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Abstract

Noise elimination in current signals of three-phase induction motors, considered as energy
systems for electromechanical conversion, is a critical preprocessing step for reliable con-
dition monitoring and fault diagnosis. However, conventional wavelet-based denoising
approaches often treat noise suppression as a generic filtering task, which may distort
diagnostically relevant spectral components and inter-phase relationships. To address
this limitation, this paper presents a physically constrained denoising framework that
integrates the Clarke transformation with dyadic wavelet analysis to enable diagnostic-safe
noise attenuation. The proposed method explicitly preserves frequency bands associated
with supply harmonics, mechanical phenomena, and fault-related sidebands, while en-
forcing inter-phase coherence and zero-sequence stability in the Clarke domain. Wavelet
parameters are selected through a diagnostic-oriented multi-criteria framework that jointly
balances disturbance attenuation, harmonic fidelity, coherence retention, zero-sequence
stability, and time-domain waveform integrity. Experimental validation using real three-
phase induction motor current measurements under steady-state conditions shows that the
proposed framework achieves noise reduction ratios of approximately 8–10 dB, while pre-
serving the amplitudes of the main harmonic components with deviations below 10−3 dB.
These results demonstrate that the proposed method provides a robust and physically
consistent preprocessing stage for current-based monitoring of three-phase AC machines.

Keywords: induction motor diagnostics; three-phase current signals; Clarke transform;
dyadic wavelet transform; wavelet-based denoising; noise reduction ratio

1. Introduction
Three-phase induction motors are among the most widely used electrical machines

in industrial applications due to their robustness, low cost, and high reliability [1,2].
Consequently, significant research efforts have been devoted to condition monitoring
and fault diagnosis techniques [3–5]. Among these approaches, stator current-based
methods—particularly Motor Current Signature Analysis (MCSA) have gained widespread
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acceptance due to their non-invasive nature, low cost, and ease of integration into existing
systems [6–10].

Despite their widespread use, MCSA-based diagnostic methods are sensitive to mea-
surement noise and external disturbances [11,12]. As highlighted by [13], effective fault
detection depends on proper signal conditioning, since in industrial environments stator
currents are often affected by high-frequency components from inverter switching, EMI, sen-
sor limitations, grounding conditions, and acquisition systems. These disturbances reduce
the detectability of fault signatures, particularly in short records or segmented signals [14].
However, signal conditioning is often treated as a secondary enhancement step rather than
as a structured preprocessing framework explicitly designed for fault-oriented analysis.

Conventional noise mitigation techniques, such as fixed low-pass filtering, are often in-
sufficient because diagnostically relevant information appears as low-amplitude sidebands
and modulation components near the fundamental frequency and its harmonics [12,13].
This spectral overlap reduces the effectiveness of fixed filtering, especially under non-
stationary conditions; although adaptive filtering can mitigate these limitations, it requires
reference signals not always available in industrial environments [15]. Moreover, recent
studies indicate that much of the undesired content in motor measurements is physically
induced rather than purely stochastic, further limiting simple filtering approaches [16]. To
address this, several strategies exploit the deterministic or quasi-deterministic nature of
undesired components in stator currents. In particular, time-shifted and linear prediction-
based approaches, including fractional-order models, have proven effective in suppressing
dominant predictable components while preserving low-amplitude fault-related modula-
tions with reduced computational complexity [17,18]. However, most reported studies treat
noise attenuation as an auxiliary enhancement step rather than as a dedicated preprocessing
framework with explicitly defined physical constraints. In many cases, the term “noise”
is not rigorously characterized from a spectral or physical standpoint, which may lead to
unintended attenuation of diagnostically relevant components [19–21].

In this context, multiresolution signal processing methods have gained attention
for current-based diagnosis under nonstationary conditions [22,23]. The DWT enables
a natural multiresolution decomposition of measured signals into approximation and
detail components across dyadic scales [24–26], allowing selective attenuation of noise-
dominated parts while preserving low-frequency content. This property has driven the
adoption of wavelet-based denoising as a preprocessing stage in motor fault diagno-
sis [22,27,28], improving signal-to-noise ratio (SNR) and diagnostic robustness under noisy,
nonstationary environments.

Noise elimination in three-phase electrical systems must attenuate high-frequency
disturbances without affecting the fundamental component, low-order harmonics, or side-
bands, since inadequate filtering can obscure critical diagnostic information or distort
inter-phase coherence required for reliable fault detection [23]. To better meet these re-
quirements, transforming measured currents from the phase domain into an orthogonal
reference frame prior to denoising has been explored as a promising preprocessing strat-
egy [12,29]. In particular, the Clarke Transformation (CT) maps three-phase currents into
α–β–0 components [29–31], reducing phase redundancy, concentrating diagnostically rele-
vant information into fewer channels, and enabling explicit handling of the zero-sequence
component, often associated with common-mode disturbances and measurement artifacts.
This representation has been shown to facilitate subsequent signal processing stages and
improve the physical interpretability of current-based fault diagnosis [30], although its
integration with systematic denoising strategies remains an open research challenge.

Although wavelet-based denoising techniques have been widely employed for noise
reduction in electrical signals, most existing approaches treat denoising as a generic signal
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processing task, without explicitly considering the physical constraints and diagnostic
relevance of three-phase electrical systems. In particular, conventional thresholding strate-
gies may inadvertently distort harmonics, sidebands, and inter-phase relationships that
are critical for condition monitoring and energy system analysis. To address this limita-
tion, this work reformulates signal conditioning as a physically constrained preprocessing
framework in the Clarke domain. By explicitly preserving frequency bands associated with
electrical supply, mechanical phenomena, and fault-related components; while simultane-
ously enforcing inter-phase coherence and zero-sequence stability, the proposed framework
ensures diagnostic-safe noise attenuation. Unlike standard denoising schemes, the method
integrates physical knowledge of induction motor behavior into the wavelet-domain pa-
rameter selection, resulting in a denoising strategy that enhances signal clarity without
compromising physically meaningful information.

Motivated by the need for physically consistent and diagnostically reliable preprocess-
ing in motor current-based diagnostics, this paper proposes a noise elimination framework
that integrates the Clarke transformation with band-preserving dyadic wavelet denoising
to explicitly preserves diagnostically relevant spectral information prior to fault analysis.

Therefore, in this work, a diagnostic-safe, band-preserving wavelet denoising frame-
work in the Clarke domain is introduced. In this framework, noise suppression is treated
as a constrained operation that selectively attenuates high-frequency disturbances while
preserving fault-related harmonics, modulation sidebands, and inter-phase consistency. Ad-
ditionally, a multi-criteria wavelet parameter selection strategy is proposed. This strategy
balances noise reduction with harmonic fidelity, coherence retention, zero-sequence stabil-
ity, and time-domain accuracy, enabling robust preprocessing under both short-duration
and long-term measurement conditions. As a result, the proposed framework provides a
physically grounded and diagnostically robust preprocessing basis for subsequent fault
detection and condition monitoring in three-phase induction motors and, more generally,
in three-phase AC electrical machines.

The main contributions of this work are threefold: (i) the formulation of a Clarke-
domain wavelet-based preprocessing framework as a physically constrained optimization
problem, (ii) the explicit protection of diagnostically relevant spectral components, and
(iii) the experimental validation on real three-phase induction motor current measurements.
This work is organized as follows. This work is organized as follows. Section 2 presents
the theoretical foundation of methodology. The Clarke-domain multiresolution wavelet
denoising methodology is introduced in Section 3. In particular, the signal conditioning and
Clarke-domain representation is described in Section 3.1 and the algorithms used for band-
preserving wavelet denoising and for the wavelet parameter selection via multi-objective
optimization are introduced in Sections 3.2 and 3.3, respectively. The experimental setup
and data acquisition are described in Section 4. Section 5 presents the results and discussion.
Finally, the conclusions of this work are outlined in Section 6.

2. Theoretical Background
2.1. Clarke Transformation

The Clarke transformation is a linear mapping that projects three-phase electrical
quantities from the natural abc frame into the orthogonal stationary αβ0 frame. Originally
introduced by E. Clarke in the context of modified symmetrical components to simplify the
analysis of unbalanced systems [32], this representation describes the spatial distribution of
the three-phase system on a two-dimensional orthogonal plane through the α and β com-
ponents [29], while the zero-sequence component captures common-mode contributions
associated with asymmetries or abnormal operating conditions. Figure 1 summarizes the
coordinated transformations involved.
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Figure 1. Geometric interpretation of the Clarke transformation applied to three-phase current
signals.

The Clarke transformation can be derived [31] either from symmetrical component
theory or from a geometric view of three-phase quantities as rotating vectors. For instanta-
neous phase currents ia(t), ib(t), and ic(t), it is commonly expressed in matrix form asiα
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This formulation corresponds to the power-invariant Clarke transformation [31],
which preserves instantaneous power between the abc and αβ0 frames [32]. The inverse
Clarke transformation, enabling reconstruction of phase quantities from the αβ0 compo-
nents, is expressed as ia
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2.2. Dyadic Wavelet Transform

The theoretical framework adopted in this work follows the wavelet frame formu-
lation and dyadic filter bank representation previously introduced in [26]. The discrete
wavelet transform (DWT) provides a multiresolution representation [24,25] of square-
integrable signal x(t) ∈ L2(R) based on a wavelet family

{
ψj,k(t)

}
j, kϵZ

, defined as

ψj,k(t) = 2j/2ψ
(
2jt − k

)
, where j and k denote the dyadic scale and translation parameters,

respectively, and ψ(t) is the mother wavelet. This family forms a wavelet frame for L2(R)
if there exist constants A and B, known as frame bounds, such that

A∥x∥2 ≤∑
j, k

∣∣∣〈x,ψj,k

〉∣∣∣2≤ B∥x∥2 , 0 < A ≤ B < ∞ (3)

for all x ∈ L2(R), where ⟨·, ·⟩ denotes the inner product in L2(R) and ∥x∥2 represents the
signal energy [33,34].

