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Abstract

Rotating machines are the backbone of industries which deteriorate during operation. It
leads to production loss, downtime, supply chain disruption, etc. To mitigate these
problems, different maintenance strategies have been used, among which predictive
maintenance provides the most effective solution. It involves continuous monitoring of
rotating components and detecting incipient faults through data-driven approaches like
signal processing and Machine Learning (ML). The signal processing approach involves
experts’ intervention for fault identification. In the Industrial Revolution 4.0, smart
factories are designed by automating the machines. Human intervention causes delays
during the fault diagnosis in such applications. Therefore, ML-based solutions are

adopted rapidly, which gives accurate and real time decisions by mitigating human errors.

The fault diagnosis of rotating machines is a challenging task. In this work, three major
problems are identified. It is found that most of the research on rotating machine
diagnosis is done by considering single faults. But, the occurrence of a single fault is not
a likely scenario in the industrial environment. A fault generated in one component of a
system propagates to another, as components are interconnected. So, the strategy
developed for single-fault diagnosis cannot detect multi-faults. There is a need for
developing methods for multi-fault diagnosis. Besides that, the fault information of all
components is not identified by all the sensors. So, when a different type of component is
involved, various sensor modalities are used to identify the faults. A strategy developed
by considering one sensor modality does not perform efficiently with another. Therefore,
there is a need to find a generalised solution that can work with the data of any sensor
modality. Lastly, methodologies that are developed under constant speed conditions, are
not practical, and do not perform well under speed fluctuation. So, a method that can

work in any speed conditions needs to be developed.

To tackle these issues, an effort is made in this work to develop a robust diagnosis
strategy for bearing, motor, mechanical unbalance and shaft misalignment multi-fault that
is compatible with different sensor modalities and can perform irrespective of speed
conditions. Initially, the multi-fault diagnosis of a single component is carried out on a
bearing test rig using signal decomposition methods. Moreover, the focus is given to

select the best domain for multi-fault diagnosis. This work also involves the analysis of a



streamlined approach that gives efficient results with less computational time. Thereafter,
the number of components is increased, and a system-level analysis having different
faulty components is diagnosed on another test rig. The work involves the sensitivity
analysis of different sensor modalities such as vibration, acoustic and current for multi-
fault diagnosis. Eventually, a strategy for a generalised strategy is tested that can perform

with the balanced or imbalanced data of different sensor modalities.

Further, to deal with the problem of speed fluctuation, a multi-fault diagnosis strategy is
analysed, where an extensive evaluation is done with different speed profiles like
constantly accelerated, constantly decelerated, speed fluctuation, speed variation with
different ramp rates, etc. In the last section of this work, a robust strategy is developed by
implementing a sensor fusion-based multi-fault diagnosis approach. The developed
strategy not only gives decisions by considering the information of different sensor
modalities but also works in any speed conditions. The strategy will be helpful in
diagnosing multi-faults efficiently in different industrial machines and can be used for

maintenance planning.
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Instantaneous amplitude
Approximation coefficients

Scale parameter

Input signal column dimension
Detailed coefficients

Input signal row dimension

Filter column dimension

Sampling rate

Filter row dimension

Wavelet filter

Hilbert transform

Hilbert envelope spectrum

Scaling filter

Constant

Constant

Sample length

Number of segments

Window size

Constant

Segment generation in column shifting
Length of signal

Segment generation in row shifting
Total number of segments generated
Scaling function

Reset value

Normalised value

Sigmoid activation function
Column shifting value

Wavelet function
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Smax
Smin
Sr
Sv

Ta
X(t)
2(t)

Maximum value
Minimum value

Row shifting value
Value to be normalised
Time parameter
Maximum iteration
tanh activation function
Input signal

Analytic signal
Instantaneous phase
Constant

Translation parameters

Frequency value
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