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Abstract

Mixed eccentricity faults in squirrel cage induction motors (SCIMs) are challenging to diag-
nose due to their subtle influence on the stator-current signal. Several research gaps remain
in this field, including the limited investigation of fault severity levels and the scarcity of
studies addressing fault detection under full-load conditions. Motivated by these gaps, this
study proposes a diagnostic approach based on the variational mode decomposition (VMD)
of the stator current. This paper proposes a diagnostic approach based on VMD of the
stator current. The current signal is decomposed into intrinsic mode components, which
are further separated into approximated and detailed signals. By focusing on the detailed
signals and removing the fundamental frequency, the proposed algorithm highlights the
spectral components associated with the mixed eccentricity. Experimental validation was
carried out on a 1.5 kW SCIM connected directly to the power grid and tested under three
loading levels (12.5%, 50%, and 100% of the rated load). In all nine experimental scenar-
ios, the method successfully distinguished the healthy motor from faulty conditions with
20% and 30% mixed eccentricity severities. These results demonstrate that the proposed
VMD-based method provides a reliable and quantitative tool for rotor fault diagnosis under
varying load conditions.

Keywords: eccentricity; fault detection; induction motor; variational mode decomposition
(VMD); current signal

1. Introduction

Induction machines have been widely utilized in various sectors including factories,
household appliances, robots and electric vehicles due to their efficiency and reliability [1].
The condition monitoring and fault detection of electric machines is crucial to ensure their
efficient operation and minimization of downtime. Condition monitoring can be defined
as the continuous and periodic assessment of the well-being of a system, here an electric
machine, throughout its operational lifespan. The crucial aspect is to identify faults at
the early stages of development, which is referred to as incipient failure detection. In
electrical machines, the occurrence of both mechanical and electrical faults is probable. One
of the most common faults is eccentricity, where the rotor and stator lose their concentricity
during rotation [2].

Rotor faults can affect motor performance and cause damage, leading to shutdowns
of industrial processes. Eccentricity increases the risk of stator-rotor contact and results in
potential motor failures. In order to ensure electric-motor and process reliability, detecting
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motor and load defects at an early stage is essential [3]. Diagnosing faults in induction
motors (IMs) is a complex task in industrial applications, and the difficulty increases when
information regarding their operating conditions is limited. Several methods have been
investigated that utilize different sensing modalities, such as acoustic emission, vibration
analysis, and current monitoring [4].

Fault detection in induction machines is critical for ensuring operational reliability,
minimizing downtime, and optimizing maintenance costs in industrial applications. The
evolution of diagnostic techniques has led to the adoption of machine learning (ML) and
model-based and signal-based methods, each offering distinct advantages and limitations
across key evaluation criteria, such as accuracy, detection speed, cost-effectiveness, and
interpretability [5-10].

Model-based fault detection involves developing a mathematical model of an electric
machine and comparing the actual behavior of the electric machine with the expected be-
havior predicted by the model. If there is a meaningful difference between the two outputs,
it indicates the presence of a fault in the system. Several papers have been published on this
topic, e.g., [11]. Model-based fault detection has several limitations. One of the limitations
is the requirement of an accurate model of the machine, which can be difficult to develop in
practice [12]. A key limitation of model-based approaches is their inability to detect faults
outside the developed model, which complicates development in areas such as intelligent
automation and machine learning [13]. Additionally, model-based fault detection methods
may not be robust against changes in operating conditions or load variations [14]. Finally,
model-based methods are not suitable for online fault detection, as they require significant
computational resources [15]. Therefore, it is important to consider the abovementioned
limitations when selecting a fault detection method. Model-based methods provide ro-
bust and interpretable fault detection, especially in systems with well-defined physical
models. However, they require substantial initial investment in modeling and parameter
identification [6,9].

Machine learning techniques generally require comprehensive databases that include
both healthy and faulty conditions of induction machines. These databases should cover
different fault types, such as eccentricity, broken rotor bars, bearing faults, stator faults, and
healthy states under various load levels and fault severities. Such datasets are essential
for training and validating intelligent models to ensure robust and generalizable perfor-
mance in industrial environments. Recent studies have applied intelligent approaches,
including machine learning, deep learning, and graph- or higher-order-based models, to
bear fault diagnosis [16,17]. ML techniques deliver superior accuracy (up to 100%), early
fault detection (up to 3 h before failure), and significant cost reductions in maintenance
and downtime. However, they often lack interpretability, which can be mitigated using
hybrid approaches [5,18-21]. ML techniques have demonstrated significant advantages
in the fault diagnosis of induction machines. They offer high detection accuracy, partic-
ularly when ensemble or hybrid models are employed [5,9,18]. In addition, ML-based
approaches enable real-time and early fault detection, facilitating proactive maintenance
strategies [19]. These techniques also contribute to cost reduction by minimizing down-
time and maintenance expenses [18,20]. Moreover, their scalability allows for effective
application to complex and multi-fault scenarios. Despite these strengths, ML methods
present certain limitations. They often lack interpretability, as most models function as
black-box systems [21]. Furthermore, their performance heavily depends on the availability
of large, high-quality datasets for training and validation. In addition, retraining may be
required when new fault types or varying operating conditions are introduced, which
limits adaptability in dynamic industrial environments. However, most of these works
primarily address mechanical faults, with limited attention to mixed eccentricity problems.
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In this research, the main objective is to detect eccentricity faults using current signal-based
techniques. By analyzing the frequency components of the stator-current spectrum, the
proposed signal-based approach enables the reliable identification of fault types, offering a
non-intrusive and efficient diagnostic framework for induction machines.