Multiresolution Analysis and Dyadic Decomposition

The DWT can equivalently be formulated within the multiresolution analysis (MRA)
framework. In this formulation, the space L2(R) is decomposed into a nested sequence of
closed subspaces {V j}j∈Z satisfying [26]

· · · ⊂ Vj+1 ⊂ Vj ⊂ Vj−1 ⊂ · · · ⊂ L2(R) . (4)
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Each subspace Vj is spanned by scaled and translated versions of a scaling function
ϕ(t). At resolution level j, the signal x(t) can be expressed as

x(t) =∑
k

aj,kϕj,k(t) + ∑
k

dj,kψj,k(t), (5)

where aj,k and dj,k are the approximation and detail coefficients, respectively [25]. In
the discrete-time domain, this dyadic decomposition admits an efficient implementation
through a two-channel wavelet analysis filter bank, obtained via recursive filtering and
dyadic downsampling, yielding [25,26]

aj+1[n] = ∑
k

h[k − 2n]aj[k] , dj+1[n] =∑
k

g[k − 2n]aj[k] , (6)

where h[·] and g[·] are the impulse responses of the low-pass and high-pass analysis filters,
respectively, and the factor of two reflects dyadic down sampling.

3. Clarke-Domain Multiresolution Wavelet Denoising Method
3.1. Signal Conditioning and Clarke-Domain Representation

Figure 2 illustrates the block diagram of the proposed noise elimination framework.
The input to the proposed framework consists of synchronously sampled three-phase stator
currents ia(t), ib(t), ic(t) ∈ L2 (R

)
, observed over a finite time interval T.

Figure 2. Block diagram of the proposed Clarke-domain multiresolution wavelet denoising frame-
work, see Algorithms 1 and 2.

Prior to multiresolution processing, each phase current is conditioned by removing its
DC component. In continuous time, this is defined as

aĩp(t) = ip(t)−
1
T

∫ T

0
ip(τ)dτ, p ∈ {a, b, c} , (7)

where T denotes the observation interval. For discretely sampled signals with N samples
per phase, this operation reduces to subtracting the sample mean

ĩp[n] = ip[n]−
1
N

N−1

∑
m=0

ip[m], p ∈ {a, b, c} . (8)

This conditioning avoids artificial energy concentration at very low frequencies, which
is critical for spectral density estimation and wavelet analysis. The conditioned three-phase
currents are then mapped to the stationary Clarke αβ0 frame using the power-invariant
Clarke transformation (Equation (1)), decoupling balanced components into orthogonal
coordinates and enabling component-wise multiresolution processing.
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Algorithm 1. Band-Preserving Wavelet Denoising

Input: Three-phase currents ia, ib, ic; sampling frequency Fs; mother wavelet ψ;
decomposition level J; attenuation band Batt; protected set Bprot; threshold rule
(universal or SURE); shrinkage type; zero-sequence scaling κ0

Output: denoised currents ĩa, ĩb, ĩc and residuals ra, rb, rc

1. Remove DC offset from ia, ib, ic.
2. Apply Clarke transform to obtain

(
iα, iβ, i0

)
.

3. For each component x ∈ {iα, iβ, i0
}

:
1. Compute a J-level DWT of x.
2. Identify eligible levels Jx such that Bj ⊂ Batt and Bj ∩ Bprot = ∅.
3. For each j ∈ Jx: estimate noise level (MAD); Compute threshold according
to selected rule; If x = i0, scale threshold by κ0 and apply soft-thresholding.
4. Apply soft/hard shrinkage to detail coefficients at levels in Jx.
5. Reconstruct x̃ via inverse DWT.

4. Apply inverse Clarke transform → ĩa, ĩb, ĩc .
5. Compute residuals rp = ip − ĩp, p ∈ {a, b, c}.

Algorithm 2. Segment-Adaptive Wavelet Parameter Selection

Input: ia, ib, ic; Fs; sampling frequency Fs; candidate wavelet set W; candidate levels J;
weight vector w; operating mode (global or window-wise).
Output: optimal parameters (ψ⋆, J⋆) (global) or (ψ⋆

s , J⋆s ) (window-wise)
Global mode (short record):

1. Define single segment S = 1.
2. For each (ψ, J) ∈ W × J:

1. Construct Bprot and Batt.
2. Apply Algorithm 1.
3. Compute metrics m1, . . . , m5.
4. Normalize metrics.
5. Compute score S(ψ, J).

3. Select (ψ⋆, J⋆) = argmax S(ψ, J ).
4. Apply Algorithm 1 once using (ψ⋆, J⋆).

Window-wise mode (long record):
1. Partition signal into overlapping segments s = 1, . . . , S.
2. For each window s:

1. Construct B(s)
prot, B(s)

att .
2. For each (ψ, J) ∈ Cs: Apply Algorithm 1; Compute metrics mq,s;
Normalize metrics; Compute score Ss(ψ, J).
3. Select (ψ∗

s , J∗s ) = argmax Ss(ψ, J).
4. Apply Algorithm 1 to segment s.

3. Recombine denoised segments according to overlap scheme.

3.2. Algorithm 1: Band-Preserving Wavelet Denoising

Algorithm 1 implements the physically constrained denoising stage of the proposed
framework. Rather than applying wavelet thresholding indiscriminately across all resolu-
tion levels, noise suppression is formulated as a band-restricted operation in the Clarke
domain. Let

x(t) ∈
{

iα(t), iβ(t), i0(t)
}

(9)
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denote each orthogonal Clarke-domain component obtained in Section 3.1. For a selected
mother wavelet ψ and decomposition level J, the discrete wavelet transform (DWT) pro-
duces approximation and detail coefficients associated with dyadic frequency bands.

Denoising is applied only to those resolution levels whose associated frequency bands
do not intersect the automatically estimated set of physically meaningful spectral com-
ponents. This restriction ensures that harmonic content, slip-induced sidebands, and
modulation frequencies remain unaltered, while attenuation is confined to spectrally inco-
herent and statistically noise-dominated scales.

3.2.1. Automatic Frequency Estimation and Protected Corridor Construction

Although the proposed framework is designed for steady-state Motor Current Signa-
ture Analysis (MCSA), practical operating conditions still exhibit small deviations in the
supply frequency and rotor speed due to grid fluctuations, load variations, and finite obser-
vation windows. Therefore, the methodology does not assume perfectly known harmonic,
mechanical, or slip-related frequencies. Instead, these spectral landmarks are automatically
estimated from the measured data within each analysis window and subsequently used to
construct protected spectral corridors that enforce diagnostic-safe denoising.

Let ia(t), ib(t), and ic(t) denote the measured three-phase stator currents over an
analysis window. The average three-phase power spectral density (PSD) is computed using
Welch’s method as [35,36]

S(f) =
1
3
(Sa(f) + Sb(f) + Sc(f)), (10)

where Sa(f), Sb(f), Sc(f) are the PSDs of ia(t), ib(t), ic(t), respectively, estimated with iden-
tical Welch parameters.

A. Frequency-grid resolution and corridor tolerance.

Let ∆f denote the frequency spacing of the PSD grid, i.e.,

∆f =
Fs

NFFT
≈ mean (∆ fk), (11)

where Fs is the sampling frequency and NFFT is the FFT length used in Welch estimation.
Since peak locations are subject to discretization and finite-length leakage, each protected
frequency is expanded into a corridor with half-width

∆ = 2∆f. (12)

This choice ties the corridor width to the spectral resolution of the windowed PSD
representation, yielding a consistent and window-adaptive tolerance without ad hoc
manual tuning.

B. Automatic estimation of fs and fr by peak tracking.

The estimated supply frequency f̂s is obtained by peak tracking around the nominal
supply frequency fs,nom within a bounded search interval:

f̂s =arg max
f∈[fs,nom − Bs, fs,nom + Bs]

S(f), (13)

where Bs is a small tolerance band. Similarly, the estimated rotor mechanical frequency f̂r is
obtained by peak tracking around the nominal mechanical frequency fr,nom:

f̂r =arg max
f∈[fr,nom − Br, fr,nom + Br]

S(f), (14)
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with Br defined analogously. This window-wise estimation accommodates small speed
variations while keeping the mechanical search region physically meaningful.

The search bandwidths Bs and Br are chosen to exceed typical supply-frequency and
speed fluctuations while remaining localized around their nominal values. In the present
experiments, a tolerance of 5 Hz was adopted, which provides robust peak tracking without
compromising physical interpretability.

C. Slip estimation and protected corridor construction.

Given f̂s, the synchronous speed is computed as

n̂syn =
120 f̂s

P
, (15)

where P denotes the number of poles. The constant 120 follows directly from the classical
synchronous-speed relation of induction machines, nsyn = 120fs

P , expressed in revolutions
per minute.

The slip estimate is then obtained from the nominal rotor speed nnom(rpm) as

ŝ = max

(
n̂syn − nnom

max
(
n̂syn , ε

) , 0

)
, (16)

where ε prevents division by zero. The term 2ŝf̂s defines the expected slip sideband spacing
around each harmonic.

