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ABSTRACT This study presents a scale-free and phase-agnostic method for detecting interturn short-circuit
faults (ISCFs) in the stator windings of permanent magnet synchronous motors (PMSMs). The proposed
method integrates denoising and feature extraction with a crest-factor-based health indicator. A wavelet-
based denoising method with average peak extraction is devised to enhance the sensitivity to fault-induced
current deviations while suppressing external noise. The crest factor is modified to enable phase-agnostic
detection across stator windings. To eliminate scale dependency associated with motor capacity, the modified
crest factor is further calibrated using baseline data obtained under healthy conditions. The resulting health
indicator, namely max-min crest factor, enables consistent and reliable ISCF detection without requiring
motor-specific parameters or prior knowledge of the faulty phase. The effectiveness of the proposed method
is validated through multiple case studies, including 1) numerical simulations, 2) laboratory-scale testbed
experiments on small-capacity PMSMs (100 W and 1 kW), and 3) full-scale testing on an 82.5 kW PMSM
under realistic operating conditions. The experimental results demonstrate that the method reliably detects
ISCFs regardless of fault location or motor scale.

INDEX TERMS Health indicator, interturn short-circuit fault, motor current signature analysis, permanent
magnet synchronous motor.

I. INTRODUCTION
In manufacturing lines such as petrochemical plants, steel
mills, and thermal power plants, permanent magnet syn-
chronous motors (PMSMs) of various capacities are used.
The malfunction of even a single motor in such environments
can result in the shutdown of an entire production line, lead-
ing to significant financial losses. For instance, a 30-minute
interruption in an automotive assembly line has been reported
to cause losses of approximately one million US dollars.

Interturn short-circuit faults (ISCFs) occurring in stator
windings are considered particularly critical among the dom-
inant failure modes in PMSMs [1]. The faults can lead to
localized overheating and eventually develop into turn-to-
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turn faults [2]. Progression of such faults can further lead
to phase-to-phase or ground faults [3]. In severe cases, ther-
mal damage can result in irreversible demagnetization of the
rotor’s permanent magnets. Therefore, the detection of ISCFs
at the initial stage of insulation degradation is essential to
prevent further damage.

The methods for detecting ISCFs can be grouped into
model-based, data-driven, and signal-processing-based. First,
model-based approaches use mathematical models that sim-
ulate the behavior of the physical system of interest. When
measurements from the real system differ from the values
of the mathematical model, a fault is considered to have
been detected [4], [5], [6], [7], [8]. Second, data-driven
approaches use pattern relationships extracted from data to
make decisions and perform predictions. The approaches
are particularly effective when large amounts of data are
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available from the system [9], [10], [11], [12]. Last, signal-
processing-based approaches detect faults by analyzing sig-
nals associated with faults. For example, high-frequency
current injection analysis [13] and current residual-based
analysis [14] were developed to extract useful features
from stator currents. In addition, Park’s vector analysis [15]
has been applied to detect asymmetries and fault-related
harmonics in three-phase synchronous motors. Recently,
Wu et al. [16] analyzed ISCFs in PMSMs by monitor-
ing speed, current, and zero-sequence voltage. Experimental
verification showed that detection performance varied signif-
icantly depending on operating conditions, although the fault
indicator increased with fault severity.

This paper proposes a scale-free and phase-agnostic
method for detecting ISCFs in PMSMs. The proposedmethod
is motivated by the observation that stator current signals
from PMSMs of different capacities exhibit similar waveform
characteristics. Among various signal descriptors, the crest
factor was selected for its sensitivity to impulsive components
induced by ISCFs. In this study, the original crest factor
is modified to ensure stator phase-agnostic detection. Fur-
thermore, the modified crest factor (MCF) is calibrated to
enable scale-free detection. The proposedmethod is validated
through multiple case studies. The contribution of this paper
can be summarized into threefold. First, a scale-free health
indicator, namely max-min crest factor (MMCF), is devel-
oped that maintains consistent ISCF detection performance
across PMSMs of different capacities without requiring
motor-specific parameters. Second, a phase-agnostic detec-
tion approach is proposed that integrates information from
all three-phase current signals simultaneously, enabling fault
detection regardless of the faulty phase location. Last, the
method requires only standard current measurements without
additional sensors or motor-specific parameters, facilitating
implementation in industrial environments.