Signal-based methods can be categorized according to the nature of the signal to be
used (e.g., current, vibration, flux, and sound) or the domain in which they are analyzed
(e.g., time, frequency, and time—frequency) [22]. Signal-based fault detection methods facili-
tate fault diagnosis even without having extensive knowledge or experience in the electric
machine theory [23]. However, these methods are inherently sensitive to environmental
noise and variations in operating conditions, which can compromise the reliability and
accuracy of fault detection [24]. Signal-based methods offer fast and interpretable detection
of specific faults but may struggle with complex or overlapping fault scenarios [7,25].
Table 1 provides a comparative summary of model-based, signal-based, and ML-based
fault detection methods.

Table 1. Comparative Summary of Fault Detection Methods.

Method Type  Accuracy Detection Speed Cost-Effectiveness Interpretability References
Machine Near Real-time; up to 3h Reduces downtime & Oft?n low (blad.( box);
. o . . ] improved with [5,9,18-21]
Learning 100% before failure maintenance costs; scalable hvbri
ybrid approaches
Fast; Initial modeling cost; robust High (physical models
Model-Based High depends on model § costy &1 paysica’ modess, [6,9]
. once established parameter estimation)
complexity
. } . Fast (direct signal Low (minimal modeling); . . : .
Signal-Based High analysis) limited for complex faults High (direct feature-fault link) [7,25]

Vibration analysis and motor current signature analysis (MCSA) are well-established
signal-based techniques for detecting eccentricity faults in induction motors. These tech-
niques help determine the operating conditions of induction motors and detect various
types of faults, including unbalance/misalignment, defective bearings, rotor bar dam-
age, load issues, and eccentricity [26]. Fault detection of electric motors using MCSA is
important from an industrial perspective because it usually allows fault detection with-
out the need for additional sensor installation [27]. Current signal-based methods for
mixed eccentricity fault detection have several limitations. A notable challenge is that
fault-induced current components are often subtle and significantly smaller in amplitude
than the dominant supply frequency components, making it difficult to detect and quantify
fault severity with precision [28]. Recent advancements have demonstrated that combining
discrete wavelet transform (DWT), the Teager-Kaiser energy operator (TKEO), and power
spectral density (PSD) can significantly improve the detection of broken rotor bars and
mixed eccentricity faults in induction motors. This integrated approach enhances fault
detection accuracy by extracting and isolating critical features from the stator-current sig-
nal [29]. The TKEO method involves removing the frequency range from 0 to the power
supply frequency component from the current signal spectrum. This range encompasses
the low-frequency components associated with mixed eccentricity faults. To preserve the
integrity of the remaining frequency spectrum, it is essential to employ signal processing
techniques that minimize spectral distortion [30].

The research on fault detection based on the Variational Mode Decomposition (VMD)
has gained significant attention in recent years [31]. The VMD is a powerful adaptive
signal processing algorithm that has been applied in various fields, such as fault detection
and signal decomposition. VMD decomposes input signals into a discrete number of
sub-signals called modes, each with a limited bandwidth and center pulsation. The number
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of modes can be selected, allowing for flexibility in determining the center of the pulsation.
This adaptability makes the VMD a valuable tool for specific applications, including fault
detection in induction machines [32,33]. The performance of VMD heavily depends on
the selection of parameters, such as the number of modes and the bandwidth constraint.
Incorrect parameter settings can lead to suboptimal decomposition results, requiring careful
tuning or optimization techniques [34]. The Pearson correlation coefficient serves as a metric
for optimal mode selection, computed by comparing the sampled current signal with each
extracted mode in this research.

Table 2 summarizes the research studies conducted on eccentricity fault detection.
Several challenges remain in this field, including the following:

1. The severity levels of eccentricity faults have not been comprehensively analyzed in
some reported works.

2. Inmany studies, eccentricity faults have been identified only under no-load or light-
load conditions; however, fault detection under full-load operation remains consider-
ably more challenging.