Using f̂s, f̂r, and ŝ, the framework constructs a protected set Bprot as a union of cor-
ridors centered at: (i) the fundamental and its harmonics, (ii) slip-related sidebands, and
(iii) mechanical sidebands. For k = 1, . . . , Kmax, define the k-th harmonic as hk = kf̂s.
The protected harmonic corridor is

Bhk
= [hk − ∆, hk+∆], (17)

The slip-sideband corridors are

Bsb,k= [
(

hk − 2ŝf̂s

)
− ∆,

(
hk − 2ŝf̂s

)
+∆] ∪ [

(
hk+2ŝf̂s

)
− ∆,

(
hk+2ŝf̂s

)
+∆], (18)

and the mechanical sideband corridors are

Bmec,k =
[(

hk − f̂r

)
− ∆,

(
hk − f̂r

)
+∆] ∪

[(
hk + f̂r

)
− ∆,

(
hk + f̂r

)
+∆]. (19)

Finally, the overall protected set is defined as

Bprot =
⋃kmax

k=1

(
Bhk

∪ Bsb,k ∪ Bmec,k
)
. (20)

The set B defines a physics-driven spectral protection mask that preserves harmonics,
slip-related sidebands, and mechanically induced modulation components. It does not
assume where noise is located; rather, it constrains subsequent denoising operations to
avoid distortion of diagnostically interpretable spectral structures. In this study, harmonics
up to Kmax = 13 are considered, although the framework admits arbitrary Kmax depending
on the spectral richness and diagnostic requirements of the target system.

3.2.2. Dyadic Frequency Localization and Data-Driven Attenuation Band

For a sampling frequency Fs, the discrete wavelet transform decomposes each Clarke-
domain component into approximation and detail coefficients associated with dyadic
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frequency intervals. Under standard multiresolution analysis assumptions, the detail
coefficients at level j are approximately associated with the frequency band [25,33].

Bj ≈
[

Fs

2j+1 ,
Fs

2j

]
, (21)

which provides an approximate mapping between wavelet scales and spectral regions.
Unlike conventional approaches that assume noise to be confined to a predetermined high-
frequency range, the proposed framework identifies attenuation-eligible spectral regions in
a data-driven manner.

Let S(f) denote the segment-wise average three-phase PSD defined in (10) and let C(f)
denote the average inter-phase magnitude-squared coherence. The attenuation candidate
band Batt ⊂ [0, Fs /2] is defined as a contiguous spectral interval satisfying:

Batt = [fatt,1, fatt,2], (22)

subject to the following constraints:

1. Non-intersection with the protected set:

Batt ∩ Bprot = ∅,

2. Reduced three-phase coherence:

C(f) < τc, ∀f ∈ Batt,

3. Absence of dominant structured peaks in S(f).

The coherence threshold τc and peak-dispersion criteria are selected to isolate broadband,
weakly structured spectral content while excluding harmonically organized components.

This formulation ensures that attenuation is not imposed on a fixed frequency range, but
rather on spectral regions that are (i) physically unprotected and (ii) spectrally incoherent.

Once Batt is determined, the dyadic bands Bj are evaluated against both Bprot and
Batt. The statistical validation of noise-dominated behavior for these candidate scales is
introduced in the following subsection.

3.2.3. Statistical Noise Characterization in the Wavelet Domain

After identifying the attenuation-eligible spectral region Batt and mapping dyadic
bands Bj, noise-dominated behavior is defined operationally through statistical properties
of the wavelet detail coefficients.

Let
Dj = {dj,n}

Nj
n=1

denote the set of detail coefficients at level j, where Nj is the number of coefficients at that
resolution.

A level j is considered statistically analyzable if

Bj ∩ Batt ̸= ∅ ∧ Bj ∩ Bprot = ∅. (23)

For such levels, a robust dispersion estimate is computed using the median absolute
deviation (MAD):

σ̂j =
median

(∣∣Dj − median
(
Dj
)∣∣)

0.6745
. (24)
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The scaling factor 0.6745 corresponds to the inverse of the 75th percentile of the
standard normal distribution and provides a robust scale estimate comparable to the
standard deviation. Owing to its resistance to outliers and structured components, the
estimator remains reliable under non-Gaussian conditions.

To assess distributional symmetry and tail behavior, higher-order statistics are
computed:

γj = skew
(
Dj
)
, κj = kurt

(
Dj
)
. (25)

Under noise-dominated behavior, coefficients are expected to exhibit near symmetry
and absence of structured heavy tails:∣∣γj

∣∣≈ 0, κj ≈ 3. (26)

Normality consistency is further assessed using the Jarque–Bera statistic:

JBj =
Nj

6

(
γ2

j +

(
κj − 3

)2

4

)
, (27)

which asymptotically follows a χ2
2 distribution under the null hypothesis of normality. A

wavelet level is considered statistically consistent with noise-dominated behavior if

JBj ≤ χ2
2,α. (28)

Importantly, Gaussianity is not imposed as a strict requirement for attenuation. In-
stead, the statistical descriptors serve to verify the absence of structured deterministic
signatures typically associated with harmonics, modulation components, or fault-induced
spectral lines.

3.2.4. Constrained Thresholding Strategy

Once a resolution level j satisfies both the spectral admissibility condition (Section 3.2.2)
and the statistical noise-consistency criteria (Section 3.2.3), attenuation is applied to the
corresponding wavelet detail coefficients.

Let dj[n], n = 1, . . . , Nj, denote the detail coefficients at level j, and let σ̂j be the robust
scale estimate defined in (24). Thresholding is restricted to resolution levels belonging to
the set

Jden =
{

j ∈ {1, . . . , J}:
(
Bj ∩ Batt ̸= ∅

)
∧
(
Bj ∩ Bprot = ∅

) }
, (29)

which coincides with the statistically validated admissible levels introduced in (23).
This formulation guarantees that attenuation is applied to dyadic levels whose bands

intersect the data-driven attenuation region Batt while remaining strictly outside the pro-
tected corridors Bprot.

A. Threshold Selection Criteria.

Two complementary threshold selection strategies are considered to assess the stability
of the proposed framework under conservative and data-adaptive shrinkage regimes.

(1) Universal (Donoho-Type) Threshold [37,38].
The universal threshold is defined as

λ
(univ)
j = σ̂j

√
2 ln(Nj

)
, (30)

where Nj is the number of coefficients at level j.
The universal rule is asymptotically minimax optimal under independent noise as-

sumptions and provides strong suppression of stochastic disturbances. However, it is
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known to be conservative and may induce over-smoothing when the signal-to-noise ratio
is moderate.

(2) SURE-Based Threshold [37].
To mitigate the conservativeness of the universal rule, a Stein’s Unbiased Risk Estima-

tor (SURE)-based threshold is also evaluated:

λ
(SURE)
j = argmin

λ≥0
SUREj(λ), (31)

where SUREj(λ) provides an unbiased estimate of the mean squared reconstruction error
associated with soft-thresholding.

Unlike the universal threshold, the SURE rule adapts to the empirical distribution
of the coefficients and may produce milder attenuation in the presence of low-energy
structured content.

Although classical thresholding rules are derived under Gaussian assumptions, their
application here is strictly confined to statistically validated noise-dominated levels.

B. Component-Dependent Scaling.

To account for the distinct physical interpretation of Clarke-domain components, a
component-dependent scaling factor κx, with x ∈ {α, β , 0} , is introduced:

λj,x = κx λj. (32)

For the orthogonal components,

κα = κβ= 1, (33)

while for the zero-sequence component,

κ0= 1+ακ
RMS(i0)

max
(
RMS

(
iα, iβ

)
, ε
) . (34)

This proportional scaling reflects the relative contribution of zero-sequence energy to
segment-level asymmetry. Consequently, additional attenuation is applied only when the
zero-sequence component exhibits significant energy outside the protected spectral corri-
dors, reinforcing suppression of asymmetry-sensitive content without altering physically
meaningful components.

C. Soft-Threshold Operator.

For j ∈ Jden, soft-thresholding is applied as

d̃j[n]= sign(dj[n])max
(∣∣dj[n]

∣∣ − λj, x, 0
)
, (35)

which preserves continuity of the shrinkage function and reduces reconstruction artifacts
compared to hard thresholding.

For j /∈ Jden,
d̃j[n] = dj[n]. (36)

D. Inverse Reconstruction

The denoised Clarke-domain component is reconstructed via the inverse discrete
wavelet transform:

x̃(t) = iDWT
(

x(J)A (t),
{

x̃(j)D (t)}J
j =1

)
. (37)

Finally, the denoised three-phase currents are obtained through the inverse Clarke
transformation.
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3.3. Algorithm 2: Segment-Adaptive Wavelet Parameter Selection via Normalized
Multi-Metric Optimization

The physically constrained denoising stage (Algorithm 1) requires two structural pa-
rameters: the mother wavelet ψ and the decomposition level J. While Algorithm 1 enforces
diagnostic-safe thresholding by restricting attenuation to eligible dyadic bands, the result-
ing performance still depends on the chosen (ψ, J), since the time–frequency localization,
regularity, and phase response of the wavelet family directly affect the distribution of
wavelet coefficients and the reconstruction behavior.

