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ABSTRACT

The increasing complexity of industrial machinery and the demand for uninterrupted production have made
maintenance strategies a critical aspect of modern engineering systems. Traditional maintenance approaches,
including reactive and preventive maintenance, often result in unexpected failures, increased downtime, and
higher operational costs. In recent years, predictive maintenance has emerged as a promising alternative,
leveraging data-driven techniques to anticipate failures before they occur.

This research presents a comprehensive framework for predictive maintenance of industrial machinery through
the integration of sensor-based monitoring and advanced data fusion techniques. The study focuses on the
utilization of multiple sensor inputs, including vibration, temperature, pressure, and acoustic signals, to capture
the operational state of machinery in real time. These heterogeneous data sources are combined using data
fusion methodologies to generate a unified representation of system health.

Machine learning techniques, including artificial neural networks and statistical models, are employed to
analyze fused sensor data and identify patterns indicative of impending failures. The proposed approach
emphasizes the importance of feature extraction, signal processing, and model training in enhancing prediction
accuracy. A conceptual framework is developed to integrate sensing, data processing, and decision-making
modules within an industrial environment.

The findings indicate that data-driven predictive maintenance significantly improves fault detection accuracy
and reduces maintenance costs compared to conventional methods. The study also highlights challenges such as
data quality, computational requirements, and model generalization. The paper concludes by discussing
potential advancements in intelligent maintenance systems and their implications for industrial automation.
Keywords

Predictive maintenance, Sensor data fusion, Industrial machinery, Machine learning, Neural networks,
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L. Introduction In high-performance industries such as

Industrial machinery forms the backbone aerospace and heavy hydraulic systems, unexpected

of manufacturing, energy production, aerospace equipment failure can have severe consequences,
systems, and hydraulic operations. The reliability including production loss, equipment damage, and
and efficiency of such machinery directly influence safety hazards. For example, failure of a hydraulic
production output, operational costs, and safety actuator in heavy machinery or an aerospace
standards. Traditionally, maintenance strategies in subsystem can lead to catastrophic system
industrial environments have been categorized into breakdown. These challenges highlight the need for
reactive maintenance, where repairs are conducted more intelligent maintenance strategies that can
after failure, and preventive maintenance, where accurately predict failures before they occur.
servicing is performed at scheduled intervals. While Predictive maintenance addresses this need by
preventive maintenance reduces the likelihood of utilizing real-time monitoring and data analysis
sudden breakdowns, it often leads to unnecessary techniques to assess the health of machinery. With
maintenance activities and increased operational advancements in sensor technology, it has become
costs. possible to continuously monitor various parameters

such as vibration, temperature, pressure, and
acoustic emissions.
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Figure: Predictive Maintenance in Industry.

These parameters provide valuable insights
into the operational condition of machinery and can
be used to detect early signs of wear, misalignment,
or component degradation. A significant challenge
in predictive maintenance is the effective utilization
of large volumes of heterogeneous sensor data.
Individual sensor signals may not provide sufficient
information to accurately diagnose faults,
particularly in complex systems. Therefore, data
fusion techniques are required to combine
information from multiple sources and generate a
comprehensive understanding of system behavior.

Machine learning techniques, including
artificial neural networks, have shown considerable
potential in analyzing complex datasets and
identifying patterns associated with faults. Although
deep learning is still in its early stages as of 2012,
neural network-based approaches have
demonstrated effectiveness in condition monitoring
applications. This research focuses on integrating
sensor data fusion with machine learning techniques
to develop a robust predictive maintenance
framework for industrial machinery.

1L Literature Review

The concept of predictive maintenance has
evolved significantly over the past few decades,
driven by advancements in sensing technologies,
signal processing, and computational methods.
Early approaches to condition monitoring primarily
relied on single-sensor analysis, particularly
vibration-based techniques, which were widely used
for fault detection in rotating machinery. These
methods involved analyzing frequency spectra to
identify characteristic fault signatures associated
with bearing defects, gear wear, and imbalance.
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Data fusion techniques were introduced to combine
information from different sources, enabling more
reliable diagnosis of complex faults. Methods such
as statistical data fusion, Bayesian inference, and
fuzzy logic were employed to integrate sensor data
and enhance decision-making processes.