Table 2. Summarizes the research studies conducted on eccentricity fault detection.

. . Loading
References Signal Type Fault Severity Level
[35] Flux Not Checked Not Checked
[36] Vibration Not Checked No load and 75% full load
[36] Current Not Checked No load and 75% full load
[37] Current Not Checked Checked
[3] Flux Checked Not Checked
[38] Current Not Checked Up to 60%
[39] Current Checked Not Checked
[40] Current Checked Not Checked
[41] Current Checked Not Checked
[42] Power Not Checked Not Checked
[42] Current Not Checked Not Checked
[43] Flux Not Checked Checked

To overcome these limitations, the present laboratory setup was specifically designed
to evaluate fault diagnosis methods across a wide range of loading conditions and fault
severities, thereby addressing this critical research gap.

In the context of electric motors, the need for fault detection methods is evident. The
utilization of the VMD in combination with advanced signal processing techniques presents
a promising approach to address the challenges associated with fault detection based on
current signals. Therefore, the literature presents a comprehensive overview of the state of
the art in the field of fault detection based on current signals and the VMD, showcasing
the potential of the VMD in addressing the challenges associated with eccentricity fault
detection in electric motors. Overall, the literature review suggests that the utilization of the
VMD in combination with advanced signal processing techniques holds great promise for
the detection of faults based on current signals in electric motors, with potential applications
in various industrial domains.

2. Methodology: Variational Mode Decomposition and Mixed
Eccentricity Fault Detection Approach

2.1. Variational Mode Decomposition

Variational Mode Decomposition (VMD) is an advanced signal decomposition ap-
proach that separates a signal into a predefined number of modes with limited bandwidth
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through a non-recursive optimization process. Each mode is constrained to remain highly
localized around its central frequency, thereby ensuring a compact spectral representation.
The VMD algorithm involves two steps: (1) mapping each mode to its complex analytic
form using the Hilbert transform and (2) shifting the analytic signals of each mode to
the baseband by frequency shifting. The VMD method is widely used in time—frequency
analysis and signal processing to decompose non-stationary signals into a set of modes that
capture the different frequency components of the signal [44—46].

In signal processing, the VMD serves a powerful role. It decomposes a signal, denoted
by x(t), into a finite number of modes, i.e., K, which is characterized by narrow bandwidths.

K
x(t) = ) u(t) ey
k=1

The modes have the following characteristics:

1.  Each mode u; corresponds to an amplitude- and frequency-modulated component,
which can be mathematically expressed as

uy(t) = Ag(t)cos(Dk(t)) 2

where @ (t) is the phase of the mode and Ak(t) is its envelope.

2. The modes have positive and slowly varying envelopes.

3. The frequency of each mode (w(t) = d@(t)/dt) changes smoothly over time and
tends to stay close to a particular value wy.

VMD simultaneously calculates all component frequencies (central frequencies) and
their corresponding waveforms (mode waveforms). This is achieved by solving a mathe-
matical optimization problem, where a specific function (constrained variational problem)

2 } )

where 1y is the k-th mode, wy is a center frequency around which uy, is mostly compact. The

is minimized and represented by the following equation [47]:

MM, {wg) {Zle;ﬂ {(50) + %) * uk(t)]e*fwkt

subject to Z,Ile U =x

bandwidth of each mode is quantified by the squared Hy-norm of its Hilbert-transformed
analytic signal, shifted to baseband and restricted to positive frequencies. To reformulate
Equation (3) as an unconstrained optimization problem, a quadratic penalty term along
with Lagrangian multipliers is incorporated. The augmented Lagrangian is set using the
following equation:

»C(uk,(,dk,/\) -
> (1141 (o0 + 2 t) | e ikt ’
"L Hdt[( ”*m) el )]e ) @)
K 2 K
+X—Zuk ‘|‘</\IX—Z”k>
k=1 2 k=1

where « is the balancing parameter of the data-fidelity constraint and the inner product

(p(D),q(t) = [, p" (1) q(t)dt and the 2-norm |[p(t)||3 = (p(t), p(t)).

% [(5@) + 7;) ) uk(t>]efwkf i

K

w),

k=1

(5)

2
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2

K
x— Y uy (6)
k=1 2
K
(Ax =) ) (7)
k=1

The regularization term (5) consists of the following steps:

1.  The analytic signal corresponding to each mode is obtained through the Hilbert
transform, where * denotes the convolution. This ensures that each mode possesses a
spectrum confined to positive frequencies.

2. The analytic signal is demodulated to its baseband representation by multiplying it
with an appropriate complex exponential.

