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Abstract

In any industrial system, rotating machines play a key role in seamless production.
The reliable operation of rotating machines is ensured by their maximum availabil-
ity through continuous health monitoring. In the present industrial scenario, due
to intense market competition, industries are constrained to keep machinery main-
tenance costs to a minimum. Effective fault diagnosis is crucial to increase the
reliability and availability of rotating machinery, minimize catastrophic loss, and
reduce maintenance costs. Research and innovations in sensor systems, signal pro-
cessing, Artificial Intelligence (Al), and internet-based technologies can be coupled
as a comprehensive solution to address the demand for efficient and economical fault

diagnostics within the context of Industry 4.0.

In this research work, an effort is made to develop a framework for intelligent fault di-
agnosis employing the growth of sensor technology, artificial intelligence, and cyber-
physical systems by investigating in-situ edge computing and internet-based tech-
nology. To implement various strategies for intelligent fault diagnosis in rotating
machines, the exploration of the most feasible sensor modalities in different working
conditions is crucial. Experimentation for this exploration with contact and non-
contact professional sensors is necessary to diagnose various faults. The information
collected through professional sensors helps in building physics-based information
regarding the faults through data-driven approaches. However, an important as-
pect of these sensors is the associated cost. The intense market competition in the
present industrial scenario created a compulsion for industries to use economic sen-
sors over professional sensors. The advancement in sensor technology opens the door
to utilizing Micro Electro Mechanical System (MEMS) based sensors for intelligent,

economical, and remote fault diagnosis using Al and the Internet of Things (IoT).

In this work, both contact and non-contact professional sensors are explored along
with their fusion for the diagnosis of various faults in rotating machines. The faults
simulated for this research are bearing faults, rotor unbalance, shaft misalignment,
eccentricity, and gear faults. In this work, the development of intelligent fault diag-
nosis strategies is done using a data-driven approach due to its universality for simple
and complex systems. Vibration is used as the contact modality, and radiated heat

and sound are used as a non-contact modality.
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Initially, vibration and Infrared Thermography (IRT) are explored for different bear-
ing faults by adopting a sensor fusion-based strategy. Different statistical features
are extracted, and further dimensionality reduction is done through Neighborhood
Component Analysis (NCA) to cope with the curse of dimensionality in fusion. A
support Vector Machine (SVM) with optimal features is used for the diagnosis of
faults. With a fusion-based approach, better diagnosis results are obtained in terms
of accuracy and detection quality. Further sound, which is another non-contact
sensor modality, is explored in terms of its qualitative aspect for the diagnosis of
faults. Substantially good results are observed using the sound quality features. The
increase in fault severity needs robust features to get more accurate diagnosis infor-
mation. For this purpose, image-based spatial information is used from vibration
and IRT data using a deep learning-based strategy through Convolutional Neural
Network (CNN) based deep feature extraction. Different combinations of faults are

diagnosed with substantially better accuracy through this strategy.

Finally, after descriptively exploring different sensor modalities toward feasibility
for economic and remote fault diagnosis, vibration monitoring is adopted, and an
Artificial Intelligence of Things (AloT) based package is developed. This is done
by an integrated pulp of dedicatedly developed hardware, edge computing, Al, and
IoT. The developed system is successfully validated with different fault conditions
of rotating machine components. Moreover, the built AloT-based system effectively

illustrates real-time and remote fault detection and control for rotating machinery.
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Region of Interest

Single Board Computer

Sound Quality

Support Vector Machine
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Symbols

Vibration signal

Analytic signal

Total heat energy
Radiation heat energy
Emissivity

Loudness

Loudness level

Specific fluctuation strength
Roughness

Sharpness

Mother wavelet
Translational factor

Center of support

Total number of data points
Overlap factor

Window length

Sampling frequency

Xix

Stefan-Boltzmann constant
Contact angle

Convection heat energy
Specific heat

Absolute temperature
Specific loudness
Fluctuation strength

Bark scale

Specific roughness

Articulation Index

Complex conjugate of mother wavelet

Scale factor

Total number of 2D images
Window size

Frequency bin

Center frequency

Bins per octave