The remainder of this paper is organized as follows.
Section II presents a literature review on ISCF detection
methods and identifies the challenges of achieving scale-free
and phase-agnostic fault detection across different motor
capacities. Section III presents a novel health indicator for
scale-free and phase-agnostic ISCF detection that integrates
wavelet-based denoising, MCF calculation, and capacity-
independent calibration. To verify the effectiveness of the
proposed method, Section IV describes three case studies
using ISCF simulations and testbeds with artificially injected
faults. Section V concludes the paper with a discussion of
future research.

II. LITERATURE REVIEW
The theoretical foundation needed to understand the detection
of ISCFs in PMSMs is reviewed from three main aspects: the
failure mechanism of ISCFs, existing fault detection methods
focusing on capacity dependency issues, and signal analysis
techniques applicable to fault detection. This review identi-
fies the need for scale-free and phase-agnostic fault detection
methods and explains the challenges.

A. ISCF IN PMSMS
The failure mechanism analysis of ISCFs occurring in stator
windings shows the progression of insulation degradation.
The degradation of the insulation material surrounding the
winding coils progresses, startingwithmicro-cracks or partial
discharges that weaken the electrical and mechanical proper-
ties of the insulation [17]. This degradation can be confirmed
by a decrease in insulation resistance values, which drop from
several mega-ohms (M�) in the normal state to tens of kilo-
ohms (k�) as degradation progresses, eventually reaching a
complete short-circuit state.

Motor performance deteriorates at an exponential rate with
increasing severity of ISCFs. As a physical result of this
fault, the current waveform deviates from the nominal form
to include irregular peaks or harmonic components. These
waveform distortions are small and intermittent, necessitat-
ing sensitive fault detection indicators that use the statistical
characteristics of the waveform. When ISCFs progress,
an additional current flowing through the short-circuit resis-
tance is generated in the shorted part. This short-circuit
current affects the normal operating current of the motor.
It should be noted that it affects the current waveform not only
in the phase where the short-circuit occurred but also in other
phases [18]. These combined effects can appear differently
depending on the motor’s capacity and load conditions at the
early stage of the fault, further emphasizing the importance
of scale-free and phase-agnostic fault detection methods.

B. SCALE-FREE AND PHASE-AGNOSTIC DETECTION FOR
ISCFS
Model-based approaches rely on mathematical represen-
tations of the motor’s electromagnetic behavior, typically
employing equivalent circuit models or finite element anal-
ysis. While theoretically sound, the methods require precise
knowledge of motor-specific parameters including winding
inductances, resistances, and magnetic flux distributions [7].
The challenge arises from the nonlinear relationship between
these parameters and operating conditions—magnetic satu-
ration alters inductances, while temperature variations affect
resistances according to material-specific thermal coeffi-
cients [18]. In industrial settings with thousands of motors
from various manufacturers, the practical impossibility of
characterizing these nonlinear parameter variations under-
mines the theoretical foundations of model-based fault
detection.

Data-driven approaches attempt to circumvent param-
eter dependency by learning fault patterns directly from
operational data. However, these methods face theoretical
limitations rooted in statistical learning theory and prac-
tical implementation challenges. Data-driven approaches
for ISCF detection face practical limitations due to their
high computational costs, including extensive data training
requirements, large model sizes, and substantial computa-
tional resources [19]. The fundamental challenges lie in the
frequency of ISCF occurrence, which is only about 1%,
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resulting in a severe class imbalance that violates the indepen-
dent and identically distributed assumption underlying most
machine learning algorithms [20], [21]. Furthermore, the high
dimensionality of motor operating conditions combined with
limited fault samples results in poor generalization across
different motor capacities [22], [23].

