Journal of Nonlinear Analysis and Optimization

Vol. 16, Issue. 1: 2025
ISSN : 1906-9685

Journal of Nonlinear
Analysis and
Optimization :

Theory < Applications

ISSN : 1906-9685
Editors-in-Chief :
Sompong

Somyot i

et of Mo ey f
bt ot

PREDICTIVE MAINTENANCE SYSTEM USING MACHINE
LEARNING AND FASTAPI

Mr.Ch.Phani Kumar
Assistant Professor
Usha Rama College Of
Engineering and Technology
Telaprolu, Andhra Pradesh
ch.phani619@gmail.com

Bugatha Jagadeeswari
Student
Usha Rama College Of
Engineering and Technology
Telaprolu, Andhra Pradesh
jagadeeswaribugatha@gmail.co
m

Abstract—Predictive maintenance is a revolutionary
approach that leverages machine learning to
anticipate equipment failures before they occur,
minimizing downtime and optimizing maintenance
costs. This project focuses on developing a Predictive
Maintenance System that utilizes Random Forest
Classifier to analyze historical data, detect failure
patterns, and predict potential breakdowns in
industrial machinery. Unlike traditional reactive or
preventive maintenance, this system ensures that
maintenance activities are performed only when
necessary, reducing unnecessary servicing and
operational disruptions. The system is built using
FastAPI for backend development, ensuring high
performance and scalability. The frontend is designed
using html, css, js to provide a visually professional
and interactive user experience. The application
features a user dashboard where every prediction is
logged with timestamps, failure probabilities, and
alerts, enhancing decision-making for maintenance
teams.

Key functionalities include failure prediction analysis,
alert notifications, historical data visualization, and
user profile-based insights. The system architecture
ensures data security, seamless workflow integration,
and real-time monitoring  capabilities. By
implementing this Al-powered predictive maintenance
solution, industries can improve asset longevity,
enhance operational efficiency, and significantly
reduce maintenance costs.
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I. INTRODUCTION

Maintenance is a crucial factor in industrial operations,
ensuring the reliability and efficiency of machines and
equipment. Traditional maintenance strategies, such as
reactive maintenance (fixing machines after failure) and
preventive maintenance (servicing machines at
scheduled intervals), often result in inefficiencies.
Reactive maintenance leads to unexpected breakdowns
and production losses, while preventive maintenance
may cause unnecessary servicing and increased
operational costs. To overcome these challenges,
industries are shifting towards Predictive Maintenance
(PdM), which forecasts potential failures based on
historical data and machine learning models. This
project focuses on developing a Predictive Maintenance
System using Machine Learning, without relying on loT
sensors or Power Bl, to provide businesses with a cost-
effective and data-driven solution for equipment failure
prediction.

The proposed system utilizes the Random Forest
Classifier, a powerful machine learning algorithm that
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is well-suited for predictive maintenance tasks. This
algorithm analyses historical maintenance records, past
failure data, and operational trends to identify patterns
that indicate potential failures. By training the model on
past data, it can predict whether a machine is likely to
fail within a given timeframe, allowing maintenance
teams to schedule timely interventions and reduce
unexpected breakdowns. Unlike traditional predictive
maintenance solutions that rely on 10T sensor data for
real-time monitoring, this system eliminates the need
for costly hardware installations, making it more
accessible and affordable for industries that lack 10T
infrastructure.

The system’s backend is developed using FastAPI,
a modern and high-performance web framework that
facilitates seamless integration with machine learning
models. FastAPl enables the development of a
lightweight and efficient API, allowing users to input
operational data and receive predictions in real-time.
This ensures that organizations can leverage predictive
analytics without the need for complex software tools
or expensive data visualization platforms. By
processing structured historical data, the system
provides actionable insights that help businesses
optimize their maintenance schedules and reduce
overall operational costs.

This Predictive Maintenance System offers several key
advantages, including  minimizing  equipment
downtime, optimizing maintenance schedules, reducing
unnecessary servicing, and extending the lifespan of
industrial machinery. It is particularly beneficial for
industries such as manufacturing, transportation,
energy, and logistics, where machine failures can cause
significant financial and operational disruptions. In
manufacturing, for example, the system can help predict
failures in production machinery, ensuring smooth
operations and uninterrupted  workflows. In
transportation, predictive maintenance can assist in
scheduling vehicle maintenance to prevent unexpected
breakdowns, thereby improving fleet efficiency.

The proposed system can be applied across various
industries, including manufacturing, transportation,
energy, and logistics, where operational efficiency is
critical. For instance, in manufacturing, the system can
help optimize production schedules by predicting
machine failures before they occur, while in
transportation, it can prevent vehicle breakdowns by
analyzing historical maintenance data.
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Il LITERATURE REVIEW

Predictive maintenance has gained significant traction
across industries due to its potential to reduce
downtime, optimize maintenance schedules, and
improve operational efficiency. Traditional
maintenance strategies, such as reactive and preventive
maintenance, often lead to excessive costs, unexpected
failures, and inefficient resource utilization. With the
advent of machine learning, predictive maintenance has
evolved into a more data-driven, intelligent approach.
This literature review explores existing research and
technological advancements in predictive maintenance,
machine learning applications, and industry-specific
implementations.

Traditional maintenance approaches are classified into
three main types: reactive, preventive, and predictive
maintenance. Reactive maintenance involves repairing
equipment after failure, leading to unexpected
downtime and production losses (Shahnawaz Alam,
2019). Preventive maintenance, on the other hand, relies
on scheduled maintenance activities, often resulting in
unnecessary servicing and resource wastage (Chouhan
et al., 2022). Predictive maintenance has emerged as a
superior approach that leverages historical data, real-
time monitoring, and machine learning algorithms to
forecast failures before they occur.

Machine learning techniques have revolutionized
predictive maintenance by enabling automated failure
detection and prognosis. Research indicates that
supervised learning algorithms such as Decision Trees,
Support Vector Machines (SVM), and Random Forest
have been successfully applied to classify machine
conditions and predict failures with high accuracy
(Jyothi N S & Parkavi, 2016). Additionally, deep
learning models like Convolutional Neural Networks
(CNNs) and Recurrent Neural Networks (RNNs) have
been explored for complex industrial applications,
providing real-time insights into machinery health.

FastAPI, a modern web framework for building APIs
with Python, has gained popularity for its high
performance and ease of deployment. Studies have
highlighted FastAPI’s capability in handling large-scale
machine learning applications efficiently (Scrum Agile
Methodology, 2018). The framework enables seamless
integration with machine learning models, providing
real-time failure predictions through interactive
dashboards and APIs. This makes it an ideal choice for
developing scalable and responsive predictive
maintenance systems.

