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Abstract—The rapid adoption of Industry 4.0 has
accelerated the integration of the Internet of Things
(1oT), machine learning (ML), and data analytics for
predictive maintenance (PdM) of industrial assets.
Traditional maintenance strategies such as reactive and
preventive maintenance often lead to unplanned
downtime, excessive costs, and inefficient resource
utilization. 1oT-based predictive maintenance leverages
real- time sensor data, cloud/edge computing, and
intelligent algorithms to predict equipment failures
before they occur. This literature survey reviews recent
advancements in loT-driven predictive maintenance
systems from 2020 to 2024, focusing on system
architectures, sensing modalities, data analytics
techniques, and application domains. A comparative
analysis highlights the strengths, limitations, and
research gaps of existing approaches, emphasizing
future directions toward scalable, real-time, and
energy- efficient PdM solutions.

Index Terms— Internet of Things (loT), Predictive
Maintenance, Industry 4.0, Machine Learning,
Condition Monitoring, Smart Manufacturing, Fault
Detection, Industrial Equipment, Data Analytics.

I. INTRODUCTION

The rapid growth of industrial automation and smart
manufacturing has significantly increased the reliance
on complex and continuously operating machines. In
such environments, unexpected equipment failures
can result in costly downtime, reduced productivity,
safety hazards, and increased operational expenses.
Traditionally, industries have followed reactive
maintenance strategies, where repairs are performed
only after a failure occurs, or preventive
maintenance approaches based on fixed schedules.
Although preventive maintenance reduces sudden
breakdowns, it often leads to unnecessary servicing
and inefficient use of maintenance resources.
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To address these limitations, predictive maintenance
(PdM) has gained considerable attention as a
condition-based maintenance strategy that focuses on
anticipating failures before they occur. Predictive
maintenance relies on continuous monitoring of
machine health using operational and environmental
data, enabling maintenance actions to be planned
proactively. The emergence of the Internet of Things
(10T) has further strengthened predictive maintenance
by enabling real-time data collection from distributed
sensors installed on industrial equipment. Sensors
measuring vibration, temperature, current, voltage,
acoustic signals, and environmental parameters
provide valuable insights into the operating condition
of machines.

In recent years, the integration of 10T with machine
learning (ML) and artificial intelligence (Al)
techniques has transformed predictive maintenance
from simple condition monitoring into an intelligent
decision-support process. Advanced data analytics
models can detect anomalies, identify fault patterns,
and estimate the remaining useful life of equipment
with improved accuracy. As a result, loT-based
predictive maintenance has become a core
component of Industry 4.0, supporting objectives
such as reduced downtime, optimized maintenance
costs, improved energy efficiency, and extended
equipment lifespan.

Despite  these  advancements, the practical
deployment of loT-driven predictive maintenance
systems still faces several challenges. Many existing
solutions rely heavily on centralized cloud
architectures, which can introduce latency and limit
real-time responsiveness. In addition, industrial data
are often heterogeneous, noisy, and unbalanced,
affecting the reliability and generalization of
predictive models. The use of complex machine
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learning algorithms also raises concerns related to
computational cost, scalability, and interpretability,
particularly when deployment on edge devices is
required. Furthermore, issues related to data security,
privacy, and the lack of standardized evaluation
benchmarks remain open research concerns.

A recent research development is essential to identify
current trends, limitations, and future research
directions. This paper presents a detailed literature
survey of loT-based predictive maintenance systems
reported between 2020 and 2024. The survey reviews

system architectures, sensing technologies, data
analytics and machine learning techniques, and
application domains. By comparing existing
approaches and highlighting key challenges and
research gaps, this study aims to provide valuable
insights for researchers and practitioners working
toward the development of robust, scalable, and
intelligent predictive maintenance solutions for next-
generation industrial systems.