Operating modes. Algorithm 2 supports two operational configurations. For short-
duration or quasi-stationary signals, the entire record constitutes a single segment (S = 1),
and a global optimal pair (ψ∗, J∗) is selected and applied over the full observation interval.
For long-duration or nonstationary signals, the measured current record is partitioned into
overlapping analysis windows (segments) indexed by s ∈ {1, . . . , S}. In this adaptive
configuration, the optimal pair (ψ∗

s , J∗s ) is determined independently for each segment.
All spectral quantities, protected corridors, attenuation bands, and evaluation metrics

are computed consistently within each segment. This segment dependency is explicitly
denoted using the superscript (s), which is omitted when S = 1 without loss of generality.

3.3.1. Candidate Set Definition and Structural Feasibility

Let W denote the finite set of candidate mother wavelets (spanning different families
and regularities) and let J denote the set of admissible decomposition levels. For a segment
s containing Ns samples, the feasible candidate set is defined as

Cs =

{
(ψ, J): ψ ∈ W, J ∈ J, 2J ≤ Ns

8

}
. (38)

The feasibility constraint 2J ≤ Ns/8 prevents unstable decompositions in which the
coarsest scale would be supported by an insufficient number of samples. In practice, this
avoids degenerate cases where the approximation coefficients at level J become too few to
support reliable reconstruction and to preserve inter-phase structural information.

3.3.2. Segment-Wise Denoising and Performance Metrics

For each candidate pair (ψ, J) ∈ Cs, Algorithm 1 is applied using the segment-specific
protected corridors and attenuation band, i.e., B(s)

prot (constructed in Section 3.2.1) and B(s)
att

(identified in Section 3.2.2):

ĩ(s)abc(t; ψ, J) = Alg1
(

i(s)abc(t); ψ, J, B(s)
att , B(s)

prot

)
. (39)

The denoised output is then evaluated using complementary metrics designed to
quantify three competing objectives: (i) attenuation of disturbance-dominated content,
(ii) preservation of protected spectral structures, and (iii) integrity of three-phase structure
and waveform shape. All metrics below are computed within the same segment s.

A. Attenuation performance (broadband suppression).

Let S(s)raw(f) and S(s)den(f) denote the segment-wise average three-phase PSDs (computed
as in (10) before and after denoising). The attenuation-band power is defined as

P(s)
att,∗ =

∫
B(s)

att

S(s)∗ (f)df, ∗ ∈ {raw, den}. (40)
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The attenuation benefit metric (noise-reduction ratio in the attenuation band) is

m1,s(ψ, J) = NRR(s)
att= 10log10

 P(s)
att,raw

max
(

P(s)
att,den, ε

)
. (41)

This metric quantifies broadband suppression inside B(s)
att without assuming that “noise

lives at high frequency”; instead, it measures how effectively the method reduces power
in the data-driven attenuation region defined by coherence and peak-dispersion criteria
(Section 3.2.2).

B. Protected spectral fidelity (local distortion control).

Let the protected set be expressed as a union of corridors:

B(s)
prot =

K⋃
k=1

B(s)
k .

For each corridor B(s)
k , the protected power before and after denoising is

P(s)
k,∗ =

∫
B(s)

k

S(s)∗ (f)df, ∗ ∈ {raw, den}. (42)

The relative corridor distortion is defined as

ε
(s)
k =

∣∣∣P(s)
k,den − P(s)

k,raw

∣∣∣
max

(
P(s)

k,raw, ε
) . (43)

Two aggregated fidelity metrics are then used:

m2,s(ψ, J) =
1
K

K

∑
k=1

ε
(s)
k , m3,s(ψ, J) =max

k
ε
(s)
k . (44)

Here, m2,s captures average preservation across all protected corridors, while m3,s

enforces a conservative bound that penalizes any local over-smoothing that may destroy a
specific diagnostic feature (e.g., a weak sideband corridor).

C. Inter-phase coherence consistency (structural coupling).

Let γ
2,(s)
raw (f) and γ

2,(s)
den (f) denote the segment-wise average magnitude-squared coher-

ence (computed over phase pairs and averaged, as in the implementation). The coherence
over the protected set is

Γ(s)
prot,∗ =

1∣∣∣B(s)
prot

∣∣∣
∫

B(s)
prot

γ
2,(s)
∗ (f)df, * ∈ {raw, den}. (45)

The coherence deviation metric is

m4,s(ψ, J) =
∣∣∣Γ(s)

prot,den − Γ(s)
prot,raw

∣∣∣ (46)

This term prevents candidate solutions that reduce disturbances at the cost of breaking
the intrinsic three-phase coupling and phase-to-phase consistency.

D. Time-domain waveform integrity (distortion control).
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For each phase p ∈ {a, b, c}, the segment-wise RMSE is

RMSE(s)
p =

√√√√ 1
Ns

Ns

∑
n=1

(
ĩ(s)p [n]− i(s)p [n]

)2
. (47)

The average waveform distortion metric is

m5,s(ψ, J) =
1
3 ∑

p∈{a,b,c}
RMSE(s)

p . (48)

This term penalizes excessive time-domain smoothing and protects the overall current
waveform shape, complementing the purely spectral criteria.

3.3.3. Segment-Wise Min–Max Normalization (Scale-Free Ranking)

Because {m q,s}5
q = 1 have heterogeneous units and ranges, direct scalarization would

be dominated by the metric with the largest numerical spread. Therefore, each metric is
normalized within each segment s over the candidate set Cs using min–max normalization:

mq,s(ψ, J) =
mq,s(ψ, J) − mmin

q,s

mmax
q,s − mmin

q,s + ε
, q = 1, . . . , 5, (49)

where
mmin

q,s = min
(ψ,J)∈Cs

mq,s(ψ, J), mmax
q,s = max

(ψ,J)∈Cs
mq,s(ψ, J).

The small constant ε > 0 prevents division by zero when mmax
q,s = mmin

q,s (e.g.,
when a metric is constant across candidates in a specific segment). This segment-wise
normalization yields a relative ranking that is comparable across metrics within the same
segment and prevents scale dominance, while preserving the local decision structure of
each window.

3.3.4. Scalarization and Optimal Selection Rule

The selection of (ψ, J) is formulated as a scalarized multi-objective optimization. Since
m1,s is beneficial (higher is better) while m2,s– m5,s are penalty-like (lower is better), the
segment-wise score function is defined as

Ss(ψ, J) = w1 m1,s(ψ, J)−
5

∑
q=2

wq mq,s(ψ, J), (50)

with nonnegative weights satisfying

wq ≥ 0,
5

∑
q=1

wq= 1. (51)

The optimal pair is selected as

(ψ⋆, J⋆) = arg max
(ψ, J),∈ Cs

Ss(ψ, J). (52)

Because all terms are normalized within [0, 1] (up to ε), the score in (50) implements a
balanced trade-off between attenuation strength and preservation constraints. Moreover,
given a fixed candidate set Cs, fixed normalization rule (49), and fixed weights wq, the
selection (52) is fully deterministic and reproducible.
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3.3.5. Weight Selection, Interpretability, and Robustness

The weights w1, . . . ,w5 in (50) encode the relative preference between suppression
and preservation objectives. They do not modify the denoising operator in Algorithm 1;
they only affect how candidate pairs (ψ, J) are ranked.

A. Origin and rationale of weights.

In this work, the weights are chosen to reflect the methodological goal of “diagnostic-
safe preprocessing”: attenuation is desirable, but only insofar as protected spectral struc-
tures, three-phase coupling, and waveform integrity remain stable. This is implemented by
assigning the largest weight to attenuation (w1) while distributing the remaining weight
among preservation penalties (w2 – w5). The base configuration is

w(0) = [w1, w2, w3, w4, w5] =
[1.0, 1.0, 0.5, 0.5, 0.5]

∑5
q=1 wq

, (53)

i.e., normalized to satisfy (51). This choice is consistent with a conservative diagnostic
objective: m2,s and m3,s jointly protect spectral corridors, while m4,s and m5,s enforce
structural and waveform constraints.

B. Non-subjectivity via sensitivity analysis.

To address potential subjectivity in (ψ∗
s , J∗s ), the framework evaluates multiple weight

configurations
{

w(l)
}

and quantifies the stability of the selected solution under prefer-
ence perturbations. Specifically, the implementation tests four weight sets: (i) a base
configuration, (ii) stronger attenuation emphasis, (iii) stronger preservation emphasis, and
(iv) stronger time-domain integrity emphasis. Consistent selection across these sets indi-
cates that (ψ⋆

s , J⋆s ) is not an artifact of a single subjective weight choice but a robust outcome
driven by the candidate landscape and the normalized multi-metric structure.

C. Practical interpretation.

The optimization in (52) should be interpreted as selecting the wavelet configuration
that yields the best compromise between removing incoherent disturbance-dominated en-
ergy (as defined by B(s)

att ) and preserving diagnostically interpretable spectral and structural
features (as enforced by B(s)

prot, coherence stability, and RMSE).
For clarity and reproducibility, the procedures of Algorithms 1 and 2 are summarized

below in pseudocode form.

3.4. Baseline Methods and Benchmark Protocol

To objectively assess the effectiveness of the proposed band-preserving wavelet frame-
work, several baseline denoising strategies were implemented under controlled and compa-
rable conditions. All baselines were executed on the same analysis segments and using the
same automatically estimated supply frequency, rotor frequency, slip, protected corridors
B(s)

prot, and attenuation band B(s)
att , whenever applicable, to ensure a fair comparison.