To address the limitations of model-based and data-
driven approaches, recent research has focused on signal-
processing-based approaches that use health indicators for
fault detection, offering lower computational overhead while
maintaining fault detection effectiveness [24]. However, their
effectiveness depends on the signal-to-noise ratio and the
spectral characteristics of fault indicators since they extract
fault signatures from measured signals. The fundamental
challenge lies in the scale-dependent relationship between
fault signatures and motor parameters. The same physical
fault severity produces different electrical manifestations
depending on motor impedances, which scale nonlinearly
with motor capacity [25]. This scaling effect particularly
impacts harmonic analysis in low-speed operations, where
mechanical dynamics couple with electrical phenomena to
mask fault signatures [16]. Moreover, existing health indica-
tors suffer from a critical limitation: they are not scale-free,
meaning their baseline values vary across different motor
capacities and configurations.

The need for scale-free and phase-agnostic motor fault
detection is becoming increasingly important in industrial
settings. Even with the same fault severity (e.g., the same
short-circuit ratio), the electrical characteristics of faults
can vary significantly depending on motor capacity and
structure [25]. This demonstrates the fundamental limitation
that existing fault detection methods have been primarily
optimized for single-capacity motors, making it difficult to
provide consistent performance in industrial environments
where motors of various capacities coexist. To address this
problem, it is urgent to develop scale-free and phase-agnostic
fault detection methods to identify and normalize fault pat-
terns common to motors of different capacities.

C. SIGNAL PROCESSING-BASED DETECTION FOR ISCFS
To overcome the limitations of existing fault detection
methods, it is required to develop signal-processing-based
approaches applicable to motors of various capacities. Motor
current signal signature analysis (MCSA) is effective due to
its advantages of requiring no additional sensors and being
non-invasive [26]. MCSA is based on the principle that ISCFs
cause distortions in the electromagnetic field distribution,
leading to detectable asymmetries in the stator current wave-
forms. The MCSA techniques can be divided into time,
frequency, and time-frequency domain analysis.

Time domain analysis extracts fault signatures directly
from current waveforms without frequency transformation.
Parvin et al. [27] proposed a transformer neural network
approach using stator α-β currents that achieved over
96% accuracy in estimating both shorted turns and fault
current amplitude. Jeong et al. [28] developed an early-stage

fault detection method using negative-sequence components
through symmetrical component analysis, where fault condi-
tions increase negative-sequence levels due to stator winding
imbalance.

Frequency domain analysis identifies fault signa-
tures through spectral characteristics of current signals.
Romeral et al. [29] demonstrated that ISCFs cause significant
increases in the 3rd, 5th, and 7th harmonic components of
the fundamental frequency, providing clear spectral fault
indicators. Cruz and Cardoso [15] developed the extended
Park’s vector approach (EPVA), which detects 2fs compo-
nents (twice the fundamental frequency) in the Park’s vector
modulus spectrum that appear when ISCFs create stator
winding asymmetries.

Time-frequency domain analysis combines temporal and
spectral information to capture non-stationary fault charac-
teristics. Zhao et al. [30] proposed adaptive feature mode
decomposition (AFMD) with multiscale complex component
current trajectory analysis. However, this approach suffers
from a large computational burden and limited validation
scenarios.

Among these various analysis methods, time domain anal-
ysis has the advantage of low computational complexity and
suitability for real-time fault detection in industrial environ-
ments. Within the framework of statistical signal processing,
the crest factor serves as a fundamental morphological
descriptor that quantifies signal impulsiveness through the
mathematical ratio of peak amplitude to root-mean-square
(RMS) value. The crest factor is defined as the peak value
of the waveform divided by the root mean square value of the
waveform. For an ideal sine wave, the crest factor is 1.414,
and it increases when the waveform includes impulses or
abnormal peaks. The crest factor can effectively distinguish
between impulses and random signals that are difficult to
differentiate by frequency analysis. It can also detect faults
without prior knowledge of fault-related frequencies, making
it universally applicable to various types of faults. With these
characteristics, the crest factor is also widely used in bearing
and gearbox fault detection [31], [32], [33].