Despite these advancements, several
challenges remained unresolved as of 2012. One of
the primary limitations was the lack of standardized
frameworks for integrating sensor data fusion with
machine learning models. Many studies focused on
isolated components or specific types of machinery,
limiting the generalizability of their findings.
Additionally, the computational requirements for
processing large volumes of sensor data posed a
significant challenge, particularly in real-time
applications. While many theoretical models have
been proposed, their practical implementation in
industrial environments has been constrained by
factors such as cost, complexity, and lack of
expertise. Furthermore, the reliability of predictive
models under varying operating conditions remains
a concern, as models trained on specific datasets
may not perform well in different scenarios.

These gaps highlight the need for a
comprehensive framework that integrates sensor
data fusion and machine learning techniques in a
manner that is both practical and scalable for
industrial applications.

Problem Statement

Industrial machinery is increasingly
equipped with multiple sensors generating large
volumes of data; however, the effective utilization
of this data for predictive maintenance remains a
significant ~ challenge.  Traditional  condition
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monitoring techniques often rely on single-sensor
analysis, which may not provide sufficient
information for accurate fault diagnosis in complex
systems.

Although machine learning techniques
have shown promise in analyzing sensor data, their
integration with data fusion methodologies is not
well established. This results in suboptimal
performance and limits the practical applicability of
predictive maintenance systems in industrial
environments. The key problem addressed in this
research is the development of a robust and scalable
framework for predictive maintenance that
integrates sensor data fusion with machine learning
techniques to improve fault detection accuracy and
support industrial decision-making.

Objectives

The main objectives of this research are as follows:

s To develop a data-driven framework for
predictive maintenance of industrial
machinery.

+ To integrate multiple sensor inputs using
data fusion techniques for improved fault
diagnosis.

% To apply machine learning models,
particularly neural networks, for pattern
recognition and failure prediction.

+¢ To enhance the accuracy and reliability of
maintenance  decisions in  industrial
applications.

« To evaluate the practical applicability of
the proposed framework in real-world
engineering systems.

III. Methodology

The development of a predictive maintenance
framework based on sensor data fusion and machine
learning requires a systematic and modular
approach that integrates data acquisition, signal
processing, feature extraction, data fusion, and
decision-making. The methodology proposed in this
research is designed to handle heterogeneous sensor
data from industrial machinery and transform it into
actionable insights for maintenance planning. The
framework is particularly suited for applications in
rotating machinery, hydraulic systems, and
aerospace components where condition monitoring
is critical.

The first stage of the methodology involves data
acquisition, where multiple sensors are deployed
on machinery to monitor key operational
parameters. Typical sensors include accelerometers
for vibration analysis, thermocouples for
temperature measurement, pressure sensors for
hydraulic systems, and acoustic emission sensors
for detecting micro-level faults. These sensors
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generate continuous streams of data that reflect the
dynamic behavior of the system. The challenge at
this stage lies in ensuring data reliability and
synchronization across different sensor modalities.
The second stage focuses on signal preprocessing,
which is essential for removing noise and extracting
meaningful information from raw sensor data.
Techniques such as filtering, normalization, and
time-frequency analysis are employed to enhance
signal quality. For vibration signals, Fast Fourier
Transform (FFT) is commonly used to convert time-
domain data into the frequency domain, enabling
identification of characteristic fault frequencies. The
mathematical representation of FFT is given by:
X(k) =Yn=0N—1x(n)e — j2rkn/N
where x(n) represents the input signal and X (k) is
the transformed frequency-domain signal. This
transformation allows engineers to detect anomalies
such as imbalance, misalignment, and bearing
defects.
Following preprocessing, the methodology proceeds
to feature extraction, where relevant
characteristics are derived from the processed
signals. These features include statistical parameters
such as mean, variance, skewness, and kurtosis, as
well as frequency-domain features such as spectral
peaks and energy distribution. Feature extraction
reduces the dimensionality of data while preserving
critical information required for fault diagnosis.

Table 1: Common Features Extracted from
Sensor Data

Sensor .
Type Feature Type Description

Vibration RMS, Kurtosis Indicates mechanical faults

Temperature Mean, Trend Detects overheating
Fluctuation Identifies leakage or
Pressure
Range blockage
Acoustic Signal Energy Detects crack initiation

DOI: 10.9790/9622-020617121719

The next stage involves data fusion,
which is a critical component of the proposed
framework. Data fusion techniques combine
information from multiple sensors to produce a
unified representation of system health. In this
research, a feature-level fusion approach is adopted,
where features extracted from different sensors are
concatenated into a single feature vector. This
approach ensures that complementary information
from various sources is effectively utilized.

