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Abstract

Condition-based maintenance strategies using Al-driven health monitoring have emerged
as valuable tools for industrial reliability, yet their implementation remains challenging in
industries with limited operational data. Class I induction motors (<15 kW), which power
critical equipment in industries such as grain handling facilities, represent a significant
portion of industrial assets but lack established healthy vibration baselines for effective
monitoring. A fundamental challenge exists in deploying Al-based health monitoring
systems when no historical performance data is available, creating a ‘cold-start’ problem
that prevents industries from adopting predictive maintenance strategies without costly
pilot programs or prolonged data collection periods. This study developed a data-driven
health monitoring framework for Class I induction motors that eliminates the dependency
on long-term historical trends. Through extensive experimental testing of 98 configurations
on new motors, a correlation between vibration amplitude at rotational frequency and
motor power rating was established, enabling the creation of a synthetic signal generation
algorithm. A robust Health Index (HI) model with integrated diagnostic capabilities was
developed using the JPCCED-HI framework, trained on both experimental and syntheti-
cally generated healthy vibration data to detect degradation and diagnose common failure
modes. The regression analysis revealed a statistically significant relationship between
motor power rating and healthy vibration signatures, enabling synthetic generation of
baseline data for any Class I motor within the rated range. When implemented at an
operational grain silo facility, the HI model successfully detected faulty behavior and accu-
rately diagnosed probable failure modes in equipment with no prior monitoring history,
demonstrating that maintenance decisions could be made based on condition data rather
than reactive responses to failures. This framework enables immediate deployment of
Al-based condition monitoring in industries lacking historical data, eliminating a major
barrier to adopting predictive maintenance strategies. The synthetic data generation ap-
proach provides a cost-effective solution to the data scarcity problem identified as a critical
challenge in industrial Al applications, while the successful industrial implementation
validates the feasibility of this approach for small-to-medium industrial facilities.

Keywords: condition monitoring; health index; JPCCED-HI framework; rotating machines;
predictive maintenance; data-scarce environments
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1. Introduction

Industrial maintenance strategies directly impact operational profitability, with main-
tenance costs that can comprise up to 70% of total production costs [1]. Despite McKinsey’s
predictions that digital maintenance technologies could increase asset availability by 5%
to 15% and reduce maintenance costs by 18% to 25% [2], the adoption of condition-based
maintenance (CBM) remains limited —particularly for Class I induction motors (<15 kW
as defined by ISO 20816 [3]). These motors constitute a substantial portion of industrial
assets, powering critical equipment across manufacturing sectors, yet the implementation
of systematic health monitoring faces persistent barriers.

The financial case for transitioning from run-to-failure approaches is compelling.
Mobley [4] demonstrated that repairs under run-to-failure paradigms typically cost three
times more than equivalent preventive maintenance interventions, while predictive main-
tenance implementations have achieved 25-30% reductions in maintenance costs along
with 35-45% reductions in downtime [5,6]. However, Anomuoghanran [7] found that
approximately 55% of industrial plants continue to operate under corrective maintenance
paradigms, suggesting that technical or economic barriers prevent widespread adoption of
CBM, despite its demonstrated benefits.

A fundamental implementation barrier exists: effective condition-based maintenance
requires baseline data that represent healthy equipment operation [8], yet many industrial
facilities lack such data —particularly those with legacy equipment. Standards, including
ISO 20816 [3], provide zone boundaries for acceptable vibration severity, but do not estab-
lish healthy baselines specific to individual motor configurations. This creates a “cold-start
problem”: industries cannot deploy Al-based health monitoring without historical per-
formance data, forcing costly pilot programmes or prolonged data collection periods that
undermine the economic feasibility of CBM implementation.

The challenge is compounded by the fundamental uncertainty about the age of
the equipment as a failure predictor. For example, Bengtsson [1] found that only 11%
of the components of the aircraft in their study exhibited clear ageing characteristics,
with 89% randomly failing without significant ageing patterns —a phenomenon that
became even more pronounced with increased complexity of the equipment. This un-
dermines time-based maintenance strategies while simultaneously highlighting the data
requirements that condition-based alternatives demand. For facilities with equipment of un-
known initial health status, this circularity prevents CBM adoption: without baseline data,
health cannot be assessed; without health assessment capability, baseline establishment
remains impossible.

Class I induction motors present a particularly acute instance of this problem. These
motors power conveyors, elevators, fans, and processing equipment in various industrial
applications, yet there is no established correlation between motor specifications and
expected healthy vibration characteristics. Practitioners face a stark choice: assume that
current operational equipment is healthy (and potentially contaminate all subsequent
analyses) or undertake expensive measurement campaigns on new equipment for each
motor size and coupling configuration encountered.

This study addresses the cold-start problem through the development of a data-driven
health monitoring framework that eliminates the dependency on historical operational data.
The approach combines extensive experimental characterisation of healthy motor vibration
signatures, regression analysis establishing correlations between motor power rating and
vibration amplitude, synthetic baseline generation algorithms, and robust Health Index
modelling with integrated diagnostic capabilities. Implementation in an operational facility
with no prior monitoring history demonstrated that maintenance decisions can be based
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on condition data rather than reactive responses to failures, even when the initial health
status of the equipment is unknown.

The remainder of this paper is structured as follows: Section 2 provides a critical
review of health index construction methods, data scarcity challenges in industrial settings,
and gaps in existing motor health monitoring approaches —particularly the JPCCED-HI
framework’s component-level validation limitations. Section 3 details the experimen-
tal methodology, regression analysis procedures, synthetic signal generation algorithms,
and construction of the Health Index model with diagnostic capabilities. Section 4 presents
regression results establishing the power—vibration correlation, synthetic signal validation,
model verification performance, and industrial implementation outcomes across ten mo-
tors. It discusses the validation of diagnostic results through physical inspection, practical
implications for the resolution of cold-start problems, and study limitations. Section 5
concludes with primary contributions and directions for future research.

2. Literature Review
2.1. Health Index Construction Methods

The Health Index (HI) has emerged as a critical tool for extracting degradation infor-
mation from condition-indicating parameters to evaluate asset health [9]. Zhou et al. [9]
categorise HI construction methods into four primary approaches: feature-based meth-
ods employing signal processing techniques in the time, frequency, and time-frequency
domains; multi-feature fusion methods combining several features to improve prediction
accuracy; distance-based methods measuring similarity between healthy and faulty signals
using Euclidean or Mahalanobis calculations; and deep learning-based methods utilising
convolutional neural networks (CNNSs), recurrent neural networks (RNNs), and autoen-
coders to automatically learn representations from datasets.

Feature-based approaches have been extensively developed for rotating machinery
applications. Widodo and Yang [10] introduced principal component analysis (PCA) to
fuse peak value, kurtosis, and entropy into unified health metrics. Zhao et al. [11] used
S-transform and Gaussian pyramid methods to obtain time-frequency representations on
multiple scales, using PCA-based indicators for bearing health assessment. Hong et al. [12]
applied empirical mode decomposition with self-organising maps to analyse vibration
signals and calculate confidence values for the bearing health states. These methods
demonstrate the value of multi-domain feature extraction, but typically require extensive
historical data for baseline establishment.

Deep learning approaches have gained considerable attention for their ability to auto-
matically extract features and construct HI models. Convolutional neural networks [3,13],
recurrent neural networks [14,15], unsupervised deep belief networks [16,17], and con-
volutional autoencoder networks [18,19] have been applied to the construction of HIs.
However, these methods present significant practical limitations. Song et al. [20] identified
three fundamental problems with conventional HI models: differences in operating con-
ditions between training and testing data reduce model performance; data are required
throughout the entire equipment life cycle under different operating conditions, making ac-
quisition expensive; and complete datasets combined with complex models make real-time
implementation difficult.

Methods based on reconstruction errors offer an alternative approach. Qiu et al. [21] in-
troduced wavelet filter-based weak signature enhancement combined with self-organising
map (SOM) methods to assess performance degradation. Huang et al. [22] used minimum
quantisation error indicators derived from SOM trained in vibration features. Yan et al. [23]
presented optimised stacked denoising autoencoders based on multidomain indicators
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for a robust representation of features. Although these approaches reduce dependence on
labelled fault data, they still require substantial healthy-state datasets for model training.

Distance-based and similarity-based methods provide yet another avenue. Guo et al. [24]
proposed similarity features related to the time-frequency range, addressing varying statis-
tical feature ranges. Wang et al. [25] estimated degradation by calculating the deviation of
vibration signal statistics from known healthy states. Li et al. [26] calculated Mahalanobis
Distance from time and time-frequency domain characteristics, obtaining monotonically
increasing HIs through cumulative sum approaches. Schwartz et al. [27] proposed au-
tomatic unsupervised Kernel PCA approaches for similarity-based HI creation. These
methods effectively quantify deviation from baseline conditions, but require that baseline
conditions be accurately established —a requirement that proves problematic in data-scarce
industrial environments.

