about the machine's condition
and indicates the optimal time for maintenance.
Performing maintenance at this juncture helps prevent
equipment failure, enhance efficiency, and result in cost
savings.

7. Predictive Maintenance using ML Tools

1. Data Accessibility: In the realm of predictive
maintenance using Machine Learning (ML) tools, the first
critical step is to assess the accessibility of the necessary
data. This involves an exhaustive examination of data
from various sources such as sensors, equipment logs,
maintenance records, and historical failure data. It is
imperative to ensure that the data is not only easily
accessible but also of sufficient quality and quantity to
effectively train ML models.

2. Infrastructure and Data Storage: The success of
predictive maintenance heavily relies on robust
infrastructure  and  efficient data storage. A
comprehensive analysis of the current data storage and IT
infrastructure is essential to determine its capability to
handle the volume and complexity of data required for
predictive maintenance. This evaluation should also
consider the possibility of leveraging cloud-based
solutions or implementing on-premises infrastructure
enhancements to seamlessly integrate ML technologies.

3. ML Expertise and Resources: Organizations
venturing into predictive maintenance must gauge the
availability of ML skills and resources internally.
Assessing the in-house skill set is crucial for creating and
maintaining ML models. If there are gaps in expertise,
collaboration with external specialists should be
considered. This evaluation helps determine whether
additional training or recruitment is necessary to build the
required capabilities.

4. Model Creation and Validation: Understanding the
ML algorithms and approaches relevant to predictive
maintenance is fundamental. Organizations should
explore the feasibility of applying these algorithms within
their specific sector or area. Rigorous validation
processes are crucial to assess the accuracy and
performance of the models. This step ensures that the
selected ML techniques align with the unique
requirements of predictive maintenance.

5. Integration with Existing Systems: Compatibility
and integration are key considerations when
incorporating ML technologies into existing systems.
Whether it's Enterprise Asset Management (EAM) or
Computerized Maintenance Management Systems
(CMMS), seamless data flow between these systems is
vital. This integration enhances decision-making
capabilities and supports effective maintenance planning.

6. Risk Assessment: The deployment of ML-based
predictive maintenance comes with inherent risks and
challenges. Identifying these potential issues is essential.
This includes assessing risks related to data security,
privacy concerns, system breakdowns, and potential
resistance to change. To proactively manage and mitigate
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these risks, organizations should develop robust strategies
and contingency plans.

8. Prerequisites for Implementing Predictive
Maintenance in Industry 4.0

1. Data Gathering: A foundational requirement for
effective predictive maintenance in Industry 4.0 involves
ensuring the system's capability to collect pertinent data
from a variety of sources, including sensors, machinery,
and maintenance records. This may entail seamless
integration with existing data collection systems or the
introduction of innovative mechanisms for data capture

[7].

2. Data Preprocessing: An essential phase in the process
is preparing the collected data for analysis. This
encompasses tasks such as data cleansing, handling
missing values, and standardizing the information.
Techniques like feature engineering, feature selection,
and data cleaning may be applied during this stage to
enhance the data’s quality [7].

3. Feature Extraction: The system must proficiently
extract relevant features from the preprocessed data,
contributing to the development of robust prediction
models. Examples of such crucial features include
ambient conditions, machine operating parameters, and
historical maintenance logs [7].

4. Model Training: A fundamental prerequisite is the
training of prediction models using machine learning
algorithms and leveraging historical data. Optimal results
are achieved by carefully selecting suitable methods,
partitioning the data into training and validation sets, and
fine-tuning the model parameters to enhance accuracy

[7]

5. Model Assessment: It is imperative to assess the
trained models to establish critical metrics such as recall,
accuracy, and other relevant measures. This evaluation
serves as a crucial benchmark for gauging the
effectiveness of the predictive maintenance system and
identifying potential areas for improvement [7].

6. Anomaly Detection: Harnessing the capabilities of the
trained models, the system should demonstrate

proficiency in recognizing deviations from normal
operating conditions. Real-time data is compared to
predicted values, and upon the identification of
abnormalities, the system promptly issues alerts or
notifications, facilitating timely intervention [7].

7. Maintenance Scheduling: The system should
recommend maintenance activities based on the
estimated failure probability or the remaining useable life
of the equipment. It must evaluate factors such as
operational constraints, resource availability, and the
significance of the equipment [7].

