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Abstract

Vibration-based mechanical fault diagnosis has become a critical research area, mostly
driven by the need to improve equipment reliability and reduce unplanned downtime in
industrial settings. Time-Frequency Networks (TFNs) have shown strong potential here,
combining interpretable time—frequency transformations with deep learning classifiers in a
single framework. This work reproduces the original TFN model from the recent literature
and evaluates its noise robustness under additive Gaussian noise (10 dB, 0 dB, —5 dB
SNR) and impulsive noise at the same levels, across five architectures: Backbone CNN,
Random CNN, TFN-Chirplet, TEN-Morlet, and a squeeze-and-excitation attention CNN
baseline. The evaluation protocol corrects two methodological issues identified during
peer review of an earlier version of this work—window-level data leakage between train
and test splits, and selection of the best-performing training epoch rather than a fixed
final-epoch result—both of which are shown to materially affect reported outcomes. Under
the corrected protocol, TEN-Morlet remains the most noise-robust architecture, with only a
19.09% accuracy drop from clean to —5 dB AWGN, approximately 15.5 percentage points
better than Backbone CNN under the same conditions; an architectural anomaly reported in
the earlier version of this study, in which mild noise appeared to improve an unconstrained
CNN's accuracy, was not reproduced under the corrected protocol and is shown to be an
artifact of the original methodological issues. Per-class analysis and multi-model confusion
matrices further reveal that misclassifications under severe noise are dominated by con-
fusion between the same defect severity at different fault locations, rather than between
different severities at the same location as previously reported. These results indicate
that time—frequency-aware convolutional kernels improve both classification accuracy and
noise resistance under rigorous, leakage-free evaluation, and that this robustness is not
replicated by a generic attention mechanism alone.

Keywords: fault diagnosis; Time-Frequency Network; TFN; noise robustness; vibration
analysis; deep learning; Gaussian noise; impulsive noise

1. Introduction

Mechanical systems such as motors, bearings, and rotating machinery are the heart
of modern industrial operations, and when they fail the consequences range from costly
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downtime to genuine safety hazards [1-3]. This is why early fault detection has become a
core concern in predictive maintenance and condition monitoring work [4].

Vibration signal analysis is probably the most widely used tool for this purpose [5].
Techniques such as Fourier Transform, Short-Time Fourier Transform (STFT), and Wavelet
Transform have all been applied extensively to extract fault-related features from raw
vibration data [6-8]. However, there is a significant practical limitation to these methods, as
they heavily depend on expert knowledge and manual feature engineering, which makes
them hard to scale or adapt to modern factory environments [9].

Deep learning, and CNNSs in particular, have significantly altered this paradigm by
enabling automatic feature extraction from the signal directly, without the need for hand-
crafted pipelines [10-12]. It is worth noting that CNN architectures were not created for
fault diagnosis in particular. The origins of these architectures trace back to diverse fields,
drawing heavily from spatial pattern recognition in computer vision [13], temporal feature
alignment in speech processing [14], and decision space exploration in deep reinforcement
learning [15], before their adaptation to 1D mechanical signal analysis. While this progres-
sion to cross-domain applications significantly enhanced the diagnostic performance of
rotating machinery, model interpretability remains a critical challenge. Standard CNNs
still function as primarily opaque “black boxes,” leaving the industrial engineers unable to
map learned representations back to the physical mechanical principles [16].

To resolve this limitation, Time-Frequency Networks (TFNs) integrate time—frequency
transformations directly into the network architecture itself by bypassing external pre-
processing pipelines [17]. Instead of relying on unconstrained, randomly initialized con-
volutional filters, TFNs leverage the parameterized time-frequency kernels. This design
allows the network to isolate the physically meaningful spectral structures without sacrific-
ing diagnostic performance baseline [18].

Our evaluation builds directly upon the TEN framework introduced by Chen et al. in
“TEN: An interpretable neural network with time-frequency transform embedded for intel-
ligent fault diagnosis” [17]. While original work established the mathematical foundations
and demonstrated interpretability of TFNs under the idealized, laboratory-controlled con-
ditions, resilience of the parameterized kernels against corrupted input signals remained
unexamined. We first replicate the core TFN model according to the structural configura-
tions and kernel formulations detailed in [17] and validate our implementation against their
reported baseline benchmarks. Following the successful replication, we extend analysis
by systematically introducing additive white Gaussian noise (AWGN) across a range of
signal-to-noise ratios (SNRs). This stress-testing simulates the severe environmental distur-
bances—such as sensor cross-talk and mechanical vibrations—characteristic of operational
industrial settings.