3. The bandwidth is estimated by computing the squared 2-norm of the gradient of the
demodulated analytic signal.

Terms (6) and (7) enforce the constraint x(t) = YK, ux(t) by imposing a quadratic
penalty and incorporating a Lagrange multiplier. The Penalty Factor « measures the relative
importance of (5) compared to (6) and (7). The optimization problem is solved using the
alternating direction method of multipliers described in [48].

The alternating direction method of multipliers tackles the variational problem pre-
sented in (4). This approach iteratively solves the problem, revealing the individual
decomposed modes (separated components) and their corresponding center frequencies for
each iteration. These extracted modes, obtained from the solutions in the spectral domain
(frequency domain), can be expressed as

a(w)
2(w) =iz fi(w)+(Mw) /2) (8)
1420 (w—wy)?

The VMD mainly includes the following steps:

(1) Modes update: the modes ﬁ,’:“(w) are updated as represented in (9). Wiener filtering
is embedded to update the mode directly in the frequency domain with a filter tuned
to the current center frequency wy’.

antl = 1 2w
1 (w) = 1+za<w_wk>2“ ) ©)

—L 1 (w) = Y (@) + (Mw)/2)]

i<k i>k

(2) The central frequency update: the center frequencies w,i’“ are updated as the center

of gravity of the corresponding mode’s power spectrum as follows.

An+l
n+l _ fO ’ daw

k

(10)
fooo ﬁ;{’“(w) ‘Zdw

ual ascent update: for all w > 0, the Lagrangian multi ier A is update as
(3) Dual pdate: for all w > 0, the Lagrangi ltiplier "1 is updated by (11)

dual ascent to enforce exact signal reconstruction until
2
S N an||?
v (ot -al}) 7 (lagl) <e
At = A" (2= Y apth) (11)

k
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where T is the update rate of the Lagrange multiplier and usually set to 0.01. A higher
update rate accelerates the convergence of the algorithm; however, it also increases
the risk of the optimization process being trapped in a local optimum. A"*1, A", 122”’1,
A7 and £ correspond to the Fourier transform of A"T1(t), A" (t), uZH(t), uj(t) and
x(t). The detailed algorithm of the VMD can be found in [49]. The parameters used
in the VMD method are defined as follows:

x(t)—Input signal to be decomposed.

ug(t)—k-th decomposed mode of the signal. Each mode is amplitude and fre-
quency modulated.

uy(t) = Ag(t)cos(Dk(t))

A(t) is the amplitude envelope of the mode.

@k (t) is the instantaneous phase of the mode.

wy (t)—Center frequency of mode u(t), around which the mode is mostly compact.
K—Total number of decomposition modes.

a—Penalty factor controlling the balance between data fidelity and mode smoothness
(bandwidth constraint).

A—Lagrange multiplier used to enforce the reconstruction constraint:

T—Step size (update rate) for the dual ascent of the Lagrange multiplier. Typical
value: 0.01.

e—Convergence tolerance for iterative updates.

*—Convolution operation.

(p(t),q(t))—Inner product of two signals, used in Lagrangian formulation.

The VMD has several advantages and disadvantages. One advantage is that the VMD
is a widely used method for signal decomposition, particularly for non-stationary signals.
It can effectively decompose a signal into a set of independent subcomponents with specific
sparsity properties, allowing for the accurate reconstruction of the input variable [44].
Additionally, the VMD has the ability to adaptively determine the center frequency and
bandwidth of each subcomponent, making it suitable for analyzing signals with varying
frequency content [45]. However, the VMD has some limitations. One disadvantage is that
it requires the determination of several parameters, such as the number of decomposition
modes, which can be challenging and time-consuming [46]. Despite these limitations, the
VMD remains a valuable tool for signal analysis and decomposition.

2.2. Mixed Eccentricity Fault

Eccentricity can be classified into three types: static, dynamic, and mixed. Among
these, mixed eccentricity is the most commonly observed fault on an industrial scale. To
examine eccentricity faults, various signals such as current, vibration, and flux can be
utilized. However, in certain industrial applications, it is not possible to place vibration
and flux sensors on the motor body and only the power cable of the electric motor is
accessible. In this research, the focus is on detecting the mixed eccentricity fault using the
current signal.

The frequency components related to the eccentric fault in the current signal depend
on the type of eccentricity fault. In general, low-frequency components exist in the stator
current due to the presence of both dynamic and static eccentricity. Air gap eccentricity
faults induce the formation of two sideband harmonic components around the fundamental
frequency in the supply current spectrum. These characteristic frequencies serve as a
valuable eccentricity fault index for detection. Equation (12) is used to calculate the
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frequency components associated with the mixed eccentricity (ME) fault in the current
signal. ME creates low-frequency sidebands around the supply frequency.

fME: fecc‘LF:|fS + kf”' Wheref”: ((1 - S)/p) fS (12)

where f;, fr, k, p and s are, respectively, the stator fundamental frequency, the rotor running
frequency, an integer value, the number of pole-pairs and the slip.