8. Integration with Maintenance Systems: The
predictive maintenance system should readily integrate
with current maintenance management systems to
facilitate the development of work orders, task
delegation, and maintenance activity monitoring. This
connection ensures the effective implementation of the
planned maintenance processes [7].

9. Assessment: To respond to changing operating
circumstances or machinery behaviour, the predictive
models should be updated and tested on a frequent basis.
This helps to the long-term precision and dependability of
the predictive maintenance system [7].

10. Presentation and Visual Representation:
Effectively communicating anticipated maintenance
outcomes, historical trends, and performance indicators is
crucial. The system should provide intuitive dashboards,
reports, and visualizations for users. This user-friendly
interface enables stakeholders to monitor the success of
the predictive maintenance program and make well-
informed decisions based on the presented data [7].

11. Scaling and Adaptability: Ensuring the system's
adaptability and scalability is paramount, especially with
the continuous growth in the number of monitored assets
and data sources. The system must handle substantial
amounts of data efficiently. Additionally, it should
demonstrate flexibility to accommodate various types of
equipment and align with diverse industry needs,
reflecting its adaptive nature [7].
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Fig 1 “Flow chart diagram of predictive maintenance”

The design and testing processes for
maintenance utilizing machine learning
progress through the following stages:

predictive
typically

Determine Critical Assets: Identify the equipment or
assets crucial to the system's or organization's
performance and operation. These resources should
significantly impact operational costs, safety, or
production [3].

Define Failure Mechanisms: Understand potential
failure mechanisms or deteriorating trends of relevant
assets. To prevent malfunction or failure, comprehend the
processes, patterns, and symptoms of failure [3].

Data Gathering and Preparation: Collect pertinent data
from various sources, including sensors, equipment logs,
and maintenance records. Ensure the data is accurate,
comprehensive, and represents both normal and
anomalous operating situations. Prepare the data for
analysis by minimizing noise, addressing missing data,
and standardizing it [3].

Feature Extraction and Selection: Identify significant
attributes from pre-processed data to construct predictive
models. This involves selecting relevant characteristics
that strongly influence maintenance outcomes. Guide the
feature selection process using methods like statistical
analysis and subject-matter knowledge [3].

Developing Models and Training: Choose suitable
machine learning methods for predictive modeling, such
as neural networks, decision trees, regression, or random
forests. Create training and validation sets from the data.
Build models using the training data, refining model

parameters for optimal performance. Employ appropriate
metrics and validation procedures to assess the trained
models [3].

Detecting Anomalies and Issuing Alerts: Formulate
algorithms or procedures based on trained models to
recognize anomalies or deviations from normal operating
conditions. Implement a system that issues alerts or
notifications upon detecting anomalies requiring
maintenance [3].

Recommendation for Maintenance Action: Provide
maintenance action recommendations based on projected
failure probability or remaining usable life of equipment.
Consider factors like resource availability, equipment
relevance, and operational constraints. Develop a
decision-making framework to aid in organizing and
scheduling maintenance tasks [3].

Integration and Deployment: Before adopting the
predictive maintenance system, integrate it with existing
maintenance management methods or systems. This
ensures seamless coordination and compatibility with
established processes [3]. Ensure successful data
exchange and interaction between the predictive
maintenance system and other relevant systems. Verify
the system's reliability, scalability, and efficiency before
implementation in real-world scenarios [3].

Performance Monitoring and Evaluation: Monitor the
accuracy and reliability of projections and the
effectiveness of implemented maintenance procedures.
Regularly evaluate the system's performance and update
the design and algorithms accordingly [3].

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(14s), 521-534 | 526



Visualizing & Reporting: Create concise visualisations,
dashboards, and reports that illustrate performance
metrics, historical patterns, and predicted maintenance
results. Provide helpful information to stakeholders so
that they may act and make sound decisions [3].

Ongoing Upkeep and Updates: As new information
becomes available, the predictive maintenance system
will be kept up to date by regularly upgrading the models,
algorithms, and data. Adapt the system to the new
equipment  behaviour, operating conditions, or
maintenance requirements. Continuously evaluate and
enhance the system to ensure its long-term effectiveness.

