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Abstract. Industrial equipment failures lead to costly downtime and mainte-
nance inefficiencies. This research presents a real-time predictive maintenance
system leveraging IoT sensors and machine learning (ML) models for automat-
ed fault detection and performance optimization. The system integrates loT-
based sensors, real-time data analytics, and ML algorithms to monitor industrial
equipment, predict failures, and optimize maintenance processes. Sensors col-
lect real-time operational data from industry, which is securely transmitted us-
ing efficient protocols and stored for further analysis. Advanced ML algorithms
analyze this data to detect patterns indicative of equipment failures, providing
predictive insights to enhance reliability. A web-based interface enables em-
ployees to monitor equipment status, receive maintenance recommendations,
and request actions, ensuring precision in data handling while reducing manual
errors. The study highlights the system’s potential to improve accuracy, reduce
maintenance costs, and increase operational efficiency by minimizing downtime
and enhancing reliability.

Keywords: Predictive Maintenance, [oT Sensors, Machine Learning, Fault De-
tection, Operational Efficiency.

© The Author(s) 2025

P. Ranjan et al. (eds.), Proceedings of the International Conference on Recent Advances in Atrtificial Intelligence
for Sustainable Development (RAISD 2025), Advances in Intelligent Systems Research 196,
https://doi.org/10.2991/978-94-6463-787-8_18


https://doi.org/10.2991/978-94-6463-787-8_18
http://crossmark.crossref.org/dialog/?doi=10.2991/978-94-6463-787-8_18&domain=pdf
http://orcid.org/0000-0002-3102-5636
https://orcid.org/0000-0001-6865-843X
https://orcid.org/0009-0000-5846-2169
http://orcid.org/0000-0003-2350-1687
http://orcid.org/0000-0002-5348-7348
http://orcid.org/0000-0002-2329-9717

202 D. Bej et al.

1. Introduction

In industrial environments, the repercussions of unplanned equipment failures extend
beyond immediate financial losses to include disruptions in production schedules and
potential safety hazards. Industries today are confronted with the ever-present chal-
lenge of maintaining a delicate balance between productivity, cost-effectiveness, and
equipment reliability. Unplanned downtime resulting from equipment failures not
only disrupts production schedules but also incurs substantial financial losses. Tradi-
tional reactive maintenance, while addressing issues after they occur, often leads to
increased downtime, higher maintenance costs, and the potential for cascading fail-
ures. In this context, Predictive Maintenance (PdM) is a proactive maintenance strate-
gy that utilizes real-time data, sensor technology, and machine learning (ML) to pre-
dict equipment failures before they occur [1]. PdM offers a forward-looking solution,
utilizing historical data patterns to forecast potential issues. Industrial sectors such as
power plants, utilities, transportation systems, communication systems and emergency
services required demand of PdM [2]. PdM includes Industrial Internet of Things
(IToT), Artificial Intelligence (AI), and ML, to predict and prevent equipment failures
before they occur. The combination of IoT and ML offers several advantages in moni-
toring industrial equipment failure predictions as [oT sensors continuously monitor
equipment parameters, whereas ML algorithms analyze historical and real-time data
to predict failures before they occur; in such a way, this system can prevent unex-
pected breakdowns and reduce costly downtime of industry.

Developing predictive maintenance system using ML for industrial equipment moni-
toring have following motivations. Firstly, the ability to proactively identify and ad-
dress potential equipment faults can significantly reduce unplanned downtime, which
is a major concern for industries relying on continuous operations [3]. Secondly, pre-
dictive maintenance systems can lower maintenance costs by optimizing maintenance
schedules and reducing the need for unnecessary repairs or replacements. This not
only leads to cost savings but also extends the lifespan of machinery, contributing to
sustainable industrial practices [3]. Additionally, the use of machine learning algo-
rithms enhances the accuracy of predictions, ensuring that maintenance activities are
performed only when necessary [4].