In MCSA, signatures of eccentricity faults appear in the frequency spectrum of the
stator current. However, these signatures are typically much weaker than the dominant
fundamental component of the supply frequency. This significant difference in magnitude
makes many machine learning models, which are effective for vibration signal analysis,
unsuitable for MCSA. These models often struggle to differentiate the subtle variations
between healthy and faulty current signals [50]. Therefore, it is essential to first review the
methods that enable the analysis of the current signal and the identification of signatures
associated with eccentricity faults. Subsequently, a detailed spectral analysis is required to
extract these features for reliable fault detection.

2.3. Proposed Fault Detection Algorithm

Figure 1 depicts the mixed eccentricity fault detection algorithm with the following
three steps:

Data

Experimental setup

Current Signal in Time domain(s)

Normalized Current

VMD
v Decomposition
J e FFT
— = ::‘nl“' = o o “*‘”‘“mmuwu
A
A 4
. . Check the frequency
Detailed Signal || of mixed eccentricity
Xa(t)

Figure 1. Mixed eccentricity fault detection algorithm.

Step 1: Initially, the current signal sampled from one phase of the stator winding is
decomposed into its modes using the VMD approach. The number of modes required for
accurate eccentricity fault detection is determined experimentally. When the correlation
between over half of the modes and the original signal is approximately 3%, a sufficient
number of modes for fault detection can be established. Given that the frequency range
relevant to eccentricity faults, as defined by (12), is predominantly low, ten modes were
utilized for signal processing and subsequent fault diagnosis.

Step 2: the detailed signal, x,(t), is calculated based on the obtained modes of the
current signal using one of the following two methods. The detailed signal is generated by
removing the power supply main frequency component. The frequency component related
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to the mixed eccentricity in the detailed signal is more visible due to the removal of the
main frequency component. Also, the limitation of the eccentricity fault signatures in the
frequency spectrum of stator current is really handled by examining the detailed signal.

e  First method: to obtain the detailed signal, i.e., x;(t), the approximated signal, M,,
which is the sum of the modes whose correlation with the main signal is larger than 0.5,
is computed based on (13). The Pearson correlation function measures the degree of
similarity between two signals and identifies dominant modes in a signal by looking
for modes with a similarity score exceeding 50% to the original signal. M, is an
approximate of the original signal consisting of the main frequency component of x(t).
The mixed eccentricity frequency component is distinguished in the detailed signal by
removing M, from the original signal as represented in (14).

K
M, = 2 uk(t) | v correlation (uy(t),x(t))>0.5 (13)

x4(t) = x(t) = Mg (14)

where K is the total number of modes.

e  Second method: the correlations between every two modes are computed and Mj is
obtained according to (15) in which every mode where its correlations with all other
modes are less than or equal to 0.01 is included in M;. Based on (16), the detailed signal,
x4(t), is computed. In essence, M, considers a group of modes “weakly interacting” if
their correlation is less than or equal to a threshold (here, 0.01). This threshold depends
on update rate of the Lagrange multiplier, .

K
My = k; () 1y correlation (ug(t),ui(t)) < 0.01 (15)
for j=1...... K j#k
xXq(t) = My (16)

Step 3: The frequency component associated with the mixed eccentricity is finally
analyzed using the FFT of the detailed signal.

In the sampled current spectrum, the amplitude of the eccentricity-related component
is much smaller than that of the supply-related component; thus, the penalty factor (x) was
set to 1000 to preserve signal details. As summarized in Table 3, most studies recommend
selecting K values within the range of 3 to 8 for healthy operating conditions (e.g., [51]).
However, considering that the analyzed motor in this study may operate under faulty
conditions, and the objective is to detect mixed eccentricity faults, it is recommended that
the number of modes (K) be selected within the range of 5 to 10. This adjustment provides
a more accurate decomposition and better representation of the fault-related components.
The correlation analysis among the decomposed modes (illustrated in Figures 3-9) further
supports this selection. Additionally, since the tested motor is directly connected to the
grid without any filter in the supply path, the higher range of K (i.e., 5-10) was found to
yield more stable and physically meaningful intrinsic mode components.

Table 3. Reported K Values and Their Impact on Fault Feature Extraction.

Reference K Value(s) Tested Values
[51] 3-8 (adaptive) adaptive selection recommended
[52] 3-10 (empirical & adaptive) adaptive principle validated

[53] not specified focus on vme parameters
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Figures 2-8 show the correlation among the modes obtained from the sampled current
signal for decomposition levels ranging from K = 4 to K = 6 and K = 9 to K = 12. The
correlation between the current signal modes, starting from Figure 7 (corresponding to
K = 10), remains constant with further increases in the decomposition level. In other words,
increasing the decomposition level does not affect the correlation values.