A persistent challenge across all HI construction categories is the establishment of
upper and lower bounds. Even for methods requiring only healthy-state training data,
challenges persist in establishing appropriate limits without faulty reference data [20].
The lack of standardised HI bounds complicates intuitive health assessment and threshold
setting for maintenance decisions [1].

2.2. The Data Scarcity Challenge in Industrial Settings

The successful implementation of condition-based maintenance (CBM) depends on
the availability of reliable data that accurately represent asset degradation and allow for
the detection of condition changes [8]. Nevertheless, many industries have been slow
to adopt advanced maintenance technologies due to persistent data-related challenges.
Jardine, Lin, and Banjevic [28] identify key barriers, including inadequate or inappropriate
data collection and storage, poor communication between developers and practitioners,
insufficient validation methods, and implementation difficulties arising from evolving
designs, technologies, and business policies.

Infrastructure constraints further impede CBM adoption, particularly the absence
of facilities capable of supporting monitoring equipment, which significantly increases
instrumentation and installation costs [29]. Many industrial plants were not designed with
future condition monitoring in mind, necessitating substantial investment in specialised
hardware and software for data acquisition, storage, and analysis. These costs are difficult to
quantify and compare with traditional maintenance approaches, especially when financial
benefits are realised only after extended periods of operation [8].

Organisational and human factors present additional barriers. Effective implemen-
tation of CBM requires coordination between organisational levels, yet management and
maintenance personnel often resist changes that increase short-term workload while offer-
ing delayed benefits [1]. Common obstacles include resistance to change, limited teamwork,
weak leadership, and insufficient trust. Mobley [6] reports that CBM programmes often fail
within 24 months when senior management does not sustain investment in training and
consulting support.

Baseline data availability is a critical requirement for vibration-based condition moni-
toring. A meaningful comparative analysis depends on baseline measurements that repre-
sent healthy operating conditions, established at installation or shortly after maintenance [6].
Accurate baseline use requires data resetting after maintenance, correct machine train iden-
tification, and defined operating envelopes for different process conditions [6]. Mais [30]
similarly emphasises the need for healthy baseline datasets for each machine and operating
state. However, such baseline data are often unavailable for legacy equipment, substantially
limiting the effectiveness of CBM. Recent comprehensive reviews [31-33] highlight the
continued dominance of data-driven approaches in industrial condition monitoring, yet
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consistently identify data availability as a critical barrier to implementation—particularly
for facilities lacking historical operational records.

2.3. The Cold-Start Problem

There is a persistent gap in both the literature and industrial practice regarding the
initiation of condition monitoring programmes. Many organisations implement condition-
based maintenance (CBM) without establishing the initial health state of monitored assets,
implicitly assuming healthy operating conditions. This assumption compromises trend
analysis, as baselines may be derived from data representing unknown or degraded states.
Although historical maintenance records may be available, they are often incomplete and
insufficient for rigorous analysis.

This issue is particularly pronounced for Class I induction motors (<15 kW).
The ISO 20816 standard series [3] employs the same machine classification framework
and defines general vibration evaluation zones but does not specify healthy baseline values
for this motor class, noting only that RMS vibration velocity typically lies toward the lower
end of the prescribed ranges. In the absence of standardised baselines, practitioners must
assume asset health or perform costly measurements on new equipment.

Time-based methods provide limited mitigation. Bengtsson [1] showed that only
11% of aircraft components exhibited clear ageing characteristics, while manufacturing
studies found ageing patterns in only 30% of components, with predictability decreasing
as system complexity increased [34]. These findings demonstrate that the age of the
equipment is an unreliable indicator of health, which explains the ineffectiveness of time-
based maintenance strategies.

Although CBM was introduced to address these shortcomings [1], its effectiveness
depends on historical and baseline data that are often unavailable in industrial settings,
particularly for legacy equipment. This data scarcity challenge is not unique to rotating
machinery; analogous issues have been identified across multiple industrial domains,
including railway point machine monitoring, where the absence of comprehensive fault
data similarly impedes the deployment of intelligent condition monitoring systems [35].

2.4. Induction Motor Health Monitoring

Induction motors are fundamental for industrial operations, accounting for approx-
imately 45-50% of global industrial energy consumption [36]. Their widespread use is
driven by robust construction, although failures can result in substantial operational dis-
ruption. Motor failures arise from a combination of design limitations, manufacturing
tolerances, installation errors, adverse operating environments, demanding load conditions,
and inappropriate maintenance practices [36-38].

In normal operation, electromagnetic and mechanical forces interact to produce stable
performance with low vibration levels [37]. Faults disturb this balance, leading to increased
vibration and eventual failure. Common mechanical faults include unbalance, misalign-
ment, bearing defects, and looseness, while electrical faults include stator winding defects,
broken rotor bars, and eccentricity-related phenomena [36,37,39].

Vibration monitoring is the most widely adopted condition monitoring technique
for rotating machinery, including induction motors, due to its high sensitivity to a broad
range of mechanical and electrical faults [6]. Frequency-domain analysis enables the
identification of faults through characteristic signatures: unbalance at the 1x rotational
frequency, misalignment at the 1x to 3x harmonics, bearing defects at characteristic
fault frequencies, and electrical faults through side bands around the supply frequency
harmonics [30,40].
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Despite its effectiveness, vibration-based monitoring depends on reliable healthy
baselines for a meaningful comparison. Although ISO 20816 [3] defines general vibration
severity zones, it does not provide equipment-specific baseline values. For Class I motors,
the standards simply note that vibration levels tend toward the lower range, however,
offering no predictive link between motor specifications and expected healthy vibration
behaviour. This lack of guidance complicates the establishment of a baseline for previously
unmonitored equipment.

2.5. The JPCCED-HI Model: Advances and Remaining Gaps

The Joint Principal Component Cumulative Empirical Distribution Health Index
(JPCCED-HI) model [20] addresses data scarcity challenges for rotating machinery by
requiring only healthy-state data for baseline establishment and providing a bounded
health index (0-1) for intuitive interpretation. However, a critical examination reveals
significant limitations for a broader industrial application.

2.5.1. Component-Level vs. System-Level Validation

Song et al. [20] validated the model exclusively with isolated components: a two-stage
parallel shaft gearbox (40 rpm, controlled conditions) and NSK 6804DD bearings from the
IEEE PHM 2012 Prognostic Challenge. Neither case addressed complete machine systems
comprising driver and driven equipment.

2.5.2. Absence of Motor-Machine Coupling Effects

Industrial induction motors rarely operate in isolation—they drive machinery through
mechanical couplings (chain-sprocket, V-belt, direct) that introduce additional vibration
sources and frequency components. The JPCCED-HI model was not validated to distin-
guish motor health degradation from coupling-induced vibration changes.

2.5.3. Absence of Size to Vibration Amplitude Correlation

Neither validation addressed the relationship between the power rating of the equip-
ment and the expected healthy vibration amplitude. For Class I induction motors (<15 kW
per ISO 20816 [41]), no established correlation exists in the literature, preventing the gener-
ation of a healthy synthetic baseline and forcing the reliance on physical measurements.

2.5.4. Laboratory vs. Industrial Operating Conditions

Typically, CBM research is performed under laboratory conditions [20,42] where ma-
chines are operated under controlled conditions: constant speeds, consistent loading, direct
sensor mounting, and continuous operation until natural or induced failure. Industrial en-
vironments present different challenges including intermittent operation, variable loading,
constrained sensor placement, environmental noise from adjacent equipment, and extended
periods between measurements.

2.5.5. Detection Without Diagnosis

The JPCCED-HI model provides health detection, but not diagnostic functionality.
Therefore, when HIs indicate degradation, maintenance personnel lack information on
which failure modes are developing —information that is critical to guide corrective actions
and procurement of spare parts.

2.6. Research Gap and Contribution

The literature reveals a circular challenge: condition-based maintenance requires
healthy baseline data, yet many facilities lack such data. The JPCCED-HI framework [20]
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addressed the requirements of healthy-state training, but was validated only with isolated
components under controlled conditions.
For Class I induction motors HI frameworks, four critical gaps therefore remain:

No power-vibration correlation. ISO Standards [3] provide zone boundaries, but not
predictive equations that relate motor specifications to expected vibration characteristics.
No system-level validation. Previous research focused only on isolated components, not
motors coupled to driven equipment.

No synthetic baseline capability. Predictive models require extensive operational data for
each motor, perpetuating data scarcity.

No industrial validation. Laboratory studies do not address the cold-start problem in
facilities with no monitoring history.

The present study addressed these gaps through experimental investigation of the
power-vibration correlation for Class I motors, synthetic baseline generation, and industrial
implementation and validation, with fault confirmation through operational measurements
and physical inspection.

3. Methodology

3.1. Experimental Setup
3.1.1. Layout of Test Bench

The reconfigurable test bench shown in Figure 1 was used for the experimental aspects.