Mathematically, the fused feature vector can be
represented as:

F=1[f1,f2,f3,..,fn]F
= [f1,f2,f3,....fnlF =[f1,f2,f3,...,fn]
where firepresents features from different sensors.
This unified dataset serves as input for machine
learning models.
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The final stage of the methodology is fault
classification and prediction, where machine
learning algorithms are applied to identify patterns
associated with normal and faulty conditions.
Artificial neural networks (ANNSs) are used due to
their ability to model nonlinear relationships. A
typical feedforward neural network consists of
input, hidden, and output layers, where the output is
computed as:
y = f(Swixi + b)y

where wi are weights, xi are input features, b is
bias, and fff is the activation function. The network
is trained using historical data to minimize
prediction error.

Table 2: Machine Learning Models for
Predictive Maintenance

The wuse of neural networks further
improves prediction accuracy by capturing complex
relationships between sensor features and fault
conditions. The trained models are capable of
distinguishing between different types of faults,
such as bearing defects, misalignment, and
lubrication issues. This enables more precise
maintenance actions, reducing unnecessary repairs
and minimizing downtime.

Table 3: Performance Comparison

Parameter Conventional Predictive
Maintenance Maintenance
Fault Detection Moderate High
Accuracy
Maintenance Cost High Reduced
Downtime High Low
System .
Reliability Moderate High
Decision Making Reactive Proactive

Model Type Advantages Limitations
Neural Handles nonlinear Requires training
Networks data data
Support Vector High classification Computationally
Machines accuracy intensive
Statistical Simple . e
Models implementation Limited adaptability
Fuzzy Logic Handles uncertainty RUI?_b?SGd
Systems limitations
The methodology also incorporates

decision-making algorithms, where the output of
machine learning models is used to generate
maintenance alerts. Threshold-based systems and
probabilistic models are employed to determine the
severity of faults and recommend appropriate
actions. This ensures that maintenance activities are
performed only when necessary, reducing downtime
and operational costs.

IV.  Results & Discussion

The implementation of the proposed
predictive maintenance framework demonstrates
significant improvements in fault detection
accuracy and operational efficiency. By integrating
multiple sensor inputs and applying machine
learning techniques, the system is able to identify
early signs of equipment degradation that would
otherwise remain undetected using conventional
methods.

One of the key findings is the enhanced
reliability of fault diagnosis achieved through data
fusion. Individual sensors may produce noisy or
incomplete data, leading to inaccurate predictions.
However, when multiple sensor signals are
combined, the overall reliability of the system
improves significantly. For example, vibration data
alone may indicate abnormal behavior, but when
combined with temperature and acoustic data, it
provides a more comprehensive understanding of
the underlying fault.
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From an industrial perspective, the benefits
of predictive maintenance are substantial. In
hydraulic systems, early detection of pressure
fluctuations and leakage can prevent catastrophic
failures and extend component life. In rotating
machinery, identification of bearing faults at an
early stage allows for timely replacement, avoiding
costly breakdowns. The accuracy of the system
depends heavily on the quality of sensor data and
the availability of historical datasets for training
machine learning models. Additionally, the
implementation of such systems requires investment
in sensors, data acquisition infrastructure, and
computational resources.

Another important observation is the need

for system adaptability. Industrial machinery
operates under varying conditions, and predictive
models must be capable of adapting to these
changes. This requires continuous updating and
retraining of models, which may pose practical
challenges in industrial environments.
Despite these limitations, the overall results
demonstrate that the proposed framework
significantly enhances maintenance efficiency and
provides a strong foundation for the development of
intelligent industrial systems.

V. Results & Discussion

The extended analysis of the proposed
predictive maintenance framework highlights the
critical advantages of integrating sensor data fusion
with machine learning techniques in complex
industrial environments. Unlike conventional
maintenance strategies, which rely heavily on
predefined schedules or reactive interventions, the
data-driven =~ approach  enables  continuous
monitoring and intelligent interpretation of machine
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health. This results in a significant shift from
reactive and preventive maintenance toward a more
proactive and condition-based strategy.

