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 A B S T R A C T

Accurate diagnosis of bearing faults under nonstationary operating conditions presents sig-
nificant challenges, particularly in independent cart systems where variable speeds, coupled 
translational–rotational motion, and transient dynamics substantially influence vibration sig-
nals. In such contexts, traditional time–frequency representations and unsupervised learning 
methods often yield inadequate class separation and unreliable anomaly detection results. This 
study presents a fully unsupervised diagnostic framework that overcomes existing limitations 
through two complementary innovations. First, an intelligent strategy automatically selects the 
lengths of the spectrogram windows using Theil index-based inequality measures. Second, a 
technique for reshaping distributions transforms the extracted features into compact, uniformly 
distributed representations without the need for class labels. Experimental validation using the 
MOIRA–UNIMORE bearing dataset demonstrated significant enhancements in terms of feature 
compactness and class separability. Further robustness and cross-dataset validation on the 
Case Western Reserve University and Politecnico di Torino bearing datasets corroborated the 
stability and generalizability of the proposed framework. These findings suggest that integrating 
adaptive time–frequency analysis with principled distribution reshaping provides an effective, 
computationally efficient solution for unsupervised bearing-fault diagnosis in nonstationary 
industrial environments.

1. Introduction

Recent bearing fault diagnosis research has increasingly adopted intelligent frameworks that integrate signal processing with 
machine learning to automate feature extraction under nonstationary operating conditions with variable speed and load [1,2].
Localized time–frequency methods (STFT, WT, and HHT) and adaptive decomposition techniques (EMD, EEMD, CEEMDAN, 
and VMD) are widely used to capture transient dynamics and extract fault-relevant modes [3–6]. In parallel, deep learning 
models, including convolutional neural networks (CNNs), autoencoders, and more recently transformer-based and self-supervised 
architectures, have been employed to learn hierarchical representations directly from raw signals or time–frequency images [6–11],
while unlabeled diagnostic scenarios often rely on unsupervised pipelines combining k-means, self-organizing maps, or Isolation 
Forests with autoencoder-based representation learning [12–15].

To address cross-condition variability, domain adaptation and unsupervised deep transfer learning (UDTL) have emerged as key 
paradigms for fault diagnosis without labeled target data [16–19]. Prominent approaches include feature alignment models, such as 
UFAN and domain-aligned CNNs, as highlighted in recent studies [20,21]. Additionally, there are domain generalization strategies 
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aimed at achieving invariant representations [22]. Other notable methods include hybrid time–frequency deep learning pipelines, 
such as EEMD-CWT attention, SST-CNN, and flexible generalized demodulation. Furthermore, few-shot and meta-learning models 
have been developed specifically for data-scarce environments [23–28].

Despite these advances, including recent resilient deep learning strategies designed for complex load and speed variations [29],
many methods remain benchmark-oriented and struggle in real-world deployment under noise, data shift, and limited labeling. These 
challenges are especially pronounced in industrial platforms exhibiting strong nonstationarity and hybrid translational–rotational 
dynamics, such as Independent Cart Systems (ICS).

The diagnosis of rolling-element bearings in Independent Cart Systems (ICS) [30–32] poses a unique challenge owing to the 
inherently nonstationary operating environment of these systems. Unlike traditional motor–shaft assemblies, the bearings in an ICS
maintain continuous mechanical contact with the guide rail and simultaneously undergo both translational and rotational motions as 
the cart moves along the track. This coupled kinematic behavior, driven by the mover’s variable-speed profile, bidirectional motion 
cycles, and fluctuating electromagnetic forces, induces nonlinear time-varying dynamics in the measured vibration signals [33–35].

These conditions cause the embedded feature space — whether derived from handcrafted descriptors, spectral representations, 
or modern nonlinear projections — to deviate significantly from the idealized assumptions of stationarity and geometric regularity. 
When manifold learning techniques such as t-distributed stochastic neighbor embedding (t-SNE) [36,37] or uniform manifold
approximation and projection (UMAP) [38–40] are applied, the latent space commonly exhibits:

• elongated, curved, or spiral-shaped trajectories produced by simultaneous translation–rotation dynamics,
• speed- and position-dependent drift in the low-dimensional embedding,
• strong local density imbalance across different motion phases,
• partial or substantial overlap between healthy and faulty states.
These geometric distortions impede the performance of unsupervised learning algorithms, particularly clustering and one-

class anomaly detection, which rely on compact intra-class structures and well-separated inter-class boundaries. Conventional 
variance-stabilizing or Gaussianizing transformations do not adequately correct these nonlinear effects, necessitating a principled
preprocessing strategy that actively reshapes the distribution before downstream learning.

Non-Gaussian characteristics in process and vibration data have long posed challenges for control performance assessment, relia-
bility analysis, anomaly detection, and fault diagnosis, motivating the development of distribution transformation and regularization 
strategies to Gaussianize or homogenize data. Early efforts focused on quantile-based and power transformations, which provide 
interpretable and training-free mechanisms for approximating Gaussianity. For instance, a quantile transformation preserving mutual 
information while mapping non-Gaussian system outputs to Gaussian-like representations was proposed in [41] to enable consistent 
controller benchmarking under non-Gaussian disturbances.

Subsequent research extended Gaussianization to high-dimensional settings. Rotation-Based Iterative Gaussianization (RBIG) [42,
43] combines marginal Gaussianization with orthonormal rotations to achieve joint Gaussian representations, with later extensions 
introducing convolutional RBIG for scalable layer-wise processing [44]. Hardware-efficient implementations such as ORBIG [45]
and fully unsupervised invertible Gaussian models with explicit likelihood estimation [46] further demonstrate the effectiveness of 
distribution Gaussianization as a model-free preprocessing paradigm.

In industrial fault diagnosis, power transformations such as Box–Cox [47] and Yeo–Johnson [48] are widely used to regularize 
skewed or heavy-tailed monitoring statistics. Their integration into multi-regime canonical correlation analysis enables Gaussian-
based control limits under varying conditions [49], while related preprocessing strategies have improved the robustness of 
HVAC fault detection [50] and addressed class imbalances in transformer diagnostics [51]. Beyond marginal normalization, Box–
Cox concepts have been embedded directly into fault-sensitive metrics, including sparsity-enhanced measures for weak fault 
amplification [52] and generalized envelope-spectrum formulations for low signal-to-noise environments [53].

Parallel studies have explored distribution-aware and sparsity-driven transformations for blind filtering and deconvolution in 
nonstationary vibration signals. Box–Cox-based sparse measures unify kurtosis- and entropy-driven criteria to extract impulse-
dominated components under strong noise and cyclostationary interference [54,55], with extensions incorporating cyclic band
sparsity and fractional lower-order statistics to improve robustness. Structural simulation and modal analysis have been combined 
with Box–Cox sparse-measure-based deconvolution to enhance resonance-band selection in large-scale systems, such as wind 
turbines [56]. Box–Cox transformations have been utilized in dynamic reliability analysis by employing transformed extreme-value 
distributions [57].

Unsupervised and one-class methodologies have additionally advanced nonparametric density modeling for characterizing nomi-
nal behavior in non-Gaussian environments. Representative approaches include ICA–DW–SVDD frameworks for feature decorrelation 
and one-class encapsulation [58], kernel density estimate (KDE)-based anomaly detection for electric motor monitoring [59], and
lightweight KDE detectors capable of adapting to gradual concept drift using only healthy data [60]. Related domain-alignment 
strategies, such as Variance Discrepancy Representation (VDR), explicitly manage mean and variance mismatches across domains 
under heavy-tailed distributions [61].

