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Abstract

Mechanical looseness is one of the most common faults affecting rotating machinery and
may lead to severe degradation or catastrophic failure if not detected at early stages. This
paper presents a vibration-based methodology for looseness diagnosis in rotating shafts
using Wavelet Packet Transform (WPT) energy analysis and supervised feature relevance
evaluation. Experiments were conducted on a rotating machinery test bench under healthy
and defective conditions with an artificially introduced diametral clearance of 0.5 mm.
Vibration signals acquired at different rotational speeds were processed through WPT to
extract packet energy features from the time-frequency domain. Neighborhood Component
Analysis (NCA) was employed to evaluate the discriminative capability of the extracted
features and to investigate the distribution of looseness-related information across the WPT
packets. The results revealed that mechanical looseness generates characteristic energy
redistribution patterns concentrated within specific frequency regions and that rotational
speed significantly influences the localization and separability of the fault-related vibration
components. The influence of different mother wavelets was additionally analyzed, show-
ing clear operating-condition-dependent differences in the discriminative relevance of the
extracted WPT energy features.

Keywords: mechanical looseness; rotating machinery; Wavelet Packet Transform; mother
wavelet selection; Neighborhood Component Analysis; vibration analysis; fault diagnosis;
condition monitoring

1. Introduction

Rotating machinery is widely used in industrial sectors, including manufacturing,
transportation, energy production, and automated production systems. Failures in rotating
components can generate severe economic losses, operational downtime, and safety haz-
ards. Consequently, the development of reliable condition monitoring systems has become
a critical research topic in modern industrial engineering [1-4].

Traditional maintenance strategies were based on corrective interventions performed
after failures occurred. Although this approach minimizes initial maintenance costs, un-
expected failures may cause severe disruptions in industrial production lines. Preventive
maintenance strategies were introduced to mitigate these risks by performing periodic
inspections and component replacements regardless of the actual machine condition [2,5].
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Recent advances in Industry 4.0 technologies have enabled the development of predic-
tive maintenance frameworks in which sensors, data acquisition systems, and intelligent
algorithms continuously monitor the operational state of industrial machines. In predic-
tive maintenance, faults are detected during operation before catastrophic failures occur,
enabling optimized maintenance planning and improved system reliability [3,6,7].

Among the faults affecting rotating machinery, mechanical looseness represents one
of the most frequent and potentially damaging conditions. Looseness typically originates
from assembly errors, mechanical wear, insufficient tightening of mechanical components,
or dimensional tolerances between interacting elements such as shafts, couplings, bearings,
and housings [8]. When mechanical looseness develops, intermittent contact between
components produces impacts, nonlinear vibration behavior, and energy transfer across
a wide frequency spectrum. Early-stage detection is particularly challenging because
looseness may generate weak and non-stationary vibration components masked by other
dynamic phenomena [9,10].

Vibration analysis has long been recognized as one of the most effective diagnostic
tools for rotating machinery. Changes in vibration signals often reveal the presence of
mechanical defects before they become visually detectable. Frequency domain techniques
such as Fast Fourier Transform (FFT) remain widely used for fault detection; however,
these methods may present limitations when analyzing non-stationary signals [11,12].

To overcome these limitations, time—-frequency signal processing methods have been
extensively investigated in recent years. Wavelet-based approaches have demonstrated
strong capabilities for analyzing non-stationary signals and extracting fault-related features
from rotating machinery vibrations [1,13]. Recent studies have further highlighted the im-
portance of advanced time—frequency representations for improving diagnostic robustness
under varying operating conditions [14,15].

The selection of an appropriate mother wavelet remains one of the main challenges
in wavelet-based fault diagnosis, as the chosen wavelet directly affects the quality of the
time—frequency representation and the separability of fault-related features [16-18]. In
many previous studies [19-21], mother wavelet selection has commonly been performed
using empirical methodologies based on energy distributions, statistical indicators, or
application-specific criteria [22]. Although these methodologies may provide satisfactory
diagnostic performance, they are often based on empirical criteria that do not guarantee
an objective or interpretable assessment of the discriminative capability of the extracted
features. As a result, the systematic evaluation of mother wavelets under varying operating
conditions remains an open challenge in rotating machinery diagnostics [18,23].