The crest factor has limitations. First, it is sensitive to
noise and appears differently depending on motor capacity.
Electromagnetic interference or switching noise in indus-
trial environments degrades the accuracy of crest factor
calculation [34]. Also, even in the same fault state, wave-
form characteristics differ depending on motor capacity and
winding structure, making it challenging to apply a single
reference value tomotors of different capacities. To overcome
these limitations, previous studies have applied signal prepro-
cessing techniques such as wavelet denoising [35]. Wavelet
transformation is advantageous for detecting weak signals
by handling both time and frequency domains [36]. The
Daubechies series is practical for mechanical fault detection
as it is similar to impulse signals.

Large and small motors show different current waveform
characteristics even in the same fault state, necessitating the
development of scale-free fault detection methods. Previous
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studies have proposed signal preprocessing and normaliza-
tion methods to address these issues. However, existing
approaches still show limitations in being optimized for spe-
cific capacities or operating conditions. Therefore, a new
scale-free and phase-agnostic method is required to provide
consistent fault detection performance regardless of motor
capacity and operating conditions.

III. A NOVEL HEALTH INDICATOR FOR SCALE-FREE AND
PHASE-AGNOSTIC FAULT DETECTION
This section presents a novel health indicator for detect-
ing ISCFs, developed by integrating (1) data acquisition,
(2) preprocessing, (3) phase-agnostic health indicator cal-
culation, and (4) calibration of a scale-free feature for
different PMSM capacities, as shown in Fig. 1. As the first
step, three-phase stator current signals are acquired from
PMSMs. Measurements are performed under steady-state
conditions. The steady-state is defined as the condition where
the encoder-measured difference between successive rotation
speeds is less than 1% of the current speed. As the second
step, Section III-A describes how to preprocess the electrical
current signal. As the third step, Section III-B depicts how to
modify the conventional crest factor for phase-agnostic fault
detection in detail. As the last step, Section III-C presents the
interpretation of the new health indicator for detecting ISCFs,
namely MMCF.

FIGURE 1. Overall procedures for detecting ISCFs.

A. PREPROCESSING
Signal preprocessing is essential to ensure the consistency
of input signals used for calculating the health indicator.
It directly influences both the reliability and accuracy of
the resulting indicator. In this study, signal preprocessing
includes zero-mean adjustment and wavelet-based denoising.

Raw current signals are measured from the three phases
of the PMSM using current sensors. Although identical sen-
sor models are employed, discrepancies may arise due to
factors such as manufacturing tolerances and environmental
disturbances. These variations are particularly pronounced
when using low-cost sensors, which tend to exhibit greater

variability in precision. As a result, the measured signals can
differ across phases even under identical operating condi-
tions. To mitigate these differences, the average value of each
phase current is adjusted to zero.

The performance of wavelet denoising is highly dependent
on the choice of the basis wavelet. In this study, the crest
factor is employed as the selection criterion, based on the
fact that an ideal sinusoidal wave exhibits a crest factor of
1.414. Accordingly, if noise is completely eliminated, the
crest factor of the denoised signal should converge to 1.414.
When the three-phase current of a PMSM follows a sinusoidal
waveform under healthy operating conditions, this property
is applicable to the measured signals. Among various candi-
date wavelets, the basis that yields a crest factor closest to
1.414 for the denoised healthy signal is selected.

B. MODIFIED CREST FACTOR
Regardless of motor capacity, PMSMs operate on the same
principle. The three-phase current signal of a PMSM is sinu-
soidal. If ISCFs occur, the current signal becomes distorted
by odd harmonic frequencies introduced by the fault. This
study calculates the degree of distortion using the crest factor.
Unlike conventional approaches that implement crest factor
analysis on individual phases, the proposedmethod integrates
information from all three phases simultaneously.