T

1.  Induction motor (A): The mounting position for all induction motors used during

Figure 1. Experimental test bench layout.

data collection.

2. Mounting plate (B): The mounting plate, which serves as the base onto which the
different induction motors are mounted, ensuring rigid mounting.

3. Driving end (O): The sprocket/pulley mounted on the driving end (DE) of the induc-
tion motor, transferring torque to the chain/V-belt.

4. Power transmission element—chain/V-belt (D): The connection between the driving
and driven side of the setup; used to transfer torque from the induction motor shaft
to the loaded shaft.

5. Driven end (E): The sprocket/pulley mounted on the shaft connected to the load,
transferring the torque from the sprocket/pulley onto the loaded shaft.
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6. End bearing and support structure (F): An end bearing mounted onto the end of the
loaded shaft, supporting the shaft to reduce the moment at the point of load, thus
preventing bending due to the load point on the shaft.

7.  Support bearing blocks (G): Two support bearing blocks through which the shaft is
fitted, providing support between the driven side and the load.

8.  Flexible couplings (H): Two flexible couplings with a torque transducer mounted
between them (the transducer was not used in the current study).

9.  Shaft (I): The final shaft connected to the load.

10. Direct current (DC) shunt motor (J): The DC shunt motor that acts as a generator is
used to convert the mechanical energy created by the induction motors into electrical
energy, which then is “dumped” in the resistor banks. This results in a mechanical load
on the shaft, providing a means to operate the induction motors at full load condition
(FLC). The shunt motor is excited with a voltage from the high-current bench.

11. Three-phase fan (K): A three-phase fan that is powered during the loaded experimen-
tal runs to ensure adequate cooling of the DC shunt motor.

12. Resistor banks (L): Two resistor banks are used to “dump” the electrical energy
generated by the DC shunt motor during the loaded experimental tests.

13.  AC-DC converter (M): This component takes the alternating current (AC) input
from the high-current bench and converts it to a direct current (DC), which is then
connected to the DC shunt motor, inducing a load onto the shaft.

14. Steel frame (N): Serves as the support structure, ensuring rigid mounting for all
components mounted onto the structure.

To control the speed of the induction machine, a WEG CFWO08 variable speed drive
(VSD) was used. The actual motor speed was verified with a digital tachometer and Erbessd
Instruments EPH-V11E Triaxial wireless vibration sensors were placed at locations S1 and
52 in Figure 1.

A typical configuration of the test bench is shown in Figure 2, where the active motor
in green can clearly be seen, along with the mechanical coupling and load.

Sampling Computer
Motor Drive
Induction Motor
Sensor (51)
Sensor (S2)

AC-DC Converter (M)
Resistor Bank (L)
Cooling Fan (K)

DC Shunt Motor (J)
Coupling Shaft (E,F,G,H,I)
Support Frame (N)

Figure 2. Photo of the experimental test bench layout.

3.1.2. Experimental Operating Conditions

A selection of induction motors was made to represent a sufficiently broad range of
induction motors within Class I (see Table 1). All induction motors used during data collec-
tion were new W22 IE3 Premium Efficiency, four pole WEG induction motors, without any
prior operation.
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Table 1. Power ratings and frame sizes of induction motors for experimental data collection.

Power Rating (kW) Frame Size (IEC)
0.55 80
0.75 80
1.5 90 L
22 100 L
3 100 L
4 112M
5.5 1325

From a cursory investigation of common industrial processing plants, particularly
those in the agri-processing space, it was determined that the most common types
of coupling between the motor and the driven equipment were chain and belt-based
with limited direct coupling. For this reason, in this study the following configurations
were investigate d:

Stand-alone. The induction motor is mounted onto the baseplate, but no other coupling
connections are made; this configuration was used primarily for preliminary analysis
purposes, see Figure 3a.

Chain-sprocket condition (Unloaded). The induction motor is coupled with the shaft
connected to the load using a chain-sprocket coupling, but the load is not excited with a
voltage, and thus the motor only spins the shaft with no additional load, except for the
friction of the components, see Figure 3b.

Chain-sprocket condition (Loaded). The induction motor is coupled with the shaft con-
nected to the load using a chain-sprocket coupling, and the load is excited to a voltage,
which results in the induction motor operating at or close to the specified FLC as stated on
its nameplate.

V-belt pulley condition (Unloaded). The induction motor is coupled to the shaft connected
to the load using a V-belt pulley coupling, but the load is not excited with a voltage, and
therefore the motor only spins the shaft with no additional load, except for the friction of
the components; see Figure 3c.

V-belt pulley condition (Loaded). The induction motor is coupled with the shaft connected
to the load using a V-belt pulley coupling, and the load is excited to a voltage, which results
in the induction motor operating at or close to the specified FLC as stated on its nameplate.

In the industrial settings explored, most applications operated the motors at a fixed
speed close to the rated speed of the motor, and for this reason a 1:1 ratio was used for
all coupling configurations. In addition to the different coupling configurations, data was
also collected at different operating speeds. For chain-sprocket coupling configurations,
the percentages of synchronous speed were 25%, 50%, 75%, and 100%. For the V-belt
pulley configuration, measurements were made only at a speed setting of 100%. For the
stand-alone and chain-sprocket coupling conditions, 30 vibration measurements were
made for each individual configuration. For the V-belt pulley coupling configuration, only
10 measurements were taken for each motor size.
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@ o)

Figure 3. Different configurations on which experimental measurements were made. (a). Stand-alone
configuration. (b). Chain-sprocket coupling. (c). V-belt pulley coupling.

A summary of the experimental configurations investigated is provided in Table 2.

Table 2. Experimental configurations and number of signals measured.

Configuration Conﬁgs’,tllll’ations Ml:]:slllllll‘:;i:rf\ts Total Signals
Stand-alone 28 30 840

orlonded) - ¥ o

Cha&rol;scirg)cket 28 30 840
el " "
" Goaded” 7 0 !

Vibration measurements were acquired using the EPH-V11E triaxial wireless sensors
at a sampling frequency of 12,800 Hz with a signal duration of 6 s per measurement,
yielding 76,800 samples per signal. Frequency-domain analysis employed the Fast Fourier
Transform (FFT) with a Hanning window to reduce spectral leakage, providing a frequency
resolution of approximately 0.17 Hz. A 10 Hz high-pass filter was applied to eliminate low-
frequency structural effects. For bearing fault assessment, the RMS amplitude in the 200 Hz
to 6 kHz band was evaluated against a 3¢ threshold derived from healthy baseline data.
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3.2. Power-Vibration Correlation procedure

Using the procedure described in Figure 4, the fundamental frequencies for each motor
in the sample set were extracted.

[ Import the measured vibration signal as

Plot the frequency-domain of the
table into MATLAB workspace measure vibration signal

Compute the sampling frequency f,
using the time vector column

I

] Specify frequency component/s of
[ Plot the time-domain signal of the ]

interest

[ Access the frequency component ]

measured vibration signal

|

Specify the rotational frequency

amplitude/s in the frequency-domain

I

Extract the vibration amplitude/s and
store in a new table in the workspace

I !

1 2 3
[ FRct < FCutoff ? J MDIG(SIZEJ(}V Filelndex Extracted_Amplitude

S

0.5500 0.3993
0.4653
0.4156
0.4486
04136
04523
0.3837
0.3806
0.4298

0.5500
0.5500
0.5500
0.5500
0.5500
0.5500
0.5500
0.5500

Perform the
preprocessing
steps of HPF and
Hanning window

Only perform
Hanning window
function

O @~ O W B W N =
R R R R TR R

Figure 4. General signal analysis procedure.

These vibration amplitudes and the associated motor power were used in conjunction
with the MATLAB CurveFitter application to perform curve fitting. Based on the percentage
error calculated between the fitted curve and the actual values, the optimal curve was
determined and the associated parameters for the curve and the 95% confidence interval
extracted. Regression analysis was performed in MATLAB for the 100% operating speed
condition, informed by the observation that a typical induction motor installed in industry
operates at (or close to) the synchronous speed.

3.3. Synthetic Signal Generation

Since it would be difficult and expensive to construct an extensive database of healthy
vibration measurements on a large number of Class I induction motors under operational
conditions in an industrial setting (data scarcity problem), a method is required to syn-
thetically generate these signals for training the HI models. This enables the generation of
unlimited healthy vibration signals and essentially addresses the information gap between
experimental, theoretical, and industrial settings.

Figure 5 outlines the steps to generate healthy, statistically representative vibration
spectra by means of the following steps:
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Specify the rotational speed of the . .
[ motor (RPM) Generate a synthetic FFT signal
1 ¥
Specify the motor size (kW) ]
Enter the number of synthetic signals §oe
to generate Foa
A = f(x) 1 o2
Aoy = Tadux Estimate and calculate the vibration om w W e w ow
amplitudes of the frequency 1
Aax =TalzAux components Specified
1 [ Obtain the synthetic time-domain time interval
Azf € [Agfmin ma. !
Randomly sample amplitudes . Tims-domain of Synihetc Signal
Specified sampling ]
Trequency Compute FFT indices for harmonics

Figure 5. Steps for the synthetic signal generation methodology.