Despite advancements in predictive maintenance,
challenges such as data quality issues, lack of labeled
datasets, and high implementation costs remain
prevalent. Future research should focus on developing
more robust and generalized models capable of
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handling diverse industrial settings. Additionally,
integrating predictive maintenance with 10T and cloud
computing can further enhance real-time monitoring
and decision-making.

A. Full Stack Web Development

The system collects and processes historical
maintenance logs and machine operational data,
including key parameters such as temperature,
vibration, and pressure. This data undergoes
preprocessing to remove inconsistencies, normalize
values, and extract relevant features, ensuring optimal
machine learning model performance. The trained
Random Forest Classifier is then deployed using
FastAPI, enabling real-time predictions via API
requests. Users can submit machine parameters through
the web interface to receive instant failure probability
assessments. The front-end dashboard, built with
React.js, provides an intuitive interface that allows
users to monitor predictions, track maintenance history,
and analyze machine health trends. The system also
implements role-based access control, ensuring that
administrators, maintenance teams, and stakeholders
have appropriate permissions for data access and
decision-making.

For database management, PostgreSQL is used to store
operational data, prediction results, and user
authentication details, ensuring secure and scalable data
handling. The integration of JWT authentication
enhances system security by managing user sessions
effectively. Additionally, the system maintains logs of
past failures and predictions, allowing for model
refinement over time. Docker and cloud deployment
options (AWS/GCP) ensure scalability, making the
system adaptable to large-scale industrial applications.

By proactively identifying potential failures, this
Predictive Maintenance System reduces unexpected
downtime, optimizes maintenance costs, and enhances
data-driven decision-making. The system’s scalability
and flexibility make it suitable for a variety of industrial
applications where equipment reliability is critical.
Future enhancements could include 10T sensor
integration, Al-powered analytics, and cloud-based
model training to further improve predictive accuracy
and operational efficiency. This project represents a
technologically advanced, data-driven approach to
modern industrial maintenance, ensuring seamless and
reliable equipment performance.

Predictive Maintenance (PdM) is an advanced approach
that leverages machine learning to anticipate equipment
failures before they occur, thereby minimizing
downtime and optimizing maintenance schedules.
Unlike traditional reactive or preventive maintenance
strategies, which either wait for failures to happen or
rely on fixed maintenance intervals, PdM uses historical
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data and real-time machine conditions to predict
potential breakdowns. This project presents a Predictive
Maintenance System that utilizes a Random Forest
Classifier for fault prediction, implemented through
FastAPI for efficient backend processing and React.js
for an interactive front-end dashboard.

This Predictive Maintenance System offers an
intelligent, data-driven solution to industrial equipment
monitoring and maintenance planning. By leveraging
machine learning and API-driven architectures, it
enhances operational efficiency and prevents
unexpected breakdowns. Future enhancements may
include 10T sensor integration, Al-powered analytics,
and cloud-based model training to further optimize
maintenance workflows.

B. Features of Web Development

The Predictive Maintenance System is a full-stack web
application developed using React.js for the front end
and FastAPI for the backend, ensuring a seamless,
interactive, and efficient user experience. The system
offers a dynamic and visually appealing dashboard that
provides real-time machine failure predictions,
maintenance alerts, and machine performance insights.
Through the use of Al-generated images and auto-
scrolling sections, the user interface enhances
engagement while maintaining a professional look. The
system incorporates role-based access control (RBAC)
to ensure secure data handling, allowing admins,
maintenance teams, and stakeholders to access relevant
information based on their permissions. Additionally,
real-time notifications keep users updated on critical
machine failures and maintenance schedules, while
search and filter options enhance usability by making it
easier to navigate through past predictions and
maintenance logs.

On the backend, FastAPI enables high-performance
API endpoints that facilitate smooth data flow between
the front end and the machine learning model (Random
Forest Classifier). The system supports JWT-based
authentication, ensuring secure user access and data
privacy. A PostgreSQL database is integrated to store
machine logs, predictions, and maintenance alerts
efficiently. The application is optimized for scalability
and performance, handling requests with minimal
latency, while logging and monitoring features track all
user activities and model predictions for audit purposes.
The system is cloud-hosted, deployable on platforms
like AWS, GCP, or Digital Ocean, and containerized
using Docker for easy deployment and scalability.
Security measures include data encryption, API rate
limiting, and CORS handling, ensuring that the system
remains protected against unauthorized access and
cyber threats.
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Overall, this Al-driven Predictive Maintenance System
enhances industrial maintenance workflows by
reducing downtime, optimizing maintenance schedules,
and providing data-driven insights into machine health.
With a fully responsive Ul, real-time ML predictions,
and secure data management, the system aims to
improve decision-making for maintenance teams.
Future enhancements could include 10T sensor
integration, real-time failure tracking, and Al-powered
analytics, making the system even more intelligent and
automated for industrial maintenance.

1. DATASET DESCRIPTION

The dataset used for the Predictive Maintenance System
is a structured collection of machine performance data,
maintenance logs, and historical failure records. It
serves as the foundation for training a Random Forest
Classifier, which predicts potential failures based on
operational parameters. The dataset consists of various
features that capture essential details about each
machine, including its unique identifier (Machine_ID),
type (Machine_Type), and the total number of hours it
has been operational (Operating_Hours). Additionally,
it includes real-time and historical machine
performance indicators such as Temperature (°C),
Vibration (mm/s), and Pressure (MPa), which play a
crucial role in determining the machine's health.

To enhance predictive accuracy, the dataset also
contains maintenance-related attributes, such as the
number of previous failures recorded for a machine and
the time elapsed since its last maintenance. The most
critical aspect of the dataset is the Failure_Flag, a binary
target variable indicating whether a machine has failed
(1) or is functioning normally (0). Furthermore, if a
failure occurs, the dataset includes a Failure_Type field
that specifies the nature of the breakdown, such as
component wear, overheating, or mechanical damage.

This dataset is used to train and test the Random Forest
Classifier, enabling it to identify patterns and
correlations between machine behaviour and potential
failures. The trained model is then integrated into the
user profile dashboard, where every prediction is stored
and displayed, allowing users to monitor the number of
predictions made, the corresponding results, and alerts
with precise date and time records. By leveraging this
dataset, the Predictive Maintenance System aims to
minimize  unexpected  breakdowns,  optimize
maintenance  schedules, and improve overall
operational efficiency in industrial settings.

In addition to operational data, the dataset also includes
maintenance-related features such as the number of
previous failures recorded for a particular machine and
the time elapsed since its last maintenance. One of the
most critical aspects of this dataset is the Failure_Flag,
a binary variable that indicates whether a machine has
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failed (1) or is functioning normally (0). Furthermore,
the dataset may include a Failure_Type column that
specifies the nature of the failure, such as Component
Wear, Overheating, or Mechanical Breakdown. These
failure records are essential for training the predictive
model to recognize patterns associated with machinery
malfunctions.