The MCF is developed to mitigate the influence of noise
in the electrical current signal. The key innovation lies in
replacing the conventional single peak value with an ‘aver-
aged peak’ concept. This approach fundamentally differs
from existing crest factor-based methods by enhancing noise
immunity while preserving sensitivity to fault-induced signal
distortions. As described earlier, various sources of noise are
superimposed on themeasured signal, distorting its shape and
impairing the accuracy of fault detection. The conventional
crest factor is particularly sensitive to noise, as it relies solely
on the signal’s peak value. Moreover, due to signal uncertain-
ties, the crest factor may produce inconsistent results even
under identical operating conditions.

The averaged peak replaces the single peak value to
enhance robustness against noise. This approach is motivated
by the fact that conventional denoising techniques cannot
completely eliminate noise and inherent uncertainties. The
averaged peak (AP) is the mean of all signal values exceeding
the RMS level. Mathematically, AP(i) is defined as the mean
of the F(i)

AP (i) =
1
M

∑
F(ik ) (1)

where i is the vector of the electrical current data measured
from a PMSM, i.e., i1, i2, . . . , in−1, and in. F(i) is the function
that filters the electrical current data i to produce a vector
of elements larger than the RMS of i but smaller than the
maximum value of i. M represents the number of elements
in the filtered vector F(i).

As illustrated in Fig. 2, the averaged peak lies between
the RMS and the maximum value in a sinusoidal waveform.
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One key advantage of this approach is its reduced sensitivity
to random fluctuations. Since the mean of Gaussian noise is
zero, its effect is inherently diminished when calculating the
averaged peak. Fig. 3 shows the results of calculating both
the peak value and the averaged peak value for a sinusoidal
wave with an amplitude of 10, combined with noise of mean
zero and standard deviation one. When this experiment is
repeated under the same conditions, the peak values fluctuate
with a wide distribution, whereas the averaged peak value
remains relatively uniform with a narrow distribution. There-
fore, AP can effectively minimize the effect of noise.

FIGURE 2. Comparisons of peak, averaged peak, and RMS values.

FIGURE 3. Comparisons of peak and averaged peak values.

Early detection of ISCFs is critical, as such faults can
rapidly evolve into more severe conditions. However, early-
stage detection is inherently challenging due to the relatively
low amplitude of fault-related components in the measured
signals. To address this, the proposed health indicator is
specifically designed to amplify the influence of fault signa-
tures. In particular, the square of the denoised current signal
is employed in the health indicator calculation to enhance
sensitivity to subtle fault effects. This squared transformation
increases the relative contribution of the fault-induced devia-
tions while suppressing residual noise, thereby improving the
detectability of incipient ISCFs.

A direct comparison of maximum power levels is feasi-
ble between healthy and faulty conditions since the square
of the current is proportional to the instantaneous electric
power. In this study, the fault signal is artificially gener-
ated by superimposing harmonic components—specifically,
a 3× sine wave with an amplitude of 0.5, a 5× sine wave with
an amplitude of 0.3, and a 7× sine wave with an amplitude

of 0.1—onto a fundamental 1× sine wave with an amplitude
of 10.

Table 1 summarizes the amplitudes of each harmonic
component in both the original and squared signals. The
ratio of each harmonic to the fundamental component is
also presented. While the amplitude of the generated signal
decreases with increasing harmonic order, squaring the signal
amplifies the relative contribution of higher-order harmonics.
As a result, using the squared signal enhances the influence
of subtle fault-induced components, thereby improving fault
detectability.

TABLE 1. Amplitude of harmonic frequencies.

PMSMs commonly employ three-phase windings in the
stator. Due to structural and measurement-related uncertain-
ties, the characteristics of the three windings are not perfectly
identical. For example, slight differences in resistance and
inductance can exist among the phases, even if they are nom-
inally designed to be the same. As a result, the conventional
crest factor yields different values for each phase, even under
identical operating conditions. This inconsistency is further
exacerbated when an ISCF occurs, as the fault not only affects
the faulty phase but also induces disturbances in the remain-
ing healthy phases. Consequently, calculating individual crest
factors for each phase can lead to ambiguous or inconsistent
results. Tomitigate this issue, a single crest factor is computed
using all three-phase current signals collectively, providing
a unified and more reliable health indicator. The MCF is
defined as the ratio of the largest averaged peak value among
the three-phase current signals to the smallest root mean
square (RMS) value among them.