The main contributions of this work are summarized as follows:

*  Successful reproduction of the original TFN framework proposed by Chen et al. [17].

*  Validation on clean vibration signals of baseline performance.

*  Systematic evaluation of the noise robustness across multiple SNR levels (10 dB, 0 dB,
and —5 dB) under the both additive Gaussian and impulsive noise.

¢  Comparative analysis of five diagnostic models including a squeeze-and-excitation
attention CNN baseline—under extreme signal corruption.

¢ Identification of the most noise-resistant TFN architecture for actual factory-
floor deployment.

¢ Identification and correction of the test-train leakage and the evaluation-protocol issue
in an earlier version of this study and transparent account of how corrected protocol
changes reported results.
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There are three specific research questions behind our investigation:

1. Do TEN-based models outperform the conventional CNN models under noisy conditions?
Which TEN kernel provides the highest robustness to Gaussian noise?
3.  How does the model accuracy degrade as signal-to-noise ratio decreases?

The remainder of the study is organized systematically to present our framework.
Section 2 contextualizes this work within the existing literature on traditional and deep-
learning-based fault diagnosis. Section 3 details methodology, dataset parameters and
noise injection frameworks by specifically introducing a corrected file-level data split and
an evaluation protocol is designed to eliminate selection bias present in the earlier studies.
Section 4 provides experimental outcomes and comparative analysis by focusing on how
the revised protocol shifts previously reported architectural findings. Finally, Section 5
summarizes our conclusion and outlines potential avenues for future research.

2. Literature Review
2.1. Traditional Fault Diagnosis Methods

Historically, the backbone of vibration-based fault diagnosis has been a classical
signal processing using FFT, STFT, wavelet transforms and related techniques [5-7,19].
Methods are well understood and can extract meaningful frequency-domain and transient
information from raw signals, but they come with real practical cost. For example, someone
with domain expertise has to design features manually, which can limit how far they can
scale in automated or smart factory settings [1,8]. Table 1 summarizes the main trade-offs.

Table 1. Comparison of traditional fault diagnosis methods.

Method Advantages Limitations

FFT Simple, fast No time localization
STFT Time-frequency analysis Fixed resolution
Wavelet Transform Multi-resolution Parameter sensitive
EMD Adaptive decomposition Mode mixing

2.2. Deep Learning-Based Diagnosis

Manual feature engineering problems are largely solved by CNN-based approaches;
ResNet and LSTM variants, for example, have pushed the classification accuracy con-
siderably high by directly learning from the raw signal data [11,12,20,21], and this shift
away from hand-crafted pipelines has been a major development in the field over the last
decade. Standard CNNs are black boxes, as they offer very little insight in what the network
actually learned or why the particular classification is made; to end users, it is a serious
limitation when industrial engineers are trying to understand and trust the system [16,22].
For scenarios that involve sequential dependencies or fluctuating operating conditions,
researchers have leveraged recurrent architectures, which have demonstrated resilience
against noisy or mislabeled data [23].

2.3. Interpretable Neural Networks

Parallel research has attempted to address the interpretability problem without sac-
rificing performance, mostly by baking knowledge of signal processing directly into the
network structure [24-26]. In general deep learning literature, interpretability methods
span a wide range, including perturbation-based approaches [24]. The paradigm includes
methods like contrastive explanation using pertinent negatives [27], routing path analysis
through internal data [28] and dissection of formal networks to quantify hidden-layer
concepts [29]. For visual interpretability, techniques such as saliency maps [30], Grad-
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CAM [31], axiomatic attribution [32] and prototype-based reasoning [33] have become
prominent standards.

The main issue is that most of these models are designed on data for 2D images.
When applied to 1D vibration transients, underlying assumptions break down, because
fundamentally the signal structure is different. This pushed researchers towards domain-
specific interpretable architectures, such as SincNet [34], Wavelet Kernel Networks [18]
and W-CNN [35]. Broader frameworks have followed by including WhiteningNet [36],
semi-supervised hybrid autoencoders [37] and resonance frequency band localization
networks [38]. However, it is noted in both [39,40] that the majority of these models still
rely on real-valued kernels by leaving them unable to fully capture complex time frequency
energy distributions.