The Wavelet Packet Transform (WPT) extends classical wavelet analysis by recursively
decomposing both approximation and detail components of the signal, providing improved
frequency resolution. Previous studies have demonstrated that WPT energy features can
effectively characterize vibration signals generated by mechanical faults in rotating ma-
chinery [20,24]. Recent studies have explored the use of machine learning techniques
not only for fault classification but also for feature relevance analysis and representation
optimization in vibration-based diagnostics. Supervised feature relevance analysis can pro-
vide quantitative information regarding the discriminative capability of extracted features,
enabling more objective evaluation of signal processing strategies under different operating
conditions [25-28].

The present study proposes a methodology for mechanical looseness diagnosis in
rotating shafts based on WPT energy analysis and supervised feature relevance evaluation.
Neighborhood Component Analysis (NCA) was employed to quantitatively evaluate the
discriminative capability of the extracted WPT energy features under different rotational
speeds. The study further investigates how rotational speed influences the distribution of
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vibration energy across the WPT packets and analyzes the influence of different mother
wavelets on the obtained time—frequency representations.

The main contributions of this work are: (i) supervised relevance analysis of WPT en-
ergy features for mechanical looseness diagnosis, (ii) an interpretability-oriented assessment
of vibration energy redistribution under varying operating conditions, and (iii) analysis of
the influence of rotational speed and mother wavelets on WPT-based fault characterization.

2. Materials and Methods

The proposed methodology combines experimental vibration acquisition, Wavelet
Packet Transform (WPT)-based feature extraction, and supervised feature relevance evalu-
ation using Neighborhood Component Analysis (NCA) in order to assess the capability
of different mother wavelets to characterize mechanical looseness in a controlled rotating
shaft test rig.

2.1. Experimental Test Bench and Fault Implementation

The experimental setup, shown in Figure 1, consisted of a scaled rotating shaft
mounted on a laboratory test rig, namely a Machinery Fault Simulator by SpectraQuest®
(Richmond, VA, USA) [29]. The test bench included an electric motor, a mechanical cou-
pling, a rotating shaft, two bearing supports, and an accelerometer mounted on the bearing
housing closest to the motor. The shaft was supported by two Rexnord (Milwaukee, WI,
USA) ER10K bearings and driven by the motor through the mechanical coupling.

Figure 1. Experimental test bench used for vibration acquisition, showing the motor, mechanical
coupling, rotating shaft, bearing supports, and accelerometer mounted on the bearing housing closest
to the motor.

The shaft geometry was based on a 1:8 scaled railway axle. However, the test rig
was not intended to reproduce the complete dynamic behavior of a full-scale in-service
railway axle. In the present work, it was used as a controlled and repeatable rotating shaft
system for evaluating looseness-related vibration signatures. Therefore, the results should
be interpreted as laboratory validation of the proposed diagnostic methodology, while
further tests under realistic loading and full-scale operating conditions would be required
before extrapolating the results to actual railway axle applications.
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The healthy shaft was made of aluminium and had a diameter of 20.77 mm in the
central body and 15.00 mm in the journal sections, where the shaft was supported by the
bearings and connected to the motor coupling. The main shaft dimensions relevant to the
experimental setup are summarized in Figure 2.
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Figure 2. Simplified geometry of the scaled shaft used in the experimental test bench, showing
the main longitudinal dimensions, the central body diameter, and the journal sections where the

looseness condition was introduced.

Mechanical looseness was reproduced by manufacturing and testing a second shaft
with the same material and overall geometry as the healthy shaft, but with a reduced
diameter only in the journal sections. In the defective shaft, the journal diameter was
reduced from 15.00 mm to 14.50 mm, while the central body diameter remained unchanged.
As a result, a controlled diametral clearance of 0.5 mm was generated between the shaft
and the motor coupling, as well as between the shaft and the bearings.

Therefore, the looseness condition was introduced through a repeatable geometric
modification of the shaft rather than by randomly loosening screws or altering the bearing
supports. The presence of clearance at both the motor coupling and the bearings was a
direct consequence of the reduced-diameter journal sections. This configuration represents
a controlled shaft-interface looseness condition affecting both torque transmission and
shaft support.