Despite their demonstrated effectiveness in signal enhancement, statistical regularization, and threshold calibration, these 
techniques are predominantly developed at the signal, spectral, or scalar-statistic levels. Consequently, they do not explicitly 
address the geometry, multimodality, or density imbalance of low-dimensional feature spaces produced by nonlinear embedding.
These limitations are particularly evident in clustering and unsupervised fault diagnosis under strongly nonstationary conditions, 
underscoring the need for preprocessing strategies that directly reshape dynamically induced feature manifolds while preserving 
class structure and discriminability.
2 
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The limitations inherent in the current distribution normalization and density homogenization techniques highlight a broader
issue: effective vibration-based diagnosis under non-stationary conditions cannot depend solely on distribution reshaping. In practical 
applications, the efficacy of subsequent clustering and anomaly detection is limited by the time–frequency representation used to 
extract features. Nonstationary vibration signals often require windowed transforms; however, fixed or manually adjusted parameters 
yield inconsistent spectrogram quality across different operating conditions. Consequently, even the most sophisticated reshaping 
methods are inadequate when the foundational representation is suboptimal. These findings underscore the need for an integrated 
framework that combines adaptive time–frequency analysis with systematic distribution reshaping, ensuring that both representation 
and statistical geometry are optimized for unsupervised diagnosis.

Beyond distribution normalization, extensive research has addressed nonstationarity at the representation and feature-extraction 
level through time–frequency (TF) analysis, manifold learning, and data-driven models. Classical and adaptive TF methods, including 
generalized and optimized S-transform variants, optimized weight TF analysis, and adaptive STFT formulations, aim to enhance 
fault-related spectral concentration via resolution adjustment, convex optimization, or energy redistribution [62,63]. While effective 
in highlighting time-varying fault frequencies and suppressing noise, these approaches primarily focus on TF representation en-
hancement or signal reconstruction, without explicitly considering the impact of nonstationarity-induced distortions on downstream 
feature spaces.

To capture nonlinear and transient structures in TF representations, time–frequency manifold (TFM) learning frameworks 
have been proposed, leveraging nonlinear dimensionality reduction techniques such as locally linear embedding, local tangent 
space alignment, and Laplacian eigenmaps to generate compact descriptors [64]. Subsequent developments introduced fast TFM
learning and TF manifold image synthesis by combining TF analysis with wavelet-based compression, histogram matching, and
manifold-guided reconstruction to enhance transient features at a reduced computational cost [65,66]. In parallel, distribution-aware 
spectral preprocessing techniques, including ECDF-based statistical spectral analysis [67] and cumulative distribution sharpness 
profiling [68], have enabled training-free fault diagnosis under variable-speed and tacholess conditions. However, they remain 
limited to marginal or spectral statistics and do not explicitly address feature-space geometry or multimodality.

More recently, bearing fault diagnosis has increasingly integrated TF representations with supervised deep feature learning, where 
vibration signals are transformed into TF images via STFT, CWT, or related transforms and processed using CNN–LSTM architec-
tures, attention-enhanced hybrid models, YOLO-based detectors, and transfer-learning frameworks [69–71]. Extensions addressing 
limited data quality and cross-condition variability incorporate robust network designs, pseudo-labeling, and knowledge transfer 
strategies [72–74], with comparative studies confirming the critical influence of TF representation on diagnostic performance in 
noisy conditions [75]. In these pipelines, feature alignment and transformation are implicitly learned via supervised training. At 
the same time, dimensionality reduction techniques such as t-SNE are typically used only for visualization rather than as functional 
diagnostic components.

In contrast to existing TF-based and TF–DL approaches, which primarily emphasize spectral concentration or supervised 
representation learning, the proposed TAIW strategy explicitly optimizes the statistical concentration of TF representations using the 
Theil index, yielding spectrograms that are inherently more consistent across operating regimes. Furthermore, unlike TF manifold
learning and deep models that rely on supervised or implicit transformations, the proposed DRBT directly reshapes low-dimensional 
embeddings in a fully unsupervised and deterministic manner, explicitly addressing multimodal and density-imbalance issues. As a
result, the integrated TAIW–DRBT framework simultaneously optimizes representation quality and feature-space geometry without 
requiring labeled data, network training, or retraining across datasets.

Unlike conventional time–frequency optimization strategies that focus on energy concentration or reconstruction fidelity, the 
proposed approach introduces a statistical optimality criterion based on inequality theory, providing a theoretically grounded 
link between time–frequency representation quality and downstream feature-space geometry. This explicit coupling between 
representation-level statistical concentration and embedding-level distribution reshaping constitutes a key methodological departure 
from existing bearing fault diagnosis frameworks.

Modern industrial systems increasingly require lightweight automated fault diagnosis frameworks that operate reliably under 
real-time constraints. Although deep learning models offer strong representational power, their reliance on large labeled datasets 
and high computational costs limits their applicability in several industrial scenarios. In such settings, signal transforms remain 
indispensable, as they reveal fault signatures hidden within raw, nonstationary vibration signals by projecting them into joint time–
frequency domains. However, conventional transforms rely on fixed parameters and fail to adapt to varying speeds and transients, 
resulting in inconsistent representations and information loss issues. Moreover, the resulting statistical distributions of the extracted 
features are frequently irregular and multimodal, with significant overlap between fault classes, thereby increasing false alarms and
misclassifications in unsupervised learning.

The challenge associated with Independent Cart Systems (ICS) does not inherently arise from the use of fixed window lengths per 
se, but rather from the dependence on manually selected or heuristically adjusted windows in extensive, nonstationary environments. 
In practical applications, ICS installations consist of multiple carts, each equipped with several bearings that operate continuously 
over extended periods and along diverse trajectories. Under these conditions, selecting an appropriate time–frequency window 
through visual inspection, heuristic rules, or trial-and-error methods is impractical and non-reproducible. Although a single fixed
window may ultimately be employed for analysis, its value must be determined automatically and objectively from the data to ensure 
consistency across various operating regimes. This necessity drives the development of principled, data-driven window selection 
criteria that maintain the simplicity of fixed-window representations while eliminating the need for manual tuning and addressing 
scalability limitations.
3 
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A significant limitation inherent in the current Gaussianization and density regularization methodologies is rooted in their 
operational objectives rather than their statistical validity. Gaussianization techniques predominantly aim to transform data towards 
an ideal global distribution, typically characterized by a zero-mean, unit-variance Gaussian, through processes such as marginal
normalization, probabilistic modeling, or invertible transformations. Although these methods are effective in mitigating skewness 
and heavy tails, they generally maintain inter-class overlap within embedded spaces. In contrast, density-homogenization strategies 
focus on equalizing the sample density but fail to explicitly address the locally induced multimodality, often resulting in entangled 
class manifolds. Consequently, density imbalance and overlap persist in low-dimensional embeddings, thereby constraining the 
efficacy of clustering and anomaly detection in one class. This gap underscores the necessity of a preprocessing strategy that 
directly engages with embedding geometry and adapts to locally induced statistical modes, rather than imposing global distributional 
conformity.

To address these limitations, we propose a three-stage framework that integrates Theil-index-based spectrogram analysis, feature 
compression, and distribution reshaping for robust bearing-fault diagnosis in independent cart systems (ICS). The first stage 
introduces Theil-Aware Intelligent Windowing (TAIW), a Theil-index-driven strategy that automatically selects optimal window 
sizes to enhance the spectrogram representation of nonstationary vibration signals. In the second stage, spectrogram computation 
and feature compression were performed to obtain compact and informative representation. The third stage applies Distribution 
Reshaping via Bimodal Transformation (DRBT). This novel method converts arbitrary or irregular feature distributions into compact 
representations that reduce class overlap and are better suited for clustering and unsupervised analysis. The integrated pipeline 
provides adaptive time–frequency analysis and geometry-friendly feature shaping, enabling reliable diagnosis under the complex 
dynamics of ICS.

Key contributions

The principal contributions of this study are as follows:
• A lightweight, fully unsupervised diagnostic framework is formulated for Independent Cart Systems (ICS), obviating the ne-
cessity for extensive labeled datasets and diminishing computational overhead in comparison to deep learning methodologies.

• Theil-Aware Intelligent Windowing (TAIW) is introduced as an innovative Theil-index-driven approach for automatic window-size 
selection in spectrogram computation, enabling enhanced extraction of fault signatures from nonstationary vibration signals 
without manual parameter tuning.

• Distribution Reshaping via Bimodal Transformation (DRBT) is developed as a novel feature-transformation technique that converts 
irregular, overlapping, or multimodal distributions into compact, Gaussian-like clusters, thereby mitigating false alarms and
misclassifications in unsupervised learning.