2.4. Modern Noise-Robust Architectures

In contrast, an active branch of the literature focuses on achieving noise robustness
through architectural complexity instead of interpretability. For instance, lightweight 1D-
CNN:ss trained with direct noise injection can achieve over 97% accuracy on the CWRU
benchmark, even at a severe —10 dB SNR [41]. Attention-based architectures combining
soft-thresholding, self-activation, and self-attention mechanisms have reported over 92%
accuracy across a —9 dB to 9 dB noise range [42]. Multi-scale quaternion CNNs com-
bined with bidirectional GRUs and cross self-attention feature fusion report near-ceiling
accuracy on several public bearing datasets [43], and adaptive shapelet-based models
combining gated parallel CNNs with bidirectional LSTMs have been evaluated directly
against Gaussian, uniform, and impulsive noise on CWRU [44]. These architectures gener-
ally report higher raw accuracy under severe noise than the TEN-based and CNN-based
models evaluated in this study, but typically do not retain TFN's interpretability guarantees,
since their parameters are not constrained to follow physically motivated time-frequency
kernel profiles. This study’s scope is therefore deliberately narrower: rather than pur-
suing benchmark-leading accuracy, it asks whether physically constrained, interpretable
kernels provide meaningful noise robustness without sacrificing interpretability, using
unconstrained and attention-augmented CNN baselines as the relevant comparison points.

2.5. Research Gap

Despite all of this progress, one area has always received surprisingly little attention:
how well do these interpretable networks actually hold up when input signals are noisy?
Most evaluations, including Chen et al.’s original TEN paper, were run under clean and
laboratory-controlled conditions [17]. Notable exceptions exist; for instance, multibranch
and multiscale CNN architectures have been directly evaluated under strong noise and
variable-load conditions [20], but such noise-aware testing remains the exception rather
than norm for interpretable and physically constrained architectures specifically. While this
is a reasonable starting point, real industrial environments are not clean; sensor noise, me-
chanical vibration cross-talk and electrical interference are routinely encountered. Whether
structural constraints that make TFNs interpretable also provide inherent noise robustness
remains an unresolved question, one which this study investigates directly.

3. Proposed Method
3.1. Overall Workflow

Figure 1 gives an overview of the full pipeline of our system. Raw vibration signals
come in first, then noise is injected at the chosen SNR level, the signal gets segmented
into fixed-length windows, and it then passes through the TFN layers before entering the
classifier and evaluation stage.
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( Raw CWRU recordings ]

File-level stratified split
Whole recordings assigned before windowing

[ Train 57% } [ Val 21% J [ Test 21% ]

Noise injection
10 dB, 0 dB, -5 dB SNR

o= [ e

‘ Segmentation, 1024 samples W

Five evaluated architectures

TFN-Chirplet

Backbone CNN Random CNN Attention CNN
Physically constrained

Unconstrained Preprocessing conv. SE attention

TFN-Morlet
Physically constrained

Evaluation protocol
Validation monitors only, never selects
Test accuracy read once, at final epoch

Reported outcomes

Accuracy, 3 seeds ‘ ‘ Per-class F1 ‘ ‘ Confusion matrices ‘ ‘ Significance tests

Identical pipeline applied to all five architectures, both noise types, three seeds each

Figure 1. The proposed method flow diagram representing raw inputs, noise modeling (AWGN
and impulsive), TFconv, segmentation and feature extraction, and the dense classification layers
involved. The pipeline shown applies identically across all five evaluated architectures; the diagram’s
annotations reflect the structure of the pipeline rather than the specific number of noise types or
models compared, both of which were expanded in this revision (Section 3).

3.2. Dataset Preparation and Domain Configurations

This study uses the Case Western Reserve University (CWRU) bearing dataset [21],
which is one of the most widely used benchmarks in this field and is also the primary
benchmark used by Chen et al. [17] for the original TFN framework. All noise robustness
experiments in this study were conducted exclusively on CWRU. Earlier versions of this
manuscript also reported clean-baseline results on a planetary gearbox dataset and an
aerospace bearing dataset described in Chen et al. [17]; however, those datasets correspond
to private experimental rigs used in the original authors’ laboratory and were never released
publicly. As no independently verifiable source for that data exists, this revision restricts
its scope to CWRU and reports the absence of public gearbox and aerospace benchmarks
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for this framework as a limitation (Section 5). This study uses the 12 kHz drive-end and
fan-end CWRU recordings, rather than the 48 kHz recordings used by Chen et al. [17] for
their main CWRU comparison; Chen et al. note that diagnostic accuracy on the 12 kHz
signals is close to ceiling for most models, and switch to 48 kHz specifically to obtain
a harder, more discriminating benchmark. This difference in difficulty is relevant when
comparing absolute accuracy values against [17] in Section 4.

All signals were segmented into 1024-sample windows with no overlap. Unlike the
segment-level splitting used in earlier work, the train, validation, and test sets in this study
are constructed at the file (recording) level: entire raw recordings are assigned to exactly one
of the three splits before any windowing takes place, and the assignment is stratified by
fault class so each split contains examples of every class. This prevents windows drawn
from the same continuous recording from appearing on both sides of the split, which would
otherwise allow the model to partially recognize test-time signals it had effectively already
seen during training. Files were split approximately 57% train/21% validation/21% test.
Full dataset details are in Table 2.