The imposed clearance should be interpreted as a laboratory fault severity selected
to generate measurable intermittent contact and nonlinear dynamic behavior, rather than
as an incipient looseness condition. No external load or braking resistance was applied
during the tests; therefore, the experiments were conducted under controlled laboratory
operating conditions.

2.2. Signal Acquisition and Preprocessing

Vibration signals were acquired using a Briiel & Kjeer 4383 uniaxial piezoelectric
accelerometer (HBK-Hottinger Briiel & Kjeer, Neerum, Denmark) mounted on the bearing
housing closest to the motor. Data acquisition was performed after the shaft reached steady-
state rotational speed, in order to avoid transient effects associated with startup or speed
stabilization. The sampling frequency was 6000 Hz. Each independent vibration signal
consisted of 16,384 samples, corresponding to an acquisition duration of approximately
2.73 s. This signal length was selected to ensure sufficient temporal information for WPT-
based time—frequency analysis while preserving computational efficiency and compatibility
with dyadic wavelet decomposition schemes.

For each rotational speed condition (20 Hz, 40 Hz, and 60 Hz), 100 independent
vibration signals were acquired under healthy operating conditions and 100 independent
vibration signals under mechanical looseness conditions. This resulted in balanced datasets
for supervised feature relevance evaluation, with 200 signals per rotational speed and
600 signals in total. These operating conditions were selected to investigate the influence of
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rotational speed on vibration energy distribution and on the suitability of different mother
wavelets for looseness characterization.

The number of independent signals was selected to provide a representative set of
repeated measurements for each class while maintaining a balanced dataset for NCA-based
supervised feature relevance evaluation. The use of the same number of healthy and
looseness signals avoids class imbalance effects and enables direct comparison of WPT
packet-energy distributions under the different rotational speeds.

Prior to feature extraction, the acquired signals were pre-processed through detrend-
ing and amplitude normalization in order to reduce offset components, minimize signal
variability, and improve feature consistency during the WPT analysis.

2.3. Wavelet Packet Transform

The Wavelet Packet Transform (WPT) was selected due to its capability to recursively
decompose both approximation and detail coefficients, providing enhanced frequency
resolution over the entire frequency spectrum [30]. WPT is based on the Discrete Wavelet
Transform (DWT), in which the analyzed signal is decomposed through low-pass and
high-pass filtering operations.

In the conventional DWT, a signal containing (N) samples is decomposed into approx-
imation coefficients (A), obtained through low-pass filtering, and detail coefficients (D),
obtained through high-pass filtering (Figure 3).

Signal
f=[0-m]
N samples

A signal D  signal
f=[0-m/2] \ = [n/2-m] /

N/2 samples N/2 samples

Low pass filter High pass filter

Figure 3. DWT decomposes the signal into approximation information (A) and detail information (D).

This decomposition enables simultaneous time—frequency representation of non-
stationary signals. The WPT recursively decomposes both approximation and detail co-
efficients (up to a selected decomposition level k), leading to improved frequency resolution
across the full spectrum. Consequently, WPT provides a more detailed representation of
transient vibration energy distributions associated with looseness-induced dynamic behavior.

In Figure 4, which shows a WPT decomposition tree, W (k, j), represents the set of
wavelet packet coefficients associated with the packet located at decomposition level (k)
and packet position (j), as defined in Equation (1).

Wk, j) ={wi(k,j), ..., wn(k j)} = {wi(kj)} 1)

For each vibration signal, a level-3 (k) WPT decomposition was performed, resulting
in eight frequency packets. For a decomposition level k and sampling frequency fs, the
WPT decomposition divides the frequency range from 0 to f; /2 into 2F packets. Therefore,
for the level-3 decomposition used in this study and a sampling frequency of 6000 Hz, the
eight WPT packets had a nominal bandwidth of 375 Hz.
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Figure 4. WPT decomposition for a level-3 decomposition.

A level-3 decomposition was selected as a compromise between frequency resolution,
computational simplicity, and interpretability of the WPT energy distribution. The objective
of the proposed methodology was not to achieve highly localized spectral decomposition,
but rather to evaluate the capability of different mother wavelets to characterize the global
redistribution of vibration energy associated with mechanical looseness under varying
rotational speeds. Consequently, level-3 decomposition was considered appropriate for
objective comparative wavelet evaluation.