MCF(ia, ib, ic) =
max[AP(i2a), AP(i2b), AP(i2c)]

min[RMS(i2a), RMS(i2b), RMS(i2c)]
(2)

where ia, ib, and ic are the electrical current signals measured
from the three phases of PMSM.

C. PROPOSED HEALTH INDICATOR
The ideal sinusoidal waveform yields a value of 1.408 when
evaluated using the proposed health indicator defined in the
previous section. Since the averaged peak is used in place of
a single peak, this value is lower than that of the conventional
crest factor (i.e., 1.414). For more intuitive interpretation,
a baseline value of 1.408 is subtracted from the calculated
indicator. After calibration, a value closer to zero indicates the
absence of an ISCF. However, in practical applications, the
influence of noise varies between small- and large-capacity
PMSMs, as the signal characteristics inherently depend on
motor capacity.
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The MCF computed from current signals differs across
PMSMs with varying capacities, even under healthy oper-
ating conditions. To eliminate the capacity-dependent
differences beyond the theoretical baseline adjustment,
a calibration procedure is implemented. This procedure uses
the health indicator value calculated from the current signals
in the actual healthy state of each motor. The resulting value,
obtained using the equation defined in the previous section,
is referred to as the bias component. By subtracting this
motor-specific bias from the raw health indicator, the cali-
brated indicator is aligned across different motor capacities.
Consequently, the proposed health indicator converges to
zero in the absence of ISCFs, regardless of motor capacity.

MMCF(ia, ib, ic) = MCF(ia, ib, ic) − MCF(iah,ibh,ich) (3)

where iah, ibh, and ich are the ideal sinusoidal current wave-
forms, i.e., 1.408.

IV. CASE STUDIES
This section presents three case studies to validate the
proposed MMCF health indicator. Section IV-A evaluates
it through numerical simulations. Section IV-B describes
laboratory-scale testbeds employing small-capacity PMSMs
(100 W and 1 kW) with artificially induced faults.
Section IV-C presents a full-scale testbed using an 82.5 kW
PMSM under realistic operating conditions.

A. CASE STUDY 1: NUMERICAL SIMULATION
Acquiring signals from faulty PMSMs of different capaci-
ties by experimentation is both costly and time-consuming.
In particular, applying various fault severities to PMSMs of
different capacities is extremely difficult. In this study, elec-
trical current signals were obtained from PMSMs of different
capacities via an ISCF simulation. Details on the fault simu-
lation can be found in [29]. The simulation was performed
using MATLAB/Simulink. Under the nominal torque and
rotation speed conditions, the current signals were recorded
once the steady state defined by Eq. (4) was satisfied.

|v(k) − v(k − 1)| ≤ 0.01 × v(k) (4)

where v is the rotation speed of PMSM measured at the k th

state.
Table 2 summarizes the parameters of PMSMs used in

the simulation. PMSMs with the rated capacities of 100 W
and 1.1 kW were selected. The signals were acquired while
varying the fault severity from the healthy state to a 5% ISCF
state.

The performance of three established fault detection meth-
ods was compared in Fig. 4: (a) EPVA [15], (b) FFT-based
harmonic analysis [29], and (c) Negative-sequence com-
ponent method [28]. The results demonstrate significant
capacity-dependent variations in all three conventional meth-
ods. The EPVA method shows 45.2% average capacity
variation due to trajectory patterns scaling with motor capac-
ity, while the FFT-based harmonic analysis exhibits 39.7%

TABLE 2. Parameters of the PMSM for simulation.

average variation due to different harmonic characteristics
between 4-pole and 8-pole motor designs. Most notably,
the negative-sequence component method shows relatively
higher variability with 134.1% average variation due to its
reliance on absolute current values, presenting a challenge for
capacity-independent fault detection applications.