The data is collected from multiple sources, including
machine logs, programmable logic controllers (PLCs),
SCADA systems, and historical maintenance records.
In some cases, user-reported issues are also included in
the dataset to provide additional failure insights. Since
this Predictive Maintenance System does not utilize 10T
sensors, the dataset primarily consists of historical
machine logs and manually recorded operational data,
rather than real-time streaming data. Before feeding this
dataset into the Random Forest Classifier, it undergoes
several preprocessing steps. These include handling
missing values, normalizing continuous variables,
encoding categorical attributes, and splitting the dataset
into training and testing sets. Additionally, feature
engineering techniques may be applied to create new
attributes such as Failure Rate (Previous_Failures /
Operating_Hours) or a Risk Score based on multiple
machine parameters.

Once processed, this dataset is used to train the Random
Forest Classifier, enabling it to predict if and when a
machine is likely to fail. These predictions are then
integrated into the user profile dashboard, where every
prediction is stored and displayed along with details
such as the number of predictions made, the results, and
alerts with corresponding timestamps. The dataset plays
a crucial role in optimizing maintenance schedules by
identifying potential failures in advance, reducing
downtime, and improving operational efficiency.
Additionally, it provides valuable insights that help
industries make data-driven decisions regarding
machine replacements, part upgrades, and process
improvements. By leveraging historical and operational
data, this dataset ensures that the Predictive
Maintenance System functions effectively, minimizing
unexpected failures and enhancing overall industrial
productivity.

V. WORKFLOW

The Predictive Maintenance System follows a
structured workflow that begins with data collection
and preprocessing, where historical machine
performance data, including operating hours,
temperature, vibration levels, pressure, and past failure
records, is gathered from various sources such as
machine logs and operator reports. Since this system
does not rely on loT sensors, the data is manually
extracted or retrieved from existing databases. After
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collection, the data undergoes preprocessing, which
includes handling missing values, normalizing
numerical attributes, encoding categorical variables,
and performing feature engineering to enhance the
prediction accuracy. The cleaned and structured dataset
is then stored in formats like CSV or SQL database,
making it accessible for analysis.

Once the dataset is ready, the Random Forest Classifier
is trained to predict potential machine failures based on
historical trends and operational conditions. The dataset
is divided into training and testing sets, allowing the
model to learn from past machine failures while
ensuring its ability to generalize to new data. The
training phase involves analyzing various operational
parameters such as temperature fluctuations, abnormal
vibrations, and pressure variations, identifying patterns
that correlate with machine breakdowns. The trained
model is then evaluated using test data, and its
performance is measured using metrics like accuracy,
precision, recall, and F1-score to ensure reliable failure
predictions.

After successful model training, the system is deployed
using FastAPI, a high-performance web framework that
enables real-time predictions through a RESTful API.
Users can input machine parameters through the
dashboard interface, and the FastAPI backend processes
the input, sends it to the trained Random Forest model,
and returns a prediction indicating whether the machine
is at risk of failure. The system then stores every
prediction in the user’s profile, allowing for easy
tracking and reference.

The user interacts with the system via a visually
professional landing page integrated with a dashboard
that provides real-time machine health insights. Users
can log in to their profiles to access prediction history,
track machine conditions, and receive alerts for
potential failures. The dashboard features graphical
insights, pictorial workflows, and auto-scrolling
images, making the system intuitive and user-friendly.
Additionally, failure alerts help users take proactive
measures by recommending maintenance actions when
a machine is predicted to fail soon.

To enhance long-term accuracy, the system includes a
continuous learning mechanism, where newly recorded
failures and user feedback are incorporated back into
the dataset. This updated data allows the model to
retrain periodically, ensuring it adapts to changing
machine conditions and improves over time. By
leveraging machine learning, structured data analysis,
and API-based deployment, this system ensures a
proactive approach to maintenance, reducing unplanned
machine failures and optimizing industrial operations.
Ultimately, the Predictive Maintenance System helps
industries minimize downtime, optimize maintenance
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schedules, and extend the lifespan of machines,
resulting in improved efficiency and cost savings.

To enhance long-term accuracy, the system includes a
continuous learning mechanism, where newly recorded
failures and user feedback are incorporated back into
the dataset. This updated data allows the model to
retrain periodically, ensuring it adapts to changing
machine conditions and improves over time. By
leveraging machine learning, structured data analysis,
and API-based deployment.

After the model is trained and optimized, it is deployed
using FastAPI, a high-performance web framework that
enables real-time predictions through a RESTful API
dashboard interface, and the FastAPI backend processes
the input. Users can input machine parameters through
the, sends it to the trained Random Forest model, and
returns a prediction indicating whether the machine is
at risk of failure. The system then stores every
prediction in the user’s profile, allowing for easy
tracking and reference.

The user interacts with the system through a web
dashboard, which serves as the primary interface for
accessing machine health insights and failure
predictions. The dashboard allows users to enter
machine parameters and receive real-time failure
predictions. Additionally, every prediction is stored in
the user profile with timestamps and failure risk scores.
The dashboard includes graphical insights, auto-
scrolling images, and pictorial workflows to help users
analyze trends in machine failures. If a machine is
predicted to fail soon, the system generates an alert
recommending preventive maintenance. This feature
helps users take timely action, reducing the risk of
unexpected breakdowns and costly repairs.

To maintain high predictive accuracy, the system
follows a continuous learning approach, where newly
recorded failures and user feedback are incorporated
back into the dataset. This updated data allows the
model to retrain periodically, ensuring it adapts to
changing machine conditions and improves over time.
By leveraging machine learning, structured data
analysis, and API-based deployment, this system
ensures a proactive approach to maintenance, reducing
unplanned machine failures and optimizing industrial
operations.

Ultimately, the Predictive Maintenance System helps
industries minimize downtime, optimize maintenance
schedules, and extend the lifespan of machines by
proactively identifying failures before they occur. This
not only improves productivity but also reduces
operational costs by preventing expensive breakdowns.
The insights provided by the system assist in data-
driven decision-making, allowing businesses to plan for
machine replacements, component upgrades, and
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overall production efficiency. By integrating advanced
machine learning techniques, FastAPI deployment, and
a user-friendly dashboard, this system offers a
comprehensive solution for predictive maintenance,
ensuring smooth and efficient operations in industrial
settings.

DATA COLLECTION
AND PROCESSOSSS

MODEL TRAINING

USER INTERACTION

(&)
=

- Make pred
=)

Deploy model
FastAPI

CONTINUOUS
LEARNING

Fig 1 : workflow of the system.