Since each terminal WPT packet represents a specific frequency band, the energy
within each frequency band was computed from the corresponding wavelet packet co-
efficients. For the packet located at decomposition level (k) and packet position (j), the
packet-energy feature was calculated as:

E(kj) =Y Ny {wi(k, )}, 2)

where E(k, j) represents the energy of the frequency band associated with packet W(k, j),
w;(k,j) denotes the i-th wavelet packet coefficient of that packet, and N is the number
of coefficients in the packet. Consequently, each vibration signal was represented by an
8-dimensional feature vector composed of the packet energies.

Additional decomposition levels may provide improved spectral localization of fault-
related information and were therefore further investigated after the comparative mother
wavelet evaluation.

It should be noted that the WPT packet numbering does not necessarily correspond
to ascending frequency order. Therefore, the frequency ranges associated with each
packet were identified according to the corresponding decomposition bands used in the
present analysis.

2.4. Mother Wavelet Evaluation

One of the key parameters affecting the performance of the Wavelet Packet Transform
(WPT) is the selected mother wavelet. Different wavelet families exhibit distinct time—
frequency localization capabilities, regularity properties, symmetry characteristics, and
compact support lengths, which may significantly influence the resulting WPT energy
distributions and the separability of fault-related vibration features.

The present study focused on three widely used discrete wavelet families commonly
employed in vibration-based fault diagnosis: Daubechies (db), Symlets (sym), and Coiflets
(coif). These wavelet families were selected due to their suitability for discrete WPT
implementations, their compact support properties, and their well-established capabil-
ity for representing transient and non-stationary vibration signals in rotating machinery
applications [19-21].
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The evaluated mother wavelets included db2-db10, sym2-sym10, and coifl—coif5.
The Haar wavelet (db1) was excluded from the analysis due to its discontinuous shape
and limited smoothness, which may reduce its capability to accurately represent transient
vibration phenomena associated with looseness-induced impacts.

Although the selected wavelet families share several mathematical properties, in-
cluding compact support and suitability for discrete signal decomposition, differences in
symmetry, regularity, filter length, and vanishing moments may significantly influence the
resulting WPT energy distributions. Consequently, a comparative evaluation was required
to identify the most suitable mother wavelet for each operating condition.

For each evaluated mother wavelet, WPT decomposition was performed for all vi-
bration signals, packet energies were extracted, and a feature matrix of size (200 x 8) was
generated. Each row of the matrix corresponded to one vibration signal, while each column
represented the energy associated with one WPT packet. Before feature relevance analysis,
all features were standardized using z-score normalization.

2.5. Feature Relevance Analysis Using Neighborhood Component Analysis

To quantitatively evaluate the discriminative capability of the extracted WPT energy
features, Neighborhood Component Analysis (NCA) was employed [31]. NCA is a super-
vised feature weighting and dimensionality reduction technique that assigns relevance
weights according to the contribution of each feature to class separability. The algorithm
optimizes feature weights by maximizing the separation between samples belonging to
different classes while preserving neighborhood relationships among samples of the same
class. Consequently, features contributing more strongly to the discrimination between
healthy and looseness conditions receive higher relevance weights.

Given the feature matrix X € R290%8 and the corresponding class labels: Y € {0,1}*%,
where 0 represents healthy condition and 1 represents mechanical looseness condition,
NCA assigns a relevance weight to each WPT packet according to its contribution to the
separability between both classes. The overall discriminative capability of each mother
wavelet was quantified through the cumulative NCA relevance score:

w; (3)

Il
™

Il
—

where w; denotes the relevance weight associated with the (i)-th WPT packet, and S
represents the cumulative discriminative score of the analyzed mother wavelet. Higher
cumulative scores indicate that the corresponding mother wavelet produces WPT energy
features with greater capability to distinguish between healthy and looseness conditions.
Consequently, the proposed methodology enables objective comparative evaluation of
different mother wavelets based on supervised feature relevance analysis rather than
empirical or visually interpreted criteria.

2.6. Comparative Analysis

Finally, the cumulative NCA scores obtained for all evaluated mother wavelets
were compared in order to identify the most suitable wavelet configuration for each
operating condition.