Table 2. Structural overview of the CWRU bearing dataset used in this study.

Dataset Fault Classes Samples/Class Split (Train/Val/Test)
CWRU Bearing Dataset 10 classes ~600-1200 57%/21%/21%

3.3. Noise Injection Model

Noise was added to the clean vibration signals using a standard additive model:

y(#) = x(t) +n(t) ©)

where x(t) is the original signal and n(t) is the injected Gaussian noise sequence. We
defined the SNR on the standard logarithmic scale:

SNR = 10 1og10(PSig“al> @)
Phoise

A total of three levels were tested that are 10 dB, 0 dB, and —5 dB. They roughly correspond

to mild, moderate and severe industrial interference conditions.

In addition to AWGN, this study also evaluates the robustness against impulsive noise,
which represents sparse, high-amplitude disturbances better. This also includes high-
amplitude disturbances, such as electrical interference or the sudden mechanical shocks
that are encountered on factory floors. The impulsive noise model combines a low-level
background Gaussian floor with sparse high-amplitude spikes:

n(t) =030, 8(t) +Y_ars(t—tx) 3)
k

where g(t) is the standard Gaussian noise, 0}, represents the baseline noise standard devi-
ation that is required in order to meet the target SNR, f; are randomly selected impulse
locations (occurring with probability p = 0.02 per sample) and a; ~ N(0, (8¢3,)?) are the
impulse amplitudes. After adding the impulses, we rescale total noise power so that overall
SNR still matches the target in Equation (2). This allows us to directly compare AWGN and
impulsive noise conditions at each nominal SNR level.

For clarifying evaluation protocol, the noise is injected consistently into the training,
validation and test signals for the given experimental condition instead of being added
only at inference time as seen in Table 3. A separate model is completely trained from
scratch for every combination of the architecture, noise type, SNR level and random seed
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instead of training one model on clean data and then evaluating it under multiple noise

conditions. This means that each reported accuracy score in Tables 4 and 5 belongs to an

independently trained model, for which the entire training process, not just its evaluation,

took place under that specific noise condition.

Table 3. Baseline clean accuracy on the CWRU bearing dataset (3-seed mean =+ std).

Model Clean Accuracy
Backbone CNN 83.91% =+ 3.32%
Random CNN 82.76% =+ 7.05%
TFN-Chirplet 92.12% + 2.12%
TFN-Morlet 93.07% =+ 2.35%
Attention CNN 84.85% =+ 3.82%

Table 4. The validation accuracy under AWGN at different noise levels (3-seed mean =+ std).

Model Clean 10 dB 0dB —5dB

Backbone CNN 83.91% =+ 3.32% 80.85% =% 4.99% 73.19% + 5.19% 58.44% =+ 4.39%
Random CNN  82.76% + 7.05% 79.35% =+ 7.63% 68.14% + 9.20% 59.63% =+ 7.07%
TEN-Chirplet  92.12% 4 2.12% 88.67% £ 2.71% 80.06% =+ 4.58% 68.24% =+ 5.47%
TFN-Morlet 93.07% =+ 2.35% 89.91% + 3.19% 83.02% =+ 6.11% 73.98% =+ 4.25%
Attention CNN 84.85% + 3.82% 81.46% + 4.74% 74.62% =+ 4.26% 61.30% =+ 3.32%

Table 5. Validation accuracy under the impulsive noise at different noise levels, i.e., 3-seed mean = std.

Model 10 dB 0dB —5dB

Backbone CNN 80.39% =+ 4.92% 74.07% =+ 5.95% 61.78% =+ 4.32%
Random CNN 78.37% + 4.56% 66.99% + 11.01% 44.02% =+ 4.83%
TFEN-Chirplet 90.36% =+ 1.91% 85.03% =+ 4.73% 79.68% =+ 8.15%
TFN-Morlet 91.77% =+ 1.30% 84.59% =+ 3.01% 79.66% =+ 5.95%
Attention CNN 79.90% + 4.99% 74.03% =+ 8.05% 58.22% =+ 3.39%

3.4. Model Architectures

All five models are trained and evaluated under similar conditions, so the performance

difference can be attributed to architecture rather than the training setup.

Backbone CNN: A standard CNN with randomly initialized convolution kernels and
no structural constraint.