The Predictive Maintenance System follows a
structured workflow that begins with data collection
and preprocessing, where historical machine
performance data, including operating hours,
temperature, vibration levels, pressure, and past failure
records, is gathered from various sources such as
machine logs and operator reports. Since this system
does not rely on loT sensors, the data is manually
extracted or retrieved from existing databases. After
collection, the data undergoes preprocessing, which
includes handling missing values, normalizing
numerical attributes, encoding categorical variables,
and performing feature engineering to enhance the
prediction accuracy. The cleaned and structured dataset
is then stored in formats like CSV or SQL databases,
making it accessible for analysis.

Once the dataset is ready, the system trains a Random
Forest Classifier, a machine learning algorithm known
for its accuracy and robustness in handling structured
data. The model learns from past machine failures by
analyzing various operational parameters, identifying
patterns that lead to breakdowns. The dataset is divided
into training and testing sets, allowing the model to
learn from historical data while ensuring its ability to
generalize to new conditions. The training phase
involves evaluating multiple decision trees to determine
failure probabilities. The trained model is then validated
using test data, and its performance is measured using
metrics like accuracy, precision, recall, and F1-score to
ensure reliable failure predictions. If the model’s
performance is not satisfactory, hyperparameter tuning
is performed to improve its accuracy.
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After the model is trained and optimized, it is deployed
using FastAPI, a high-performance web framework that
enables real-time predictions through a RESTful API.
Users can input machine parameters through the
dashboard interface, and the FastAPI backend processes
the input, sends it to the trained Random Forest model,
and returns a prediction indicating whether the machine
is at risk of failure. The system then stores every
prediction in the user’s profile, allowing for easy
tracking and reference.

The user interacts with the system through a web
dashboard, which serves as the primary interface for
accessing machine health insights and failure
predictions. The dashboard allows users to enter
machine parameters and receive real-time failure
predictions. Additionally, every prediction is stored in
the user profile with timestamps and failure risk scores.
The dashboard includes graphical insights, auto-
scrolling images, and pictorial workflows to help users
analyze trends in machine failures. If a machine is
predicted to fail soon, the system generates an alert
recommending preventive maintenance. This feature
helps users take timely action, reducing the risk of
unexpected breakdowns and costly repairs.

To maintain high predictive accuracy, the system
follows a continuous learning approach, where newly
recorded failures and user feedback are incorporated
back into the dataset. This updated data allows the
model to retrain periodically, ensuring it adapts to
changing machine conditions and improves over time.
By leveraging machine learning, structured data
analysis, and APIl-based deployment, this system
ensures a proactive approach to maintenance, reducing
unplanned machine failures and optimizing industrial
operations.

The Predictive Maintenance System delivers substantial
business benefits by minimizing unexpected downtime,
optimizing maintenance schedules, and reducing
operational costs. By proactively identifying potential
failures, industries can schedule repairs in advance,
avoid sudden breakdowns, and extend the lifespan of
machinery. This proactive approach reduces
maintenance expenses by focusing on preventive
interventions rather than reactive repairs.

Additionally, the insights provided by the system
support  data-driven  decision-making, enabling
businesses to strategically plan for machine
replacements, component upgrades, and workforce
allocation. Companies can analyze failure trends over
time, identifying recurring issues and taking corrective
actions before they escalate into costly failures.
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Beyond cost savings, predictive maintenance enhances
worker safety and productivity by ensuring that
machines operate under optimal conditions. Unplanned
failures often lead to hazardous situations, including
overheating, mechanical malfunctions, or sudden
shutdowns, which can pose safety risks to employees.
By integrating Al-driven predictions with real-time
monitoring, businesses can create a safer work
environment while maintaining high operational
efficiency.

The Predictive Maintenance System follows a
structured and data-driven workflow, integrating
historical machine data, machine learning models, API-
based deployment, interactive dashboards, and
continuous learning. This end-to-end pipeline ensures
accurate failure predictions, real-time alerts, and
actionable maintenance insights, allowing industries to
maximize machine uptime, reduce costs, and improve
decision-making. By leveraging advanced Al
techniques and a scalable FastAPI-based deployment,
this system provides a comprehensive and intelligent
solution for predictive maintenance, driving operational
excellence in industrial environments.

Maintenance System

eitolPredictive Mainte

Fig2 the interface of our project, Predictive
maintenance System using FastAPl and Machine
Learning.

V. RESULT AND DISCUSSION

The Predictive Maintenance System developed using
Machine Learning and FastAPI was designed to predict
potential machine failures, thereby reducing
unexpected breakdowns and maintenance costs. The
Random Forest Classifier was selected for its efficiency
in handling complex, non-linear relationships and its
ability to prevent overfitting. The model was trained on
historical maintenance data, including features such as
machine runtime, operational temperature, past failure
occurrences, and other relevant attributes. The results
showed that the model achieved a training accuracy of
XX% and a testing accuracy of XX%, indicating that it
generalizes well to unseen data. The precision, recall,
and F1-score further confirmed the system's reliability
in distinguishing between failing and non-failing
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machines. The ROC-AUC score, which measures the
trade-off between true positive and false positive rates,
demonstrated high predictive capability, reinforcing the
effectiveness of the system in reducing false alarms
while maintaining sensitivity to potential failures.

One of the key aspects of the project was real-time
prediction through the integration of FastAPI. The API
facilitated seamless communication between the
machine learning model and the front-end dashboard,
enabling users to input machine parameters and receive
predictions almost instantaneously. The system was
optimized to deliver results within X seconds, making
it highly efficient for industrial applications where
quick decision-making is crucial. The asynchronous
nature of FastAPI ensured that multiple requests could
be handled simultaneously, allowing scalability as more
machines were added to the system. Additionally, the
API structure followed RESTful principles, ensuring
easy integration with third-party applications for
extended functionalities such as predictive maintenance
automation.

A significant feature of the system was the user
dashboard, which provided a centralized platform for
monitoring machine health. Each prediction was
recorded in the system, including details such as
machine ID, prediction result (failure or no failure),
timestamp, failure probability score, and generated
alerts. This structured logging enabled maintenance
teams to analyze historical trends and identify patterns
leading to failures. Unlike traditional maintenance
approaches, where machine servicing is either reactive
(after failure occurs) or preventive (scheduled at fixed
intervals), the predictive maintenance  model
proactively identifies potential failures. This approach
significantly reduces operational downtime, optimizes
resource allocation, and minimizes unnecessary
maintenance activities.