In addition to the global relevance score, the distribution of individual NCA weights
across the WPT packets was analyzed to identify the frequency regions most sensitive to
looseness-induced vibration behavior. This comparative analysis enabled the evaluation of
how different mother wavelets represented fault-related energy redistribution within the
time—frequency domain under varying rotational speeds.

Consequently, the proposed methodology enables:
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Objective mother wavelet evaluation based on supervised feature relevance analysis;
Quantitative comparison of WPT-based time—frequency representations;
Identification of informative WPT frequency regions for looseness characterization;
Assessment of the influence of rotational speed on vibration energy redistribution.

To improve the clarity and reproducibility of the proposed methodology, the complete
WPT-NCA workflow is summarized in Figure 5.

Level-3 WPT
decomposition for Packet-energy feature
different mother extraction
wavelets

Vibration signal
acquisition and
preprocessing

Mother wavelet
comparison under Cumulative NCA NCA-based feature

each operating score calculation relevance evaluation
contition

Fault-sensitive packet
identification and
result interpretation

Figure 5. Flowchart of the proposed WPT-NCA methodology for mechanical looseness diagnosis.

3. Results and Discussion

3.1. Time-Domain Vibration Analysis

Figure 6 presents representative vibration signals acquired under healthy and loose-
ness conditions at 60 Hz rotational speed.

15 Healthy vs looseness vibration signals (60 Hz)

Looseness condition
Healthy condition

Amplitude (V)

-15 I I I I I

0 0.5 1 1.5 2 2.5
Time (s)

Figure 6. Time-domain vibration signals acquired under healthy and looseness conditions (60 Hz).

The looseness condition exhibits larger amplitude fluctuations and more impulsive
transient behavior compared with the healthy condition. These effects are associated
with intermittent mechanical contacts and nonlinear dynamic interactions generated by
looseness within the rotating assembly.

The observed non-stationary behavior justifies the use of time—frequency analysis
techniques such as WPT for fault characterization.
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3.2. Comparative Mother Wavelet Evaluation

Figure 7 presents the cumulative NCA relevance scores obtained for all evaluated
mother wavelets under the three analyzed rotational speed conditions.

55 T T T T T T T T T T T T T T T T T T T T T T T
—6—20Hz
—HE—40 Hz
5r 60 Hz | |
© 45 ]
[}
O
D
< 4L _
O 4
z
(]
2
i 351 .
>
IS
]
o 3t 1
25 B
2

| I IS (S (S SN N S [ I S S S S S — N S S S S— —
N O T OMNOVWHIONMNMTWWONOWWOOO AN M < W0
88888888 EEEEEEEE 5575
>SN > > > > > >
'mewwmwwmaooooo
Mother Wavelet

Figure 7. Cumulative NCA relevance scores for all evaluated mother wavelets.

The cumulative NCA relevance score was used as a relative supervised metric to
compare the discriminative capability of the WPT packet-energy features obtained with
different mother wavelets. For a given rotational speed, all mother wavelets were evaluated
using the same dataset, the same WPT decomposition level, the same number of packet-
energy features, and the same NCA configuration. Therefore, differences in the cumulative
NCA score reflect changes in the overall supervised relevance of the feature set generated
by each mother wavelet. This score should be interpreted as a comparative relevance
indicator within the same operating condition, rather than as an absolute measure of fault
severity or vibration energy.

A clear variation in the cumulative scores can be observed among the evaluated
wavelet families, indicating that the selected mother wavelet significantly influences the
discriminative capability of the extracted WPT energy features.

The results additionally reveal a strong influence of rotational speed on the distribution
of feature relevance. The highest cumulative NCA scores were generally obtained under the
20 Hz operating condition, whereas lower cumulative scores were observed at 40 Hz and
60 Hz. It should be noted that these cumulative NCA scores are primarily used here for the
comparative evaluation of mother wavelets within each operating condition, rather than
as a direct measure of the absolute fault severity or vibration energy separation between
different rotational speeds. Therefore, the lower cumulative scores obtained at higher
speeds do not necessarily imply a weaker physical manifestation of looseness, but rather
indicate that the discriminative information is distributed and weighted differently within
the WPT feature space.