1.

Step 1: Input specification: The motor rotational speed (RPM) and power rating
(kW) are specified as input parameters, corresponding to the target motor for which
baseline signals are required.

Step 2: Fundamental amplitude estimation: The expected healthy vibration ampli-
tude at the rotational frequency (1x) is calculated using the regression Equation (13).
The 95% confidence bounds, derived from 2660 measurements across 98 configurations
encompassing multiple coupling types and loading conditions, define the permissible
amplitude range that captures real-world operational variability.

Step 3: Harmonic amplitude calculation: Amplitudes for the 2x and 3x harmonics are
computed as proportions of the fundamental amplitude, constrained by established
vibration analysis practice [30]: Ayx = r,.A1x where r; € [0,0.5], and Azx = r3.Apx
where r3 € [0,0.5]. Supply frequency components (50 Hz and 100 Hz) are included at
amplitudes consistent with healthy motor electromagnetic behaviour.

Step 4: Stochastic sampling: For each synthetic signal, amplitude values are ran-
domly sampled within the established bounds using uniform distributions. This
stochastic process ensures that each generated signal exhibits unique characteristics
while remaining statistically consistent with the experimentally observed healthy
motor population.

Step 5:Frequency-domain construction: FFT indices corresponding to each fre-
quency component are computed based on the specified sampling frequency.
The frequency-domain representation is populated with the sampled amplitudes
at the appropriate indices.

Step 6: Time-domain transformation: The synthetic frequency-domain signal is
transformed via inverse FFT to obtain the time-domain signal of specified duration.

This procedure enables the generation of an unlimited number of healthy vibration sig-

nals that are both reproducible (given identical input parameters and random seed) and

representative of real-world variability, subject to the following assumptions:

1.

Dominant frequency: For a healthy induction motor operating under direct-on-line
conditions at or near synchronous speed, the dominant frequency in the frequency
domain will be that of the rotational frequency of the motor, known as the fundamen-
tal frequency. This frequency peak is due to the normal mechanical unbalance in the
motor and the rotation-related forces, as well as the magnetic field interactions. Thus,
a dominant, stable, and relatively low amplitude peak will be observed at the rota-
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tional frequency of all healthy induction motors. The exact amplitude at this frequency
for each motor size is to be established during the experimental data analysis.

2. Harmonics: For a healthy induction motor, some harmonics of the rotational frequency
will be present in the spectrum, which will most often only be the 2x harmonic, but the
3x harmonic might also appear under certain conditions. These are also due to
mechanical rotation of motor components and should be lower than the fundamental
frequency, with [30] specifying that the healthy amplitude of the 2 x harmonic should
typically not be greater than 50% of the amplitude at the fundamental frequency.
The specification of the 3x harmonic follows the same logic as the 2x harmonic,
with the assumption that the amplitude should be restricted to less than 50% of the
2x harmonic amplitude. Specifying 2x and 3x as functions of the 1x amplitude
ensures that the amplitudes are not scaled unrealistically and also ensures that a wide
enough range of amplitudes is included.

3. Supply frequency: The frequency of the electrical supply (50 Hz) and its 2x har-
monic will always be present in the vibration spectrum of a healthy induction motor,
irrespective of the type of loading and coupling. The reason why these components
will be present in the healthy spectrum is because of the alternating magnetic forces
in the stator field and the magnetic pull forces in the motor.

The assumptions underpinning synthetic signal generation were consistently validated
across the 2660 experimental measurements encompassing multiple coupling configura-
tions and loading conditions. However, applications involving variable frequency drives,
significant partial-load operation, or coupling arrangements beyond those tested may re-
quire re-evaluation of the dominant frequency assumption and corresponding adjustment
of the synthetic signal parameters.

3.4. Health Index Model Training

The development of the HI model is similar to the detailed description of the model
developed in [20], with the main difference being the signal features used to build the model.
The key features from both the time and frequency domains were manually extracted after
the FFT was computed, applying the Hanning window to reduce spectral leakage. These
features were then stored in a feature vector and thus each synthetic signal became a
feature vector.

The final list of 18 extracted features is a combination of 15 features in the time domain
and 3 features in the frequency domain and is listed in Tables 3 and 4.

Table 3. HI Time-domain modelling features.

Time-Domain Signal Features

(1) Mean

(6) Mean Absolute
Difference
(11) Crest Factor

(2) Median (%S‘t?;?j;d (4) Variance (5) Peak-to-Peak
(7) RMS ®) Meilglﬁ:solute (9) Kurtosis (10) Skewness

(12) Shape Factor (13) Impulse Factor  (14) Clearance Factor (15) Peak Value

Table 4. HI Frequency-domain modelling features.

Frequency-Domain Signal Features

(16) Spectral Centroid (17) Spectral Spread (18) Spectral Entropy

The other parameters of interest are as follows:
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1.  QBS —The number of healthy baseline samples to be used for training, selected as
30% of the number of healthy synthetic signals supplied to the training algorithm.

2. 6—Thelog-scaling floor of the ECDE, to avoid l0g(0) when scoring, and also to provide
the lower limit for health degradation. Kept at the default of 0.01.

3. Variance threshold—The percentage of variance the PCA should retain, selected as
97% for this study.

3.5. Fault Detection

The first step in any CBM strategy is to determine whether the monitored asset
shows signs of deterioration—commonly termed fault detection in the FDI literature.
An appropriate error analysis of the vibration signal of the asset can be used for this.

Due to the process of sampling and processing digital signals, the captured vibration
signals contain redundant information. The original time domain of an example signal
is shown in Figure 6 and the frequency domain in Figure 7, and they show the inherent
“noise” in these signals.

Orignal time-domain signal
T

Amplitude (mm/s)

_40 | | I I I

0 1 2 3 4 5
Time (s)

Figure 6. Original time-domain signal of the example signal to be evaluated.

25 Original Frequency-Domain
- T T

Amplitude (mm/s)

O:M&@@w r_|

0 50 100 150 200 250
Frequency (Hz)

Figure 7. Original frequency domain of the example signal to be evaluated.

Through the application of band-pass filters in the frequency domain, it is possible to
extract only the components of interest before calculating the HI, as shown in Figure 8.

25 Deconstructed frequency-domain with fault specific components
E T T T T T T T T

Amplitude (mm/s)

o
—

A 1 | i i} |
0 25 50 75 100 125 150 175 200 225 250
Frequency (Hz)

Figure 8. Frequency domain of the example signal with fault-frequency components and their amplitudes.

The “clean” version of the frequency domain of the signal is then transformed to
obtain a clean and filtered time-domain signal for the HI model, as shown in Figure 9.
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Simplified time-domain signal
T

51

Amplitude (mm/s)

| | 1 | |
0 1 2 3 4 5
Time (s)

Figure 9. New time-domain signal only containing the specified fault-frequency components from
the example signal.

The filtered time-domain signal will then be evaluated by the HI model, where a
non-parametric percentile-based threshold strategy is employed to classify the Health
Index of the new signal against the trained healthy signals. Thresholds are required to
establish the degradation state of the signal evaluated. Thresholds are therefore specified
at three levels of deviation, which are at the 95th, 99th, and 99.9th percentile of the healthy
HI distribution.

Potential fault if HInew > Togg

Warnin, if Tog < HI < T

Status — mng I 199 New > 1999 (1)
Shift noted if Tos < HlNew < To9
Healthy Otherwise

These thresholds are mathematically defined in Equation (1) [20] (where T denotes
“Threshold”), and indicate the following;:

1. Shift noted —A shift is noted when the HI of the new signal lies outside of the 95th
percentile of the computed HIs of the healthy baseline data;

2. Warning—A warning is issued when the HI of the new signal lies outside of the 99th
percentile of the computed HIs of the healthy baseline data;

3. Potential fault detected—When the HI of the new signal is an outlier, thus, the com-
puted HI lies outside of the 99.9th percentile of the computed HIs of the healthy
baseline data, it is classified as a deviation in the signal and thus a potential fault in
the induction motor.

3.6. Fault Isolation

Where the HI algorithm returns a non-healthy result, the underlying cause of this needs
to be determined in order to provide industrial relevance from a maintenance management
perspective. The diagnostic algorithm was developed to evaluate the harmonic amplitude
relationships and the RMS energy to classify mechanical and electrical faults in induction
motors. The inclusion of relationships, together with the absolute amplitude for diagnosis,
is inspired by the work of [30]. A rule-based framework defines the logical conditions for
the common failure mode using both amplitude evaluation through z-score comparison
and amplitude ratios relative to the fundamental frequency.