Adhering to these design steps enables the creation of a
robust and efficient predictive maintenance plan,
leveraging machine learning approaches to enhance asset
reliability, ~minimize  downtime, and optimize
maintenance operations. “To guarantee the success of the
predictive maintenance system, these phases should be
iterative and foster collaboration among data scientists,
domain experts, maintenance professionals, and other
pertinent stakeholders” [3].

9. Predictive Maintenance Machine Learning
Algorithms

Various machine learning approaches find application in
predictive maintenance, and the choice of technique is
influenced by specific challenges, available data, and
desired outcomes. Here are several popular machine
learning algorithms commonly utilized for preventative
maintenance:

1. Regression Models: Linear regression, polynomial
regression, and logistic regression are effective for
predictive maintenance, anticipating numerical values
like remaining useful life (RUL) or failure risks based
on historical data and relevant factors [12].

2. Decision Trees: Random forests and gradient
boosting, part of decision tree techniques, prove
beneficial for predictive maintenance. They handle
both numerical and categorical data, serving purposes
such as fault diagnosis, anomaly detection, and
prediction [12].

3. Support Vector Machines (SVM): SVM, a
supervised learning technology, finds applications in
both classification and regression for predictive
maintenance. It excels in recognizing irregularities or
classifying equipment health issues based on labeled
data [10,12].

Outcomes and Output

“Python program execution in Jupyter”

4. Neural Networks: Deep learning approaches like
multilayer perceptron (MLP) and recurrent neural
networks (RNN) show promise in predictive
maintenance. They learn intricate patterns from
extensive sensor data, making them suitable for tasks
such as failure diagnosis, remaining useful life
prediction, and anomaly detection [12].

5. K-Nearest Neighbors (KNN): KNN, a versatile non-
parametric method employed in both classification
and regression, anticipates failure mechanisms or
assesses asset health by drawing insights from
comparable historical data patterns [12].

6. Hidden Markov Models (HMMs): Probabilistic
HMMs specialize in modeling sequential behavior
within systems, making them ideal for applications
involving time series data. They excel in predicting
failure states and estimating Remaining Useful Life
(RUL) through successive sensor measurements [12].

7. Clustering Methods: Unsupervised learning and
clustering algorithms play a pivotal role in predictive
maintenance by revealing patterns or clusters within
data. These identified patterns are subsequently
utilized for specific failure type identification or
anomaly detection [12].

8. Ensemble Approaches: Techniques such as bagging,
boosting, or stacking prove valuable as they
amalgamate multiple basic models to elevate
prediction performance. Particularly beneficial in
dealing with noisy or imbalanced data, ensemble
approaches enhance the accuracy and robustness of
predictive maintenance models [12].

9. Long Short-Term Memory (LSTM): As a variation
of Recurrent Neural Networks (RNN), LSTM excels
in modeling sequential data, making it well-suited for
time series applications. Its proficiency in predicting
failures based on sensor readings over time lies in
capturing long-term dependencies within the data
[12].

10. Gaussian Processes: These probabilistic models are
adept at accounting for uncertainty and generating
probabilistic forecasts. Widely utilized in predictive
maintenance, Gaussian Processes contribute to tasks
such as "failure probability estimates" and "anomaly
identification" [12].
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it glotplot_ g catetine ], pat_c{vare)
it ytabel(volage)

# make x-axs {ioks legible

adf = plt.gea() getxaxis().get_major_formatter()

adf.scaled]1.0] = m-%d-%"
nltabel Date')

Fig 6: “Telemetry time series data”

OUt{36] Text(0.5, 0, 'Date’)
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Fig 7: “Displaying the first 10 records of the telemetry dataset.”
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Errors

The second major data source is the error logs. These are non-breaking errers thrown while the machine is still operational and do not
constitute as failures. The errer date and times are rounced to the closest hour since the telemetry data is collected at an hourly rate.