Under the 20 Hz condition, the highest discriminative capability was obtained us-
ing the coifl mother wavelet, which produced a substantially larger cumulative NCA
score than the remaining evaluated wavelets. At 40 Hz, the highest cumulative NCA
relevance score was obtained using sym?2, whereas at 60 Hz the best-performing mother
wavelet was sym5. These results demonstrate that the optimal mother wavelet depends
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on the operating condition and cannot be considered independent of rotational speed.
Consequently, the proposed supervised relevance analysis methodology enables objective
operating-condition-dependent wavelet selection instead of relying on empirical or visually
interpreted criteria.

3.3. Wavelet Packet Relevance Analysis

To investigate how the discriminative capability was distributed within the WPT
decomposition, the individual NCA relevance weights associated with each packet were
analyzed through heatmap representations.

Figure 8 presents the packet relevance distributions obtained under the 20 Hz op-
erating condition for all evaluated mother wavelets. A clear concentration of relevance
can be observed in packets P3 (1125-1500 Hz) and P7 (15001875 Hz), which consistently
exhibit the highest NCA weights across most evaluated wavelets. This behavior indicates
that looseness-related vibration information is primarily concentrated within specific WPT
frequency regions rather than uniformly distributed across the spectrum.

NCA Feature Weights 20 Hz

db2 | 8.979e-07 | 4.866e-06
db3 | 7.872e-07 | 7.418e-06
db4 | 3.204e-06 | 0.0001384
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db6 | 4.649e-06 | 1.312e-05
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coif4 | 3.098e-05 | 3.381e-05 1.442e-05 | 7.723e-05 0.0001109
coif5 | 5.846e-05 | 0.0001962 0.5528 | 1.555e-05 | 0.0005423 0.2711 L

P1 P2 P3 P4 P5 P6 P7 P8
WPT Packets

Figure 8. NCA feature weights at 20 Hz.

At 40 Hz rotational speed (Figure 9), the relevance distribution exhibits a substantial
redistribution toward lower-frequency packets. Compared with the 20 Hz condition, where
dominant relevance was concentrated in packets P3 and P7, the 40 Hz condition reveals
stronger contributions from packets P1 (0-375 Hz) and P3 (1125-1500 Hz). These results
suggest that the frequency regions most sensitive to mechanical looseness vary significantly
with rotational speed.

Under the 60 Hz operating condition (Figure 10), the relevance distribution becomes
strongly concentrated in packet P6 (2250-2625 Hz) for nearly all evaluated mother wavelets.
Compared with the lower-speed conditions, the obtained results reveal a progressive
evolution toward more localized and spectrally structured fault-related representations as
rotational speed increases.

The obtained heatmap distributions demonstrate that rotational speed significantly
influences both the WPT energy redistribution and the localization of diagnostically infor-
mative frequency regions.
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Figure 10. NCA feature weights at 60 Hz.

3.4. Statistical Validation Through Boxplot Analysis

1.4

1.2

To further investigate the physical interpretability of the NCA relevance distributions,

boxplot representations of the WPT packet energies were analyzed for healthy and looseness

conditions under different rotational speeds.

The boxplots enable visualization of the packet energy distributions, the overlap

between operating conditions, and the sensitivity of individual WPT frequency regions

to looseness-induced vibration changes. Therefore, the boxplot analysis was used as a

descriptive tool to support the physical interpretation of the WPT energy redistribution,

rather than as a formal statistical significance test.
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These boxplot results complement the NCA relevance analysis by providing a direct
visualization of the energy distributions associated with healthy and looseness conditions.
While the cumulative NCA score was used to compare the discriminative relevance of WPT
features among different mother wavelets within each rotational speed, the boxplots illus-
trate the absolute energy variation and class overlap for each packet. Consequently, both
analyses should be interpreted as complementary: NCA identifies the most informative
WPT packets for supervised discrimination, whereas the boxplots provide physical insight
into how the vibration energy is redistributed under mechanical looseness.