To enhance diagnostic exclusivity, a probabilistic weighting model is applied that pe-
nalises overlapping or underdetermined modes and rewards uniquely satisfied conditions.

The requirements for each failure mode can be constructed from the following aspects.

1.  Elevated: Requires that the amplitude be elevated compared to the average 1x
frequency amplitude for a the healthy component;
2. Ratio: The specified ratio of the fault-frequency component to the healthy 1x amplitude;
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3.  Dominance: The amplitude of the specified component must be dominant (more
than 2 times the amplitude of the average of the frequency components 1x, 2x, 3 x
and 4 x).

Table 5 specifies the fault-frequency conditions evaluated by the diagnostic algorithm.
For each failure mode, all listed conditions must be satisfied simultaneously (logical AND).
The Elevated components column specifies which harmonic frequencies must exceed their
respective healthy thresholds. The Ratio column defines amplitude ratio requirements
relative to the fundamental frequency (A1), expressed as A;x/Ai1x. The Dominant
components column identifies which frequency component must exhibit the highest relative
amplitude among the first four harmonics. A failure mode is considered a candidate
diagnosis only when all specified conditions in its row are met.

The final list of requirements for each failure mode is provided in Table 5.

Table 5. Fault-frequency conditions for the diagnostic algorithm.

Failure Mode Elevated Ratios Dominant
Components Components
Unbalance 1x % < 0.15 1x
Misalignment 1x,2x,3x% % > 0.5 2%
Bent shaft 1x,2x % >1 2%
05x > 0.1
= >02
= >02
Mechanical looseness 1x,2x,3x%,4x% 5% < 0.2 3x,4x%x
T > 0.
8X > 02
= >02
8x > 02
X >1
Structural looseness 2X%,3X 3 * 3x
= >1
Electrical fault 4x % > 0.5 4x

When the algorithm detects that any specific failure mode is not dominant, it defaults
to the failure mode “Investigate coupling health”. This occurs when the failure mode
cannot be identified with confidence, specifying that the observed deviation might also be
due to the influence of the system coupled to the induction motor.

3.7. Fault Classification

Suppose that a sample consists of nine harmonic components, as per Equation (2),
and thresholds are required to determine which aspects are elevated relative to the
healthy baseline.

A= [A0‘5></ A1></A2></ A3></A4></A5></ A6></A7></ A8><} (2)

An inter-harmonic ratio [30] to the 1x harmonic is calculated using Equation (3), where
a small floor value of 10~!2 is used for the 1x amplitude to ensure numerical stability.
Amplitude(nx)

Tn = max (| Amplitude(1x)|,10-12) 3)
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For the 1x,2x,3x,4x harmonics, a percentile-based threshold is determined by

Tw = Pun(Arp) 4)

where Py (-) denotes the pff’ percentile of the training amplitudes at harmonic /, and the
percentile is calculated as
pn=95+49 xRy, (5)

with R;, the relaxation factor defined as
Rj, =[0.0,0.2,0.6,1.0] for 1x,2x,3x,4x (6)

The Rj, progressively increases the percentile threshold for higher harmonics since
higher harmonics will have much lower healthy amplitudes. For the sub-harmonic and
higher harmonics (0.5x and 5x to 8 x), elevation is determined instead by the amplitude ra-
tios relative to the 1x component, with the ratios specified in Table 5. The use of percentiles
ensures that 95% to 99% of healthy amplitudes fall below the threshold. By increasing the
scale for higher harmonics, the algorithm prevents false positives caused by minor natural
fluctuations. After calculating these thresholds, the algorithm compares the test amplitudes
Equation (2) against the thresholds to determine which components are elevated.

E, 1, if Ay >. Ty %

0, otherwise
An important note to make is the identification of a potential bearing failure. Since detailed
diagnosis requires bearing type information, which is expected to be unknown, the average
RMS vibration amplitude in the 200 Hz to 6 kHz band is used. The possibility of bearing
failure is indicated if the experimental values fall outside of (3c) of the healthy baseline data.

3.8. Classification Rule Engine

The dominance ratio for each harmonic Ay is defined as the ratio of its amplitude to
the mean amplitude of all other key harmonics:

Ah><

1 n
n—1 Zk:l Ak><
k#h

Dy, = +e (8)

where:

* D is the dominance ratio for harmonic #;
e 1 = 4 for the first four harmonics;
*  ¢isasmall constant (approaching zero) to prevent division by zero.

For higher harmonics, the mean of the first four harmonics is used as a stable reference
baseline. This introduces a relative weighting system to evaluate the prominence of a
specific harmonic. Unlike percentile-based elevation, which identified harmonics exceeding
normal limits, dominance essentially quantified the fault signature’s intensity.

©)

. ;
Base Score — (Number of conditions me ) « 100

Total required conditions

Only using Equation (9) can lead to false positives, particularly when fault-frequency
conditions for diagnosis overlap. To address this, additional factors are introduced
such that

Final Score = Base Score X Pex X B (10)
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where Pey and B are discussed in the next section. The resulting final scores are then ranked
so that the highest-scoring failure mode will be set to 100%.

3.8.1. Exclusivity Penalisation

Addresses situations where a fault defined by a simple singular rule, such as unbalance,
is active, but many other unrelated conditions are also true. Applied to failure modes that
require a small number of conditions (<2) to be met, the penalty factor reduces the score
based on the fraction of other active conditions as follows:

N,
Pey = max (1 — - O*hef,Pmm) (11)

where

¢ 7 = 0.8is the penalty strength;

*  Nother is the number of true conditions not required by the mode;

®  Niotal is the number of true conditions;

*  Puyin = 0.2is a floor to prevent the score from completely being eliminated.

3.8.2. Specificity Boost

The mechanism prioritises failure modes triggered by unique conditions, where
uniqueness is defined as conditions exclusive to a specific failure mode. The boost factor
increases scores proportionally to the fraction of uniquely satisfied conditions for each
failure mode, calculated using Equation (12).

N, required

B=1+a- (Nunique met) (12)

where

* a = 0.41is the boost strength and can be tuned;
*  Nunique met is the count of conditions met that are unique to that mode;
®  Nrequired is the total number of conditions required by the mode.

3.8.3. Superset Suppression

The final refinement suppresses low-scoring faults whose evidence is entirely sub-
sumed by higher-scoring faults. If the conditions satisfied for fault B constitute a complete
subset of those for fault A and fault A scores significantly higher, fault B is suppressed by a
tunable factor of 0.5.

4. Results
4.1. Power—Vibration Correlation

Figure 10 shows the vibration amplitudes extracted at the rotational frequency compo-
nent for all vibration signals of each motor size. Vibration amplitudes generally increased
with motor size (also observed in previous analyses), with larger motors exhibiting greater
variability and occasional outliers. Therefore, it is important that during the estimation
of the amplitude, the final regression equation accounts for this increased spread of the
vibration amplitude with the increased motor size.
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Distribution of vibration amplitude for all configurations

§
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Motor Size (kW)
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Amplitude (mm/s)

Figure 10. Vibration amplitudes for the rotational frequency for all configurations and motor sizes.

A selection of regression fit types was evaluated to determine the most appropriate
goodness of fit across the entire range of Class I induction machines. The results of these
studies and the resultant average accuracy (predicted vs actual) are provided in Table 6.

Table 6. Accuracy for the regression fits under evaluation.

Regression

B 0.55 kKW 0.75 kW 1.5 kW 2.2 kW 3 KW 4 KW 5.5 kKW Average
Linear 84.87% 67.16% 96.93% 88.24% 98.80% 74.63% 87.93% 85.51%
polynomial
Exponential ~ 89.83% 61.97% 95.91% 85.33% 97.23% 77.76% 84.39% 84.63%
1-term 75.35% 73.54% 98.13% 93.89% 94.00% 73.30% 93.72% 85.99%
power
2-term

87.35% 65.04% 95.87% 86.63% 99.50% 75.53% 86.39% 85.19%
power
Logarithmic  73.60% 70.24% 92.31% 97.73% 92.30% 75.10% 99.38% 85.81%

The final regression equation was obtained by excluding the data point of the 0.75 kW
motor and recalculating the coefficients for the mean and the upper and lower confidence
bounds. The removal of the 0.75 kW motor data point resulted in an R-Square value
increasing to 0.903 from 0.878, and a reduction in the SSE from 0.0338 to 0.0162, indicating
that the quality of fit was further improved. It should be noted that the 0.75 kW motor was
excluded based on improvement of fit and not a formal statistical outlier determination.