Random CNN: A modified version of the above with an extra convolutional prepro-
cessing layer inserted before the main feature extractor. Specifically, the Random CNN
is the baseline architecture in Chen et al. [17], which uses an additional preprocess-
ing convolution with non-parameterized kernels that serves as the direct structural
contrast to the TEN variants.

Attention CNN: A simplified squeeze-and-excitation (SE) attention baseline [45]
matching the exact depth and channel structure of the Backbone CNN, with an SE
block inserted after each convolutional stage. This adds only 6.2% additional parame-
ters over Backbone CNN, so any accuracy difference is attributable to the attention
mechanism rather than extra model capacity. This baseline is included to test whether
a modern, learned attention mechanism alone—without TFN'’s physically constrained
kernels—can match TEN-level noise robustness.

TFN Chirplet: This TFN variant uses parameterized kernels that are based on the
Chirplet-transform [46,47].

https:/ /doi.org/10.3390/s26144492
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¢ TFN Morlet: This TEN variant uses more complex Morlet wavelet kernels, following
Chen et al.’s formulation [17,48].

In both TFN variants, the TF-conv layer runs a real-imaginary dual-kernel mechanism
and computes a modulus feature map / as:

h= V h%eal + hizmag (4)

This gives the network an explicit, interpretable spectral magnitude representation at each
layer, rather than the opaque activations we get from standard convolutions [49].

3.5. Evaluation Metrics

We evaluate performance in this multi-class setup by using the generalized multi-class
accuracy, calculated as:
Yo TP 5)
Total

where TP, represents the true positive count, which is calculated for each individual

Accuracy =

structural fault category c across total diagnostic class boundary C. Here, every prediction
across all 10 fault classes in the CWRU dataset is counted. Accuracy drop score is used
to quantify the robustness, the difference between clean and noisy performance at each
SNR level:

Drop = Accuracy .., — Ac:curacynoisy (6)

A smaller drop represents more a noise-resistant model. That is basically the number that
matters most for deployment decisions.

For assessing the class-specific behavior that an aggregate accuracy figure can hide,
per-class precision, recall and F1-score were also computed for every model under every
noise condition:

TP,
TP, + FP.’

TP, Pl — 2 - Precision, - Recall,
TP, + FN,’ ¢ Precision, + Recall,

Precision, = Recall, = (7)
The confusion matrices were also generated for all five models under the most severe noise
condition to characterize the specific misclassification patterns that underlie each model’s
aggregate accuracy.

For supporting the comparative claims that were made between models, a paired two-
tailed t-test was performed across three random seeds and comparing the best-performing
model against every alternative under each noise condition. Because of small sample size
(n = 3), this test lacks the statistical weight to be definitive. Instead, we are presenting these
results to simply back up the differences we observed in the averages.

3.6. Training Configuration

All five networks were trained under identical settings throughout the whole experi-
ment. We used the Adam optimizer with a weight decay rate of 1 x 104, a fixed learning
rate of 0.0001 [50], gradient norm clipping at a maximum norm of 1.0 to prevent occasional
gradient explosions under high-noise conditions, and a batch size of 64 over 30 epochs,
which is enough for all configurations to reach stable convergence. All noise robustness
experiments were repeated and tested across three random seeds (42, 100, and 999) to
assess result stability; accuracy and standard deviation are reported in Table 4.

All models were implemented in PyTorch and trained on a single GPU provided
through a free Google Colab runtime. Backbone CNN, Random CNN, and Attention
CNN each use four convolutional stages with 16, 32, 64, and 128 channels, respectively,
a kernel size of 15 for the first convolutional layer and 3 for subsequent layers, followed by
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a fully connected classifier with hidden layer sizes of 256 and 64 before the final 10-class
output layer. Attention CNN additionally inserts a squeeze-and-excitation block after each
convolutional stage, using a channel-reduction ratio of 4. TEN-Chirplet and TFN-Morlet
replace the first convolutional stage with a time-frequency convolutional layer of kernel size
11 and 32 intermediate channels, following the formulation in Chen et al. [17], with kernel
parameters clamped to a physically valid range during training. All other architectural
and training hyperparameters are identical across the five models to isolate the effect of
architecture from the effect of training configuration.

Within each run, the validation set was used only to monitor training progress across
epochs; it was never used to select which epoch’s weights to report. Accuracy reported
for every model, condition and seed in this study is test-set accuracy measured once,
after the final (30th) training epoch, instead of the highest accuracy that was observed
across all epochs. This distinction matters because cherry-picking the single best epoch
score is effectively testing the model over and over until you get the highest number. This
artificially inflates the final accuracy and masks how the model actually generalizes to
new data.