Many researchers have worked on ML for predictive maintenance. In [5], researchers
presented a comprehensive review of the application of various ML techniques in
Industry 4.0 environments, emphasizing the role of algorithms such as Artificial
Neural Networks (ANNSs), Support Vector Machines (SVMs), and Random Forests in
predicting equipment failures [5]. In [6], a data-driven predictive maintenance system
was developed, and the performance was tested using ML algorithms such as Random
Forest, a bagging ensemble algorithm, and XGBoost. In [7], an ML architecture for
Predictive Maintenance is presented based on the Random Forest approach. However,
improved model interpretability, real-time processing, and scalability in industrial
environments are still needed. In [8], researchers conducted a survey comparing dif-
ferent deep learning architectures, discussing their effectiveness in tasks like anomaly
detection and remaining useful life estimation, and deep learning models have also
gained prominence in PdM applications. In [8], the study also addresses challenges
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such as data scarcity and the need for model interpretability. In [9], researchers pre-
sented a systematic review synthesizing existing evidence on applying visual aids in
PdM. Incorporating visual analytics into PdM systems has been explored to enhance
user understanding and interaction with complex data [9]. However, integrating hu-
man feedback loops with visual analytics to improve predictive accuracy is still
needed. In [10], researchers define transfer learning within PdM, highlighting its po-
tential to enhance predictive models. Transfer learning leverages knowledge from one
domain to improve education in another. Addressing challenges related to data scarci-
ty and variability across different equipment or operating conditions within PdM is
still a research scope [10]. The current ML-based PdM system handles non-stationary
environments where equipment behavior changes over time, integrates heterogeneous
data sources, and ensures data quality. Researchers proposed Continual learning ap-
proaches to enable models to adapt to evolving data distributions to improve the sys-
tem [11]. However, updating ML algorithms locally is needed to enhance continual
learning, which can adapt to evolving data distributions without over-reliance on the
cloud.

This research integrates IoT sensors, real-time data collection, and ML models to
enhance accuracy and automation in predictive maintenance. It proposes advanced
ML techniques for training, validation, and fine-tuning to optimize performance and
reliability. Additionally, it includes a web-based interface for user interaction and
suggests future extensions like edge Al, sustainability, and self-adaptive models.

2. Proposed System

The proposed system proclaims to cover all the ineffectiveness of the previous ex-
istingsystem. It reduces manual errors and provides precision in data handling. This
automatedsystem creates a better interface for the predictive maintenance system.
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Fig. 1. Schematic of the Proposed system
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Fig. 1 shows the schematic of the Proposed system, which represents an loT-based
predictive maintenance system using machine learning and real-time analytics. Sen-
sors on factory assembly lines collect temperature, vibration, and performance data,
transmitted via the MQTT protocol. The data is stored in database servers for real-
time processing and historical analysis. Machine learning models analyze the data to
predict equipment failures by training a model and deployed the train model. An IoT
analytics platform visualizes insights, detects faults, and triggers preventive actions.
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Fig. 2. Functionalities of the proposed predictive maintenance.

Functionalities of the proposed system is presented in Fig. 2. Sensors gather real-time
data from industrial equipment. Then accuracy and reliability of collected data is veri-
fied. After that, data is encrypted & efficient transmission protocols is established.
Then at the next phase, model selection and development are done. First, the best
machine learning techniques are chosen. Then, it is combined with multiple models
for better predictions. Evaluate and fine-tune models based on performance metrics is
done. After that, at the time of validation and testing. First, cross-validation is done.
Then accuracy with unseen validation data is Assess. Then it has been compared with
past failure records to ensure reliability.

The software requirements include Python 3.x for coding and scripting, along with
Jupyter Notebooks for interactive development and documentation. Pandas and Num-
Py are essential for efficient data manipulation, while Scikit-learn is used for imple-
menting machine learning models. For data visualization, Matplotlib and Seaborn are
required. Additionally, Git is necessary for version control and collaboration.

The hardware requirements include a standard desktop or laptop with a minimum of
16GB RAM to handle large datasets, along with sufficient processing power to run
complex machine learning algorithms.