3.4.1. Butterworth Bandstop Filtering

A classical digital Butterworth band-stop filter was implemented as a linear filtering
baseline. The stopband limits were defined using the automatically identified attenuation
band B(s)

att (see Equation (22)).
The normalized digital cutoff frequencies were computed as

ω
(s)
1,2 =

2 f(s)att,1,2

Fs
. (54)
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A fourth-order IIR Butterworth filter was designed using bilinear transformation,
ensuring monotonic passband and stopband behavior without ripple [39,40]. Unlike the
proposed framework, no explicit protected spectral corridors were enforced beyond the
inherent frequency response of the filter.

Structural Limitation. Although Butterworth filtering constitutes a stable and widely
validated linear framework, it inherently depends on the explicit specification of stop-band
limits. In practical applications, the choice of cutoff frequencies often requires heuristic
decisions or preliminary spectral inspection to identify disturbance-dominated regions [41].
Under nonstationary operating conditions, these fixed limits may cease to be optimal
over time, leading to either insufficient attenuation or distortion of diagnostically relevant
spectral components [41,42]. This dependence on predefined parameters represents a
fundamental limitation of classical fixed-parameter filtering approaches.

3.4.2. Wavelet Shrinkage—Optimized (WS-Optimized)

A wavelet shrinkage method was implemented using the optimal parameter pair
(ψ∗, J∗) obtained from Algorithm 2. However, unlike the proposed band-preserving frame-
work, thresholding was applied uniformly across all dyadic levels [38] without enforcing
the protected-set constraint B(s)

prot.
Noise level estimation was performed using the median absolute deviation (MAD)

estimator, and thresholding was applied using the same shrinkage rule adopted in the
proposed method.

This baseline isolates the benefit of the multi-metric parameter selection while remov-
ing the physics-driven band restriction.

3.4.3. Wavelet Shrinkage—Fixed (WS-Fixed)

A conventional wavelet denoising configuration was implemented using a fixed
mother wavelet and decomposition level [25]:

ψ = db8, J = 5.

Thresholding was applied to all detail levels using soft-thresholding with MAD-
based noise estimation. No adaptive parameter selection or spectral band restriction
was applied. This baseline represents a commonly adopted fixed-configuration wavelet
denoising strategy.

3.4.4. Empirical Mode Decomposition (EMD)

An empirical mode decomposition (EMD) denoising strategy was implemented by
reconstructing the signal after discarding the first τ = 3 intrinsic mode functions (IMFs),
assumed to capture disturbance-dominated components [43,44].

No explicit spectral protection mechanism was enforced. The method operates purely
in the time domain based on adaptive mode decomposition.

3.4.5. Benchmark Protocol

All methods were evaluated using the same performance metrics defined in Section 3.3:

• m1,s: attenuation performance within B(s)
att ;

• m2,s, m3,s: protected spectral fidelity;
• m4,s: inter-phase coherence consistency;
• m5,s: time-domain waveform integrity.
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This unified evaluation protocol ensures that performance differences are attributed
to methodological distinctions rather than discrepancies in parameter estimation, segmen-
tation, or evaluation criteria.

4. Experimental Setup and Data Acquisition
The experimental validation was conducted under controlled steady-state operating

conditions using two independent three-phase squirrel-cage induction motors. The objec-
tive of the experimental design was to evaluate the proposed preprocessing framework
under quasi-stationary current regimes typically encountered in industrial monitoring
applications. Transient startup conditions and load oscillations were intentionally excluded,
since the proposed methodology is specifically designed for steady-state Motor Current
Signature Analysis (MCSA), where spectral fault-related components are spectrally stable
and physically interpretable. Figure 3 illustrates the complete experimental arrangement
used in this study, including the induction motors under test, non-intrusive current sensing
devices, and the FPGA-based data acquisition platform.

  
(a) (b) 

Figure 3. Experimental setups for stator current acquisition under steady-state operation: (a) U.S.
Electrical Motors 215T (3 HP, 1740 rpm) used for the long-duration dataset; (b) Baldor M3661T (3 HP,
1750 rpm) used for the short-duration dataset.

4.1. Induction Motors Under Test

Two induction motors were employed in the experimental validation, corresponding
to the long-duration and short-duration acquisition scenarios.

The first motor, used for the long-duration dataset, is a three-phase squirrel-cage
induction motor (U.S. Electrical Motors, Waukesha, WI, USA), frame 215T, rated at 3 HP,
60 Hz, and 1740 rpm under nominal load. The machine operates at a synchronous speed of
1800 rpm and exhibits typical industrial slip characteristics. It is designed for 230/460 V
operation and insulation Class F.The second motor, used for the short-duration dataset, is
a three-phase induction motor (Baldor Electric Company, Fort Smith, AR, USA), model
M3661T, rated at 3 HP, 60 Hz, and 1750 rpm, with a NEMA 182TC frame. The nominal
mechanical rotational frequency is approximately 29.17 Hz. In both cases, the motors
were supplied directly from the electrical grid without inverter-based control or external
drive electronics. This configuration ensures that the measured stator currents contain
supply-related and electromechanical spectral components representative of industrial
steady-state operation.
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4.2. Data Acquisition Hardware and Signal Conditioning

Figure 4 presents a simplified block diagram of the developed hardware–software
acquisition platform.

Figure 4. Simplified block diagram of the developed hardware–software data acquisition system.

Three-phase stator currents ia(t), ib(t), and ic(t) were measured using split-core clamp-
type current sensors (ETCR070A, ETCR, Guangzhou, China), providing galvanic isolation
and enabling non-intrusive acquisition without interrupting the power circuit. The sensors
deliver secondary outputs proportional to the primary current, with standardized 1 A
or 5 A outputs over a nominal measurement range of 0–1000 A (AC). The operating
frequency range spans from 40 Hz to 1 kHz. The motors were directly connected to the
electrical grid and operated under steady-state conditions without inverter-based drives or
external control electronics. Consequently, the measured currents represent grid-supplied
industrial operation. The secondary current signals were conditioned using an INA114
instrumentation amplifier (Texas Instruments, Dallas, TX, USA) to match the input range
of the acquisition system [45]. Signals were digitized by a multi-channel ADC and buffered
in FIFO memories.

Data handling was implemented on a Terasic DE10-Nano platform (Terasic Technolo-
gies, Hsinchu, Taiwan) incorporating a Cyclone V SoC-FPGA (Intel Corporation, Santa
Clara, CA, USA). The FPGA side performs synchronized sampling and buffering, while the
Hard Processor System (HPS) manages data transfer and real-time visualization through a
LabVIEW-based graphical interface (National Instruments, Austin, TX, USA). The FPGA
clock was set to 50 MHz, ensuring stable and synchronized multi-channel acquisition.

The FPGA platform was exclusively used for synchronized multi-channel current
acquisition and real-time visualization. It does not perform motor control functions.

4.3. Acquired Signals and Measurement Scenarios

Two stator current datasets were acquired for each motor to evaluate the pro-
posed methodology under different signal-duration and sampling conditions. Exper-
iments were performed independently on both induction machines under controlled
steady-state operation.

For the short-duration scenario, 768 samples per phase were acquired at a sampling
frequency of 14,880 Hz. This configuration captures approximately three electrical cycles
and represents short observation windows typically encountered in embedded monitoring
systems and early-stage diagnostic applications.

For the long-duration scenario, approximately 31,000 samples per phase were acquired
at a sampling frequency of 3000 Hz. This dataset reflects quasi-stationary operating condi-
tions and is used to assess the robustness and consistency of the proposed framework over
extended observation intervals through window-based analysis.
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In all cases, three-phase stator currents were synchronously acquired and processed
using the proposed preprocessing framework.

5. Results and Discussion
5.1. Short-Signal Analysis

The first scenario used a short-duration current signal acquired from the Baldor induc-
tion motor under steady-state operating conditions. In healthy operation, the stator current
spectrum is dominated by the supply fundamental, its harmonics, and modulation side-
bands associated with rotor slip and mechanical interactions. These components constitute
the diagnostic basis for fault detection; therefore, the preprocessing stage must attenuate
broadband disturbances without compromising their spectral integrity. The performance
of the proposed approach was compared with the reference techniques described in the
previous sections.

5.1.1. Short-Signal Denoising Performance

Tables 1 and 2 summarize the denoising performance obtained using the Universal
and SURE threshold rules, respectively. Under the Universal configuration (Table 1),
the method achieves an attenuation level of NRRatt = 8.948 ± 0.757 dB, whereas the
SURE configuration (Table 2) yields NRRatt = 4.570 ± 0.247 dB. Although these values
are lower than those obtained with the Butterworth band-stop filter (17.713 ± 5.358 dB), the
difference reflects their distinct design philosophies. Butterworth maximizes attenuation
by aggressively rejecting energy within a predefined stopband, whereas the proposed
framework intentionally limits attenuation to avoid distortion of diagnostically relevant
spectral components.

Table 1. Denoising performance using the Universal threshold rule.

Method NRR_att (dB) ρ_prot errProt_max ∆Coh_prot RMSE_avg

Proposed 8.948 ± 0.757 1 ± 8.5866 × 10−7 2.8004 × 10−6 ± 8.5866 × 10−7 −0.003496 ± 0.0027039 0.12888 ± 0.15456

Butterworth-BS 17.713 ± 5.358 1 ± 1.7337 × 10−7 3.9739 × 10−6 ± 1.7337 × 10−7 0.00040821 ± 0.00032969 0.12017 ± 0.143

WS-Optimized 6.912 ± 1.476 0.99987 ± 2.8273 × 10−5 0.00013224 ± 2.8273 × 10−5 0.037418 ± 0.055438 0.31883 ± 0.41608

WS-Fixed 7.095 ± 1.499 0.999 ± 0.0002274 0.00099656 ± 0.0002274 −0.12556 ± 0.027276 0.79071 ± 1.0325

EMD 1.396 ± 1.220 1.0001 ± 0.00042887 0.00014717 ± 0.00014717 −0.030775 ± 0.027103 0.043733 ± 0.037122

Table 2. Denoising performance using the SURE threshold rule.