• An integrated three-stage pipeline is established, combining automatic spectrogram window selection and distribution 
reshaping to produce representations that are both spectrally informative and cluster-compatible, thereby enhancing robustness 
under variable-speed and transient operating conditions.

• The proposed framework is rigorously evaluated on three open-access bearing datasets, including MOIRA–UNIMORE, CWRU,
and Politecnico di Torino, demonstrating reliable fault-detection performance under the complex translational–rotational 
dynamics characteristic of industrial transport platforms.

The remainder of this paper is organized as follows. Section 2 details the proposed framework (TAIW for window selection, 
t-SNE, UMAP embedding, and DRBT). Section 3 introduces the public datasets used to validate the proposed framework. Section 4
presents and discusses the experimental results. Section 5 concludes the paper and outlines the directions for future work.

2. Methodology

This section outlines the proposed vibration-based fault diagnosis framework for independent cart systems (ICS). The workflow 
consists of three stages (Fig.  1): (i) Theil-Aware Intelligent Windowing (TAIW) selects an analysis window and overlap that 
optimally preserves the salient time–frequency structure; (ii) a spectrogram is computed using the selected window, and frame-level 
features are embedded into two dimensions via t-distributed stochastic neighbor embedding (t-SNE) [36,37] or uniform manifold
approximation and projection (UMAP) [39,40]; and (iii) Distribution Reshaping via Bimodal Transformation (DRBT) enhances 
cluster compactness and separation to facilitate downstream detection and classification (see Algorithm 1 for the end-to-end 
implementation).

2.1. Implementation summary

Stage I — TAIW. Given ( ,), the algorithm iterates over candidate pairs (𝑤, ov), computes a spectrogram for each, evaluates the
Theil-based concentration scores along time and frequency, 𝑄𝑡(𝑤) and 𝑄𝑓 (𝑤), combines them as 𝑄𝑡𝑓 (𝑤) = 𝑄𝑡(𝑤)𝑄𝑓 (𝑤), and selects

(𝑤⋆, ov⋆) ∈ arg max
(𝑤,ov)∈×

𝑄𝑡𝑓 (𝑤).

Stage II — Spectrogram and feature compression. The spectrogram is recomputed using (𝑤⋆, ov⋆), and each frame is treated as a sample 
in the feature space. A 2-D t-SNE or UMAP embedding was then computed, representing the latent manifold of spectrotemporal 
patterns in a compact form that is suitable for density analysis.
4 
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Fig. 1. Proposed three-stage diagnostic framework. Stage 1: Theil-Aware Intelligent Windowing (TAIW) for automatic window size selection. Stage 
: Spectrogram computation and feature compression. Stage 3: Distribution Reshaping via Bimodal Transformation (DRBT) to obtain compact, 
luster-friendly features for reliable fault diagnosis in ICS.

Stage III — DRBT. A concise, deterministic sequence of operations, including centering/scaling, whitening, radial compaction, and
adaptive cluster shift along a bimodal axis, was applied to tighten the clusters, homogenize feature densities, and enlarge inter-cluster 
margins. The entire transformation is non-iterative, data-driven, and computationally efficient.

2.2. Notation and conventions

Table  1 enumerates symbols and terms utilized throughout, without introducing equations. Units are provided where applicable.

2.3. Theil-Aware Intelligent Windowing (TAIW)

Selecting an appropriate time–frequency resolution is essential for analyzing non-stationary vibration signals. The proposed 
Theil-Aware Intelligent Windowing (TAIW) method autonomously determines an optimal window length 𝑤 by maximizing an
energy-concentration criterion based on the Theil index. This information-theoretic measure, which is traditionally used to quantify 
inequality, was employed to assess the degree of energy localization in the spectrogram. Higher Theil values indicate a stronger 
temporal and spectral concentration of fault-related events than lower values.
5 
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Algorithm 1 End-to-End Fault Detection Pipeline (TAIW → Embedding → DRBT)
Require: Vibration signal 𝑥[𝑛], sampling rate 𝑓𝑠, candidate sets  ,, 𝑁𝐹𝐹𝑇 , embedding method 𝛷 ∈ {t-SNE,UMAP}, DRBT 

parameters 𝛩DRBT, detector  (e.g., OCSVM/IF), train/test split rule
Ensure: Fault decision (or anomaly score) per sample/window and evaluation metrics
1: Stage I (TAIW): Compute (𝑤⋆, ov⋆) ← argmax(𝑤,ov) 𝑄𝑡𝑓 (𝑤, ov) using Algorithm 2
2: Stage II (TF features): Compute STFT with (𝑤⋆, ov⋆) and obtain power spectrogram 𝑃𝑤⋆

3: Form frame-level feature matrix 𝑍 ∈ R𝑁×𝑑 from 𝑃𝑤⋆  (each time frame is one sample)
4: Compute 2-D embedding 𝑋 ← 𝛷(𝑍) ∈ R𝑁×2

5: Stage III (DRBT): Compute reshaped embedding 𝑋transformed ← DRBT(𝑋;𝛩DRBT) using Algorithm 3
6: Split 𝑋transformed into training/testing according to the experimental protocol
7: Train detector  using training data (healthy-only for one-class settings)
8: Compute anomaly scores / predicted labels on test data using 
9: Output decisions and compute evaluation metrics (Accuracy/Precision/Recall/F1, etc.)

Table 1
Notation used in Section 2.3 (TAIW) and Section 2.5 (DRBT). Dimensions are shown in brackets.
 Symbol Type/Dimensions Meaning  
 𝑥[𝑛] real vector [𝐿] Vibration signal (one channel), length 𝐿 samples  
 𝑓𝑠 scalar [Hz] Sampling rate  
 ⊂ Z, 𝑚min , 𝑚max index set/integers Exponent indices for candidate windows (𝑤 = 2𝑚)  
 , 𝑤 Set/integer [samples] Candidate window set; window length 𝑤∈  
𝛼 scalar (0, 1) Overlap fraction for STFT (per window)  
𝑟 integer [samples] Sample overlap, 𝑟 = ⌊𝛼𝑤⌋  
𝑁𝐹𝐹𝑇 integer FFT size used in STFT  
𝑆𝑤[𝑘, 𝑛] complex matrix [𝐾 ×𝑁𝑡] STFT for window 𝑤 (freq bins 𝐾, time frames 𝑁𝑡)  
𝑃𝑤[𝑘, 𝑛] nonnegative matrix [𝐾 ×𝑁𝑡] One-sided power spectrogram, 𝑃𝑤 = |𝑆𝑤|

2 + 𝜀  
 𝜀 small ≥ 0 Numerical clamp for logs/zeros in 𝑃𝑤  
𝑘, 𝑛 indices Frequency/time-frame indices (𝑘 = 0…𝐾 − 1, 𝑛 = 0…𝑁𝑡 − 1)  

  (⋅) scalar functional Theil index on a nonnegative vector  
𝑇 (𝑡)
𝑤 (𝑛) scalar Theil index on time slice 𝑃𝑤[∶, 𝑛]  

 𝑇 (𝑓 )
𝑤 (𝑘) scalar Theil index on frequency track 𝑃𝑤[𝑘, ∶]  

𝑄𝑡(𝑤), 𝑄𝑓 (𝑤) scalars Aggregated Theil scores over time/frequency  
𝑄𝑡𝑓 (𝑤) scalar Joint score for selection, 𝑄𝑡𝑓 = 𝑄𝑡 ⋅𝑄𝑓  

 𝑤⋆ integer [samples] Selected window, 𝑤⋆ ∈ argmax𝑤∈ 𝑄𝑡𝑓 (𝑤)  
 𝑋 real matrix [𝑁 × 2] 2-D t-SNE embeddings (rows = frames), input to DRBT  
 𝜇 real vector [2] Mean of rows of 𝑋  
𝑋𝑐 real matrix [𝑁 × 2] Centered data, 𝑋 − 𝟏𝜇⊤  
𝛴 real matrix [2 × 2] Covariance of 𝑋𝑐  
𝑉 , 𝑑 [2 × 2], [2] Eigenvectors/eigenvalues of 𝛴 (clamped by 𝜀)  