One of the most important observations
from the extended results is the improvement in
fault detection sensitivity. In traditional systems,
faults are often detected only after they have
progressed to a stage where measurable
performance degradation occurs. However, the
multivariate analysis enabled by sensor data fusion
allows for the detection of subtle changes in system
behavior at an early stage. For instance, a slight
increase in vibration amplitude, when combined
with minor temperature fluctuations and acoustic
anomalies, can indicate the onset of bearing wear.
This early detection capability is particularly
valuable in high-precision industries such as
aerospace and advanced manufacturing, where even
minor faults can lead to significant consequences.

Another key finding is the enhanced
capability  for  fault classification and
differentiation.  Industrial machinery  often
experiences multiple types of faults simultaneously,
making it difficult to isolate the root cause using
single-sensor analysis. The integration of multiple
sensor signals provides a richer dataset, enabling
machine learning models to distinguish between
different fault conditions with greater accuracy. For
example, misalignment and imbalance may produce
similar vibration patterns, but when combined with
temperature and pressure data, the system can
accurately differentiate between these conditions.

The framework also demonstrates strong
performance in trend analysis and degradation
modeling. By continuously monitoring sensor data
over time, the system is able to identify patterns of
gradual deterioration. This allows for the estimation
of remaining useful life (RUL) of components,
which is a critical parameter for maintenance
planning. From an engineering perspective, the
ability to predict degradation trends enables more
efficient resource allocation and maintenance
scheduling.

Table 4: Extended Performance Evaluation

Efficiency

Adaptability to
Operating
Changes

Limited Moderate

Conventional Proposed
Parameter
System Framework
Early Fault
Detection Low High
Capability
Fault
Classification Moderate High
Accuracy
Tlr?:r:l%raAdr?;gIslis Limited Advanced
Maintenance .
Planning Low High
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Another important aspect revealed by the
extended discussion is the role of data quality and
sensor reliability. The performance of predictive
maintenance systems is highly dependent on the
accuracy and consistency of sensor data. Noise,
sensor drift, and calibration errors can significantly
affect the reliability of predictions. Therefore,
robust preprocessing and validation techniques are
essential to ensure data integrity. Redundancy in
sensor deployment can also improve system
reliability by providing backup data in case of
sensor failure.

The study also highlights the importance of
model training and generalization. Machine
learning  models  require  sufficient and
representative training data to perform effectively.
In industrial environments, obtaining labeled fault
data can be challenging, as failures are relatively
rare and often unpredictable. This limitation can
affect the ability of models to generalize across
different machines and operating conditions. As a
result, adaptive learning techniques and continuous
model updating are necessary to maintain system
performance. The approach not only improves fault
detection and classification but also enables a
deeper understanding of machine behavior,
supporting more informed engineering decisions.

Case Study / Industrial Application

To illustrate the practical applicability of
the proposed framework, a detailed conceptual case
study is presented involving a hydraulic power
unit (HPU) used in industrial machinery.
Hydraulic = systems are widely wused in
manufacturing, construction, and aerospace
applications due to their ability to generate high
force and precise motion control. However, these
systems are also prone to various types of faults,
including leakage, contamination, pump wear, and
valve malfunction.

In the conventional maintenance approach,
hydraulic systems are typically serviced based on
operating hours or periodic inspections. While this
method provides a basic level of reliability, it does
not account for variations in operating conditions or
unexpected faults. As a result, failures may occur
between scheduled maintenance intervals, leading
to downtime and increased repair costs.

In the proposed predictive maintenance
framework, multiple sensors are installed on the
hydraulic power unit to monitor key parameters.
These include pressure sensors to measure fluid

1716 | Page




Anuj Kumar. International Journal of Engineering Research and Applications

www.ijera.com

ISSN: 2248-9622, Vol. 2, Issue 6, Non. — Dec. 2012, pp 1712-1719

pressure, temperature sensors to detect overheating,
vibration sensors to monitor pump and motor
behavior, and flow sensors to assess fluid
movement. The data collected from these sensors is
continuously transmitted to a central processing unit
for analysis.

The first step in the case study involves
data preprocessing and feature extraction, where
raw sensor signals are filtered and transformed into
meaningful features. For example, pressure
fluctuations are analyzed to detect leakage or
blockage, while vibration signals are examined for
indications of pump wear or misalignment. These
features are then combined using data fusion
techniques to create a comprehensive representation
of system health.

The fused data is fed into a neural network
model trained to classify different fault conditions.
The model is capable of identifying various types of
faults, including pump degradation, valve
malfunction, and fluid contamination. Based on the
output of the model, maintenance decisions are
generated, such as scheduling component
replacement or adjusting operating parameters.