Table 7 summarises the final coefficients of the regression equation (Equation (13)),
with these coefficients used in synthetic signal generation. Figure 11 indicates the final
regression fit in the MATLAB R2024a Curve Fitter application. The wider confidence
interval ensures that predictions for healthy amplitude ranges consider the greater spread
observed during analysis.

f(x)=pix+p2 (13)
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Table 7. Final regression equation coefficients.

pl p2

Upper confidence bound 0.1416 0.5668
Coefficient 0.0973 0.4236
Lower confidence bound 0.0530 0.2804

3 Final Regression Fit

Average Amplitude (mm/s) vs. Motor Size (kW)
% Excluded Average Amplitude (mm/s) vs. Motor Size (kW)
25 Poaly -]
7 ||— — — - Prediction bounds - 95% P

M

-y

Average Amplitude (mm/s)
w

0.5

0 2 4 6 8 10 12 14 16
Motor Size (kW)

Figure 11. Final regression fit for estimating 1x vibration amplitudes of healthy Class I motors.

4.2. HI Model Training

The prediction accuracy of the HI model is dependent on the QBS parameter and
the number of healthy synthetic signals supplied to the model for training. Sweeping the
number of healthy synthetic signals from 100 to 10,000 signals indicates an optimal point at
the 2000 signal mark, beyond which overfitting effects become evident; see Figure 12.

] Average HI per number of training signals used

09 1

08 [ 1

Health Index (0-1)
o 2 o o 2o ©°
[hv] w S o [«2] -~
'

.

o
o
T

|

0 . . . . .
100 250 500 7501000 2000 10,000

Number of Signals used for Training

Figure 12. Average HI for different number of training signals used.

Additionally, the healthy synthetic signals used for training require generation, and a
comparison of the generation vs training time (Figure 13) indicates exponential growth
at the 10,000 signal point. Therefore, based on Figures 12 and 13, the number of healthy
synthetic signals supplied was set at 2000, where the QBS is 30% of this.
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Figure 13. Computational cost (time) for different number of training signals used.

After model training using a 3 kW motor as an illustrative example, the following
results were obtained: Figure 14a provides the HI of the trained signals and Figure 14b
verifies that the PCA aligns with the selected parameter. Figure 14c further illustrates
the correlation matrix of the selected features. The colour scale ranges from —1 (dark
blue), indicating a strong negative correlation, to +1 (yellow), indicating a strong positive
correlation, between the respective features.

Training His for the synthetically generated signals Cu lative variance explained by each PC
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Figure 14. General results after the HI model training algorithm was activated. (a) Health Index
of the synthetically generated training signals. (b) Cumulative variance explained by the principal
components. (c) Correlation matrix between selected features.
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Several features exhibit moderate to strong positive correlations, indicating that some
extracted features capture similar signal characteristics, resulting in a degree of redundancy
within the feature set. However, there are also some regions with lower or near-zero
correlations, which suggests that many features still provide unique and complementary di-
agnostic information about the signals. However, the training algorithm was implemented
so that highly correlated features are removed from the HI computation before training
and therefore do not cause redundancy during training.

4.3. Detection and Diagnostic Accuracy

In order to evaluate the model performance, known failure modes must be excited
and submitted to the HI model for verification purposes. The applicable failure modes are
indicated in Table 8.

Table 8. Vibration amplitudes specified for each failure mode—used for model verification.

05x 1X 2X 3 X 4x 5% 6 X 7 X 8 X

1 — Healthy 0 0.60 015 0.05 025 0 0 0 0
2—Unbalance 0 500 015 0.05 025 0 0 0 0
3—Misalignment 0 500 350 175 025 0 0 0 0
4—Bent shaft 0 500 750 010 025 0 0 0 0

5—Mechanical looseness 1.25 5.00 200 150 125 125 120 1.15 1.05
6—Structural looseness 0 0.60 240 3.00 0.25 0 0 0 0
7—Electrical fault 0 0.60 0.15 0.05 250 0 0 0 0

For each failure mode, ten HI values were computed, corresponding to the noise level
added, which are 40, 30, 25, 20, 15, 10, 5, 0, —5, and —10 dB, respectively. The text arrows
with the numbers (1-7) in Figure 15 indicate the calculated HI values for each failure mode.
These numbers correspond to the numbers assigned to each failure mode, as presented in
Tables 8 and 9.

Hl sequence for verification signals

3 @& H| Values
09r = = — :Shift Noted |

2 l = = = ‘Waming

~ = = -Potential Fault |

0.8
07t \ w
06T song vougt
05 1 :

AR AR

03fF-=-- IR B e B AR B B or— ot §

0.2 [sestgee® i

Health Index (0-1)

011 .

5 10 15 20 25 30 35 40 45 50 55 60 65 70
Observation Number

Figure 15. Computed HI values for all verification signals and failure conditions.
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To show the performance of diagnostic accuracy, a confusion matrix is created. This
confusion matrix, presented in Table 9, illustrates the classification performance of the diag-
nostic algorithm under the different conditions evaluated. The diagonal elements represent
the correctly classified samples, while the off-diagonal values indicate misclassified cases.
The values within the cells show how many of the ten signals at each noise level evaluated
were accurately diagnosed for each failure mode, whereas the numbers in the heading rows
correspond to those of each failure mode. The accuracy of the diagnostics for each failure
mode is also provided.

Table 9. Confusion matrix of diagnostic accuracy.

1 2 3 4 5 6 7 Accuracy

1—Healthy 10 100%
2—Unbalance 10 100%
3—Misalignment 10 100%
4—Bent shaft 8 2 80%
5—Mechanical looseness 10 100%
6—Structural looseness 10 100%
7—Electrical fault 10 100%

In general, the model achieved high diagnostic precision, and almost all conditions
were diagnosed with 100% accuracy across all SNRs. A minor misclassification is observed
for a bent shaft failure mode, where the evaluated signals at noise levels —5 and —10 dB
were incorrectly diagnosed as mechanical looseness. These misclassifications are likely
due to the overlap of diagnostic fault-frequency components or the model not being
able to accurately extract the amplitudes at the specific frequency components due to
the spectrum noise. Despite this, the overall performance demonstrates that the model
accurately diagnoses the most common health states of the induction motors, confirming
its strong diagnostic capability.

The developed HI model demonstrates stable, repeatable, and interpretable perfor-
mance in all verification stages. The model produced consistent HI results under repeated
evaluation of identical signals, confirming the computational robustness. Applying vibra-
tion signals of known health and failure modes, the model accurately detected healthy,
transitional, and degraded states, achieving high detection accuracy. In evaluating diagnos-
tic performance, the model also consistently diagnosed the different failure modes, even
when additional noise was added to the signals to be evaluated, verifying their diagnostic
accuracy and performance. In general, the results prove that the developed HI model
provides a reliable quantitative indicator of machine health.

4.4. Industrial Validation

Industrial validation of the proposed methodology was conducted from 18 August
2025 to 8 September 2025 in an operational grain silo plant, with 10 critical assets being
inspected 30-50 times during this period. A summary of the implementation is provided in
Table 10. Physical inspections validated algorithmic results, with the majority of motors
classified as healthy by the HI model, and four unhealthy diagnoses were made.

The detailed validation for the faulty assets, BH7, VB1, and VB9, is described below.
The situation of VB2 is also described, which was flagged as healthy, but with a shift in
condition. Only in cases where the algorithm provided an unhealthy result is the full
diagnostic algorithm output included for transparency.
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Table 10. Summary of the results for each asset on which the HI model was implemented.

Equipment ID Wlth;;:;althy Shift Noted Warning Potential Fault Diagnostic Result
BH2 21 8 0 0 Healthy
BH7 0 0 1 46 Electrical fault
KLL5 22 17 1 0 Healthy
KLL6 34 6 0 0 Healthy
KT1 0 0 30 5 Healthy
KT2 0 0 22 15 Healthy
VB1 0 0 0 50 Structural looseness
VB2 0 40 0 0 Healthy
VB9 0 0 0 40 Unbalance
SW2 0 0 28 5 Healthy

Bucket Elevators (BH2, BH?)

The HI sequence of BH2 (see Figure 16) shows that the induction motor generally has
a healthy condition, with intermittent periods of elevated risk. Most HI values fluctuate
approximately between 0.2 and 0.3, all of which are below the “Warning” threshold of
the baseline feature statistics of the trained model. Operation in the “Shift noted” region
suggests only a minor deviation from the healthy baseline. The trend shows no significant
sustained deterioration or acute spikes in the higher regions, confirming that BH2 is
operating in a healthy condition throughout the measurement sequence.

Hl sequence for machine: BH2

1 T T T T T T T T T T T T T T

""" ® H| Values
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Figure 16. Calculated Health Index trend of BH2.

Observing the HI trend of BH7 (see Figure 17), it is seen that the calculated HI values
fall in the range of 0.45 and 0.55, somewhat above the failure threshold of the healthy
trained model. This indicates that a potential failure mode is present in the induction motor
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throughout the observation period. The immediate and consistent crossing of the failure
threshold suggests that a fault was present in the induction motor prior to the start of the
monitoring sequence. The trend currently does not show an accelerating sharp trajectory;
however, the high sustained HI value suggests investigation and intervention to prevent

further degradation.
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Figure 17. Calculated Health Index trend of BH?.