At 20 Hz rotational speed (Figure 11), the boxplot analysis shows visible differences
between healthy and looseness conditions in several WPT packets. Packets P3 and P7
exhibited strong class separation and were also identified as highly relevant by the NCA
analysis. However, packets P4 and P8 also showed noticeable differences between both
conditions, although their relative supervised relevance was lower than that of the most
dominant packets. This indicates that visual separation in individual boxplots and NCA-
based feature relevance provide complementary information. While the boxplots illustrate
the univariate distribution of packet energies, NCA evaluates the contribution of each
packet to supervised class separability within the complete WPT feature space.
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Figure 11. Boxplot representation of WPT packet energy distributions under healthy and looseness
conditions at 20 Hz rotational speed. The boxes represent the interquartile range, the central line
indicates the median value, and the dashed whiskers indicate the range of non-outlier data points
according to the default boxplot convention used in the analysis.

At 40 Hz (Figure 12), the vibration behavior became considerably more complex. Several
WPT packets exhibited increased energy under faulty conditions, whereas others showed
energy reduction. This behavior suggests that mechanical looseness does not simply amplify
vibration amplitudes, but rather redistributes vibration energy across multiple frequency
regions through nonlinear dynamic interactions and intermittent contact phenomena.

At 60 Hz rotational speed (Figure 13), the energy differences between healthy and
looseness conditions became more pronounced for most WPT packets. Most packets exhib-
ited substantial energy increases under faulty conditions with minimal overlap between
class distributions. These results suggest that increasing rotational speed intensifies the
vibration energy variations associated with mechanical looseness, although the supervised
NCA relevance remains concentrated in specific WPT packets, as previously observed
in Figure 10.
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Figure 12. Boxplot representation of WPT packet energy distributions under healthy and looseness
conditions at 40 Hz rotational speed. Boxplot elements are defined as in Figure 11.
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Figure 13. Boxplot representation of WPT packet energy distributions under healthy and looseness
conditions at 60 Hz rotational speed. Boxplot elements are defined as in Figure 11.

The obtained boxplot distributions confirm the capability of the proposed NCA-based
methodology to identify diagnostically informative WPT frequency regions associated with
mechanical looseness.

3.5. Supplementary Level-4 WPT Refinement at 60 Hz

To further investigate the frequency localization of the looseness-related vibration
components, an additional level-4 WPT decomposition was performed using the optimal
mother wavelet identified under the 60 Hz operating condition.

While the level-3 decomposition enabled global identification of the most discrimina-
tive WPT regions, the higher-resolution analysis provided improved spectral localization
of the fault-related vibration components.

The obtained NCA relevance map (Figure 14) revealed that the discriminative capabil-
ity was primarily concentrated in packets P10 and P12, corresponding approximately to
the frequency bands 2625-2812.5 Hz and 2437.5-2625 Hz, respectively.

The obtained results are consistent with the level-3 decomposition, in which packet P6
(2250-2625 Hz) exhibited the highest discriminative contribution. In the higher-resolution
level-4 decomposition, packet P12 (2437.5-2625 Hz), corresponding to a subband contained
within the original P6 region, remained highly relevant according to the NCA analysis.
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Figure 14. NCA relevance weights for a decomposition level of 4 at 60 Hz.

This behavior suggests that the level-3 decomposition successfully identified the global
fault-sensitive frequency region, while the finer level-4 decomposition enabled improved
localization of the discriminative vibration components associated with mechanical looseness.

Additionally, the comparison between the average WPT packet energies under healthy
and looseness conditions revealed that the packets exhibiting the largest energy variations
were not necessarily the most discriminative ones according to the NCA relevance analysis
(Figure 15).
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Figure 15. Mean WPT energy comparison at 60 Hz and a decomposition level of 4.

This observation highlights that diagnostic performance depends not only on the
magnitude of the energy variation, but also on the statistical consistency and separability
of the extracted features between operating conditions. Consequently, the proposed super-
vised relevance analysis methodology provides improved interpretability by identifying
the WPT frequency regions that maximize fault separability rather than simply maximizing
signal energy.
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Although higher WPT decomposition levels provide finer frequency resolution, they
also increase the number of packet-energy features and may reduce interpretability by
fragmenting the vibration energy distribution into a larger feature space. For this reason,
level-3 decomposition was selected as the baseline configuration for the comparative anal-
ysis performed in this study, since it provides eight WPT packets and offers a suitable
compromise between frequency resolution, feature dimensionality, computational simplic-
ity, and physical interpretability. The level-4 decomposition was therefore not intended
to replace the level-3 analysis or to define a universally optimal decomposition level, but
rather to act as a supplementary refinement step for further investigating specific frequency
regions when the level-3 analysis showed concentrated fault-related relevance.