Method NRR_att (dB) ρ_prot errProt_max ∆Coh_prot RMSE_avg

Proposed 4.570 ± 0.247 1 ± 1.1708 × 10−6 2.398 e−06 ± 1.1708 × 10−6 −0.0026072 ± 0.0045049 0.094845 ± 0.11437

Butterworth-BS 17.713 ± 5.358 1 ± 1.7337 × 10−7 3.9739 × 10−6± 1.7337 × 10−7 0.00040821 ± 0.00032969 0.12017 ± 0.143

WS-Optimized 6.912 ± 1.476 0.99987 ± 2.8273 × 10−5 0.00013224 ± 2.8273 × 10−5 0.037418 ± 0.055438 1.4332 ± 1.9911

WS-Fixed 7.095 ± 1.499 0.999 ± 0.0002274 0.00099656 ± 0.0002274 −0.12556 ± 0.027276 0.79071 ± 1.0325

EMD 1.396 ± 1.220 1.0001 ± 0.00042887 0.00030325 ± 0.00014717 −0.037577 ± 0.027103 0.047531 ± 0.031751

This behavior is reflected in preservation metrics. The protected energy ratio ρprot

remains equal to unity for both configurations (1 ± 8.6 × 10−7 for Universal and
1 ± 1.17 × 10−6 for SURE), indicating nearly perfect conservation of spectral energy
within the protected corridors. Similarly, the maximum distortion in the protected re-
gion remains extremely small, with errProtmax values of approximately 2.8 × 10−6 and
2.39 × 10−6 for the Universal and SURE rules, respectively. In contrast, the wavelet
shrinkage baselines introduce distortions two to three orders of magnitude larger, reaching
1.3 × 10−4 for WS-Optimized and nearly 10−3 for WS-Fixed.

The coherence preservation metric ∆Cohprot further supports this behavior. The pro-
posed method maintains coherence variations close to zero (−0.0035 and −0.0026 for Uni-
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versal and SURE), indicating that the phase relationships between stator currents remain
essentially unchanged after denoising. By contrast, WS-Fixed produces a much larger devi-
ation (−0.12556), revealing significant perturbation of spectral coupling between phases.

A similar trend is observed in the waveform distortion metric RMSEavg. The SURE
configuration yields the lowest distortion among the wavelet-based approaches (0.094845),
compared with 0.12888 for the Universal rule and substantially larger values for WS-
Optimized (1.4332) and WS-Fixed (0.79071). These results indicate that the proposed
method removes disturbance-dominated components while preserving the global wave-
form characteristics of the signal.

5.1.2. Optimal Parameter Configuration

The optimal parameter configurations selected by the proposed framework are sum-
marized in Table 3. In the first run, both threshold rules converged to the same con-
figuration, selecting the Symlet wavelet sym9 with decomposition level J = 4. In the
second run, the framework selected the Coiflet wavelet coif5, while maintaining the same
decomposition level.

Table 3. Parameter configuration of the proposed method for the analyzed runs.

Run Threshold Wavelet (ψ) Level (J) fs(Hz) fr(Hz) Slip Batt (Hz) k0

1 UNIVERSAL Sym9 4 60 29.33 0.0222 [1000, 7000] 3.078
1 SURE Sym9 4 60 29.33 0.0222 [1000, 7000] 3.078
2 UNIVERSAL coif5 4 60 29.33 0.0222 [1000, 7000] 1.787
2 SURE coif5 4 60 29.33 0.0222 [1000, 7000] 1.787

Two key characteristics of the optimization strategy emerge. First, strong intra-run
consistency is observed: within each run, the optimal wavelet and decomposition level
remain identical for both threshold rules, indicating that the multiresolution structure
is primarily determined by the spectral characteristics of the signal rather than by the
thresholding rule. Second, inter-run adaptability appears, as the optimal wavelet changes
from Symlet to Coiflet while the decomposition level remains fixed, confirming that the
framework does not assume a single wavelet basis to be universally optimal.

The physical parameters estimated by the framework remain stable across runs. The
supply frequency is consistently identified as fs = 60 Hz, the rotor mechanical frequency as
fr = 29.33 Hz, and the slip as s = 0.0222, values consistent with the operating conditions
of the Baldor motor. The automatically detected attenuation band Batt = [1000, 7000] Hz
lies well above the fundamental harmonic region.

5.1.3. Harmonic and Sideband Preservation

The preservation of harmonic and sideband components is analyzed in Table 4, which
reports the spectral deviations after denoising for the main diagnostic frequencies. For the
fundamental component H1 and its associated sidebands H1 ± fr and H1 ± 2sfs, the pro-
posed framework produces essentially zero spectral deviation for both threshold rules, with
variations remaining within numerical precision (≈0 dB). This confirms that the fundamen-
tal harmonic structure of the stator current is almost perfectly preserved after denoising,
validating the effectiveness of the protected spectral corridors defined by the framework.
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Table 4. Spectral deviation (∆ dB) of harmonic and sideband components after denoising relative to
the original signal.

Spectral
Component f0 (Hz) Raw_dB

∆ Proposed
UNIVERSAL

(dB)
∆ Proposed
SURE (dB)

∆ Butter
(dB)

∆ WS-Opt
(dB)

∆ WS-Fix
(dB)

∆ EMD
(dB)

H1 60 −10.229 −0.000 0.000 −0.000 0.000 0.000 0.000

H1 − fr 30.67 −10.135 0.000 0.000 0.000 0.000 0.000 0.001

H1 + fr 89.33 −10.223 −0.000 0.000 −0.000 0.000 0.000 0.000

H1 − 2sfs 57.33 −10.217 −0.000 0.000 −0.000 0.000 0.000 0.000

H1 + 2sfs 62.67 −10.223 −0.000 0.000 −0.000 0.000 0.000 0.000

H9 540 −62.579 −0.011 −0.016 −0.053 9.973 −25.241 2.107

H9 − fr 510.67 −62.510 −0.030 −0.035 −0.053 9.905 −25.308 2.039

H9 + fr 569.33 −62.579 −0.011 −0.016 −0.053 9.462 −20.692 2.107

H9 − 2sfs 537.33 −62.579 −0.011 −0.016 −0.053 9.973 −25.241 2.107

H9 + 2sfs 542.67 −62.579 −0.011 −0.016 −0.053 9.973 −25.241 2.107

H11 660 −63.672 −0.241 −0.212 −0.274 −0.660 −11.299 1.228

H11 − fr 630.67 −63.672 −0.241 −0.212 −0.274 −0.660 −11.299 1.228

H11 + fr 689.33 −63.672 −0.241 −0.212 −0.274 −1.031 −11.299 1.228

H11 − 2sfs 657.33 −63.672 −0.241 −0.212 −0.274 −0.660 −11.299 1.228

H11 + 2sfs 662.67 −63.672 −0.241 −0.212 −0.274 −0.660 −11.299 1.228

H13 780 −59.427 −1.414 −1.260 −1.046 −36.131 −31.704 0.437

H13 − fr 750.67 −59.427 −1.414 −1.260 −1.046 −36.131 −31.704 0.437

H13 + fr 809.33 −59.427 −1.414 −1.260 −1.046 −37.140 −32.155 0.437

H13 − 2sfs 777.33 −59.427 −1.414 −1.260 −1.046 −36.131 −31.704 0.437

H13 + 2sfs 782.67 −59.427 −1.414 −1.260 −1.046 −36.131 −31.704 0.437

A similar behavior is observed for higher-order harmonics. For example, for H9, the
proposed framework introduces deviations of only −0.011 dB (Universal) and −0.016 dB
(SURE), whereas the Butterworth filter produces deviations of approximately −0.053 dB.
Although small, this difference indicates that classical filtering modifies harmonic ampli-
tudes more than the proposed method, which adaptively identifies attenuation regions
while protecting physically meaningful spectral corridors.

The advantage of this adaptive strategy becomes more evident when compared with
conventional wavelet shrinkage approaches. For the harmonic H13, WS-Optimized intro-
duces an attenuation of −36.131 dB and WS-Fixed approximately −31.704 dB, effectively
suppressing these components. In contrast, the proposed framework maintains deviations
of only −1.414 dB (Universal) and −1.260 dB (SURE), preserving the spectral structure
while attenuating disturbance-dominated components. A similar trend appears for inter-
mediate harmonics such as H11, where the proposed framework introduces deviations
−0.241 dB (Universal) and −0.212 dB (SURE), whereas wavelet shrinkage methods pro-
duce substantially larger distortions. Even the EMD method introduces deviations of
approximately 0.437 dB in the H13 sideband region.

Overall, the results highlight a limitation of conventional denoising strategies: fixed
filtering assumptions or unconstrained shrinkage operations may suppress diagnostically
relevant spectral components. In contrast, the proposed framework incorporates spec-
tral protection constraints into the optimization, distinguishing disturbance-dominated
regions from meaningful harmonic structures without requiring a priori assumptions about
noise location.