Correlation Matrix
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Figure 2. The correlation between the decomposed modes with K = 4.
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Figure 8. The correlation between the decomposed modes with K = 12.

3. Experimental Validation of the Proposed VMD-Based Mixed
Eccentricity Fault Detection Method

The proposed method is experimentally validated on a SCIM under both healthy and
eccentric fault conditions. The experimental setup is depicted in Figure 9 and consists of a
1.5 kW induction motor mechanically coupled to a 3 kW self-excited synchronous generator,
which serves as a controllable load. A 3 kW self-excited synchronous generator connected
to a lamp load was employed to provide different loading percentages for the induction
motor under test. A current clamp sensor (Chauvin Arnoux PAC11), with a bandwidth
specified as DC up to 10 kHz at —3 dB, is used to capture the motor current, while a
TMS320F28379D digital signal processor (DSP) performs data acquisition and preliminary
processing. The specifications of the SCIM are provided in Table 4 for reference.

Table 4. Specification of the SCIM Under Test.

Parameters Symbols Values Units
Nominal power Py 1.5 kw
Nominal frequency fu 50 Hz
Nominal voltage Va 220/380 \Y%
Nominal current I, 5.7/3.3 A
Nominal speed Wy 1440 RPM
Nominal Power factor PF 0.81 -
Nominal Efficiency n 85.3 %
Number of pole-pairs p 2 -

The DSP employs a 12-bit analog-to-digital converter (ADC), ensuring accurate con-
version of the analog current signals into digital form. The current signals are transferred
to a personal computer (PC) for further analysis using the proposed algorithm. Measure-
ments were carried out under three different load conditions—12.5%, 50%, and 100% of
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the rated load—to assess the method’s robustness across operating ranges. For each test
condition, the single-phase stator current was recorded continuously for 10 s at a sam-
pling frequency of 10 kHz, providing sufficient temporal resolution to capture fault-related
frequency components.

Figure 9. Experimental setup for mixed eccentricity fault detection: (1) PC, (2) DSP, (3) current clamp
sensor, (4) SCIM under test, (5) generator, (6) electric load.

To mimic the rotor eccentricity, a new set of bearings are ordered for both the driving
and non-driving ends, as shown in Figure 10. Three sets of four precisely manufactured
rings are fabricated. The first set features four concentric rings, representing a healthy state
with the new bearings. The remaining two sets also contain four rings each, but these rings
are eccentric to simulate varying levels of Mixed Eccentricity (ME). One set has a 20% ME
level (split between 10% Static Eccentricity (SE) and 10% Dynamic Eccentricity (DE)), while
the other has a 30% ME level (divided into 15% SE and 15% DE).

Figure 10. From left to right: inner ring, new ball bearing, outer ring, original ball bearing.

Direct grid-connected induction motors, in both healthy conditions and with mixed
eccentricity faults, are used under different load conditions to evaluate the effectiveness of
the proposed fault detection method.

Figure 4 shows the VMD results on the normalized current signal of the eccentric
motor and the correlation between the obtained modes and the main signal. For a given
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Normalized Current

current signal, x(t), the following expression is used to normalize the signal in the range
of [-1,1]: "
x(t) = Xmin
xN(t)[fl,l] - Z(xmax — xmm> 1 (17)

where X0 and x,,;, respectively represent the signal’s maximum and minimum values.

It is evident from Figure 11 that mode 10 is M, as represented in (13), i.e., the main
frequency component of the current signal and can be inferred the approximate of the
current signal. Figure 12 illustrates the normalized current, its approximated signal and
its detailed signals based on the first and second methods in the time domain for the IM
under 30% eccentricity and 12.5% of the rated load conditions.

Mode 1
Mode 2
Mode 3
Mode 4
Mode 5 08
Mode 6
Mode 7
Mode §
Mode 9

p NV Y R A D AN
Time (Sec) Mode Number

0 0 (a) (b)

2

Figure 11. VMD results on the normalized current signal: (a) Modes; (b) Correlation between each
mode and the normalized current signal.
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Figure 12. Normalized current decomposition: (a) normalized current; (b) approximate of the current
signal; (c,d) detailed signals based on the first and second methods.

Figure 13a,b show, respectively, the frequency spectra of the current signal and its
approximate. As evident the amplitude of the eccentric fault characteristic frequencies, i.e.,
24.996 and 74.588 Hz, are significantly smaller than the amplitude of the power supply
frequency, i.e., 50 Hz. Figure 13c,d show the detailed signals obtained from the first and
second methods for the IM under 30% eccentricity and 12.5% of the rated load conditions.
In the detailed signals, the effect of the power supply frequency is excluded that helps to
diagnose eccentric fault effectively. The proposed signal processing algorithm effectively
preserves the amplitude of the sampled current signal, as evidenced by the equivalence
between the combined amplitude of frequency components in the approximate and detailed
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signals (see Figure 13). This minimal distortion of the original signal is a key advantage of
the proposed method.