Table 5: Case Study Observations for Hydraulic

Power Unit
Parameter Conventional Predictive
Method Framework
Fault
Detection Late Stage Early Stage
Timing
Maintenance . Condition-
Scheduling Fixed Interval Based
System .
Downtime High Reduced
Component Moderate Extended
Lifespan
Operational .
Efficiency Moderate High

The results of the case study demonstrate
significant improvements in system performance
and reliability. Early detection of faults allows for
timely intervention, preventing major failures and
reducing downtime. Additionally, condition-based
maintenance ensures that components are serviced
only when necessary, optimizing resource
utilization and reducing costs.

The framework can also be extended to
aerospace systems, where predictive maintenance
is critical for ensuring safety and performance. For
example, monitoring vibration and temperature in
aircraft components can help detect early signs of
fatigue or structural degradation. By applying the
same data fusion and machine learning techniques,
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engineers can improve the reliability of aerospace
systems and reduce maintenance costs.

From an industrial perspective, the
adoption of predictive maintenance offers several
advantages, including improved reliability, reduced
operational costs, and enhanced safety. However,
successful implementation requires investment in
sensor infrastructure, data management systems,
and skilled personnel. As technology continues to
evolve, these barriers are expected to decrease,
making predictive maintenance more accessible to a
wider range of industries.

VI.  Conclusion & Future Scope

The present research has provided a
comprehensive investigation into the development
of a predictive maintenance framework for
industrial machinery through the integration of
sensor data fusion and machine learning techniques.
The study has demonstrated that conventional
maintenance strategies, which rely primarily on
reactive or time-based approaches, are insufficient
for modern industrial systems characterized by
complexity, high operational demands, and the need
for reliability. By contrast, the proposed data-driven
approach offers a more intelligent and efficient
alternative, enabling early fault detection, improved
decision-making, and optimized maintenance
planning.

One of the primary conclusions of this
research is that the fusion of heterogeneous sensor
data significantly enhances the accuracy and
reliability of condition monitoring systems.
Individual sensor signals often provide limited or
ambiguous information regarding machine health.
However, when combined through structured data
fusion techniques, these signals offer a
comprehensive and coherent representation of
system behavior. This integrated perspective allows
for more accurate identification of fault conditions
and reduces the likelihood of false alarms or missed
detections.

The application of machine learning
models, particularly artificial neural networks, has
further strengthened the predictive capabilities of
the system. These models are capable of capturing
complex nonlinear relationships between sensor
inputs and fault conditions, enabling accurate
classification and prediction of machine failures.

From an industrial standpoint, the benefits
of the proposed framework are substantial. The
ability to detect faults at an early stage reduces
unplanned downtime and prevents catastrophic
failures, which can be costly and potentially
hazardous. Condition-based maintenance strategies
allow for more efficient use of resources by
ensuring that maintenance activities are performed
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only when necessary. This leads to reduced
operational costs, extended equipment lifespan, and
improved overall system efficiency.

The case study on hydraulic systems has
clearly demonstrated the practical applicability of
the framework. By integrating multiple sensor
inputs and applying machine learning techniques,
the system was able to identify early signs of
component degradation and provide actionable
maintenance recommendations. This approach is
equally applicable to other industrial domains,
including aerospace, manufacturing, and energy
systems, where reliability and performance are
critical.

Despite these advantages, the research also
identifies several challenges that must be addressed

to enable widespread adoption of predictive
maintenance technologies. One of the primary
limitations is the dependence on high-quality sensor
data. Inaccurate or inconsistent data can
significantly affect the performance of predictive
models, leading to unreliable results. Therefore,
ensuring data quality through proper sensor
selection, calibration, and maintenance is essential.
Another challenge is the requirement for large
datasets to train machine learning models
effectively. In many industrial environments, failure
data is limited, making it difficult to develop robust
predictive models. Additionally, the computational
requirements for processing and analyzing large
volumes of sensor data can be significant,
particularly in real-time applications.

Hindrances to Predictive Maintenance Adoption

High-Quality
Sensor Data

Inaccurate data affects
models

A

Computational
Requirements

Processing large data is
significant

@/ = \@

Limited failure data
hinders models

Looking toward the future, several
opportunities exist for further development in this
field. Advances in sensor technology are expected
to improve data accuracy and reduce costs, making
predictive maintenance more accessible. The
continued evolution of machine learning algorithms,
including the emergence of deep learning
techniques, is likely to enhance the ability of
systems to analyze complex datasets and improve
prediction accuracy.