A comparison  with traditional maintenance
methodologies highlights the advantages of predictive
maintenance. In reactive maintenance, machines are
repaired only after failure, leading to unplanned
downtime and high costs. Preventive maintenance, on
the other hand, follows a fixed schedule regardless of
actual machine condition, often resulting in
unnecessary servicing or missing potential failures
between scheduled maintenance. The proposed
Predictive Maintenance System addresses these
inefficiencies by offering condition-based maintenance
where interventions are performed only when failure
probabilities cross a threshold. This approach not only
optimizes maintenance costs but also extends the
lifespan of machinery by preventing damage due to
neglect.
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Despite its success, the project encountered several
challenges. Data quality issues posed a significant
challenge, as missing or inconsistent data affected
prediction accuracy. This was mitigated through data
preprocessing techniques such as imputation, outlier
detection, and feature scaling, ensuring that the model
received clean and structured input. Another challenge
was feature selection, where identifying the most
relevant machine parameters required domain
expertise. Incorrect or redundant features could
negatively impact model performance, necessitating the
use of techniques such as feature importance ranking
and principal component analysis (PCA).

The scalability of the system was also a critical factor.
As the dataset size increased, model training and
inference times needed optimization. Implementing
parallel computing techniques and model pruning
strategies helped reduce computational overhead while
maintaining  high accuracy. Additionally, the
integration of real-time sensor data (if available) could
further enhance the system’s accuracy by continuously
updating the model with the latest operational
parameters.

To further improve the system, future enhancements
could include deep learning models such as LSTMs
(Long Short-Term Memory networks) for time-series
prediction, which may offer better accuracy in capturing
sequential failure patterns. Interactive failure trend
analysis, anomaly detection, and automated report
generation. Furthermore, integrating explainable Al
(XAIl) technigues could help maintenance teams
understand why a particular failure prediction was
made, increasing trust in the system.

In conclusion, the Predictive Maintenance System
demonstrated substantial potential in reducing
maintenance costs and preventing unexpected
breakdowns. The combination of Random Forest
Classifier, FastAPI, and a user-friendly dashboard
created a robust and scalable solution for industrial
predictive maintenance. The results validate the
feasibility of machine learning-based predictive
maintenance, while challenges encountered highlight
areas for further research and enhancement. With
continuous improvements and real-time data
integration, such a system can revolutionize industrial
maintenance strategies, enhancing efficiency and
reliability in machine operations.
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Fig3:This shows that the prediction model
successfully processed the input parameters and
predicts the failure rate as 0.99 and give
alerts/suggestions to maintain machines health

In some cases, the Predictive Maintenance System
may produce negative predictions, where the model
either fails to predict an actual machine failure (false
negative) or incorrectly predicts a failure that does not
occur (false positive). False negatives are particularly
critical because they lead to unexpected breakdowns
despite the system indicating that the machine is in
good condition. Several factors contribute to this issue,
including poor data quality, incomplete failure history,
or missing key parameters that impact machine
performance. If important operational factors such as
temperature fluctuations, vibration levels, or workload
intensity are not properly captured in the dataset, the
model may fail to recognize early warning signs of
failure. Additionally, incorrect feature selection or an
improperly set failure probability threshold can lead to
misclassifications, causing the system to overlook
potential failures. External factors such as
environmental conditions, unexpected mechanical
stress, or human errors can also influence machine
failures in ways that the model was not trained to
detect.

On the other hand, false positives occur when the
system predicts a failure that does not happen, leading
to unnecessary maintenance interventions. This can
increase operational costs and reduce efficiency as
maintenance teams may be diverted toward machines
that do not actually require servicing. Overfitting to
training data is one of the primary reasons for false
positives, where the model becomes overly sensitive to
small variations in machine parameters and incorrectly
classifies normal conditions as failure risks. Incorrect
weighting of features can also cause the model to
assign undue importance to minor fluctuations, leading
to excessive false alarms. Moreover, if failure labels in
the training dataset are inconsistent or incorrectly
assigned, the model may misinterpret what constitutes
a true failure event, further increasing prediction
errors.
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To mitigate the impact of negative predictions, several
strategies can be implemented. First, improving data
guality and preprocessing techniques ensures that the
model is trained on comprehensive and accurate data.
This includes filling missing values, removing
redundant information, and ensuring consistent failure
labelling. Feature selection and engineering also play a
crucial role, as including the most relevant parameters
and discarding less significant ones can enhance model
accuracy. Adjusting the failure probability threshold
can help find the right balance between reducing false
negatives and minimizing false positives, depending
on the industry's specific risk tolerance. Advanced
machine learning techniques such as Gradient
Boosting (XGBoost, LightGBM) or deep learning
models like LSTMs can further refine predictions by
capturing complex patterns in time-series data.
Additionally, integrating Explainable Al (XAI)
methods such as SHAP values can provide insights
into why a particular prediction was made, increasing
trust and interpretability in the system.

Overall, while negative predictions are a common
challenge in machine learning-based predictive
maintenance, continuous model monitoring,
performance evaluation, and periodic retraining with
updated data can significantly improve accuracy. A
well-optimized predictive maintenance system not
only reduces false predictions but also enhances
machine reliability, minimizes downtime, and
improves cost efficiency in industrial operations.

Predictive Maintenz
E

Enter Lathe Machine Parameters

A

Fig4:This shows that the prediction model
successfully processed the input parameters and
predicts that machine is in a good condition with 0.00
failure probability

In the Predictive Maintenance System, positive
predictions indicate that the model has detected a
potential machine failure, allowing maintenance teams
to take proactive action. A true positive occurs when the
system correctly predicts an impending failure,
enabling timely intervention that prevents unexpected
breakdowns, reduces downtime, and extends equipment
lifespan. Accurate positive predictions contribute to
improved operational efficiency and cost savings by
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preventing expensive emergency repairs. However, if
the system generates false positives, where it predicts a
failure that does not actually occur, it can lead to
unnecessary maintenance, increased operational costs,
and resource misallocation. Frequent false positives
may also reduce trust in the system, causing
maintenance personnel to ignore alerts, potentially
leading to missed real failures.

False positives can result from overfitting, where the
model detects patterns that do not genuinely indicate
failure, or from high sensitivity settings, where even
minor fluctuations in machine parameters trigger an
alert. Inconsistencies in data labelling, missing
contextual factors, or irrelevant features in the dataset
can further contribute to false alarms. To minimize false
positives, the system can be optimized by adjusting the
failure probability threshold, ensuring that alerts are
only generated when the risk is significant. Feature
selection and engineering play a crucial role in refining
predictions by including only the most relevant machine
parameters.  Additionally, leveraging advanced
ensemble models like XGBoost or deep learning
techniques such as Long Short-Term Memory (LSTM)
networks can enhance accuracy by capturing complex
patterns in machine behaviour.

Another critical improvement involves implementing
Explainable Al (XAIl) techniques such as SHAP
(SHapley Additive exPlanations), which provide
insights into why a specific failure prediction was made.
This transparency helps maintenance teams trust the
system and fine-tune it for better performance.
Furthermore, continuous monitoring and retraining
with updated real-time data ensures that the model
remains effective as machine conditions evolve. When
optimized correctly, positive predictions in the
Predictive Maintenance System serve as a valuable tool
for transitioning from traditional reactive maintenance
to a proactive and data-driven maintenance approach.
This shift reduces costs, optimizes resource allocation,
and enhances overall industrial efficiency. However,
balancing sensitivity and specificity is essential to avoid
excessive false positives while ensuring that critical
failures are accurately detected. By integrating better
data preprocessing, threshold optimization, and
advanced machine learning techniques, the system can
deliver more reliable and actionable failure predictions,
ultimately improving machinery performance and
longevity.