The design of the work encompasses a holistic approach to predictive maintenance,
incorporating data preprocessing, feature engineering, and the utilization of ensemble
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machine learning algorithms. The selection of Random Forest and Gradient Boosting
algorithms is based on their proven efficacy in handling complex, multidimensional
datasets. The ensemble approach aims to capitalize on the strengths of individual
algorithms, enhancing the model’s ability to discern subtle patterns indicative of im-
pending equipment failures. Fig. 3 illustrates the explanation of the represents indi-
viduals who interact with the Predictive Maintenance System.
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Fig. 3. Use case diagram of Predictive maintenance.

Fig. 3 presents the Use Case Diagram for the Predictive Maintenance System. The
diagram illustrates how employees interact with the system to view equipment status,
request maintenance actions, and access alerts and recommendations. These interac-
tions facilitate predictive maintenance by ensuring timely interventions and reducing
equipment failures. Fig. 4 presents the diagram of the use case of predictive mainten-
ance. Employees interact via interfaces to check equipment status and request actions.
A predictive system analyzes data, processes requests, and generates maintenance
recommendations. Alerts and recommendations are displayed through monitoring
interfaces. System boundary is marked by a dotted line, defining its operational scope.
Employee interacts with the system by accessing various use cases, such as viewing
equipment status, requesting equipment or maintenance actions, and receiving alerts,
recommendations, and maintenance guidance through a web-based interface. These
interactions enable the employee to monitor, manage, and respond to equipment con-
ditions efficiently.
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Fig. 4. Use case diagram of predictive maintenance.

Following is the Use Case Diagram description:
Actors:

Employee (Primary actor)

Predictive Maintenance System (System boundary)
Use Cases:

View Equipment Status

Request Maintenance Action

View Alerts and Recommendations

Relationships:

The Employee interacts with all three use cases.
The Predictive Maintenance System is the central entity providing the functionalities.

Employee is connected to all three use cases, indicating they can perform these ac-
tions. The Predictive Maintenance System acts as the system boundary, housing these
functionalities. Employees can access the Predictive Maintenance System to view the
current status and health of industrial equipment. This includes information on
equipment conditions, potential issues, and any ongoing predictive maintenance activ-
ities. Employees have the ability to submit requests for specific maintenance actions
based on their observations or concerns. This can include reporting unusual equip-
ment behaviour or requesting preventive maintenance. Employees can access and
view alerts and recommendations generated by the predictive maintenance system.
This provides insights into potential equipment failures or the need for maintenance
actions, allowing employees to stay informed and proactive. This use case diagram
provides an overview of the main interactions and functionalities available to em-
ployees within the Predictive Maintenance System. It outlines the roles employees
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play in monitoring equipment, reporting observations, and utilizing the system’s alerts
and recommendations for effective maintenance actions.
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Fig. 5. Use case diagram of Predictive maintenance solution.

Fig. 5 presents the use case diagram of the predictive maintenance solution. Mainten-
ance personnel represent individuals responsible for acting on maintenance recom-
mendations generated by the predictive maintenance system. Predictive maintenance
system represents the predictive maintenance system that includes various compo-
nents for data processing, modelling, and prediction. Data Acquisition includes sen-
sors, including electrical and imaging components, collect data from machinery or
equipment, and capture real-time operational parameters. In Data Storage and Regis-
tration, the collected data is stored in a data repository, such as cloud storage or a
local database, where it is registered and organized for further processing. In Data
Pipeline, The stored data is processed and analyzed using computing resources and
predictive algorithms. It involves extracting insights from the data, integrating it with
machine diagnostics, and identifying patterns. Finally, the processed data is visualized
on a dashboard for users, such as maintenance teams or engineers, to monitor system
health, detect anomalies, and take proactive maintenance actions.
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Fig. 6. UML diagram of the predictive maintenance solution.

A UML Use Case diagram is presented as block diagram overview in Fig. 6.
Actors:
Sensor Data Collector: Responsible for collecting raw sensor data.
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Predictive Maintenance System: Handles preprocessing, model training, alert gen-
eration, and system improvement.

Maintenance Personnel: Acts on alerts and contributes to system improvement.