Current Signal Spectrum
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_ 2600 Y 469.998 Y401.45 | | ...
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= 200 w AL
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Figure 13. Spectrum of the current signal for a 30% mixed eccentricity motor at 12.5% load: (a) current
spectrum (b) spectrum of the current signal approximate; (c,d) spectrum of the detailed signals based
on the first and second methods.

To demonstrate the effectiveness of the proposed fault detection approach, its results
are compared with those obtained using Fast Fourier Transform (FFT), Empirical Mode
Decomposition (EMD), and Ensemble Empirical Mode Decomposition (EEMD).

4. Discussion and Analysis of Experimental Results Using Current Signal
Decomposition Methods (EMD, EEMD, and VMD)

The results of the fault detection method using FFT analysis of current signal amplitude
at |fs — fr| are shown in Figure 14. As evident, FFT alone could not diagnose the eccentric
fault and may lead to false positive. In Figures 1418, the labels 12.5%, 50%, and 100% refer
to the motor load levels. Specifically, 12.5% indicates 12.5% of the full load, while 100%
represents the motor operating at full load.

Figures 15 and 16 depict the results of the fault detection method based on the EMD
and EEMD methods of the current signal. More information on EEMD can be found
in [54]. Similarly, these two methods, which rely on analyzing the amplitude of the
mixed eccentricity frequency in the detailed signal (|fs — f;|), are ineffective in eccentric
fault detection.

Under the 20% mixed eccentricity fault at 12.5% motor load, the FFT method produced
one misdetection, whereas the EMD and EEMD methods yielded two and four misdetec-
tions, respectively. EMD and EEMD each have unique characteristics and are used for
different aspects of signal processing and fault analysis. EMD is a method used to decom-
pose a signal into a set of intrinsic mode functions (IMFs) based on local characteristics
of the signal. It is particularly useful for analyzing non-stationary and non-linear signals.
However, EMD can suffer from mode mixing, where a single IMF may consist of signals of
widely different scales, or similar signals may be present in different IMFs. EEMD is an
improvement over EMD, designed to alleviate the mode mixing problem by adding white



Machines 2025, 13, 968 17 of 23

noise to the signal being analyzed. The added noise helps to separate the scales naturally,
reducing the occurrence of mode mixing. In EEMD, the true intrinsic mode function (IMF)
components are obtained as the ensemble average of multiple trials, each formed by adding
white noise to the original signal. EMD and EEMD methods suffer from two limitations.
First, they lack a strong mathematical foundation. Second, they can potentially produce
different results for the same data depending on the analysis parameters [55].

FFT
g 0 % % %
2 . % %
o 8N B
2 30 7 % %
= 7
-40
-50
12.50% 50% 100%
Original IM -33.36 -37.6425  -45.4236
20% Eccentricity  -34.9209  -34.3786  -40.5785
7#30% Eccentricity ~ -28.7494  -29.0771  -37.7147

Original IM 20% Eccentricity % 30% Eccentricity

Figure 14. FFT results of the current signal which failed to detect IM eccentricity faults.

EMD
0 7 > 7
e % % %
g 20 Z. %
2 30
c
¥ -40
s 12.50% 50% 100%
Original IM -24.4721 -34.2846 -26.1566
20% Eccentricity  -27.0931 -30.4499 -32.4975
% 30% Eccentricity  -16.7738 -22.448 -22.4778

Original IM 20% Eccentricity % 30% Eccentricity

Figure 15. The results of the eccentricity fault detection method using EMD. As evident, the detec-
tion failed.

EEMD
_ 32 , , .
Y . 7 7 7
g 3 -\
2 -38 Z %
S -40 %
s -42
12.50% 50% 100%
Original IM -36.4505  -36.3034  -39.6636

20% Eccentricity  -37.8399 -36.8206 -39.1007
% 30% Eccentricity  -36.3292 -38.2275 -40.9365

Original IM 20% Eccentricity % 30% Eccentricity

Figure 16. The results of the eccentricity fault detection method using EEMD. As evident, the
detection failed.
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VMD: First Method
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Figure 17. The results of the eccentricity fault detection method using VMD (first method).
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Figure 18. The results of the eccentricity fault detection method using VMD (second method).