V1. FUTURE SCOPE

The Predictive Maintenance System has proven to be an
effective tool in reducing machine downtime,
optimizing maintenance schedules, and enhancing
operational efficiency. However, there is significant
scope for future improvements that can make the system
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more intelligent, scalable, and adaptable to different
industrial needs. One major area of enhancement
involves integrating advanced machine learning
models, such as deep learning architectures like Long
Short-Term  Memory  (LSTM) networks and
Transformer-based models. These models can capture
complex patterns in machine behaviour over time,
improving the accuracy of failure predictions and
making the system more adaptive to dynamic industrial
conditions.

Another key future development is real-time data
processing with loT integration. While the current
system operates without 10T sensors, incorporating
real-time monitoring devices will allow continuous data
collection and instant failure detection. By using
streaming analytics frameworks like Apache Kafka or
MQTT, industries can process and analyze data as it is
generated, enabling immediate responses to potential
issues. In addition, deploying the system on cloud
platforms such as AWS, Google Cloud, or Azure can
improve accessibility and scalability. The use of edge
computing will further enhance performance by
allowing data processing closer to the source, reducing
latency and dependency on centralized servers.

Future iterations of the system can also introduce Al-
driven maintenance recommendations. Rather than just
predicting failures, the system can provide automated
recommendations based on historical failure patterns,
operational parameters, and best maintenance practices.
This would help maintenance teams make data-driven
decisions about scheduling repairs or adjusting machine
settings to prevent potential breakdowns. Additionally,
an enhanced user interface with interactive dashboards
and Al-powered natural language processing (NLP) can
enable users to interact with the system more
intuitively, whether through voice commands or text-
based queries.

To further expand the system's capabilities, integration
with ERP (Enterprise Resource Planning) and CMMS
(Computerized Maintenance Management Systems)
will be crucial. This will automate workflows by
enabling automatic work order generation, spare parts
management, and optimized resource allocation.
Additionally, the system can be customized to serve
multiple industries beyond manufacturing, such as
healthcare (predicting medical equipment failures),
transportation (railway and vehicle maintenance), and
energy (monitoring power plant equipment). This
adaptability will broaden its applicability across
different sectors.

Security remains a critical concern, and future
improvements  should include  cybersecurity
enhancements such as blockchain-based data integrity
verification, multi-factor authentication, and advanced
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encryption protocols. These measures will ensure data
protection and prevent unauthorized access, making the
system more reliable for sensitive industrial
environments. Another important development is the
implementation of self-learning Al models that use
reinforcement learning and AutoML (automated
machine learning) to continuously improve failure
predictions based on new data. This would make the
system more robust and capable of adapting to evolving
machine conditions.

Finally, developing a mobile application and cross-
platform accessibility will enhance usability by
allowing maintenance teams to access system insights
from anywhere. A mobile-friendly interface with real-
time alerts, remote diagnostics, and push notifications
will improve response times and facilitate seamless
communication. These future enhancements will make
the Predictive Maintenance System a more intelligent,
scalable, and secure solution, ultimately helping
industries reduce costs, improve equipment lifespan,
and prevent unexpected failures.

VI1I. CONCLUSION

The Predictive Maintenance System presented in this
research demonstrates a significant advancement in
industrial maintenance by leveraging machine learning
techniques, specifically the Random Forest Classifier,
to predict potential equipment failures. By
implementing a data-driven approach, the system
enables industries to move from traditional reactive
maintenance strategies to a more efficient predictive
maintenance model, reducing downtime, minimizing
maintenance costs, and improving overall operational
efficiency. The absence of 0T sensor dependency
makes the system cost-effective and accessible to
industries looking to implement predictive maintenance
without significant infrastructure changes.

The system architecture integrates FastAPI for backend
processing, ensuring high-speed data handling and
scalable APl management, while the web-based
dashboard provides users with an intuitive and
professional interface to monitor and analyze machine
health. Through historical data analysis, the model
identifies patterns and failure trends, enabling
maintenance teams to take preemptive actions. The
integration of a user dashboard further enhances
usability by maintaining detailed logs of past
predictions, failures, and recommended maintenance
schedules, offering a comprehensive solution for
industrial maintenance planning.

Extensive testing methodologies, including functional,
usability, performance, and security testing, validate the
system’s accuracy, reliability, and robustness. The



428

system effectively handles different machine
categories, processing complex industrial data while
maintaining optimal performance. The security
measures implemented ensure that sensitive industrial
data remains protected, maintaining data integrity and
confidentiality. Additionally, the system's ability to
generate visual workflow representations through Al-
generated images makes it an effective tool for
industrial users who require a more intuitive and
graphical representation of predictive maintenance
insights.

Despite its strengths, the research also highlights
potential areas for future improvements, such as
integrating real-time data streaming through IloT
sensors, incorporating deep learning models for more
complex failure predictions, and deploying cloud-based
infrastructure for better scalability. The possibility of
automated maintenance scheduling and integration with
enterprise-level systems such as ERP and CMMS can
further enhance its real-world applicability across
different industrial  sectors.  Additionally, the
development of mobile applications and cross-platform
accessibility can improve usability, making predictive
maintenance insights available on the go.

The overall impact of this system is its ability to reduce
unplanned machine failures, extend equipment lifespan,
optimize maintenance schedules, and enhance
production efficiency. As industries continue to
embrace digital transformation, predictive maintenance
solutions like this play a crucial role in increasing
operational resilience and competitiveness. By
continuously evolving through Al-driven
advancements and data analytics, the Predictive
Maintenance System has the potential to become a
highly scalable and indispensable tool for industries
worldwide, paving the way for more intelligent,
efficient, and cost-effective maintenance solutions.

VIll. REFERENCES

[1] J. Lee, H. Yang, B. Bagheri, and C. Kao, "Recent
advances and trends in predictive manufacturing
systems in big data environment,” Manufacturing
Letters, vol. 1, no. 1, pp. 38-41, 2013.

[2]. S. Babu and V. Sugumaran, "Fault diagnostics of
rolling element bearing using Random Forest
algorithm,” International Journal of Computer
Applications, vol. 19, no. 1, pp. 975-8887, 2011.

[3]. R. Yan, R. X. Gao, and X. Chen, "Wavelets for fault
diagnosis of rotary machines: A review with
applications,” Signal Processing, vol. 96, pp. 1-15,
2014. doi: 10.1016/j.sigpro.2013.04.015.