Use Cases:

Collect Sensor Data (Sensor Data Collector)

Preprocess Data (Predictive Maintenance System)

Train Predictive Model (Predictive Maintenance System)

Generate Maintenance Alerts (Predictive Maintenance System)

Perform Maintenance Actions (Maintenance Personnel)

Continuous Improvement (Maintenance Personnel & Predictive Maintenance System)
Relationships:

Sensor Data Collector — Predictive Maintenance System (for data collection)
Predictive Maintenance System — Maintenance Personnel (for sending alerts)
Maintenance Personnel — Perform Maintenance Actions (acting on alerts)
Maintenance Personnel & Predictive Maintenance System <> Continuous Improve-
ment (feedback loop)

Sensor Data Collector collects raw sensor data from industrial equipment, ensuring a
constant flow of information to the predictive maintenance system. The predictive
maintenance system preprocesses raw sensor data, cleaning it and handling any miss-
ing values or outliers to prepare it for model training. The system uses pre-processed
data to train predictive maintenance models, enabling it to learn patterns indicative of
potential equipment failures. Based on model predictions, the system generates main-
tenance alerts or recommendations for maintenance personnel, indicating potential
issues. Maintenance personnel receive alerts and perform necessary maintenance
actions to address potential equipment failures or issues. Both Maintenance Personnel
and the Predictive Maintenance System collaborate on feedback and updates, ensuring
continuous improvement of the system’s predictive capabilities.

Components of the predictive maintenance system is presented in Fig. 7. It presents a
hierarchical diagram illustrating the components and structure of a Digital Twin sys-
tem. It is divided into several main categories, each representing a key aspect of Digi-
tal Twin functionality.
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Fig. 7. Hierarchical diagram of predictive maintenance system

In Fig. 7 a structured overview of the key elements is presented that make up a Digital
Twin, showing how different components interconnect and contribute to its operation.
In this figure, a mandatory component within the digital twin system is presented by
connecting by “Arrow”, and an optional component within the digital twin system is
presented by connecting by “Oval Arrow”. This diagram provides a structured over-
view of the key elements that make up a Digital Twin, showing how different compo-
nents interconnect and contribute to its operation. Configuration (optional) focuses on
machine optimization. Cognition aspect is related to how the Digital Twin under-
stands and processes data. It includes visualization and analysis. Analysis further
branches into batch processing (optional), stream processing (optional), and predictive
maintenance. Cyber includes simulation models, and abstraction levels. The simula-
tion model can be optionally divided by data-driven, behaviour, physics-based, geo-
metric. The abstraction level is divided into component, system, and system-of-
system (optional). Conversion indicates processes related to the transformation of data
within the Digital Twin system. It includes security, and data quality management.
Communication encompasses data acquisition, communication, storage, and physical
twin. Data acquisition supports both batch and stream processing (optional). Commu-
nication includes different architectures such as client-server, primary-secondary, and
pub-sub (optional).
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Fig. 8. Sequence diagram of the Predictive Maintenance system.

The sequence diagram (Fig. 8) illustrates the interactions and messages exchanged
between different components or actors over time. In the context of predictive main-
tenance, let’s consider a simple scenario involving the interaction between a sensor
data collector, the predictive maintenance system, and maintenance personnel. The
Sensor Data Collector collecting raw sensor data from industrial equipment. The col-
lected raw sensor data is sent to the Predictive Maintenance System for pre-
processing. The system pre-processes the raw sensor data, including cleaning, han-
dling missing values, and other pre-processing steps. The pre-processed data is then
fed into a Machine Learning (ML) Model for training. The ML model is trained to
predict equipment failures based on historical data. The trained ML model is deployed
in the production environment. Real-time sensor data is collected for making predic-
tions. The real-time data is fed into the deployed ML model for predictions. The ML
model predicts equipment failures in real-time. Predictions trigger the generation of
maintenance alerts and recommendations. The system sends these alerts and recom-
mendations to Maintenance Personnel for review. Maintenance personnel receive and
review the maintenance alerts and recommendations. Based on the received alerts,
maintenance personnel perform necessary maintenance actions to address potential
equipment failures or issues.