 𝑊 real matrix [2 × 2] Whitening transform, 𝑊 = 𝑉 diag(𝑑−1∕2)  
𝑋𝑤 real matrix [𝑁 × 2] Whitened data, 𝑋𝑐𝑊  
𝑟𝑖 , 𝑠𝑖 scalars Radius ‖𝑥(𝑤)

𝑖 ‖2 and radial scale 𝑠𝑖 = tanh(𝑟𝑖)∕(𝑟𝑖 + 𝜀)  
 𝑋compact real matrix [𝑁 × 2] After radial compaction  
𝑝̂(𝑥), ℎ, 𝐾(⋅) density/scalars KDE, bandwidth, and Gaussian kernel in modality check  

 𝑝min scalar Minimum peak prominence for bimodality detection  
 𝑐low , 𝑐high scalars Centers from 1-D 𝑘-means (𝑘=2) on a feature  
𝛥, 𝜎 scalars Inter-center separation and feature std. for reshaping  
𝛾 scalar Max shift fraction (controls cluster shift)  

 𝛼shift scalar Actual shift factor in DRBT (notation to avoid clash with overlap 𝛼) 
𝛽, 𝛿, 𝜖, 𝜂 scalars Contraction controls (bimodal case)  

 𝛽nonbimodal scalar Contraction for unimodal case  
 𝑋transformed real matrix [𝑁 × 2] Final DRBT output used for detection/classification  

Industrial motivation. In industrial environments, condition monitoring systems continuously collect data on vibrations, currents, 
and system variables from different machines. Although each machine is observed for only a brief period each day, the cumulative 
effect of monitoring numerous machines repeatedly daily and weekly over several years results in substantial data. Each dataset 
typically comprises multiple channels corresponding to different sensors, rendering the manual selection of appropriate spectrogram 
parameters for each machine and channel impractical. Consequently, computing thousands of spectrograms across machines, 
time intervals, and measurement channels necessitates an automated mechanism capable of adaptively determining suitable time, 
frequency, and joint time–frequency resolutions. The TAIW algorithm directly addresses this scalability challenge by providing a fully
automatic data-driven criterion for selecting optimal window parameters, thereby facilitating the efficient large-scale monitoring of 
industrial fleet.
6 
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.3.1. Definition
For a nonnegative vector 𝑦 ∈ R𝑀

≥0 with a mean value denoted as 𝑦̄ = 1
𝑀

∑𝑀
𝑖=1 𝑦𝑖, the (mean-normalized) Theil index is defined by

the equation 

 (𝑦) = 1
𝑀

𝑀
∑

𝑖=1

𝑦𝑖
𝑦̄

log
( 𝑦𝑖
𝑦̄

)

, (1)

where the convention 0 log 0 = 0 is applied, which is numerically clamped by 𝜀. By applying (1) to the columns (time slices) and
rows (frequency tracks) of the spectrogram 𝑃𝑤[𝑘, 𝑛] = |𝑆𝑤[𝑘, 𝑛]|

2 + 𝜀, we obtain
𝑇 (𝑡)
𝑤 (𝑛) = 

(

𝑃𝑤[∶, 𝑛]
)

, 𝑛 = 0,… , 𝑁𝑡 − 1, (2)

𝑇 (𝑓 )
𝑤 (𝑘) = 

(

𝑃𝑤[𝑘, ∶]
)

, 𝑘 = 0,… , 𝐾 − 1. (3)

The aggregate per-window scores are calculated as 

𝑄𝑡(𝑤) = 1
𝑁𝑡

𝑁𝑡−1
∑

𝑛=0
𝑇 (𝑡)
𝑤 (𝑛), 𝑄𝑓 (𝑤) = 1

𝐾

𝐾−1
∑

𝑘=0
𝑇 (𝑓 )
𝑤 (𝑘), (4)

and the joint criterion for window selection is defined by 
𝑄𝑡𝑓 (𝑤) = 𝑄𝑡(𝑤)𝑄𝑓 (𝑤), 𝑤⋆ ∈ arg max

𝑤∈
𝑄𝑡𝑓 (𝑤). (5)

This selection criterion favors window lengths that yield both compact time-domain impulses and spectrally coherent components, 
which are characteristic of fault-induced vibrations.

Algorithm 2 TAIW: Theil-Aware Intelligent Windowing
Require: 𝑥[𝑛], 𝑓𝑠, , 𝑁𝐹𝐹𝑇 , 𝛼
nsure: Best window 𝑤⋆ and curves 𝑄𝑡(𝑤), 𝑄𝑓 (𝑤), 𝑄𝑡𝑓 (𝑤)
1: for each 𝑚 ∈  do
2:  𝑤 ← 2𝑚; 𝑟 ← ⌊𝛼𝑤⌋

3:  Compute STFT → 𝑆𝑤
4:  Power spectrogram 𝑃𝑤 ← |𝑆𝑤|

2 + 𝜀
5:  Column Theil indices (time slices) → 𝑇 (𝑡)

𝑤 (𝑛) =  (𝑃𝑤[∶, 𝑛])
6:  Row Theil indices (frequency tracks) → 𝑇 (𝑓 )

𝑤 (𝑘) =  (𝑃𝑤[𝑘, ∶])
7:  Aggregates → 𝑄𝑡(𝑤) = 1

𝑁𝑡

∑

𝑛 𝑇
(𝑡)
𝑤 (𝑛), 𝑄𝑓 (𝑤) = 1

𝐾
∑

𝑘 𝑇
(𝑓 )
𝑤 (𝑘)

8:  Joint score 𝑄𝑡𝑓 (𝑤) = 𝑄𝑡(𝑤)𝑄𝑓 (𝑤)

9: Select best window: 𝑤⋆ ← argmax𝑤 𝑄𝑡𝑓 (𝑤)

2.3.2. Interpretation and implementation notes
Physical rationale. The function 𝑄𝑡(𝑤) quantifies the distribution of spectral energy across frequencies within each temporal frame,
whereas 𝑄𝑓 (𝑤) assesses its persistence over time for each frequency bin. Consequently, maximizing their product, 𝑄𝑡𝑓 (𝑤), facilitates 
a time–frequency representation in which transient impulses, such as those generated by inner-race bearing faults, are sharply 
localized while maintaining temporal coherence along the characteristic fault frequencies of the bearings. This approach ensures 
that the selected window effectively captures the impulsive fault energy without spreading it across adjacent frames.
Mathematical remark. Given that  (𝑦) = ln𝑀−𝐻(𝑝), where 𝑝𝑖 = 𝑦𝑖∕

∑

𝑗 𝑦𝑗 , the criterion in (5) can be understood as the minimization 
of the joint Shannon entropy of time–frequency energy shares, thereby maximizing the concentration. From an information-theoretic 
perspective, the maximization of 𝑄𝑡𝑄𝑓  indirectly enhances the joint Rényi entropy contrast between uniform and concentrated 
energy distributions, thereby ensuring balanced compactness along both axes.
Energy definition. The Theil index is applicable to non-negative values; therefore, the energy spectrogram 𝑃𝑤 = |𝑆𝑤|

2 was used. A
slight numerical offset 𝜀 is introduced to prevent singularities in log(⋅) for bins that approach zero.
Practical settings. For a real-valued vibration signal 𝑥[𝑛] sampled at a frequency of 𝑓𝑠 Hz, the TAIW method determines a spectrogram 
window length from a discrete set of candidates, denoted as

 = {𝑤𝑚 = 2𝑚 ∣ 𝑚 ∈  ⊂ Z, 𝑚min ≤ 𝑚 ≤ 𝑚max },

where  represents the set of permissible integer exponents. The parameter 𝑚min (e.g., 6 for 𝑤min = 64) is selected to avoid
excessively short windows, whereas 𝑚max is chosen such that 𝑤𝑚max

≤ ⌊𝐿∕4⌋, where 𝐿 denotes the signal length. For each candidate 
𝑤 ∈  , the Short-Time Fourier Transform (STFT) 𝑆𝑤[𝑘, 𝑛] is computed using a Hamming window of length 𝑤 and an overlap 
𝛼 ∈ (0, 1). The candidate window set  = {2𝑚 ∣ 𝑚min ≤ 𝑚 ≤ 𝑚max} should encompass physically relevant time scales, ranging from a
few cycles of bearing rotation to the anticipated duration of transient impulses. The FFT size 𝑁𝐹𝐹𝑇  is typically fixed to a power of 
two, ensuring an adequate frequency resolution without excessive memory usage.
7 
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omputational complexity. Let 𝑊 = ||. Each candidate requires a single STFT evaluation with a cost of (𝑁 log𝑁𝐹𝐹𝑇 ) for a signal 
of length 𝑁 , followed by two linear passes for the Theil evaluation. The total complexity is therefore


(

𝑊 𝑁 log𝑁𝐹𝐹𝑇
)

,

which are dominated by the FFT operations. In practice, 𝑊  is small, and memory access costs dominate the runtime for long-signal 
processing.