The time-domain comparison (Figure 5a) shows near-perfect overlap of the RAW,
Proposed-UNIV, and Proposed-SURE waveforms across three cycles of Phase-A current,
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consistent with the expected sinusoidal response of a healthy motor under steady-state
conditions. Figure 5b further illustrates the framework’s decomposition: the coherent
component closely matches the measured signal, while the residual captures stochastic
fluctuations removed during denoising. Its low broadband amplitude confirms suppression
of random variations without altering harmonic structures, consistent with the steady
operating condition of the Baldor motor.

 
(a) (b) 

Figure 5. Time-domain behavior of the proposed denoising framework for the short-signal record.
(a) Comparison of the Phase-A current waveform under different denoising methods. (b) Multireso-
lution decomposition illustrating the original signal, the coherent large-scale component, and the
residual disturbance-dominated component removed during denoising.

5.2. Long-Signal Analysis

To further evaluate the robustness of the proposed framework, a second experimental
scenario was conducted using a long-duration current signal acquired from a U.S. Elec-
trical Motors 215T induction motor operating under steady-state conditions. While the
short-signal experiment provides a localized view of the denoising process, the extended
scenario enables assessment of the temporal consistency of the method over prolonged
observation intervals.

5.2.1. Optimal Wavelet Selection Across Windows

The optimal wavelet parameters for each analysis window are summarized in Table 5.
The optimization consistently selects the Coiflet wavelet (coif2, J = 1) with the same
decomposition level, yielding scores close to unity across all windows.

Table 5. Optimal wavelet selection per analysis window.

Window Samples Wavelet (ψ) J Selection Score
1 1–6000 coif2 1 0.99991
2 6001–12,000 coif2 1 0.99990
3 12,001–18,000 coif2 1 0.99990
4 18,001–24,000 coif2 1 0.99990
5 24,001–30,000 coif2 1 0.99991

This stable selection indicates that the spectral characteristics of the stator current
remain consistent throughout the long-duration signal and confirms that the proposed
optimization strategy reliably identifies an appropriate multiresolution configuration.
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5.2.2. Long-Signal Denoising Performance

The quantitative attenuation and spectral preservation metrics for representative
analysis windows are reported in Tables 6 and 7, revealing different attenuation–distortion
trade-offs among the evaluated methods.

Table 6. Quantitative attenuation and spectral preservation metrics for the long-duration current
signal (Window 1).

Method NRR_att (dB) Energy Attenuation in Batt
(%) Mean |∆| (dB) Max |∆| (dB) RMSEPSD (dB)

Proposed-UNI 9.9251 × 10−11 2.2853 × 10−9 8.6673 × 10−11 1.2403 × 10−10 9.4809 × 10−11

Proposed-SURE 9.9251 × 10−11 2.2853 × 10−9 8.6673 × 10−11 1.2403 × 10−10 9.4809 × 10−11

Butterworth-BS 17.663 98.287 0.05693 0.97678 0.17627

WS-Optimized 2.4009 42.467 0.33035 3.283 0.64531

WS-Fixed 2.551 44.422 11.578 27.759 11.303

EMD 7.4495 × 10−11 1.7153 × 10−9 1.0486 × 10−7 4.8113 × 10−6 4.54 × 10−6

Table 7. Quantitative attenuation and spectral preservation metrics for the long-duration current
signal (Window 3).

Method NRR_att (dB) Energy Attenuation in Batt
(%) Mean |∆| (dB) Max |∆| (dB) RMSEPSD (dB)

Proposed-UNI 9.889 × 10−11 2.277 × 10−9 8.6778 × 10−11 1.2402 × 10−10 9.4808 × 10−11

Proposed-SURE 9.889 × 10−11 2.277 × 10−9 8.6778 × 10−11 1.2402 × 10−10 9.4808 × 10−11

Butterworth-BS 17.225 98.105 0.056487 0.91429 0.17616

WS-Optimized 2.4382 42.96 0.41555 3.8718 0.85816

WS-Fixed 3.0631 50.605 12.881 33.132 12.849

EMD −5.9375 × 10−11 −1.3672 × 10−9 6.4146 × 10−8 3.7391 × 10−6 1.933 × 10−6

The Butterworth band-stop filter produces the largest energy reduction within the
attenuation band Batt, with NRRatt = 17.663 dB and 17.225dB for Windows 1 and 3, corre-
sponding to energy attenuation percentages of 98.287% and 98.105%, respectively. However,
this strong suppression is accompanied by measurable spectral distortion, with mean | ∆ |
values of 0.05693 dB and 0.056487 dB, maximum deviations approaching 0.98 dB, and
RMSEPSD values around 0.176 dB, indicating modification of the spectral profile of the
current signal.

In contrast, the proposed framework preserves the spectral structure with extremely
high fidelity. For both threshold rules, mean | ∆ | values remain on the order of 10−11 dB,
the maximum deviations are approximately 1.24 × 10−10 dB, and RMSEPSD is about
9.48 × 10−11 dB in both windows. These values fall within numerical precision, indi-
cating that the denoising process introduces no measurable spectral distortion. At the
same time, attenuation indicators within Batt remain close to zero, showing that under
steady-state conditions, the framework operates conservatively and avoids modifying
spectral components.

The wavelet shrinkage baselines exhibit substantially larger distortions. WS-
Optimized produces mean | ∆ | values between 0.33 dB and 0.42 dB, with maximum
deviations exceeding 3.8 dB, whereas WS-Fixed introduces severe spectral alterations, with
mean deviations above 11 dB and maximum deviations reaching 27–33 dB.

The EMD method preserves the spectral structure with very small deviations, with
mean | ∆ | values on the order of 10−7–10−8 dB and RMSEPSD around 10−6 dB. However,
attenuation indicators within Batt remain essentially null, indicating that the method does
not produce measurable energy reduction in the evaluated band.
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Overall, the results highlight distinct attenuation–distortion trade-offs: Butterworth
achieves strong attenuation at the cost of spectral distortion; wavelet shrinkage produces
increasingly large alterations; EMD preserves the spectrum but provides negligible attenua-
tion; and the proposed framework maintains spectral structure within numerical precision
while avoiding unnecessary modification of diagnostically relevant components.

5.2.3. Time-Frequency Behavior

The temporal and spectral behavior of the proposed framework for representative
analysis windows is illustrated in Figures 6–8. In the time domain (Figure 6), the denoised
signals obtained with the proposed framework remain practically indistinguishable from
the RAW waveform for both analysis windows, confirming preservation of the stator
current morphology. The multiresolution decomposition further clarifies this behavior: the
coherent large-scale component closely reproduces the measured signal, while the residual
isolates small-amplitude broadband fluctuations associated with disturbance-dominated
fine-scale variations removed during denoising.

  
(a) (b) 

  
(c) (d) 

Figure 6. Time-domain behavior of the proposed denoising framework for representative analysis
windows. (a) Phase-A current waveform comparison for Window 1 under different denoising meth-
ods. (b) Multiresolution decomposition for Window 1, showing the original signal, the coherent
large-scale component, and the residual disturbance-dominated component removed during denois-
ing. (c) Phase-A current waveform comparison for Window 3. (d) Multiresolution decomposition for
Window 3.

The spectral behavior is analyzed through the PSD representations shown in
Figures 7 and 8 for Windows 1 and 3, respectively. Each figure includes two comple-
mentary views: a zoomed PSD of the protected harmonic region (subfigure a) and the
full-spectrum PSD (subfigure b).
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(a) (b) 

Figure 7. Power spectral density (PSD) analysis of the three-phase averaged stator current for Window
1. (a) Zoomed PSD in the protected harmonic region showing preservation of the fundamental
component and higher-order harmonics after denoising. (b) Full-spectrum PSD highlighting the
attenuation band and the notch introduced in the rejection region.

  
(a) (b) 

Figure 8. Power spectral density (PSD) analysis of the three-phase averaged stator current for Window
3. (a) Zoomed PSD in the protected harmonic region showing preservation of the fundamental
component and higher-order harmonics after denoising. (b) Full-spectrum PSD highlighting the
attenuation band and the notch introduced in the rejection region.

For Window 1 (Figure 7a), the zoomed PSD shows that the proposed framework
closely reproduces the RAW spectrum, preserving the fundamental component and higher-
order harmonics with negligible deviation. This observation is consistent with the minimal
spectral errors reported in Tables 6 and 7. In contrast, the wavelet shrinkage baselines
introduce visible distortions: WS-Optimized partially suppresses harmonic peaks, while
WS-Fixed significantly alters the spectral envelope. The EMD method preserves the har-
monic structure more faithfully but produces no noticeable attenuation in the evaluated
band. The full-spectrum view (Figure 7b) highlights the strong attenuation notch intro-
duced by the Butterworth band-stop filter within the predefined stopband, where spectral
energy is almost completely removed.

A similar pattern is observed for Window 3 (Figure 8). The zoomed PSD (Figure 8a)
again confirms that the proposed framework preserves the harmonic structure, maintaining
a spectral envelope nearly identical to the RAW signal. In contrast, the wavelet shrinkage
methods introduce broader distortions, particularly for WS-Fixed, while EMD maintains
spectral shape but without measurable attenuation. The full-range PSD (Figure 8b) further
emphasizes the pronounced attenuation notch produced by the Butterworth filter in the
rejection band.
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These results highlight a limitation of fixed filtering approaches: defining a cutoff
frequency fc without prior knowledge of disturbance characteristics may remove diagnosti-
cally relevant spectral components. In motor condition monitoring, higher-order harmonics
and modulation sidebands often contain information related to mechanical faults such
as bearing defects or rotor asymmetries. If these components fall within the stopband,
the filter suppresses them entirely. In contrast, the proposed framework preserves the
harmonic structure of the stator current while isolating disturbance-driven fluctuations
through multiresolution analysis, ensuring that the spectral information remains fully
available for diagnostic interpretation.