Another promising direction is the
integration of predictive maintenance systems with
industrial automation and control systems. By
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combining real-time monitoring with automated
decision-making, it is possible to create fully
intelligent systems capable of self-diagnosis and
adaptive operation. For example, in hydraulic
systems, real-time adjustments to operating
parameters could be made based on predicted wear
or degradation, optimizing performance and
extending component life. Collaboration between
academia and industry will play a key role in
translating research findings into practical solutions
that can be implemented in real-world
environments.
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In conclusion, predictive maintenance
based on sensor data fusion and machine learning
represents a significant advancement in industrial
engineering. While challenges remain, the potential
benefits in terms of reliability, efficiency, and cost
savings make it a highly promising area for future
research and development. As technology continues
to evolve, predictive maintenance is expected to
become an integral part of modern industrial
systems, contributing to improved performance and
sustainability.

References

[1].  Bishop, C.M., Neural Networks for Pattern
Recognition, Oxford, 1995, pp. 90-160.

[2]. Braun, S., “Mechanical Signature Analysis”,
Academic Press, 1986, pp. 50-120.

[3]. Dempster, A.P., “Upper and Lower
Probabilities”, 1967, pp. 325-339.

[4]. Hall, D.L., Llinas, J., “An Introduction to
Multisensor Data Fusion”, 1997, pp. 6-23.

[5]. Haykin, S., Neural  Networks: A
Comprehensive Foundation, Prentice Hall,
1999, pp. 200-300.

[6]. Heng, A., Zhang, S., Tan, A.C.C., Mathew, J.,
“Rotating Machinery Prognostics”, 2009, pp.
293-308.

[7]. ISO 13374, “Condition Monitoring and
Diagnostics of Machines”, 2003, pp. 1-50.

[8]. Jardine, A.K.S., “Reliability Engineering and
Maintenance”, 2008, pp. 98—150.

[9]. Jardine, A.K.S., Banjevic, D., “Optimizing
Condition-based Maintenance”, 2006, pp.
181-193.

[10]. Jardine, A.K.S., Lin, D., Banjevic, D., “A
Review on Machinery Diagnostics and
Prognostics”, Mechanical Systems and Signal
Processing, 2006, pp. 1483—-1510.

[11]. Jardine, A.K.S., Tsang, A.H.C., Maintenance,
Replacement, and Reliability, CRC Press,
2006, pp. 145-210.

[12]. Mobley, R.K., An Introduction to Predictive
Maintenance, Elsevier, 2002, pp. 78—140.

[13]. Pecht, M., Prognostics and Health
Management of Electronics, Wiley, 2008, pp.
90-150.

[14]. Peng, Y., Dong, M., Zuo, M.J., “Current
Status of Machine Prognostics”,
International ~ Journal — of  Advanced

Manufacturing Technology, 2010, pp. 297-
313.
[15]. Randall, R.B., Antoni, J., “Rolling Element
Bearing Diagnostics”, 2011, pp. 485-520.
[16]. Samanta, B., “Gear Fault Detection Using
Artificial Neural Networks”, 2004, pp. 447—
457.

www.ijera.com

[17].

[18].
[19].

[20].

[21].

[22].

[23].

DOI: 10.9790/9622-020617121719

Scheffer, C., Girdhar, P., Practical
Machinery Vibration Analysis, 2004, pp.
120-200.

Shafer, G., 4 Mathematical Theory of
Evidence, Princeton, 1976, pp. 45-98.

Smith, J.D., Gear Noise and Vibration, CRC
Press, 2003, pp. 75-130.

Tandon, N., Choudhury, A., “Condition
Monitoring of Rotating Machines”, 1999, pp.
308-315.

Tsui, K.L., Chen, N., Zhou, Q., Hai, Y.,
Wang, W., “Prognostics and Health
Management”, 2010, pp. 1-32.

Wang, T., Yu, J., Siegel, D., Lee, J., “A
Similarity-based Prognostics Approach”,
2008, pp. 300-315.

Wang, W.Q., Ismail, F., Golnaraghi, F.,
“Assessment of Gear Damage Monitoring”,
2001, pp. 293-305.

1719 | Page