2.4. Spectrogram compression via t-SNE/UMAP

Upon determining (𝑤⋆, 𝛼⋆), the spectrogram 𝑃𝑤⋆  is recalculated, with each time frame considered a feature vector that 
characterizes a local vibration pattern. To achieve dimensionality reduction and reveal latent structures, a nonlinear embedding 
technique, such as t-SNE or UMAP, was employed. 

𝑋 = 𝛷(𝑃𝑤⋆ ) ∈ R𝑁×2, (6)

where 𝛷(⋅) denotes the embedding operator that preserves local topology.

Rationale. Linear methods, such as PCA, are inadequate for capturing the nonlinear manifolds generated by time–frequency 
variability. In contrast, t-SNE and UMAP maintain the proximity of adjacent frames while unfolding the curved trajectories resulting 
from varying rotational speeds and transient excitations. Because these embeddings preserve the local geometry but not the 
absolute scale, the resulting two-dimensional manifold often exhibits a non-uniform density or elongated clusters. This observation 
necessitates subsequent Distribution Reshaping via Bimodal Transformation (DRBT).

2.5. Distribution Reshaping via Bimodal Transformation (DRBT)

Distribution Reshaping via Bimodal Transformation (DRBT) constitutes the final stage of the proposed pipeline. It operates 
directly on the low-dimensional embeddings, typically the 2-D t-SNE or UMAP outputs, to homogenize feature densities, suppress 
heavy tails, and enhance cluster compactness without distorting manifold topology. Essentially, DRBT regularizes the distribution 
geometry of the embedded data, ensuring that classes or conditions, such as healthy and faulty states, occupy compact, Gaussian-like 
regions rather than irregular or elongated clusters.

Motivation. The low-dimensional manifolds derived from t-SNE or UMAP frequently exhibit uneven or multimodal densities owing 
to the local distance-preserving nature of the embedding, which is not maintained globally. These irregularities impede unsupervised 
separation, resulting in uneven cluster shapes and overlapping boundaries. From a diagnostic perspective, this results in ambiguous 
fault regions and an unreliable clustering. The DRBT addresses this limitation by implementing an adaptive data-driven reshaping 
procedure that balances global compactness and local separability.

Industrial relevance. In large-scale industrial monitoring systems, dimensionality-reduced data from multiple sensors and machines 
often exhibit significant variability owing to differences in load, speed, and environmental conditions. Without density homoge-
nization, these embeddings produce highly irregular feature spaces, complicating automatic classification or anomaly detection. 
DRBT offers a lightweight deterministic correction that restores statistical regularity across datasets, enabling reliable unsupervised 
detection even when data are collected under diverse operating regimes.

Principle and overview. The transformation process was performed in two stages. The initial stage, termed compactification, involves 
entering and whitening the data, followed by nonlinear radial compaction, which mitigates heavy tails and reshapes arbitrary 
istributions into weakly bimodal forms. The subsequent stage, referred to as modality-aware reshaping, identifies bimodality along 
ach feature axis and adaptively shifts and contracts the data to merge secondary modes and standardize the variance. Formally,
iven 𝑋 ∈ R𝑁×2, the overall mapping is represented as

𝑋 ⟼ 𝑋compact ⟼ 𝑋transformed,

here 𝑋compact denotes the whitened and radially compressed representation, and 𝑋transformed signifies the bimodality-adjusted 
output.

2.5.1. Step 1: Compactification
Centering . Each feature vector 𝑥𝑖 ∈ R2 is initially centered as follows: 

𝜇 = 1
𝑁

𝑁
∑

𝑥𝑖, 𝑋𝑐 = 𝑋 − 𝟏𝜇⊤. (7)

𝑖=1

8 
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Whitening . The covariance of the centered data is calculated using the equation 

𝛴 = 1
𝑁 − 1

𝑋⊤
𝑐 𝑋𝑐 , (8)

and is subsequently decomposed as 

𝛴 = 𝑉 diag(𝑑)𝑉 ⊤, (9)

where 𝑑 = (𝑑1, 𝑑2) represent the eigenvalues. To ensure numerical stability, the eigenvalues are adjusted as follows:
𝑑𝑘 ← max(𝑑𝑘, 𝜀),

and the whitening transformation is defined by 

𝑊 = 𝑉 diag(𝑑−1∕2), 𝑋𝑤 = 𝑋𝑐𝑊 , (10)

ensuring that Cov(𝑋𝑤) ≈ 𝐼 .

Radial compaction. To mitigate the influence of heavy-tailed samples, each whitened vector 𝑥(𝑤)
𝑖  undergoes radial scaling as 

follows:

𝑟𝑖 = ‖𝑥(𝑤)
𝑖 ‖2, (11)

𝑠𝑖 =
tanh(𝑟𝑖)
𝑟𝑖 + 𝜀

, (12)

𝑥(comp)𝑖 = 𝑠𝑖 𝑥
(𝑤)
𝑖 . (13)

Consequently, the compactified dataset is represented as 

𝑋compact = [𝑥(comp)1 ; 𝑥(comp)2 ;… ; 𝑥(comp)𝑁 ]. (14)

Given that tanh(𝑟) ≤ 1, substantial outliers are smoothly contracted towards the unit circle, whereas points proximate to the origin 
remain largely unaffected. This nonlinearity effectively attenuates high-energy deviations and stabilizes the density tails.

2.5.2. Step 2: Modality-aware reshaping
Each feature dimension of 𝑋compact was independently analyzed to detect bimodality or excessive variance in the data.

Bimodality detection. For each feature 𝑓 ∈ R𝑁 , a Gaussian kernel density estimate is calculated as 

𝑝̂(𝑥) = 1
𝑁ℎ

𝑁
∑

𝑖=1
𝐾

(

𝑥 − 𝑓𝑖
ℎ

)

, (15)

where

𝐾(𝑢) = 1
√

2𝜋
𝑒−𝑢

2∕2,

and ℎ > 0 represents the bandwidth. Local maxima 𝑥∗ are identified by
𝑑
𝑑𝑥

𝑝̂(𝑥∗) = 0, 𝑑2

𝑑𝑥2
𝑝̂(𝑥∗) < 0,

and are retained only if their prominence satisfies
prominence

(

𝑝̂, 𝑥∗
)

> 𝑝min.

 feature is classified as bimodal when more than one such local maximum is present.
Bimodal case (Reshape-worthy). Upon the detection of bimodality, the function 𝑓 is divided using one-dimensional 𝑘-means 
clustering with 𝑘 = 2, resulting in the identification of centers 𝑐low and 𝑐high, with a separation defined as 𝛥 = 𝑐high − 𝑐low > 0.
 Cluster shift The higher cluster is adjusted towards the lower cluster as follows: 

𝛼 = min
(

𝛾, 𝛾 𝛥
𝜎

)

, 𝑓𝑖 ← 𝑓𝑖 − 𝛼𝛥, ∀𝑖 ∈ 𝐶high, (16)

where 𝜎 = std(𝑓 ) and 𝛾 > 0 serves as a constraint on the maximum shift fraction.
 Contraction Subsequently, all samples are contracted around the mean 𝑚 = mean(𝑓 ): 

𝛽 = max
(

𝛿, 𝜖 − 𝜂 𝛥
𝜎

)

, 𝑓 ← 𝑚 + 𝛽(𝑓 − 𝑚). (17)

In this context, 𝛿 > 0 ensures a minimum level of contraction, 𝜖 > 0 establishes the base contraction, and 𝜂 > 0 modulates the 
contraction’s reduction as the inter-cluster separation 𝛥∕𝜎 increases. This methodology effectively reduces the intermodal distance 
while preserving the stability of the overall variance.
9 
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on-bimodal case (Mild scatter adjustment). In instances where strong bimodality is not observed and the feature variance 
surpasses a specified threshold, a uniform contraction is implemented as follows: 

𝑓 ← 𝑚 + 𝛽nonbimodal
(𝑓 − 𝑚)

𝜎
. (18)

The parameter 𝛽nonbimodal > 0 regulates the extent of scatter reduction while ensuring the preservation of unimodality. Specifically,
smaller values result in tighter compaction, whereas larger values maintain the variance.