Fig. 8 illustrates a sequence diagram of the predictive maintenance (PdM) framework
leveraging machine learning (ML) and deep learning (DL) models for fault detection,
classification, and prognosis. The workflow begins with sensor data collection from
equipment, which is processed through a Data Augmentation Module. Offline histori-
cal data is used to train a PAM ML/DL Model Library, enhancing predictive capabili-
ties. The system operates in both online and offline modes. Real-time Monitoring
Module processes online data, performing coarse monitoring to determine if an action
is required. If no action is needed, monitoring continues; otherwise, fault trace data is
sent to the Fault Detection, Classification, and Prognosis Module. When a fault is
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detected, an Equipment Alarm and Fault Classification module is triggered. Addition-
ally, if necessary, the Prediction System undergoes revision to improve future fault
detection and monitoring accuracy. This architecture ensures efficient fault prediction
and maintenance, reducing equipment downtime and optimizing operational perfor-
mance.

3. Discussions and conclusions

The system is transforming predictive maintenance by using IoT sensors, real-time
data collection, and machine learning (ML) models to improve accuracy and automa-
tion. The conventional approaches to maintenance, such as scheduled or reactive
maintenance, tend to lead to unwanted downtime, unnecessary expenses, and ineffi-
ciencies. However, with the use of loT-enabled sensors, there is continuous monitor-
ing of industrial equipment, where the vital operational parameters such as tempera-
ture, vibration, pressure, and energy usage are monitored in real time. This abundance
of data enables early failure detection, reducing unplanned downtime and maximizing
asset utilization. The system utilizes advanced ML algorithms to create predictive
intelligence, ensuring real-time detection of anomalies and degradation trends.
Through ongoing training, validation, and refinement of the models, the system learns
to respond to changing industrial conditions, thus enhancing the reliability and life of
critical equipment. The iterative learning process refines fault detection accuracy,
eliminates false alarms, and optimizes maintenance schedules, resulting in cost sav-
ings and enhanced operational efficiency. In addition, a web-based interface gives
employees and maintenance staff an easy-to-use platform to engage with predictive
information. This interface allows users to view real-time equipment status, receive
recommended maintenance automatically, and initiate service actions in a timely
manner. Automating these maintenance processes not only simplifies maintenance
operations but also equips decision-makers with actionable insights, creating a data-
centric maintenance culture. Thus, the combination of IoT sensors, real-time data
capture, and ML-based predictive analytics forms a strong foundation for predictive
maintenance. Through enhanced accuracy in failure prediction, automated mainten-
ance scheduling, and a smooth user experience through a web-based platform, the
system greatly improves industrial efficiency and asset lifespan.

4. Future scopes

The current system primarily relies on cloud-based data processing, which can intro-
duce latency and dependence on high-bandwidth connectivity. Future research can
focus on Edge Computing and Edge Al to enable decentralized processing, reducing
the need for extensive cloud-based operations. By deploying Al models directly on
edge devices, real-time decision-making can be significantly accelerated, making
predictive maintenance more responsive, especially in industrial environments with
limited connectivity.
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As industries strive toward sustainable operations, incorporating energy-efficient
machine learning models and IoT architectures in predictive maintenance will be a
critical research direction. Optimizing sensor power consumption, utilizing low-
power Al algorithms, and integrating renewable energy sources into IoT-based moni-
toring networks can enhance the system’s sustainability.

Traditional machine learning models for predictive maintenance require frequent
retraining and manual fine-tuning to adapt to changing operational conditions. Future
advancements should focus on self-adaptive predictive models that leverage rein-
forcement learning and continual learning techniques. These models can autonomous-
ly evolve by analyzing new data streams, adjusting their parameters dynamically, and
improving failure prediction accuracy over time.