3.6. Overall Discussion

The obtained results demonstrate that the proposed methodology is capable of char-
acterizing mechanical looseness through WPT-based vibration analysis and supervised
feature relevance evaluation under varying operating conditions. Previous WPT-based
studies have shown the usefulness of wavelet packet energy features for rotating machinery
fault diagnosis [18,22-24]. However, in many cases, WPT is mainly used as a feature ex-
traction tool, while the diagnostic interpretation relies on classification accuracy, empirical
energy comparison, or visual analysis of time—frequency representations.

The main contribution of the present work lies in the supervised interpretability
of the WPT energy representation. The proposed NCA-based methodology quantifies
the discriminative relevance of each WPT packet, allowing objective mother wavelet
comparison and identification of fault-sensitive frequency regions under different rotational
speeds. NCA was selected because it assigns relevance weights directly to the original
packet-energy features, preserving packet-level interpretability.

The observed speed-dependent changes in packet relevance can be physically related
to the nonlinear nature of mechanical looseness. The presence of clearance produces in-
termittent contact and impact-like excitation, whose frequency and intensity vary with
rotational speed. Therefore, looseness-related information is not expected to remain con-
centrated in the same frequency band under all operating conditions.

The results also showed that the WPT packets with the highest energy variations were
not necessarily the most discriminative ones according to NCA. This confirms that diagnostic
relevance depends not only on energy magnitude, but also on the consistency and separability
of the extracted features between healthy and looseness conditions. The additional level-4
WPT analysis at 60 Hz provided improved localization of fault-sensitive high-frequency
subbands, supporting the interpretation of speed-dependent energy redistribution.

Although the proposed approach shows potential for interpretable vibration-based
condition monitoring, the experiments were conducted under controlled laboratory condi-
tions using a single looseness severity and a limited set of rotational speeds. Future work
should consider additional fault severities, variable loading conditions, combined defects,
full-scale systems, and comparison with other feature selection or dimensionality reduction
techniques.

4. Conclusions

This work presented a vibration-based methodology for mechanical looseness diagno-
sis in rotating shafts using Wavelet Packet Transform (WPT) energy analysis and supervised
feature relevance evaluation through Neighborhood Component Analysis (NCA). The main
scientific contribution of the study lies in the integration of WPT packet-energy features
with supervised NCA-based relevance analysis, enabling not only fault-sensitive feature
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extraction but also interpretable identification of the WPT packets that contribute most
strongly to the separation between healthy and looseness conditions.

The obtained results demonstrated that rotational speed significantly influences the
distribution of looseness-related vibration energy within the WPT domain and the localiza-
tion of the most discriminative frequency regions. The proposed methodology additionally
showed that the most energetic frequency bands are not necessarily the most informative
ones for fault diagnosis.

A level-3 WPT decomposition was selected as the baseline configuration for the com-
parative analysis because it provided an appropriate balance between frequency resolution,
feature dimensionality, computational simplicity, and interpretability. The additional level-
4 WPT analysis was included only as a supplementary refinement step to improve the
spectral localization of fault-sensitive subbands in selected cases, rather than as the general
decomposition level adopted for the complete methodology.

Regarding mother wavelet selection, the results showed that the most suitable wavelet
depends on the operating condition. In particular, coifl provided the highest discriminative
capability at 20 Hz, sym?2 achieved the highest cumulative NCA relevance score at 40 Hz,
and symb was the best-performing wavelet at 60 Hz. These findings confirm that mother
wavelet selection should not be considered independent of rotational speed.

Overall, the proposed approach provides an interpretable framework for objective
mother wavelet evaluation, fault-sensitive packet identification, and analysis of speed-
dependent vibration energy redistribution in rotating machinery. Nevertheless, the present
study was limited to controlled laboratory conditions, a single imposed looseness severity,
and three rotational speeds without external load. Future work should extend the validation
to lower clearance levels, single-interface looseness faults, variable loading conditions,
combined defects, full-scale rotating systems, and comparison with alternative feature
selection techniques.
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