Final output. Upon the reshaping of both features, the transformed data are reconstructed as 

𝑋transformed = [𝑓 (1)
reshaped, 𝑓

(2)
reshaped]. (19)

Theoretical note. The reshaping operation ensures bounded variance, as expressed by the equation: 

Var(𝑓reshaped) ≤ 𝛽2 Var(𝑓 ), (20)

hich guarantees that compactness increases monotonically while maintaining the integrity of the topology. Minor perturbations in 
𝛾 result in linearly proportional changes in variance, thereby affirming numerical stability in the presence of parameter uncertainty.

Computational aspects. All operations are algebraic and non-iterative, resulting in a computational complexity of (𝑁) per feature. 
In practical applications, the DRBT achieves convergence in a single iteration because the coefficients (𝛼, 𝛽) are analytically derived 
from local density estimates rather than through iterative optimization.

Algorithm 3 DRBT: Distribution Reshaping and Bimodality Transformation
Require: Dataset 𝑋 ∈ R𝑁×2, (𝛾, 𝛿, 𝜖, 𝜂 (w.r.t. 𝛥∕𝜎), 𝑝min, 𝜎th, 𝛽nonbimodal
nsure:
1: • Transformed dataset 𝑋transformed with Gaussianized distribution and controlled variance
2: Centering: 𝜇 ← 1

𝑁
∑

𝑖 𝑥𝑖, 𝑋𝑐 ← 𝑋 − 𝜇
3: Whitening: (𝑉 , 𝑑) ← eig(cov(𝑋𝑐)), 𝑋𝑤 ← 𝑋𝑐𝑉 diag(𝑑−1∕2)
4: for each sample 𝑖 do
5:  𝑟𝑖 ← ‖𝑋𝑤(𝑖, ∶)‖2
6:  𝑋compact(𝑖, ∶) ← tanh(𝑟𝑖)∕(𝑟𝑖 + 𝜀) ⋅ 𝑋𝑤(𝑖, ∶)

7: for each feature 𝑓 in 𝑋compact do
8:  Estimate 𝑝̂(𝑥) via Gaussian KDE
9:  Detect peaks 𝑥∗: 𝑝̂′(𝑥∗) = 0, 𝑝̂′′(𝑥∗) < 0, prom(𝑝̂, 𝑥∗) > 𝑝min
10:  if #{peaks} > 1 then
11:  Partition 𝑓 → 𝐶low, 𝐶high (k-means, 𝑘 = 2)
12:  𝛥 ← 𝑐high − 𝑐low
13:  𝛼 ← min

(

𝛾, 𝛾𝛥∕𝜎
)

14:  Shift: 𝑓𝑖 ← 𝑓𝑖 − 𝛼𝛥, ∀𝑖 ∈ 𝐶high
15:  𝛽 ← max

(

𝛿, 𝜖 − 𝜂𝛥∕𝜎
)

16:  Contract: 𝑓 ← 𝑚 + 𝛽(𝑓 − 𝑚), 𝑚 = mean(𝑓 )
17:  else
18:  𝑓 ← 𝑚 + 𝛽nonbimodal(𝑓 − 𝑚)∕𝜎
19: 𝑋transformed ← [𝑓 (1)

reshaped, 𝑓
(2)
reshaped]

2.6. Theoretical properties and stability

The proposed DRBT mapping constitutes a deterministic single-pass transformation that exclusively employs algebraic and
monotonic operations. Although it does not incorporate iterative optimization, its theoretical properties can be rigorously delineated 
in terms of compactness and numerical stability. These attributes ensure that the transformation yields stable and bounded feature 
reshaping, making it suitable for unsupervised diagnostic application.

Bounded shift fraction (𝛾). The cluster-shift operation 𝑓𝑖 ← 𝑓𝑖 − 𝛼𝛥 with

𝛼 = 𝛾 ⋅min
(

1, 𝛥∕𝜎
)

, 0 < 𝛼 ≤ 𝛾,

is affine within each cluster and ensures that the displacement magnitude does not exceed 𝛾𝛥. This mechanism prevents the overshoot 
for widely separated modes (𝛥 ≫ 𝜎). A larger 𝛾 facilitates mode merging but poses a risk of overcompression, whereas smaller values 
maintain separation.
10 



A. Jabbar et al.

l

 

 
 

w

Mechanical Systems and Signal Processing 250 (2026) 114191 
Table 2
Role of DRBT hyperparameters and typical practical ranges.
 Parameter Role Typical Range/Effect  
 𝜀 Radial near-origin damping [0.01, 0.95]; larger ↑ smooths small 𝑟  
 𝛾 Max shift fraction [0.05, 0.95]; larger ↑ merges modes faster  
 𝛿 Min post-shift contraction [0.2, 0.7]; prevents collapse (𝛽 ≥ 𝛿)  
 𝜖 Base contraction cap (𝛿, 1]; larger ↑ preserves variance  
 𝜂 Separation-aware softening [0.1, 𝜖 − 𝛿]; clipped by 𝛥∕𝜎  
 𝑝min KDE prominence gate [0.01, 0.2] of max density; robustness vs. sensitivity 
 𝜎th Variance gate [0.1, 0.6]× median 𝜎 per feature  
 𝛽nonbimodal Unimodal scatter control (0, 1]; smaller ↓ scatter more  

Contraction gate (𝛿, 𝜖, 𝜂). The subsequent contraction step,

𝛽 = max
(

𝛿, 𝜖 − 𝜂 𝛥
𝜎

)

, 𝑓 ← 𝑚 + 𝛽(𝑓 − 𝑚),

is piecewise-affine with a Lipschitz constant 𝛽. Selecting 0 < 𝛿 < 𝜖 ≤ 1 ensures non-expansiveness (𝛽 ≤ 1) and establishes a hard 
ower bound 𝛽 ≥ 𝛿 to prevent collapse. The antagonistic term 𝜂(𝛥∕𝜎) mitigates contraction when the two modes are distant, thereby 
avoiding excessive compaction of well-separated clusters. A safe condition ensuring 𝛽 ∈ [𝛿, 𝜖] for all 𝛥∕𝜎 is

𝜂 ≤ 𝜖 − 𝛿.

KDE prominence and variance gates. The kernel-density prominence threshold 𝑝min and the variance threshold 𝜎th function as 
stability gates, confining bimodality detection to peaks that are sufficiently strong and well-separated. This method reduces spurious 
branching caused by noise and weak oscillations, thus improving robustness at low signal-to-noise ratios (SNR).
Non-bimodal contraction. For unimodal features with 𝜎 > 𝜎th, the transformation

𝑓 ← 𝑚 + 𝛽nonbimodal
(𝑓 − 𝑚)

𝜎
implements a linear contraction characterized by a Lipschitz constant 𝛽nonbimodal ∈ (0, 1]. Smaller values of this constant enforce a
stronger reduction in the scatter, whereas larger values preserve a greater degree of variance.
Invariances. The processes of centering and whitening confer translation invariance and scale normalization, while the radial
transformation 𝛷 is rotation-equivariant. Feature-wise reshaping was conducted on a whitened basis aligned with the principal
axes. Consequently, the DRBT is insensitive to isotropic rescaling and exhibits moderate robustness to rotations.
Contraction and stability guarantees. The radial map 𝛷(𝑥) = 𝑠(𝑟)𝑥, where 𝑠(𝑟) = tanh(𝑟)∕(𝑟+𝜀), satisfies the condition ‖𝛷(𝑥)‖2 = ℎ(‖𝑥‖2)
ith 0 ≤ ℎ(𝑟) < 𝑟 for 𝑟 > 0 and ℎ(0) = 0, thereby ensuring strict contractiveness in norm (𝐿𝛷 < 1). Each feature-wise map is 

piecewise-affine with a Lipschitz constant max{𝛽, 𝛽nonbimodal} ≤ 1, which guarantees global non-expansiveness:
‖ (𝑋) −  (𝑌 )‖𝐹 ≤ 𝐿 ‖𝑋 − 𝑌 ‖𝐹 , 𝐿 ≤ max{𝐿𝛷, 𝛽, 𝛽nonbimodal} ≤ 1.