4. Results and Discussion
4.1. Baseline Validation Results

Before running the noise experiments, the reproduced models were checked against
the clean-condition benchmark results from Chen et al. [17]. As described in Section 3,
the file-level train/validation/test split means clean accuracy here is reported as the 3-seed
mean (£standard deviation), consistent with the noise-condition reporting in Table 4, rather
than as a single-run value. Table 3 shows the resulting metrics for all five models.

The TFN variants retain a clear accuracy advantage over all three non-TFN architec-
tures even under clean conditions, reproducing the same architectural ranking reported
by Chen et al. [17]. Absolute accuracy is substantially lower here than in [17] for every
architecture; we attribute this gap primarily to the file-level train/test split adopted in this
study, which removes the window-level leakage present in segment-level splits, such as
the one used in the original TEN evaluation. A leakage-free split is expected to yield lower,
but more trustworthy, accuracy, since the model can no longer partially recognize test-time
windows drawn from recordings it was also trained on. The wider standard deviations
compared to earlier single-run reporting reflect genuine sensitivity to which specific files
are held out for testing under the corrected file-level split, and are discussed further in
Section 4.

4.2. Noise Robustness Evaluation

Table 4 shows how each of the five models held up as AWGN SNR dropped from clean
conditions down to —5 dB. Table 5 reports the equivalent results under impulsive noise
(Section 3), included to test whether the observed ranking generalizes beyond Gaussian
interference alone.

This general trend is visible in Figure 2. TFN-Morlet and TFN-Chirplet degrade
more gracefully than the three non-TFN architectures as noise worsens under AWGN.
By —5 dB, the performance gap between TFN-Morlet and Backbone CNN has widened to
approximately 15.5 percentage points.

https:/ /doi.org/10.3390/s26144492
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Validation accuracy vs AWGN noise level (3-seed mean +/- std)
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Figure 2. Validation accuracy vs. AWGN noise level across all five evaluated models. The standard
deviation across the 3 random seeds is shown as error bars. Wider variance compared to earlier
reporting reflects the corrected file-level train/test split.

4.3. Accuracy Drop Analysis

In order to obtain a single number characterizing each model’s worst-case noise
sensitivity, Table 6 records mean accuracy drop from the clean conditions to —5 dB under
AWGN, visualized in Figure 3.

TFN-Morlet’s 19.09% drop is the smallest among the five models, approximately
4.8 points lower than TFN-Chirplet and 6.4 points lower than the Backbone CNN at the
same noise level.

Table 6. Mean accuracy drop from clean to —5 dB under AWGN.

Model Mean Drop (%)
Backbone CNN 25.47
Random CNN 23.13
TEN-Chirplet 23.88
TEN-Morlet 19.09
Attention CNN 23.55

Accuracy drop: Clean -> SNR -5dB (AWGN)

25.5%
254

23.9%

204

-
o

Accuracy Drop (%)

=
o

2\ W ipret et ow
aaC\‘ho“e’c gand"“\’c e fond e Wer\"“’“’
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Figure 3. Accuracy drop comparison highlights the total degradation from clean to the —5 dB
conditions under AWGN, across all five evaluated models.
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4.4. Discussion
4.4.1. The Overall Trend and Corrected 10 dB Result

The main result confirms that the TFN-based models outperform conventional CNNs
under the noise and that this advantage grows significantly as the SNR decreases. TFN-
Morlet is the most robust of the the five architectures tested, retaining 73.98% accuracy at
—5 dB AWGN (Table 4), consistent with expectation that physically constrained wavelet
kernels focus only on frequency bands carrying fault information while suppressing out-of-
band noise [17].

An earlier version of this study reported an anomaly at 10 dB, in which Backbone
CNN’s accuracy appeared to increase under mild noise relative to clean conditions, at-
tributed to noise acting as an implicit regularizer. Re-running the full experiment under
the corrected file-level split and final-epoch reporting protocol (Section 3) shows that
this effect does not hold: at 10 dB, every one of the five architectures—including both
TEN variants—shows a small, ordinary accuracy decrease relative to clean conditions
(approximately 3 percentage points on average; Table 4), with no architecture showing
the asymmetric improvement previously reported. This indicates the originally observed
anomaly was very likely an artifact of two compounding methodological issues in the
earlier evaluation protocol: window-level data leakage between train and test splits, and re-
porting the best validation-epoch accuracy across training rather than the accuracy at a
fixed, final evaluation point. Once both issues are corrected, noise behaves as expected at
every SNR level tested, for every architecture.