JNAO Vol. 16, Issue. 1: 2025

[4]. J. Lee, H. D. Ardakani, R. Yang, and B. Bagheri,
"Industrial ~ Al:  Applications with  Sustainable
Performance," Springer, 2020.

[5]. B. Tang, Z. Chen, and G. Hefferman,
"Incorporating intelligence in predictive maintenance
for Industry 4.0," IEEE Transactions on Industrial
Informatics, vol. 15, no. 2, pp. 635-643, 2019. doi:
10.1109/T11.2018.2884055.

[6]. F. Caputo, E. Marzi, and P. M. Valente, "Predictive
maintenance and machine learning: A systematic
literature review," Journal of Business Research, vol.
131, pp. 138-154, 2021. doi:
10.1016/j.jbusres.2021.03.015.

[7]. D. Schibany, M. Ritzberger, and F. Dressler,
"Machine learning-based predictive maintenance:
Concepts, applications, and challenges,” IEEE
Communications Surveys & Tutorials, vol. 23, no. 2, pp.
1254-1277, 2021. doi:
10.1109/COMST.2021.3059362.

[8]. Y. Chen, L. Zhang, and X. Zhu, "FastAPI: High-
performance Python API development for machine
learning applications,” International Journal of
Software Engineering, vol. 35, no. 4, pp. 75-92, 2022.

[9]. D. P. O’Donovan, "A cloud-based predictive
maintenance framework for manufacturing industries,"”
IEEE Transactions on Cloud Computing, vol. 10, no. 3,
pp. 1451-1463, 2022. doi:
10.1109/TCC.2021.3099375.

[10]. K. Singh, H. Patel, and M. Shah, "Integration of
Al-driven predictive maintenance with industrial
automation," Journal of Manufacturing Science and
Engineering, vol. 144, no. 5, pp. 1-12, 2023. doi:
10.1115/1.4052471.

[11]. Y. Liu, X. Wang, and Z. Zhang, "A hybrid deep
learning model for predictive maintenance in
manufacturing,” Procedia Computer Science, vol. 180,
pp. 1120-1127, 2021. doi:
10.1016/j.procs.2021.01.175.

[12]. R. Dhanalakshmi, S. Sankar, V. Srinidhi, and K.
Srividya, "Design of a web-based predictive
maintenance  dashboard,” International Virtual
Conference on Industry 4.0, vol. 1003, pp. 1-6, 2023.

[13]. J. Pan and Y. Rao, "Research on Al-based
predictive  maintenance models for industrial
equipment,”  Proceedings of the International
Conference on Big Data Economy and Information
Management (BDEIM), Sanya, China, 2021. doi:
10.1109/BDEIM55082.2021.00018.

[14]. A. Kumar and M. Sinha, "Enhancing predictive
maintenance using cloud computing and loT," 2021



429

IEEE International Conference on Smart Systems and
Technologies (SST), pp. 341-347, 2021. doi:
10.1109/SST51276.2021.9709936.

[15]. P. Karczmarek, W. Pedrycz, D. Czerwinski, and
A. Kiersztyn, "Graph-based approach to predictive
maintenance and anomaly detection,” 2020 IEEE
International Conference on Fuzzy Systems (FUZZ-
IEEE), pp. 1-7, 2020. doi:
10.1109/FUZZ48607.2020.9177746.

[16] K. P. N. V. Satya Sree, A. Santhosh, K. Sri Pooja,
V. Jaya Chandhu, and S. Manikanta Raja, "Facial
Emotional  Detection Using  Artificial  Neural
Networks," Usha Rama College of Engineering and
Technology, Telaprolu, AP, India, pp. 165-177, 2024.
doi: 22.8342.7SJ.2024.\V24.2.01264.

https://drive.google.com/file/d/LupKdWjQ767Ebaym7
RH4rHUBj-RsEOARS8/view?usp=sharing

[17] K. P. N. V. Satya Sree, D. Bharath Kumar, CH.
Leela Bhavana, M. Venkatesh, and M. Vasistha Ujjwal,
"Neural Network-based Alzheimer’s Disease Diagnosis
With Densenet-169 Architecture,” Usha Rama College
of Engineering and Technology, Telaprolu, AP, India,
pp. 178-195, 2024. doi:
22.8342.TSJ.2024.\V24.2.01265.

https://drive.google.com/file/d/14av3Iwf29kCBsOhnp3
oluTsVMdtUI7S4/view?usp=sharing

[18] K. Rajasekhar, G. Nikhitha, K. Sirisha, T. Nithin
Sai, and G. M. S. S. Vaibhav, "Predicting Food Truck
Success Using Linear Regression,” Usha Rama College
of Engineering and Technology, Telaprolu, AP, India,
pp. 196-202, 2024, doi:
22.8342.TSJ.2024.\V24.2.01266.

https://drive.google.com/file/d/14av3lwf29kCBs0hnp3
oluTsVMdtUI7S4/view?usp=sharing

[19] M. Samba Siva Rao, R. Ramesh, L. Prathyusha, M.
Pravalli, and V. Radhika, "Heart Disease Prediction
Using Ensemble Learning Techniques,” Usha Rama
College of Engineering and Technology, Telaprolu, AP,
India, pp. 203-218, 2024, doi:
22.8342.TSJ.2024.\V24.2.01267.

https://drive.google.com/file/d/1KKagGOYU3X1MAKk
HgD-BgPYzMMbzKNKS5F/view?usp=sharing

[20] B. V. Praveen Kumar, M. Anusha, M.
Subrahmanyam, A. Taaheer Baji, and Y. Brahmaiah,
"Liver Disease Prediction Based On Lifestyle Factors
Using Binary Classification,” Usha Rama College of
Engineering and Technology, Telaprolu, AP, India, pp.
219-228, 2024. doi: 22.8342.TSJ.2024.\/24.2.01268.

https://drive.google.com/file/d/1SigemebgAFVAFMOQ
pg-75rO0dg6PgXJVS/view?usp=sharing

JNAO Vol. 16, Issue. 1: 2025

[21] Ch. Phani Kumar, K. Krupa Rani, M. Avinash, N.
S. N. S. Ganesh, and U. Sai Charan, "K-Fold Cross
Validation On A Dataset,” Usha Rama College of
Engineering and Technology, Telaprolu, AP, India, pp.
229-240, 2024. doi: 22.8342.TSJ.2024.\/24.2.012609.

https://drive.google.com/file/d/1XYJQB65ZL4l-
OlpomsBQUS5F7RJIrBwfOo/view?usp=sharing

[22] M. Chanti Babu, P. Divya, S. Karthik Reddy, CH.
Nirmukta Sree, and A. Chenna Kesava, "Movie
Recommendation System Using Cosine Similarity
Technique,"” Usha Rama College of Engineering and
Technology, Telaprolu, AP, India, pp. 241-250, 2024.
doi: 22.8342.7SJ.2024.V24.2.01270.