Figure 18 provides the output result of the diagnostic algorithm for BH7, indicating
the potential failure mode as an electrical fault. Figure 19 shows the frequency-domain
of the vibration signal of the last observation on BH7. Inspecting the amplitude at the
rotational frequency (£25 Hz) in the frequency-domain, it is seen that the amplitude is
within the healthy range for a 15 kW induction motor. However, it is also evident that
the amplitudes of the frequency components 2x and 3x are elevated, compared to the
specified healthy baseline.

Failure Mode Probabilities:

Unbalance : 0.0% (met 0/3, penalty 1.00, unig 0)
Misalignment : 85.8% (met 3/5, penalty 1.00, unig 1)
Bent Shaft : 8.3% (met 1/4, penalty 1.00, unig 0)
Mechanical Looseness : 80.0% (met 7/13, penalty 1.00, unig 4)
Structural Looseness : 13.2% (met 2/5, penalty 1.00, uniq 0)
Bearing Failure : 0.0% (met 0/1, penalty 0.20, unig 0)
Electrical fault : 100.0% (met 2/3, penalty 1.00, unig 1)
Investigate coupling health : 36.1% (met 1/1, penalty 0.27, unig 0)

Most probable failure mode: Electrical fault (100.0%)
RMS Frequency Range (from machine history): 0.0089%
Specified BMS: 0.0100

Threshold (3x specified): 0.0300

Bearing RMS within acceptable limits.

Figure 18. Diagnostic algorithm result for BH7.
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A significant amplitude is also observed at 100 Hz, which is the 2 x supply frequency
component. When these observations are compared with the specifications for the diagnosis
of failure modes, the result of the diagnostic algorithm in Figure 18, which is an electrical
fault, is validated. This is mainly due to the spike in the amplitude at the 100 Hz component.
The physical inspection of the motor was inconclusive in identifying the diagnosed failure
mode, because the induction motor could not be opened to locate any possible electrical
faults. The reason for this is because the motor was in operation and could not be disabled
and opened for inspection, as this would have had a negative effect on the plant operations
for that specific time period. Therefore, only theoretical validation of this diagnostic result
was possible.

One could also argue that the spectrum in Figure 19 indicates a misalignment failure
mode (elevated 1x, 2x and 3x); however, the requirement for elevated 1x is not met.
The diagnostic results in Figure 18 show that this failure mode is the second most likely.
Another failure mode which is also somewhat expected from a spectrum such as Figure 19
is mechanical looseness, which is characterised by multiple harmonic components of the
rotational frequency. This is true for the spectrum in Figure 19; however, the specificity
requirement for the additional component of 0.5% is not met. Thus, the most probable
diagnosis is not mechanical looseness, and it is therefore specified as only the third most
probable cause of failure in Figure 18.

BH7 Observation 47: Frequency-domain
T
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Figure 19. Frequency domain of observation 47 measured on BH7.

4.5. Conveyor Belts (VB1, VB2, VB9)
4.5.1. Conveyor VB1

The calculated HI of VB1 reveals a state of severe and persistent degradation through-
out all 50 observations, as seen in Figure 20. The HI values are consistently clustered around
0.58, and the minimal fluctuation indicates that the fault is stable, but severe, with the only
deviation being some minor dips at some of the observations. Continuous high-level HI,
well into the “Potential fault” region, strongly suggests that a major fully developed fault is
and was present in the motor. The HI thus suggests that the machine is operating in an
unhealthy state, with the diagnostic algorithm indicating structural looseness as the most
probable cause of failure (see Figure 21). The VB1 result demonstrates the consistency of
the model, where most of the 50 observations made had a very similar HI value, indicating
the robustness and repeatability of the model.
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Figure 20. Calculated Health Index trend of VB1.

Investigating the results of the measurement of the last observation on VB1 Figure 22,
a significant peak is observed at the 3 x frequency component. The diagnosis is structural
looseness, which is characterised by elevated 2 x and 3 x, with the unique requirement of
having a dominant 3x amplitude, more than twice the amplitude of 1x. This is true for
the spectrum in Figure 22, where the amplitude is almost 15 times that of the amplitude at
the rotational frequency. However, the 2x component is not prominent in the frequency
domain. This is the reason why “Inspect coupling health” also has an increased probability
percentage, as seen in Figure 21. In conclusion, the result of structural looseness from the
diagnostic algorithm is valid due to the dominant 3x component.

Failure Mode Probabilities:

Unbalance 0.0% (met 0/3, penalty 1.00, unig 0)
Misalignment 7.7% (met 1/5, penalty 1.00, unig 0)
Bent Shaft 0.0% (met 0/4, penalty 1.00, uniqg 0)
Mechanical Looseness 64.8% (met 5/13, penalty 1.00, unig 3)
Structural Looseness : 100.0% (met 3/5, penalty 1.00, unig 1)
Bearing Failure 0.0% (met 0/1, penalty 0.20, unig 0
Electrical fault : 0.0% (met 0/3, penalty 1.00, unig 0
Investigate coupling health : 48.5% (met 1/1, penalty 0.31, unig 0)

Most probable failure mode: Structural Looseness (100.0%)
BMS Frequency Range (from machine history): 0.0026
Specified RMS: 0.0100

Threshold (3x specified): 0.0300

Bearing RMS within acceptable limits.

Figure 21. Diagnostic algorithm result for VB1.
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Figure 22. Frequency domain of observation 50 measured on VB1.

Physical inspection of this motor provided a positive outcome when it was found that
the safety structure surrounding the VB1 V-belt pulley coupling was loose. This structural
looseness was captured by the vibration sensor, thus providing the result seen in Figure 22.
The result thus validates the diagnostic result, showing an accurate diagnostic performance
of the diagnostic algorithm, even during the implementation phase.

4.5.2. Conveyor VB2

The HI trend of VB2 in Figure 23 shows a slightly elevated condition in all 40 observations,
with all HI values falling within the “Shift noted” region. Minimal fluctuation of the HI
values is observed and is tightly clustered slightly above 0.3. This smooth result of the
calculated HI reiterates the repeatability of the model. The vibration measurements for
each observation number exhibited similar feature statistics, demonstrating the model’s
ability to accurately compute these statistics for comparable vibration signals. The slightly
elevated HI, in the upper “Shift noted” region, indicates that the motor has some slight
deviation from normal operation, which should be noted. Therefore, the evaluation of the
HI trend of VB2 concludes that the motor is operating in a stable, slightly elevated but
healthy condition.

4.5.3. Conveyor VB9

The HI trend of VB9 in Figure 24 indicates an extremely severe and persistent state of
degradation throughout all 40 observations. The HI fluctuates quite significantly between
observations, which is again attributed to signal characteristics because of the severe
deviation observed. The trend indicates that the induction motor has been in an advanced
state of failure throughout the monitoring period, with a significant increase in HI at
observation 11, indicating an increase in the severity of the fault. VB9 is operating at
an unacceptable level of risk, requiring immediate attention and serious maintenance
intervention. Figure 25 shows the result of the diagnostic algorithm, with unbalance being
diagnosed as the most probable cause of failure, and some other possible failure modes
also indicated.
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Figure 23. Calculated Health Index trend of VB2.
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Figure 24. Calculated Health Index trend of VB9.

Observing the spectrum in Figure 26, it is evident that there is a significant peak at the

rotational frequency. The amplitude is around 13 mm/s, which is significantly higher than
the healthy range [3] for an 11 kW motor such as VB9. The requirement for identification of
unbalance is observed by an elevated 1x amplitude evident in Figure 26, and therefore the
diagnostic result can theoretically be validated as true.
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Failure Mode Probabilities:
Unbalance : 100.0% (met 3/3, penalty 1.00, uniqg 2)
Misalignment : 7.4% (met 3/5, penalty 1.00, uniq 0)
Bent Shaft : 3%.5% (met 2/4, penalty 1.00, unig 0)
Mechanical Looseness : 24.3% (met 4/13, penalty 1.00, unig 0)
Structural Looseness 2 15.8% (met 2/5, penalty 1.00, unig 0)
Bearing Failure : 0.0% (met 0/1, penalty 0.20, unig 0)
Electrical fault : 26.3% (met 1/3, penalty 1.00, uniq 0)
Investigate coupling health : 0.0% (met 0/0, penalty 0.20, unig 0)
Most probable failure mode: Unbalance (100.0%)
RMS Frequency Range (from machine history): 0.0050
Specified RMS: 0.0100
Threshold (3x specified): 0.0300
Bearing RMS within acceptable limits.
Figure 25. Diagnostic algorithm result for VB9.
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Figure 26. Frequency domain of observation 40 measured on VB9.