4.4.2. Robustness Under Impulsive Noise

Table 5 shows that the overall ranking observed under AWGN—TEN variants out-
performing non-TFN architectures, with the gap widening under more severe noise—also
holds under impulsive noise. One notable difference is that TFN-Chirplet matches or
marginally exceeds TFIN-Morlet under impulsive noise at 0 dB and —5 dB (85.03% vs.
84.59% and 79.68% vs. 79.66%, respectively), though paired testing (Table 7) shows this dif-
ference is not statistically distinguishable from chance. This is consistent with the Chirplet
kernel’s localized time-frequency structure being well suited to sparse, spike-like interfer-
ence, though we do not treat this as a confirmed advantage given the small effect size and
seed count.

Table 7. Paired significance tests (best model vs. each alternative) at representative noise conditions.
Asterisk denotes p < 0.05.

Condition Comparison Mean Diff. (%) p-Value Sig.
Clean TFN-Morlet vs. Backbone CNN +9.16 0.0497 *
Clean TFN-Morlet vs. Attention CNN +8.22 0.0323 *
—5dB AWGN TFN-Morlet vs. Backbone CNN +15.53 0.0065 *
—5dB AWGN TFN-Morlet vs. Random CNN +14.34 0.0189 *
—5dB AWGN TFN-Morlet vs. TEN-Chirplet +5.74 0.0605

—5dB Impulsive  TFN-Chirplet vs. Random CNN +35.66 0.0085 *
—5dB Impulsive  TFN-Chirplet vs. TEFN-Morlet +0.02 0.9935

Random CNN shows markedly higher instability under impulsive noise than any other
architecture, with a standard deviation of 11.01% at 0 dB and the lowest mean accuracy
of any model at —5 dB (44.02%, a 35.66 point gap behind TFN-Chirplet, p = 0.0085).
This suggests that Random CNN'’s unconstrained preprocessing convolution provides no
particular benefit under sparse, high-amplitude interference, and may in fact be a source
of instability relative to both the fully unconstrained Backbone CNN and the physically
constrained TFN variants.
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4.4.3. Statistical Significance

Table 7 summarizes paired t-tests comparing the best-performing model against each
alternative under every noise condition. TEN-Morlet’s advantage over Backbone CNN and
Attention CNN is statistically significant (p < 0.05) under every AWGN condition tested,
including the clean baseline. The advantage over TEN-Chirplet is directionally consistent
but does not reach significance under most of the conditions, consistent with both variants,
which draw similar benefit from physically constrained kernels.

4.4.4. Per-Class Behavior

Overall accuracy can easily mask the major weaknesses in specific categories. Table 8
reports the Fl-scores per class at —5 dB AWGN for all five models. Two patterns stand out.
First, every model is able to perform nearly perfect on the Normal class (F1 > 0.92) and
comparatively poor on the Ball 0.014 (F1 between 0.148 and 0.418 across all five models).
This indicates that this specific fault signature remains difficult to isolate under severe
noise even for the most robust architecture tested. Second, TFN-Morlet’s advantage over
Backbone CNN is not spread evenly across all ten classes. Instead, the gains are heavily
concentrated in Outer race fault classes, where the F1 score jumps from 0.478-0.577 up to
0.804-0.876.

Table 8. Fl-score per class at —5 dB AWGN (seed 42) for all five models.

Class Backbone CNN Random CNN TFN-Chirplet TFN-Morlet Attention CNN
Normal 0.991 0.922 0.999 0.998 0.990
Inner 0.007 0.557 0.521 0.663 0.745 0.636
Inner 0.014 0.466 0.618 0.623 0.633 0.464
Inner 0.021 0.724 0.669 0.825 0.852 0.733
Ball 0.007 0.782 0.416 0.711 0.837 0.827
Ball 0.014 0.148 0.306 0.400 0.418 0.154
Ball 0.021 0.568 0.528 0.566 0.605 0.622
Outer 0.007 0.546 0.630 0.847 0.874 0.703
Outer 0.014 0.478 0.607 0.777 0.876 0.276
Outer 0.021 0.577 0.664 0.830 0.804 0.756
Macro avg 0.584 0.588 0.724 0.764 0.616

4.4.5. Confusion Matrix Analysis

Figure 4 shows the confusion matrices for all five models at —5 dB AWGN, inspecting
all jointly, rather than for a single model in isolation. This reveals a consistent misclassifica-
tion pattern that was present in an earlier single-model observation. A previous version
of this study also reported that misclassifications under severe noise reflected confusion
between adjacent severities of the same fault location (e.g., a 0.014-inch inner race fault
confused with a 0.021-inch inner race fault). Examining corrected confusion matrices across
for all five architectures shows a different and more consistent dominant pattern: the Ball
0.014 fault is systematically misclassified as Inner 0.014 in every model tested, even in
some cases catastrophically (e.g., 183 of 210 Ball 0.014 samples misclassified as Inner 0.014
under Attention CNN). This indicates that under severe noise, the dominant confusion is
between the same defect severity occurring at different fault locations, instead of being between
different severities at the same location. This suggests the that defect magnitude, instead
of the defect position, becomes the dominant learned feature as signal quality degrades, a
more specific characterization of the model failure than the original single-matrix analysis
could support.
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Figure 4. Confusion matrices for all five evaluated architectures at extreme —5 dB AWGN. The domi-
nant misclassification pattern (Ball 0.014 is confused with Inner 0.014) is consistent across every model.