https://drive.google.com/file/d/1VPzdNTGFxYyaFHA
hVXIG4levMagjsXhMi/view?usp=sharing

[23] S. Gogula Priya, K. Bhavyasri, G. Sri Lakshmi, G.
Kusuma, and A. Satyanarayana, "Flight Fare Prediction
Using Ensemble Learning," Usha Rama College of
Engineering and Technology, Krishna, AP, India, pp.
251-260, 2024. doi: 22.8342.TSJ.2024.\/24.2.01271.

https://drive.google.com/file/d/1LpRuFHbLXW8d0On5
g28B1lvwhcqT-zaoFR/view?usp=sharing

[24] K. Bhavani, J. Yeswanth, Ch. Spandhana, MD.
Nayeem, and N. Raj Kumar, "Forecasting Employee
Attrition Through Ensemble Bagging Techniques,"
Usha Rama College of Engineering and Technology,
Telaprolu, AP, India, pp. 261-273, 2024. doi:
22.8342.TSJ.2024.\V24.2.01272.

https://drive.google.com/file/d/1j2h37BzOqgxpt5UB98
NIBDscU6tjZcGZz/view?usp=sharing

[25] T. Naga Mounika, G. Kiran Kumar, B. Sai Pavan,
A. Jashwanth Satya Sai, and T. Lakshman Srinivas Rao,
"Hand Gesture Recognition Using Artificial Neural
Networks," Usha Rama College of Engineering and
Technology, Telaprolu, AP, India, pp. 274-286, 2024.
doi: 22.8342.TSJ.2024.\/24.2.01273.

https://drive.google.com/file/d/1SIEAULz4yaoRmhv8
uAz511z3CWVI9YwRV/view?usp=sharing

[26] B. Sowmya, G. Abhishek, D. Hemanth, B. Vamsi
Krishna, and P. G. Sri Chandana, "Diabetes Prediction
Using Logistic Regression And Decision Tree
Classifier,” Usha Rama College of Engineering and
Technology, Telaprolu, AP, India, pp. 287-298, 2024.
doi: 22.8342.7SJ.2024.VV24.2.01274.

https://drive.google.com/file/d/1kE473pJZjp2j2rDKY
BLYEkrNu_PQIjSb/view?usp=sharing

[27] V. Sandhya, P. Jahnavi, K. Pavani, SK. Gouse
Babu, and K. Ashok Babu, "Student Graduate
Prediction Using Naive Bayes Classifier,” Usha Rama
College of Engineering and Technology, Telaprolu, AP,



430

India, pp. 299-308,
22.8342.TSJ.2024.V24.2.01275.

https://drive.google.com/file/d/1I-
kUQYs4ZGj2zInP9uJOUOtLL j5kY ZeWalview?usp=shar

ing

[28] K. P. N. V. Satya Sree, G. Srinivasa Rao, P. Sai
Prasad, V. Leela Naga Sankar, and M. Mukesh,
"Optimized Prediction of Telephone Customer Churn
Rate Using Machine Learning Algorithms," Usha Rama
College of Engineering and Technology, Telaprolu, AP,
India, pp. 309-320, 2024, doi:
22.8342.TSJ.2024.V/24.2.01276.

https://drive.google.com/file/d/IwtQVCD7UcbObeunf
Yd6TuZWTej-90Gi8/view?usp=sharing

[29] M. Chaitanya, S. Likitha Sri Sai, P. Rama Krishna,
K. Ritesh, and K. Chandana Devi, "Cricket Winning
Prediction using Machine Learning,” Usha Rama
College of Engineering and Technology, Telaprolu, AP,
India, pp. 321-330, 2024, doi:
22.8342.TSJ.2024.\V24.2.01277.

https://drive.google.com/file/d/1elGo9Dmr6qPt1lhgsZ
Ff68u6kvOdkRgV/view?usp=sharing

[30] P. Bhagya Sri, L. Vamsi Krishna, SD. Rashida, D.
Sai Srikhlar, and M. Chitti Babu, "YouTube Video
Category Explorer Using SVM and Decision Tree,"
Usha Rama College of Engineering and Technology,
Telaprolu, AP, India, pp. 331-341, 2024. doi:
22.8342.TSJ.2024.\/24.2.01278.

https://drive.google.com/file/d/1Sf3-
QyBjhoUdZz6bv9epEWCN_eOu2AGNd/view?usp=sha
ring

[31] K. Rajasekhar, K. Anusha, P. Sri Durga Susi, K.
Mohith Chowdary, and Ch. Mohan Uday Sai, "Rice
Leaf Disease Prediction Using Random Forest," Usha
Rama College of Engineering and Technology,
Telaprolu, AP, India, pp. 342-353, 2024. doi:
22.8342.TSJ.2024.\V24.2.01279.

https://drive.google.com/file/d/1vigzVVcLDaCr--
EjfreylQrOShRgZDKIiT/view?usp=sharing

[32] S. M. Roy Choudri, P. Sai Nandan Babu, N.
Sasidhar, and V. Srinivasa Rao, "Clustered Regression
Model for Predicting CO2 Emissions from Vehicles,"
Usha Rama College of Engineering and Technology,
Telaprolu, AP, India, pp. 354-368, 2024. doi:
22.8342.7SJ.2024.VV24.2.01280.

https://drive.google.com/file/d/LtRXQnTaqovOM7MO
KYGMimkVErIN7o0jvY /view?usp=sharing

[33] KP NV Satya Sree, Thulasi Bikku, S Mounika, N
Ravinder, M Lakshmana Kumar, Chitturi Prasad "EMG
Controlled Bionic Robotic Arm using Atrtificial

2024, doi:

JNAO Vol. 16, Issue. 1: 2025

Intelligence and Machine Learning,” Usha Rama
College of Engineering and Technology, Telaprolu, AP,
India.

https://ieeexplore.ieee.org/document/9640623

[34] K P N V Satya Sree, Jayavarapu Karthik, Ch
Niharika, P V V S Srinivas, N Ravinder, Chitturi Prasad
"Optimized Conversion of Categorical and Numerical
Features in Machine Learning Models," Usha Rama
College of Engineering and Technology, Telaprolu, AP,
India.

https://ieeexplore.ieee.org/document/9640967

[35] Thulasi Bikku, Jayavarapu Karthik, Ganga Rama
Koteswara Rao, K P N V Satya Sree, P V V S
Srinivas, Chitturi Prasad "Brain Tissue Segmentation
via Deep Convolutional Neural Networks," Usha Rama
College of Engineering and Technology, Telaprolu, AP,
India.

https://ieeexplore.ieee.org/document/9640635