In [46].  # format of daietime field which comes in as siring
#import the moduie
frem datetime import datetime
1SR/ %H: %M %S} formatidatetime now())
errors['errarlD'] = errors|'errarlD']. astype('category')
print("Total Number of error records: %d" %len(errors.index))
errors.headf)

Total Mumber of error records: 3919

Quij46] datetime machinelD errorlD
0 132022700 1 emor!
1 1372022 20000 1 errord
2 142022 6:00 1 emord
3 1102022 145:00 1 erord
4 12202022 10:00 1 erord

In[6]: shs.set_style("darkgrid")
plt fgure(figsize=(20, &))
errors{'erroriD'] value_counts() plot(kind="bar')
nlt iabeIr Cant

Fig 8: “Machine error logs dataset”

Cut[E] errort 1010

error?2 988
errord 838
errord 727
errors 356

Mame: erroriD, diype: int64

B
“ I I I I

Fig 9: “Displaying the error logs”
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Maintenance

These are the scheduled and unscheduled maintenance records which correspond to hoth regular inspection of compenents as well as failures. A
record is generated if a comp 1t is replaced during the scheduled inspection of replaced due te a breakdewn. The records that are
created due to breakdowns will be called failures which is explained in the later sections. Maintenance data has hoth 2014 and 2015 records

In [49]: | #format of dafetime field which comes In as sinng
from datetime impert datetime
U ShE MY %H Sht %S Y format(datetime.now())
maint{'comp'] = maint]'comp']. astyped' category')
print{" Total Mumber of maintenance Records: %d" %len(maint.index))
maint head()

Total Nurnber of maintenance Records: 3286

Dut43] datetime machinelD comp
0 6/1/2022 6:00 1 comp2
1 7ABL0226:00 1 compd
2 7/3172022 6:00 1 comp3
3 1241372022 6:00 1 compt

4 1/52022 6:00

compd

In 7] sns.set_style("darkgrid")
pit figuretfigsize=(10, 43)

Fig 10: “Machine maintenance records”
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Out[7]: comp2 863

compd 811
comp3 808
compl 504

Mame: comp, dbype: inted

E0OD
G0
400
200

a

Fig 11: “Displaying the maintenance records”
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Machines

This data set includes some information about the machines: model type and age (years in service).

In[8]: machines'mociel'| = machines|'model'].astype('categony')

print("Total number of machings: %" % len(machines index))
machines.head()

Total number of machines: 100

Qutl: machinelD model age
0 1 model3 18
1 2 modeld 7
2 3 models 8
3 4 model3 7
4 5 modeld 2

In[3]; | sns.set_style¢'darkorid”)

pit figure(figsize=(15, &6))

_, hins, _ = pithist({[machines locmachines['model] == 'model 1", 'age’],
machines.locmachines|'model] == 'model2, 'age’],
machines.loc{machines|'model] == 'model3', 'age'],
machines.loc{machines|'model] == 'modeld’, ‘age]),

20, stacked=True, label=['mocel1’, 'model2, modeld', 'moceld’])
pit ddabel('Age (yrs))

nitylabel('Count’)

Fig 12: “Machine dataset: model type and age”
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Fig 13: “Displaying machine dataset”
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: jupyter Predictive Maintenance using Machine Learning Last Checkpoint 13/04/2023 (autosaved) A L
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These are the records of component replacements due to failures. Each record has a date and time, machine ID, and failed component type.

IN[10]: # format datetine field which comes in &s string

failures| datetime’] = pd.to_datetime{failures['datetime'], format="% -%m-%d %H: %k %5")

failures|failure'] = failures|failure'].astypet'category’)

prirt{"Total number of failures: %d" % len(failures index))
failures head()

Total number of failures: 761

Ougroy datetime machinelD failure
0 20150105 06:00:00 1 compd
1 20150306 06:00:00 1 compl
2 20150420 06:00:00 1 comp2
3 2015-06-19 06:00:00 1 compd
4 20150902 06:00:00 1 compd
In[11] sns.set shye(darkgric)

pit figure(figsize=(15, 4))

failures| failure'] value_counts().plotfkind="bar')
pltylabel;'Count)

failures| failure'] valug_counts()

Fig 14: “Machine failure dataset”

OU{11]: comp2 259
compl 192
compd 179
compd 131
Mame: failure, dtype: inted

20
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compz

comp

compd
comp3

Fig 15: “Displaying the machine failure”

10. Conclusion and Future Scope

The predictive maintenance system based on machine
learning has showed promise in terms of modernising
maintenance methods and improving equipment
performance. Using historical data, advanced analytics,
and machine learning algorithms, the system can predict
equipment failures, identify anomalies, and provide
important insights for maintenance planning.

In the future, this article will serve as a roadmap for
academics to create a model that can more correctly
anticipate system failure using an indicator value.
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