Fig. 5 presents the result of applying the proposed MMCF
health indicator to the signals measured from the fault
simulation. The correlation coefficient between the pro-
posed health indicator and fault severity is one, indicating a
perfect positive correlation. Notably, the MMCF health indi-
cator demonstrates superior scale-free characteristics with
only 34.8% average capacity variation compared to exist-
ing methods. To further validate the effectiveness of the
indicator, quantitative evaluation was performed using two
established prognostic metrics: monotonicity and trendabil-
ity [37], as detailed in Table 3. Monotonicity, which reflects
the consistency of the indicator’s progression as fault severity
increases, yielded a value of 1.0. Trendability, which quan-
tifies the similarity of this progression across motors with
different capacities, also resulted in a value of 1.0. These
results confirm that the proposed MMCF health indicator
not only tracks fault development reliably, but also ensures
consistent performance regardless of motor capacity.

TABLE 3. Health indicator performance comparison.

B. CASE STUDY 2: TESTBED WITH ARTIFICIAL FAULT
SEEDING
In this case study, the proposed health indicator is evaluated
using signals from a PMSM with an artificially introduced
fault. A testbed was designed to measure electrical current
data in the healthy and faulty states of PMSMs of different
capacities, as shown in Fig. 6.
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FIGURE 4. Comparative performance of existing methods under ISCF
for 100 W and 1.1 kW: (a) Extended Park’s vector approach [15],
(b) FFT-based harmonic analysis [29], and (c) Negative-sequence
component method [28].

The testbed includes a hysteresis brake, a torque sensor,
a coupling, and a linear guide. The BHB-3BA hysteresis
brake applies a load to PMSM, whereas the torque sensor
(model TM306) measures torque. Flexible couplings and a
linear guide were used to prevent misalignment faults. The
different capacity motors used in the experiment are summa-
rized in Table 4.

FIGURE 5. The proposed max–min crest factor computed from
simulations under ISCF.

FIGURE 6. Testbed for PMSMs with different power capacities.

FIGURE 7. Stator winding with ISCF: (a) 100 W and (b) 1 kW.

TABLE 4. Specifications of the PMSM used in the experiment.

Both motors have the same manufacturer and operating
conditions but different capacities. ISCFs were artificially
seeded into PMSMs to acquire fault data. After disassembling
PMSM, the fault was introduced by connecting an additional
circuit between turns using the same type of wire as the
winding. Fig. 7 shows the faulty windings of the 100 W and
1 kW PMSMs.
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FIGURE 8. Electrical current signals of a healthy PMSM: (a) raw signal
from a 100 W PMSM, (b) raw signal from a 1 kW PMSM, (c) denoised
signal from a 100 W PMSM, and (d) denoised signal from a 1 kW PMSM.

FIGURE 9. Crest factor computed from experiments under ISCF: (a) 100 W
and (b) 1 kW.

Table 5 summarizes the changes in stator winding resis-
tance resulting from fault seeding. The current signal was
measured from the artificially fault-seeded PMSM at a rated
load and rated rotation speed for one second at a sampling
rate of 100 kHz.

TABLE 5. Results of artificial fault seeding tests.

Fig. 8 shows the raw and denoised current signals mea-
sured in the healthy state. The basis wavelet used for
preprocessing was ‘rbio5.5’, selected based on the crest
factor. A comparison of the signals before and after prepro-
cessing confirmed that the noise was significantly reduced.

The conventional crest factor was calculated using the
current signal measured from the testbed. As shown in Fig. 9,
the crest factor tends to increase with fault severity in the
faulty phase but not in other phases. In the case of the 100 W
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motor, the crest factor was calculated to be larger than that
of a pure sine wave despite being in the healthy state. Fault
detection is unreliable because the crest factor is calculated
differently for the two motors.