Consequently, DRBT is numerically stable and robust to minor perturbations.
Functional convergence. Although the DRBT is designed as a single-pass mapping, repeated application  𝑟(𝑋) results in a norm-
decreasing sequence. According to the Banach fixed-point theorem, if at least one operation is strictly contractive (𝜀 > 0, 𝛽 < 1, or 
𝛽nonbimodal < 1), the mapping converges to a unique fixed point with a geometric rate ≤ 𝐿. This establishes functional (non-iterative) 
convergence.

Overall guarantee. Given bounded 𝑋, thresholds (𝑝min, 𝜎th), and parameters satisfying 0 < 𝛿 < 𝜖 ≤ 1, 𝛾 > 0, clipped 𝜂, and 𝜀 > 0, the DRBT 
mapping   is continuous, non-expansive, and globally bounded. Consequently, it (i) resists numerical blow-up, (ii) prevents cluster 
collapse, and (iii) ensures deterministic and stable feature reshaping under all operating conditions.

2.7. Hyperparameter selection rationale

The DRBT transformation introduces a constrained set of hyperparameters {𝛾, 𝛿, 𝜖, 𝜂, 𝑝min, 𝜎th, 𝛽nonbimodal}, each governing a specific 
and bounded geometric operation within the algorithm. Unlike optimization-based approaches, DRBT does not minimize an explicit 
objective function; instead, its hyperparameters are selected according to structural constraints imposed by the update rules themselves, 
rather than empirical tuning towards a precise optimum.

Bimodality detection is exclusively determined by the minimum peak prominence, denoted as 𝑝min, which is applied to the kernel 
density estimate (KDE) of each whitened feature dimension. Given that the KDE peak magnitudes are interpreted in a relative, scale-
consistent manner within each distribution, 𝑝min is appropriately specified as a fractional threshold rather than an absolute value. 
Empirical observations indicate that values below 𝑝min ≈ 0.01 result in spurious peak detection due to sampling noise, whereas 
values exceeding 𝑝min ≈ 0.2 can suppress genuine secondary modes. Consequently, a moderate value within this range is selected to 
identify only structurally significant bimodality while maintaining robustness against noise.
11 
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The variance threshold 𝜎th does not contribute to bimodality detection; rather, it functions as a unimodal scatter gate. In the 
absence of bimodality detection, 𝜎th assesses whether a feature demonstrates sufficient dispersion to justify a controlled variance 
adjustment. This distinction ensures that bimodal and unimodal conditions are managed by separate, non-overlapping update rules, 
thereby preventing unstable mode separation when the marginal variance is low. The specified range of 𝜎th (Table  2) ensures 
numerical stability while maintaining meaningful scatter corrections.

The inter-mode shift parameter 𝛾 governs the maximum fraction of inter-cluster separation that can be translated during bimodal
correction. Notably, the effective shift is normalized by the ratio 𝛥∕𝜎 and explicitly constrained by 𝛾, ensuring both scale invariance 
and bounded translation. Consequently, 𝛾 is not a free scaling parameter: small values result in inadequate mode alignment, whereas 
values approaching unity lead to nearly complete merging of the detected modes. Therefore, a representative value in the upper-mid 
range was selected to achieve a meaningful correction without excessive collapses. Adaptive contraction is regulated by the triplet 
(𝜖, 𝜂, 𝛿). Here, 𝜖 defines the nominal contraction cap, 𝜂 modulates the contraction strength as a function of bimodal separation, 
and 𝛿 imposes a strict lower bound to prevent numerical collapse. The update rule 𝑠 = max

(

𝛿, 𝜖 − 𝜂 𝛥
𝜎

)

 implies that 𝛿 must 
remain strictly positive, while 𝜖 must exceed 𝛿 to allow adaptive behavior. Selecting 𝛿 too small results in overcontraction, whereas 
substantial values suppress the corrective action of the DRBT. The adopted values lie safely within the feasible region defined by these 
constraints, thereby ensuring controlled compaction without loss of structural information. Finally, 𝛽nonbimodal regulates the unimodal 
high-scatter regime, where updates driven by bimodality are inapplicable to data. This parameter implements variance-normalized 
scaling around the feature mean, maintaining the overall distributional shape while preventing uncontrolled dispersion.

3. Experimental datasets and validation protocol

The proposed framework was validated using three publicly accessible datasets, each representing a diverse range of operating 
conditions and mechanical configurations. (i) the MOIRA–UNIMORE bearing dataset for independent cart systems (ICS) [33,76,77],
(ii) the Politecnico di Torino bearing dataset [78], and (iii) Case Western Reserve University (CWRU) dataset [79]. Collectively, 
these datasets provide complementary validation domains encompassing translational–rotational linear drive systems, laboratory 
test benches, and conventional motor–bearing assemblies.
Data diversity. Although the MOIRA–UNIMORE dataset includes additional system variables, such as cart currents and position 
feedback [80,81], only the vibration channels were employed in this study to ensure methodological consistency across all datasets. 
Each dataset contained multiple fault severities and sensor configurations, enabling the cross-domain assessment of the proposed 
pipeline under varying loads, speeds, and fault conditions. A fundamental difference among these datasets lies in motion: in the 
Politecnico di Torino and CWRU test benches, bearings operate under purely rotational dynamics around a fixed shaft, whereas 
in the independent cart system, the bearings experience coupled translational and rotational motion as the cart moves along 
the rail [34,35,82–85]. The hybrid kinematic behavior of the ICS platform introduces time-varying excitation patterns, making
it particularly suitable for evaluating the robustness of the proposed method under non-stationary operating conditions.
Validation protocol. For each dataset, the vibration signals were processed through the TAIW–DRBT pipeline without parameter tun-
ing or dataset-specific adjustments. Identical hyperparameters were used throughout the evaluation of the generalization capabilities 
of the proposed framework. All analyses were conducted in MATLAB R2024b on a 12th Gen Intel® Core™ i9–12900HK (2.50 GHz) 
workstation with 32 GB RAM. The performance evaluation was based on cluster compactness, separation, and anomaly detection 
accuracy using one-class SVM and Isolation Forest detectors.

4. Results and discussion

This section describes the experimental validation of the proposed framework. The evaluation was conducted in three progressive 
stages: (i) a controlled analysis utilizing synthetic signals to verify the interpretability and accuracy of the TAIW mechanism; (ii)
extensive validation across three publicly available vibration datasets to assess the generalization capability of the proposed pipeline; 
and (iii) a robustness assessment through sensitivity analysis, additive noise perturbation, and comparison with state-of-the-art 
methods. The results collectively demonstrate the proposed framework’s ability to adaptively extract time–frequency representations, 
reshape latent feature distributions, and enhance class separability under stationary and non-stationary operating conditions.

4.1. Evaluation of TAIW on synthetic signals

Four synthetic waveforms (𝑓𝑠 = 5 kHz, 𝑇 = 6 s) were developed to demonstrate the adaptive selection of spectrogram windows by
the TAIW, which optimizes the joint time–frequency concentration (Figs.  2 and 3). Each signal exhibited a unique time–frequency 
morphology, facilitating evaluation under diverse stationarity and modulation conditions:

• Signal 1 (FM tone + noise): a slowly frequency-modulated sinusoid centered at ∼ 300Hz with additive Gaussian noise 
(𝜎 = 0.1).