Disclosure of Interests. The authors declare that there is no conflict of interests related to the
publication of this paper
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	Fig. 7. Hierarchical diagraam of predictive maintenance system 
	In Fig. 7 a structured overTwin, showing how differIn this figure, a mandatorconnecting by “Arrow”, apresented by connecting bview of the key elements tnents interconnect and conmachine optimization. Costands and processes datbranches into batch procesmaintenance. Cyber inclution model can be optionametric. The abstraction lsystem (optional). Converwithin the Digital Twin sCommunication encompatwin. Data acquisition supnication includes differentpub-sub (optional). rview of the key elements is presented that make up a Digrent components interconnect and contribute to its operatiy component within the digital twin system is presented and an optional component within the digital twin systemby “Oval Arrow”. This diagram provides a structured ovthat make up a Digital Twin, showing how different compntribute to its operation. Configuration (optional) focusesognition aspect is related to how the Digital Twin undta. It includes visualization and analysis. Analysis furtssing (optional), stream processing (optional), and predictudes simulation models, and abstraction levels. The simually divided by data-driven, behaviour, physics-based, glevel is divided into component, system, and system-rsion indicates processes related to the transformation of dsystem. It includes security, and data quality managemesses data acquisition, communication, storage, and physipports both batch and stream processing (optional). Commt architectures such as client-server, primary-secondary, agital ion. by m is ver-po-s on der-ther tive  ula-geo--of- data ent. ical mu-and 

	Fig. 8. Sequence diagram of the Predictive Maintenance system. 
	The sequence diagram (Fbetween different compontenance, let’s consider a sdata collector, the predictSensor Data Collector collected raw sensor data processing. The system pdling missing values, andfed into a Machine Learnpredict equipment failuresin the production environmtions. The real-time data imodel predicts equipmentmaintenance alerts and remendations to Maintenancreview the maintenance amaintenance personnel peequipment failures or issueFig. 8) illustrates the interactions and messages exchangnents or actors over time. In the context of predictive masimple scenario involving the interaction between a sentive maintenance system, and maintenance personnel. Tllecting raw sensor data from industrial equipment. The cis sent to the Predictive Maintenance System for ppre-processes the raw sensor data, including cleaning, hd other pre-processing steps. The pre-processed data is thning (ML) Model for training. The ML model is traineds based on historical data. The trained ML model is deployment. Real-time sensor data is collected for making predis fed into the deployed ML model for predictions. The Mt failures in real-time. Predictions trigger the generationecommendations. The system sends these alerts and recoce Personnel for review. Maintenance personnel receive aalerts and recommendations. Based on the received aleerform necessary maintenance actions to address potenes. ged ain-nsor The col-pre- han- hen d to yed dic-ML n of om-and erts, ntial 

	3. Discussions and conclusions 
	The system is transforming predictive maintenance by using IoT sensors, real-time data collection, and machine learning (ML) models to improve accuracy and automa-tion. The conventional approaches to maintenance, such as scheduled or reactive maintenance, tend to lead to unwanted downtime, unnecessary expenses, and ineffi-ciencies. However, with the use of IoT-enabled sensors, there is continuous monitor-ing of industrial equipment, where the vital operational parameters such as tempera-ture, vibration, pressure, and energy usage are monitored in real time. This abundance of data enables early failure detection, reducing unplanned downtime and maximizing asset utilization. The system utilizes advanced ML algorithms to create predictive intelligence, ensuring real-time detection of anomalies and degradation trends. Through ongoing training, validation, and refinement of the models, the system learns to respond to changing industrial conditions, thus enhancing the reliability and life of critical equipment. The iterative learning process refines fault detection accuracy, eliminates false alarms, and optimizes maintenance schedules, resulting in cost sav-ings and enhanced operational efficiency. In addition, a web-based interface gives employees and maintenance staff an easy-to-use platform to engage with predictive information. This interface allows users to view real-time equipment status, receive recommended maintenance automatically, and initiate service actions in a timely manner. Automating these maintenance processes not only simplifies maintenance operations but also equips decision-makers with actionable insights, creating a data-centric maintenance culture. Thus, the combination of IoT sensors, real-time data capture, and ML-based predictive analytics forms a strong foundation for predictive maintenance. Through enhanced accuracy in failure prediction, automated mainten-ance scheduling, and a smooth user experience through a web-based platform, the system greatly improves industrial efficiency and asset lifespan. 
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