4.4.6. Attention Without Physical Constraints

Despite matching the Backbone CNN's exact depth and channel structure with only
6.2% parameter overhead from its SE attention blocks, the Attention CNN is unable to
approach TFN-level robustness under any noise condition (Tables 4 and 5). The accuracy
and drop profile remains close to the Backbone CNN throughout and its disadvantage
relative to the TFN-Morlet is statistically prominent in most conditions tested. This supports
the understanding that TFN’s robustness stems specifically from the physically motivated
kernel constraints, rather than any of the general benefit conferred by learned attention
mechanisms alone.

5. Conclusions and Future Work

This work set out to achieve two main objectives. The first is to reproduce the TFN
framework from Chen et al. [17], and the second is to push it into territory, which the
original paper did not cover, specifically how these models actually behave when the
input signals are noisy, as in a factory environment. Both objectives were met. This
reproduction confirms the same architectural ranking that was reported by Chen et al.
on CWRU, though the absolute clean-condition accuracy is lower across all five models
under our corrected, file-level, leakage-free split. Section 4 argues this gap is itself evidence
that leakage present in segment-level splits actually inflates reported accuracy. The noise
robustness evaluation successfully produced clear and interpretable results.

The headline of the finding is straightforward. TFN-based models hold up excep-
tionally better than conventional CNNs as the noise increases and among all the five
architectures tested, TFN-Morlet was standout, preserving the smallest accuracy drop and
strongest performance at every noise tier from 10 dB to —5 dB under both the AWGN and
impulsive noise. The primary reason, we argue, comes down to physics-constrained kernel
structure. Morlet-based filters behave much like the adaptive bandpass filters and naturally
suppress out-of-band noise, which CNNs that have unconstrained kernels simply cannot
replicate and which also a generic attention mechanism without such constraints (Attention
CNN) does not replicate. For engineers considering deployment in noisy industrial setups
where SNR regularly drops to 0 dB or below, TFN-Morlet shows the strongest results among
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the architectures evaluated here. This recommendation is based on AWGN and impulsive
noise injected into a single public benchmark dataset, and should be weighed alongside
untested factors relevant to real deployment, including colored (non-white) noise profiles,
non-stationary factory interference, variable operating loads and speeds, sensor-specific
characteristics, and inference constraints on embedded or edge hardware.

There is also a broader takeaway. Interpretability and robustness are often treated as
separate design goals, but the TFN results strongly suggest that the two can reinforce each
other. Physically meaningful kernel constraints can buy us noise resistance more or less for
free, so both goals are on the same page.

This study also illustrates a more general methodological point. An earlier iteration of
this work reported an architectural anomaly under mild noise that did not survive correc-
tion once test-train leakage and an evaluation protocol vulnerable to selection bias were
both fixed. Reporting this correction, rather than omitting it, is intended to demonstrate
that the core claims of this study—TFN’s noise robustness advantage over conventional
CNNs—hold under substantially more rigorous experimental conditions than those used
in the original evaluation, including a corrected data split, an unbiased evaluation protocol,
a second noise type, statistical significance testing, and a modern attention-based baseline.

Like any published study, this one has its limitations, and several directions seem
worth pursuing from here:

*  Extending noise robustness evaluation to additional public bearing and gearbox
datasets to test whether the observed advantage of physically constrained kernels
generalizes across mechanical domains, since the planetary gearbox and aerospace
bearing data used in the original TFN study are not publicly available (Section 3).

*  Webenchmarked our model against the recent noise-robust architectures from broader
fault diagnosis literature [41-44]. Although several models report higher raw accuracy
on the CWRU dataset under severe noise, they typically lack the interpretability
guarantees which TEN provides.

¢ Investigating transfer learning and domain adaptation across different mechanical
datasets and machine types.

e  Exploring deployment on micro-controller edge hardware, where real-time inference
constraints impose a different set of trade-offs.

*  Developing adaptive, self-tuning TFN architectures that can adjust their kernel param-
eters in response to changing noise environments.
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