Fig. 10 presents the results of applying the proposed health
indicator to the signal measured from the testbed. The results
were obtained through signal preprocessing, health indica-
tor calculation, and the calibration process. Regardless of
PMSM’s capacity, the proposed health indicator increases
linearly with fault severity. Moreover, the proposed health
indicator and fault severity exhibit a perfect positive corre-
lation. It is corroborated that the proposed health indicator
effectively detects interturn short-circuit faults regardless of
motor capacity.

FIGURE 10. The proposed max-min crest factor is computed from
experiments under ISCF.

C. CASE STUDY 3: REAL APPLICATION
In this case study, the proposed health indicator was imple-
mented on a PMSM in a centrifugal pump to assess the health
state of the stator winding. Centrifugal pumps are typical
infrastructure equipment in manufacturing process systems
(e.g., the refining industry). Monitoring the pump’s health
state in real time through the proposed health indicator can
improve reliability and reduce maintenance costs. PMSM,
as shown in Fig. 11, is an essential component of the cen-
trifugal pump, making fault detection crucial.

FIGURE 11. PMSM mounted on a centrifugal pump.

A current signal was measured from an 82.5 kW PMSM
at the rated speed and load. Fig. 12 shows the raw and
denoised current signals after preprocessing. Through visual

inspection, it is confirmed that noise was effectively reduced
during preprocessing.

FIGURE 12. Current signals of an 82.5 kW PMSM in a healthy state:
(a) raw signal and (b) denoised signal.

The result of calculating the proposed health indicator
using the measured signal is shown in Fig. 13. Since the
motor used for measurement is a new and healthy product,
the proposed health indicator value is zero. Therefore, it can
be confirmed that the indicator functions properly in PMSMs
used in real applications.

FIGURE 13. The proposed max–min crest factor for real-world application.

V. CONCLUSION
This study has presented a scale-free and phase-agnostic
method for detecting ISCFs in PMSMs. The proposed
method was validated through three progressive case
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studies across motors of different capacities. In simulation-
based evaluations, the proposed MMCF health indicator
exhibited a strong linear correlation with fault severity.
While conventional crest factor values varied inconsistently
with motor size, MMCF maintained a consistent baseline
of 1.408 for ideal sinusoidal waveforms, enabling reliable
and interpretable fault detection. In testbed-based validations
with 100 W and 1.1 kW PMSMs, the results were con-
sistent across different motor capacities. Furthermore, in a
field application involving an 82.5 kW PMSM installed in a
centrifugal pump, the proposed method yielded a zero value
in the healthy state, verifying its effectiveness in practical
scenarios.

The contribution of this work lies in developing a scale-free
and phase-agnostic fault detection method that leverages
waveform-invariant characteristics of stator current signals.
The proposed method enhances fault detection performance
through three integrated techniques: (1) introduction of an
averaged peak concept that replaces conventional single peak
values to enhance noise immunity while preserving fault
sensitivity, (2) implementation of signal squaring techniques
that amplify subtle fault-induced harmonic components for
early-stage detection, and (3) development of a scale-free
calibration methodology that eliminates motor capacity
dependencies without requiring motor-specific parameters.
The proposed approach requires only current measurements,
supporting non-intrusive implementation without additional
sensors or motor-specific parameters. These characteristics
make themethodwell-suited for industrial applicationswhere
motors of various sizes are deployed, offering potential ben-
efits in reducing maintenance costs and improving system
reliability.

Future research should examine the proposed health
indicator under various operating conditions beyond the
steady-state scenarios tested in this study, including transient
states and dynamic loading conditions. Particular atten-
tion should be given to evaluating the baseline calibration
robustness under dynamic load variations, potentially requir-
ing adaptive calibration strategies for real-time industrial
applications. Additional testing with broader industrial envi-
ronments, including high-harmonic applications and various
inverter types, would further validate the method’s robustness
beyond the sinusoidal waveform assumption. Future work
may explore phase-specific fault localization capabilities to
further enhance the practical fault detection utility of the
proposed method.
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