Il. LITERATURE SURVEY

Ref. | Year Application Key Data Analytics/ | Key Contributions Limitations
Domain Technologies ML Techniques
[1] 2020 Industrial loT platform, | Rule- based & | Develop ed an Limited use
equipment cloud monitoring | statistical loT- enabled of advanced
analysis remote monitoring ML models
and PdM platform
[2] 2020 Manufacturing | lIoT  sensor s, | Basic predictive | Early Lack of real-
sector cloud analytics demonstration of time
loT-based PdM in validation
manufacturing
[3] 2022 Machine tools 10T, wireless Condition Comprehensive Scalability
sensor monitoring loT framework not
networks algorithms for machine tool extensively
monitoring analyzed
[4] | 2023 Electric al | loT,cloud, ML | ANN, ML-based fault Limited
motors classification prediction for dataset size
model motors
[5] 2023 Industry 4.0 loT, big data Advanced ML & | Transition from High
system s analytics data- driven | knowledge-based computational
DSS to big- data- complexity
driven PdM
[6] 2023 Industrial Real- time loT | Data streaming | Real- time Security
system s frame work & analytics monitoring aspects  not
framework for address ed
PdM
[71 | 2023 Industrial loT, data- driven | Fuzzy logic, | Hybrid  fuzzy— Model tuning
equipment systems ANN ANN PdM complexity
approach
[8] 2023 lloT Al, big data, Algorithm mic Links Al-based PdM | Mostly
economics TSN decision- with economic conceptual
making impact analysis
[9] 2024 ) ) loT health | Fault detect ion | Real- time motor Limited
AC induction monitoring algorithms health and fault multi- fault
motors detection analysis
[10] | 2024 Mechanical & | loT-driven PdM | Revie w- based | Comprehensive No
electric al analysis review of loT- experimental
system s PdM evolution validation
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[11] ] 2024 Smart Al+1oT ML & Al-loT framework | Generalized
manufacturing predictive for smart factories architecture
models only
[12] | 2024 Energy loT- driven PdM | Predictive Focus on energy | Performance
efficient analytics efficiency in PdM metrics
industries limited
[13] | 2024 Medica loT, ML Super  vised | PdM strategy for Domain-
imaging (CT) ML model s CT equipment specific
applicability

Research Analysis

The reviewed studies clearly show a steady increase
in the adoption of loT-based predictive maintenance
across a wide range of industrial sectors. Most
existing works emphasize the integration of sensor
networks with cloud-based platforms to support
continuous condition monitoring and early fault
detection. Parameters such as vibration, temperature,
current, and voltage are most frequently monitored,
as they provide reliable indicators of both mechanical
and electrical health. In recent years, several studies
have moved beyond single-sensor analysis and
adopted multi-sensor data fusion techniques to
enhance diagnostic accuracy and improve system
reliability.

From an analytical standpoint, machine learning
methods dominate current predictive maintenance
research. Techniques such as artificial neural
networks, support vector machines, fuzzy logic
systems, and supervised classification models are
commonly employed for fault detection and failure
prediction. More recent research has begun to explore
big data analytics and hybrid approaches that
combine domain knowledge with data-driven
learning. Although these methods often demonstrate
improved predictive performance, their effectiveness
is highly dependent on data quality, appropriate
feature extraction, and the availability of well-labeled
datasets.

In terms of system architecture, most proposed
solutions rely on centralized cloud-based processing
due to its scalability and computational capabilities.
However, this approach can introduce latency and
increase communication overhead, limiting its
suitability for time-critical applications. Only a small
number of studies investigate edge or hybrid edge—
cloud architectures, despite their potential to enable
real-time decision-making and reduce network load.
This observation highlights a noticeable gap between

IJIRT 193405

many research implementations
industrial deployment requirements.
The analysis further indicates significant variation in
evaluation methodologies across studies. Many
predictive maintenance systems are validated using
laboratory-scale  experiments  or  simulated
environments, with relatively limited real-world
industrial testing. The absence of standardized
datasets, benchmarking methods, and common
performance metrics makes objective comparison
between different approaches challenging. Moreover,
critical issues such as cybersecurity, data privacy, and
the interpretability of machine learning models
receive comparatively limited attention, even though
they are essential for industrial acceptance.