Signal decomposition methods like VMD, EEMD, and EMD have advantages in fault
detection because they can break down a complicated signal into simpler, yet similar,
components, which can be analyzed more efficiently. VMD, on the other hand, is a non-
recursive signal decomposition method that decomposes a signal into a predetermined
number of band-limited modes through an iterative process. VMD aims to minimize the
bandwidth of each mode by solving a constrained variational problem, which makes it
less sensitive to noise compared to EMD and EEMD. In the context of fault detection in
induction machines, these methods are used to process signals to extract fault features.
EMD and EEMD are often used to identify the characteristic frequencies associated with
different types of faults, while VMD, with its adaptive signal analysis capability, can provide
better performance in signal decomposition and feature extraction, especially when dealing
with weak fault influence components. A fault detection method analyzes the detail of the
current signal based on the first and second methods for a specific frequency component
(Ifs — fr]) linked to the mixed eccentricity. The performance of signal decomposition
methods based on EMD, EEMD, and the proposed VMD was evaluated specifically for
current signal decomposition and the detection of mixed eccentricity faults under different
fault severities and loading conditions. It should be noted that the performance of EMD,
EEMD, and VMD for detecting other types of machine faults has not been investigated in
this study.



Machines 2025, 13, 968

19 of 23

Figures 17 and 18 show the outcomes of the proposed methods for grid-connected IMs,
under various load conditions. However, the study acknowledges a challenge. The small
air gap size (0.25 mm) in the test motor likely causes a high level of inherent eccentricity to
begin with. As a result, the difference between a healthy motor and a faulty one with a 20%
eccentricity may be very small, making it more difficult to show the severity of the fault.

The difference between calculating the detailed signal using the first and second
methods is that in the first method, the detailed signal is calculated recursively using an
approximate mode that includes the dominant frequency component. This is simpler than
the second method and requires less computation. In the second method, the detailed
signal is calculated only using the constituent modes of the original signal.

The dominant frequency component in the current signal is due to the power supply
frequency. All other frequency components presented within the signal are insignificant
in comparison. Fault detection methodologies aim to isolate and remove this dominant
component to facilitate the analysis of remaining spectral content for the purpose of fault
identification. The selection of an appropriate fault detection method hinges on minimizing
the power supply frequency impact on the remaining spectral components.

The average results obtained from the repeated current signal sampling experiments
using the first method are presented in Figure 19. Furthermore, the outcomes indicate
an average standard deviation of 1.297 and an average coefficient of variation (CV) of
1.75%, which demonstrates the consistency and reliability of the experiments. Notably, a
CV of less than 5% reflects that the data are very close to the mean, exhibiting minimal
variability. Such a low CV highlights the robustness of the proposed approach and ensures
high reproducibility and statistical confidence in the experimental results.

Mean Results of Experiments Based on the

VMD Method

i % % %
0 7 /
% ) 7
70 é
-75 z

-80

-85

12.50% 50% 100%

Original IM -74.36 -76.165 -80.071
20% Eccentricity -71.65 -71.102 -77.266
% 30% Eccentricity -68.376 -67.242 -74.175

Original IM 20% Eccentricity % 30% Eccentricity

Figure 19. Mean Results of experimental obtained using the VMD method.

5. Conclusions

In conclusion, fault detection can be achieved by calculating the detailed signal using
either first or second method, considering the load range of the electric motor, and exam-
ining the amplitude of the mixed eccentricity fault frequency component (|fs — f;|). A
noteworthy advantage of the proposed fault detection method is the consistent presence of
an approximately 6 dB amplitude differential between the healthy state and the 30% eccen-
tricity fault state, regardless of the load condition. Furthermore, it is crucial to acknowledge
that the amplitude of the supply frequency component exhibits a greater dependence on
the percentage load. Eccentricity fault detection should be performed using the current
signal primarily within the low-load range of up to 50% full load, as full load acts as a
damper, preventing further motor vibrations. Method 1 is shown to be more effective in
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scenarios where simplicity and lower computational cost are prioritized, while Method
2 demonstrates superior accuracy and robustness in detecting eccentricity faults under
grid-connected conditions with higher harmonic content. In addition, Method 2 provides
the capability, if necessary, to directly eliminate noise and supply harmonics.

The detailed and approximated signals, computed using the VMD method, are similar
to the detailed and approximated of the wavelet transform. Our results reveal that the
detailed signal derived from the current signal is superior for detecting mixed eccentricity
faults, particularly in the early stages. Furthermore, the influence of varying load conditions
is evaluated on the proposed fault detection method, demonstrating its effectiveness
across different operating scenarios. These findings highlight the following advantages of
this method:

1.  Superior performance of the VMD method compared to EMD and EEMD methods in
noisy environments

2. Consistency of fault detection variation between the healthy state and the 30% mixed
eccentricity state by approximately 6 dB across various load conditions

3. Fault detection based on current signal is a noninvasive method

4. Only a single current sensor is required for fault detection.

5. The average standard deviation was calculated as 1.297, indicating low dispersion of
the data.

6. The average coefficient of variation (CV) was 1.75%, reflecting minimal variability
and high stability of the results.
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