5.2.4. Harmonic Component Preservation

To further assess spectral integrity, the deviations of the principal harmonic compo-
nents and their associated sidebands were evaluated. Tables 8 and 9 report the spectral
deviations for H1, H9, H11, and H13 and their slip-related sidebands for analysis windows
1 and 3. The proposed framework preserves all evaluated components with negligible de-
viations, typically below 10−3 dB. In both windows, Proposed-UNIVERSAL and Proposed-
SURE maintain deviations essentially equal to zero for the fundamental component and
higher-order harmonics, including their associated sidebands.

Table 8. Spectral deviations of harmonic and sideband components after denoising (Window 1).

Spectral
Component f0(Hz) Raw_dB

∆ Proposed
UNIVERSAL

(dB)
∆ Proposed
SURE (dB)

∆ Butter
(dB)

∆ WS-Opt
(dB)

∆ WS-Fix
(dB)

∆ EMD
(dB)

H1 60.06 −5.229 −0.000 0.000 −0.000 −0.000 −27.759 −0.000

H1 − fr 26.37 −36.590 −0.000 0.000 −0.000 −0.000 10.051 0.005

H1 + fr 93.75 −34.811 −0.000 0.000 −0.001 0.018 −17.001 −0.000

H1 − 2sfs 55.94 −5.229 −0.000 0.000 −0.000 −0.000 −27.759 −0.000

H1 + 2sfs 64.18 −5.229 −0.000 0.000 −0.000 −0.000 −27.759 −0.000

H9 540.53 −48.139 −0.000 −0.000 −0.004 0.151 −8.723 0.000

H9 − fr 506.84 −48.532 −0.000 −0.000 −0.002 −0.186 −8.821 −0.000

H9 + fr 574.22 −50.684 −0.000 −0.000 −0.008 0.217 −6.623 −0.000

H9 − 2sfs 536.41 −50.032 −0.000 −0.000 −0.003 0.057 −7.932 0.000

H9 + 2sfs 544.64 −48.139 −0.000 −0.000 −0.004 0.151 −8.723 0.000

H11 660.64 −51.477 −0.000 −0.000 −0.045 −0.260 −6.334 −0.000

H11 − fr 626.95 −49.486 −0.000 −0.000 −0.021 −0.385 −6.229 −0.000

H11 + fr 694.34 −49.989 −0.000 −0.000 −0.087 −0.509 −5.967 0.000

H11 − 2sfs 656.53 −46.331 −0.000 −0.000 −0.035 −2.631 −11.480 −0.000

H11 + 2sfs 664.76 −51.477 −0.000 −0.000 −0.045 0.039 −3.368 −0.000

H13 780.76 −49.344 −0.000 −0.000 −0.428 −1.345 −6.285 −0.000

H13 − fr 747.07 −50.343 −0.000 −0.000 −0.232 −1.325 −5.668 0.000

H13 + fr 814.45 −51.407 −0.000 −0.000 −0.977 −1.147 −4.372 0.003

H13 − 2sfs 776.64 −46.840 −0.000 −0.000 −0.402 −3.283 −8.271 −0.000

H13 + 2sfs 784.88 −51.448 −0.000 −0.000 −0.570 −2.354 −5.410 0.006

In contrast, the baseline methods introduce larger spectral alterations. The Butterworth
band-stop filter produces moderate distortions, reaching deviations of about −0.98 dB for
H13 + fr component. The wavelet shrinkage baselines show stronger effects: WS-Optimized
introduces deviations up to −3.87 dB; while WS-Fixed yields the largest distortions, reach-
ing −27.7 dB for components around the fundamental and −23.5 dB for sidebands in
Window 3. The EMD method also preserves harmonic amplitudes with small deviations;
however, as shown in Tables 6 and 7, this occurs with almost no disturbance attenuation.
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Table 9. Spectral deviations of harmonic and sideband components after denoising (Window 3).

Spectral
Component f0(Hz) Raw_dB

∆ Proposed
UNIVERSAL

(dB)
∆ Proposed
SURE (dB)

∆ Butter
(dB)

∆ WS-Opt
(dB)

∆ WS-Fix
(dB)

∆ EMD
(dB)

H1 60.06 −4.995 −0.000 0.000 0.000 0.000 −27.194 −0.000

H1 − fr 26.37 −36.600 −0.000 0.000 0.001 −0.000 6.987 −0.004

H1 + fr 93.75 −36.366 −0.000 0.000 0.001 0.000 −23.477 −0.000

H1 − 2sfs 55.94 −4.995 −0.000 0.000 0.000 0.000 −27.194 −0.000

H1 + 2sfs 64.18 −4.995 −0.000 0.000 0.000 0.000 −27.194 −0.000

H9 540.53 −49.683 −0.000 −0.000 −0.003 −1.021 −9.126 0.000

H9 − fr 506.84 −51.940 −0.000 −0.000 −0.002 0.001 −6.205 −0.000

H9 + fr 574.22 −51.289 −0.000 −0.000 −0.008 −0.010 −6.737 0.000

H9 − 2sfs 536.41 −49.683 −0.000 −0.000 −0.003 −1.021 −9.126 0.000

H9 + 2sfs 544.64 −52.856 −0.000 −0.000 −0.004 −0.128 −5.952 −0.000

H11 660.64 −52.829 −0.000 −0.000 −0.036 −1.021 −5.754 0.000

H11 − fr 626.95 −50.900 −0.000 −0.000 −0.018 0.001 −7.786 0.000

H11 + fr 694.34 −51.028 −0.000 −0.000 −0.079 −0.010 −6.183 0.000

H11 − 2sfs 656.53 −48.804 −0.000 −0.000 −0.035 −1.021 −9.779 −0.000

H11 + 2sfs 664.76 −51.591 −0.000 −0.000 −0.048 −0.128 −6.612 0.000

H13 780.76 −52.843 −0.000 −0.000 −0.518 −1.406 −4.720 0.000

H13 − fr 747.07 −53.177 −0.000 −0.000 −0.247 −0.382 −4.271 −0.000

H13 + fr 814.45 −51.580 −0.000 −0.000 −0.914 −2.832 −4.063 −0.000

H13 − 2sfs 776.64 −50.377 −0.000 −0.000 −0.394 −3.872 −7.186 −0.000

H13 + 2sfs 784.88 −52.843 −0.000 −0.000 −0.518 −2.560 −4.720 0.000

Overall, the proposed framework preserves the harmonic structure—including the
fundamental, higher-order harmonics, and their sidebands—with negligible deviations,
while baseline methods introduce progressively larger distortions. This capability ensures
spectral fidelity and supports reliable motor condition monitoring.

6. Conclusions
This paper presented a physically constrained wavelet-based denoising framework for

three-phase induction motor current signals, designed to suppress disturbance-dominated
components while preserving diagnostically meaningful spectral information. Experimen-
tal results obtained from real three-phase stator current measurements under steady-state
operating conditions show that the proposed method achieves noise reduction ratios on
the order of 8–10 dB while maintaining spectral deviations of the main harmonic compo-
nents below 10−3 dB, effectively within numerical precision. These results indicate that
the denoising process removes disturbance-dominated fluctuations without altering the
deterministic spectral structure of the current signal.

A key contribution of this work is the formulation of denoising as a physically con-
strained optimization problem, where wavelet parameters are selected through a multi-
criteria objective function that jointly maximizes disturbance attenuation while preserving
harmonic amplitudes, sideband structures, inter-phase coherence, and time-domain wave-
form integrity. This formulation enables both global optimization for short-duration signals
and adaptive window-wise optimization for long-duration recordings, allowing the frame-
work to operate consistently across segmented analysis intervals.

Comparative analysis with conventional baselines further highlights the advantages
of the proposed approach. While the Butterworth band-stop filter achieves strong attenu-
ation within predefined rejection bands, it introduces spectral distortions that propagate
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to neighboring components. The wavelet shrinkage baselines exhibit even larger alter-
ations: WS-Optimized produces deviations of several decibels, while WS-Fixed introduces
distortions exceeding 20–30 dB in several harmonic components, effectively suppressing
parts of the harmonic structure. The EMD approach preserves harmonic amplitudes more
faithfully but provides almost no disturbance attenuation, leaving disturbance energy
essentially unchanged. In contrast, the proposed framework consistently preserves the
harmonic components H1, H9, H11, and H13, together with their slip-related sidebands,
across different analysis windows.

It is important to emphasize that the present study focuses exclusively on steady-state
operating conditions and, therefore, does not include experiments under varying load con-
ditions or mechanical fault scenarios. Such operating regimes introduce additional spectral
dynamics that require dedicated investigation and will be addressed in future work. Conse-
quently, the objective of this study is not to perform fault diagnosis directly, but to establish
a physically consistent preprocessing framework capable of preserving diagnostically
relevant spectral information prior to advanced condition monitoring algorithms.

Overall, the results indicate that the proposed approach provides a robust and phys-
ically grounded preprocessing stage for stator current analysis, particularly suitable for
segmented analysis, short-duration measurements, and long-duration recordings requiring
adaptive processing. Thus, the framework establishes a reliable foundation for current-
based diagnostics in electrical machines and paves the way for future wavelet-based fault
diagnosis methodologies.
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