Overall, this research analysis suggests that while
loT-based predictive maintenance has made
substantial technical progress, several challenges
remain. Future research should focus on scalable and
real-time architectures, lightweight and explainable
Al models, and standardized evaluation frameworks.
Addressing these challenges will be crucial for
moving predictive maintenance solutions from
experimental research toward reliable and large-scale
industrial deployment.

and practical

Il LIMITATIONS

Despite the significant advancements reported in the
reviewed literature, several limitations can be
identified in  current loT-based predictive
maintenance research. A major limitation is the
heavy reliance on controlled experimental setups and
small-scale datasets. Many studies validate their
models using laboratory data or limited operational
conditions, which may not accurately represent the
complexity, variability, and noise present in real
industrial  environments.  This  restricts  the
generalizability of the proposed solutions.
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Another important limitation lies in data- related
challenges. Industrial sensor data are often
heterogeneous, incomplete, and imbalanced, yet
many existing approaches assume clean and well-
labeled datasets. The lack of publicly available,
standardized datasets further complicates
performance comparison across different studies. As
a result, it remains difficult to objectively assess the
robustness and effectiveness of various predictive
maintenance techniques.

From a system perspective, most solutions rely on
cloud-centric architectures, which can introduce
latency, communication overhead, and dependency
on network reliability. Limited attention has been
given to edge or hybrid architectures that are better
suited for real-time and mission-critical applications.
Additionally, the computational complexity of
advanced machine learning models can hinder their
deployment on resource-constrained edge devices.
Security and privacy concerns also represent a
notable limitation. Continuous data transmission over
IoT networks exposes predictive maintenance
systems to potential cyber threats, yet many studies
provide minimal discussion or implementation of
security mechanisms. Furthermore, the lack of
explainability in complex machine learning models
reduces transparency and trust, making industrial
adoption more challenging.

V1. CONCLUSION

This literature survey has presented a comprehensive
review of recent advancements in loT-based
predictive maintenance systems developed between
2020 and 2024. The analysis shows a clear transition
from traditional condition monitoring approaches
toward intelligent, data-driven maintenance strategies
that integrate loT technologies with machine
learning and advanced data analytics.

Such systems have demonstrated significant potential
in reducing unplanned downtime, optimizing
maintenance schedules, improving energy efficiency,
and extending the operational lifespan of industrial
equipment.

The comparative study highlights that electrical
motors, manufacturing systems, and industrial
machinery remain the most widely explored
application domains, while emerging areas such as
energy-efficient systems and medical equipment
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monitoring are gaining increasing research attention.
Although advanced machine learning models,
including neural networks, fuzzy systems, and big
data—driven approaches, have improved fault
detection and prediction accuracy, their real-world
deployment is often constrained by issues related to
data quality, computational complexity, scalability,
and interpretability.

Furthermore, the survey reveals that many existing
solutions rely heavily on centralized cloud- based
architectures, which may limit real-time performance
and increase communication overhead. Challenges
related to cybersecurity, data privacy, lack of
standardized datasets, and benchmarking
methodologies also remain largely unaddressed.
These limitations indicate the need for more holistic
predictive maintenance frameworks that balance
accuracy, efficiency, transparency, and practical
deployability.

Future research should focus on the development of
lightweight and explainable Al models, hybrid edge—
cloud architectures for real-time decision-making,
and standardized evaluation frameworks to enable
fair comparison of predictive maintenance solutions.
Addressing these challenges will be crucial for
achieving scalable, reliable, and secure loT-driven
predictive maintenance systems. Overall, this survey
provides valuable insights into current research
trends and serves as a useful reference for researchers
and practitioners aiming to design robust predictive
maintenance solutions for next-generation smart
industrial environments.
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