The results of an analysis of historical maintenance records indicated that the bearings
of VB9 had to be replaced in the past, which could indicate that not enough attention was
paid to the problem of unbalance failure. During the current inspection, it was found that
the operating environment of this motor is harsh, with a lot of dust accumulating in the
motor cooling fan, which could also cause possible unbalance. This inspection indicates
that there are numerous factors that can possibly contribute to the unbalance in the rotor,
thereby validating the results of the diagnostic algorithm in practice.

5. Conclusions

This study addressed critical gaps in the health index methodologies for industrial
induction motor monitoring, specifically data scarcity and unknown initial health status,
when characterising legacy equipment in operational facilities.

*  An empirical correlation between motor power rating and healthy vibration am-
plitude at rotational frequency for Class I induction motors was developed, ex-
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pressed as f(x) = 0.0973x + 0.4236 (R? = 0.903), based on 2660 measurements across
98 configurations, establishing predictive relationships absent in existing standards [3];

¢ A synthetic baseline generation algorithm was implemented that produces statistically
representative healthy vibration spectra without physical measurements, addressing
the cold-start problem in industrial condition monitoring [6,34].

* Validation of the JPCCED-HI framework [20] was achieved for complete motor-
machine systems with industrial coupling configurations, extending beyond pre-
viously published validation cases using isolated components, to confirm its applica-
bility under operational industrial conditions;

* A rule-based diagnostic algorithm was created that incorporates amplitude ratios,
dominance weighting, and probabilistic scoring, achieving a verification accuracy of
97.1% and a successful identification of industrial faults, validated through spectrum
analysis and physical inspection.

5.1. Practical Implications

The framework addresses the cold-start problem in industrial condition monitoring,
whereby facilities initiate condition-based maintenance without knowing the health status
of the equipment [6,34]. Through experimental characterisation and regression analysis,
synthetic baselines are established for Class I induction motors independent of historical
operational data from monitored equipment. The regression equation predicts healthy
vibration amplitude ranges for Class I motors based solely on power rating, eliminating
extensive baseline measurements prior to the implementation of condition monitoring.
For legacy equipment of unknown condition, the synthetic baseline generation algorithm
enables the immediate initiation of health monitoring.

The results of the implementation demonstrate the effective identification of fault
development before machine failure. The diagnosis of the case study identified three
motors that were operational, but the facility personnel were unaware of developing faults.
Historical maintenance records revealed symptom-based interventions rather than root
cause mitigation; VB9 exhibited 22 maintenance activities over four years, predominantly
bearing replacements, while underlying unbalance remained unaddressed. The diagnostic
algorithm provides actionable fault mode identification, enabling pre-emptive corrective
action planning and spare parts procurement, thereby reducing maintenance costs and
downtime. Rule-based probabilistic weighting ensures interpretable outputs validated
against established vibration analysis practices [30,39].

Computational efficiency supports practical deployment. Training on 2000 synthetic
signals optimally balances accuracy and computational cost. The JPCCED-HI model
requires 4.24 ms inference time [20], enabling near real-time health assessment suitable for
plant control system integration.

5.2. Limitations

The applicability of the framework is bounded by two primary data constraints: (i) the
extent of motor power ratings that can be experimentally characterised (0.55-5.5 kW),
which limits validated predictions to this range, with extrapolation beyond requiring
further verification; and (ii) the single-axis vertical measurement orientation, which may
reduce diagnostic sensitivity for fault types with dominant axial or horizontal signatures.

The regression equation is derived from seven motor sizes (0.55 kW to 5.5 kW),
with extrapolation across the Class I range (<15 kW). Although demonstrating strong
statistical validity (R?> = 0.903), measurements on 7.5 kW to 15 kW motors would strengthen
extrapolated prediction confidence.
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The experimental motors consisted exclusively of WEG W22 IE3 Premium Efficiency
four-pole machines. Therefore, the influences of manufacturer, efficiency class, and pole
count vibration—power relationships remain uncharacterised in the general sense. Manu-
facturer effects are presumed negligible given consistent fundamental mechanical vibration
generation principles but still require empirical validation.

The coupling configurations were limited to chain-sprocket and V-belt pulley arrange-
ments typical of grain handling applications. Direct couplings, gearboxes, and alternative
transmission configurations were not tested. The applicability of the regression equation
to these configurations remains uncertain, although inclusion of loaded and unloaded
conditions across multiple coupling types suggests a reasonable generalisability.

Vibration measurements were acquired exclusively in the vertical direction at drive-
end bearing locations. Axial and horizontal measurements, and non-drive-end measure-
ments, were excluded. This limits the diagnostic capability for failure modes that manifest
primarily in unmeasured directions, such as axial misalignment. Multi-axis measurement
would enhance detection sensitivity and diagnostic discrimination.

The diagnostic algorithm was verified using synthetically generated fault signals
rather than measurements from motors with confirmed physical faults. Although industrial
implementation diagnoses were validated by physical inspection, systematic validation
against comprehensive known-fault datasets would provide rigorous diagnostic accuracy
confirmation across all failure modes.

Industrial implementation occurred at a single grain silo facility over three weeks.
Longer-term monitoring would be required to observe fault progression and validate HI
trending for remaining useful life prediction. Multi-facility implementation would confirm
framework transferability across operational environments.

5.3. Future Work

Extension of the experimental database to include direct couplings and gearbox config-
urations would broaden the applicability of the regression equation beyond the investigated
chain-sprocket and V-belt arrangements. Measurements on 7.5 kW to 15 kW motors would
provide direct validation of extrapolated predictions for larger Class I motors.

Multi-axis vibration measurement (vertical, horizontal, axial) at drive-end and non-
drive-end bearing locations would enhance diagnostic discrimination, particularly for
failure modes such as misalignment exhibiting directional dependencies. This would enable
a comprehensive validation of the diagnostic algorithm against expanded fault signatures.

Investigation of the applicability of the framework to motors beyond tested specifi-
cations by including different manufacturers, efficiency classes, and pole configurations
would establish the generalisability of the power—vibration correlation. Extension to Class
IT and Class III motors would significantly expand industrial relevance.

Longer-term monitoring studies are required to validate HI trending for remaining
useful life prediction and to observe fault progression from incipient detection to failure.
Integration with the plant control system for automated monitoring and alert generation
represents a practical development path towards the implementation of full condition-
based maintenance.

Evaluation of machine learning approaches for diagnostic classification, trained on
expanded confirmed-fault datasets, may improve diagnostic accuracy and enable fault
severity quantification beyond current binary healthy/faulty classification.

Comparative evaluation against established HI construction methods and diagnostic
frameworks under controlled conditions where baseline data availability permits paral-
lel implementation would quantify the trade-offs between the proposed approach and
conventional, data-driven, or hybrid alternatives.
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Real-time industrial deployment presents additional considerations warranting inves-
tigation. Computational cost analysis (Figure 13) indicates that synthetic signal generation
and HI model training are one-time processes completed offline; subsequent health assess-
ment requires only FFT computation and feature extraction, which are computationally
inexpensive and suitable for edge deployment. Sensor placement optimisation—including
the trade-off between single-axis drive-end measurements (as employed in this study)
and multi-axis, multi-location configurations—would inform cost-benefit decisions for
industrial practitioners balancing diagnostic capability against instrumentation investment.

Integration with predictive maintenance frameworks requires (i) longitudinal monitor-
ing to capture degradation trajectories; (ii) correlation of HI trends with remaining useful
life through run-to-failure datasets; and (iii) prognostic models linking HI rate-of-change to
maintenance scheduling decisions.
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Nomenclature

Roman Symbols

A Amplitude vector of harmonic components

Anx Vibration amplitude at 7 x harmonic frequency (mm/s)
Arp Training amplitudes at harmonic &

B Specificity boost factor

Dy, Dominance ratio for harmonic &

E; Elevation indicator (binary)

f(x) Regression function for power—vibration correlation

h Harmonic index

n Number of harmonics considered

Nother Number of true conditions not required by fault mode
Nrequired Total conditions required by fault mode

Niotal Total number of true conditions

N, unique met

Count of uniquely satisfied conditions

p1, P2 Linear regression coefficients

Pn Percentile level for harmonic h

Pex Exclusivity penalty factor

Ppin Minimum penalty floor (0.2)

Tn Inter-harmonic amplitude ratio (A, x /A1x)
R? Coefficient of determination

Ry, Relaxation factor for harmonic &

Ty, Threshold at harmonic &

Tos, Tog, Tog9  Health Index percentile thresholds

x Motor power rating (kW)
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Greek Symbols

«  Specificity boost strength (0.4)

v  Exclusivity penalty strength (0.8)

6 Log-scaling floor for ECDF (0.01)

e  Small constant for numerical stability
o Standard deviation

Abbreviations

CBM  Condition-based maintenance

DE Drive end

ECDF Empirical cumulative distribution function
FFT Fast Fourier transform

HI Health Index

PCA  Principal component analysis

QBS Quantile-based sample size

RMS  Root mean square

RUL  Remaining useful life

SSE Sum of squared errors
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