• Signal 2 (bursty 700Hz + noise): six ∼ 80ms packets of a 700Hz tone embedded in low-level noise.
• Signal 3 (step frequency + noise): a tone transitioning from 450Hz to 800Hz at 𝑇 ∕2 with mild noise (𝜎 = 0.04).
• Signal 4 (crossing chirps + noise): two linear chirps, 350Hz → 900Hz and 900Hz → 350Hz, intersecting mid-record.
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Fig. 2. TAIW coefficient curves for the four synthetic signals. Normalized 𝑄𝑡(𝑤) (solid), 𝑄𝑓 (𝑤) (dashed), and 𝑄𝑡𝑓 (𝑤) (dotted) versus log2 window 
length. Titles indicate the selected 𝑤⋆ and overlap ov⋆.

Fig. 3. Spectrograms computed using the TAIW-selected window and overlap for each synthetic signal.

Fig.  2 illustrates the normalized Theil-based scores 𝑄𝑡(𝑤), 𝑄𝑓 (𝑤), and their product 𝑄𝑡𝑓 (𝑤) as a function of log2(window). For
Signals 1 and 4, the criterion reaches its maximum at 𝑤 = 1024 samples (≈ 0.205 s) with ov = 960 (15/16 of 𝑤), maintaining temporal 
detail in the slowly evolving ridge and chirp crossing area. For Signals 2 and 3, 𝑄𝑡𝑓  prefers a longer window 𝑤 = 4096 (≈ 0.819 s, 
ov = 3840), enhancing the spectral sharpness within the burst train and the quasi-stationary segments preceding and following the 
frequency step.

The spectrograms shown in Fig.  3 corroborates these observations: shorter windows (1, 4) improve time localization, whereas 
longer windows (2, 3) enhance the narrowband structure. Thus, the Theil-aware criterion 𝑄𝑡𝑓  aligns with expert visual intuition, 
selecting windows that reveal meaningful time–frequency organization without manual adjustment.

4.2. Application of the proposed pipeline on public datasets

The proposed TAIW–DRBT pipeline was applied to the three datasets introduced in Section 3.
13 
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Table 3
Class labels and fault specifications of the MOIRA–UNIMORE bearing dataset. Codes denote bearing defect type and 
notch width in millimeters; IR = inner race, OR = outer race.
 Label Location Width (mm) Description  
 H – – Healthy (no induced defect)  
 FIR025 Inner race 0.25 Narrow inner-race notch; depth not specified 
 FIR05 Inner race 0.5 Inner-race notch; moderate width  
 FIR10 Inner race 1.0 Inner-race notch; increased width  
 FIR15 Inner race 1.5 Inner-race notch; severe width  
 FOR025 Outer race 0.25 Narrow outer-race notch; depth not specified 
 FOR05 Outer race 0.5 Outer-race notch; moderate width  
 FOR20 Outer race 2.0 Outer-race notch; severe width  
Notes: Class codes follow F{IR/OR}{width}; depth is not reported due to deep-groove geometry, and relative severity comparisons 
use width only.

4.2.1. MOIRA–UNIMORE dataset (Translational–rotational system)
System and motion dynamics. The testbed employed is an ICS based on the Beckhoff Extended Transport System (XTS) [30–32], a
modular linear-motor platform where magnetized movers are propelled along a stator track via a contactless electromagnetic force 
(Fig.  4). Unlike belt- or chain-driven conveyors, ICS eliminates the need for intermediate mechanics, such as pulleys or gearboxes, 
thereby reducing frictional losses and maintenance requirements while enhancing motion precision and controllability [30–32,77,
86].

Architecture and mechanics. The system comprises a closed-loop 3000mm track, which includes eight straight motor modules 
(250mm each) and two 180◦ clothoid curves (500mm each). A steel guide rail running parallel to the motor modules serves as a
mechanical interface for the cart. Each cart utilizes three V-groove ball bearings — two identical upper bearings and a larger central 
lower bearing — where the outer races roll along the rail, whereas the inner races remain stationary. The mover’s permanent magnets 
interact with the time-varying magnetic fields of the stator array, facilitating contactless electromagnetic propulsion. Nonetheless, 
mechanical contact is maintained at the bearing–rail interface, and a preload mechanism equalizes the contact forces and constrains 
lateral play.
Sensing and data acquisition. Five accelerometers were mounted on the rail: two triaxial sensors near the curved modules and three 
mono-axial sensors on the upper and lower straight sections of the rail. The signals were acquired using a Beckhoff ELM3602-0002
IEPE module (24-bit, up to 50 kHz). System variables such as the cart position, velocity, following error, and drive current were also 
recorded but excluded from the present analysis, which focused only on the vibration data. A detailed description of the setup, fault 
injection procedure, and dataset organization is provided in the MOIRA–UNIMORE Bearing Dataset publication [33].
Experimental conditions. The data analyzed correspond to Experiment Type 2 of the MOIRA–UNIMORE dataset [33], wherein a
single cart executed a back-and-forth motion over a 500mm segment between the absolute positions of 250 mm and 750 mm along 
the curved module situated on the right side of the 3m closed-loop track (Fig.  5). This section of the rail, highlighted in red,
induces coupled translational–rotational motion as the cart navigates the curve, resulting in pronounced non-stationarity in both 
speed and load distribution across the three bearings. During each cycle, the cart accelerates, maintains a nominal velocity, and
decelerates before reversing its direction, as depicted in the position–speed profile in Fig.  6. The cart speed varied between 0mm∕s
and approximately 1000mm∕s. Signals were recorded under no fault, inner-race fault, and outer race fault conditions, with fault 
severities as described in Table  3. Each experiment was repeated for multiple cycles and realizations to ensure statistical consistency.
Vibration channels. The vibration channels of the MOIRA–UNIMORE bearing dataset correspond to the accelerometer placements 
shown in Fig.  5. Tri-axial accelerometers were installed on both sides of the rail near the curved modules, providing signals
X_Guide_Right, Y_Guide_Right, Z_Guide_Right, and their symmetric counterparts X_Guide_Left, Y_Guide_Left,
Z_Guide_Left. In addition, three mono-axial accelerometers were positioned on the upper and lower straight sections and on
the top aluminum rod, resulting in channels mono_PCB_Top, mono_PCB_Bottom, and mono_ifm_Top. Here, ‘‘mono’’ signifies 
mono-axial accelerometers, while ‘‘PCB’’ and ‘‘ifm’’ denote the sensor manufacturers; ‘‘Top’’ and ‘‘Bottom’’ indicate their respective 
mounting positions along the track. Collectively, these nine vibration channels capture both local and global vibration transmission 
paths across the rail, offering complementary sensitivities to the translational and rotational motions of the cart. For further details 
on the data acquisition configuration, the reader is referred to [33].
Embedding analysis and quantitative evaluation. The t-SNE and UMAP embeddings were calculated for all monoaxial vibration 
channels and for the triaxial sensor on the right side of the rail, both before and after the DRBT transformation, to assess the cluster 
compactness and separability achieved by the proposed TAIW–DRBT pipeline. To ensure reproducibility, all t-SNE embeddings were 
generated using fixed, random seeds. Figs.  7–9 depict the comparative low-dimensional representations across channels.

Across all channels, the pre-transformation embeddings (upper panels in each figure) showed a significant overlap between 
healthy and faulty conditions. Following the application of the DRBT (lower panels), the data points were organized into distinct, 
well-defined clusters corresponding to fault types (FIR and FOR) and notch widths ranging from 0.25 mm to 1.5 mm for the inner 
race and 0.25, 0.5, and 2.0 mm for the outer race. This transformation reduces the intra-class dispersion and enhances the inter-class 
boundaries, thereby improving the interpretability and discriminative structure of the embedded feature space.
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Fig. 4. An overview of the experimental setup utilizing the Beckhoff XTS platform is presented. Top: A comprehensive view of the closed-loop 
rack is depicted, illustrating the modular configuration and the multiple carts affixed along the guide rail. Bottom left: A detailed side view 
f an individual cart is provided, emphasizing the pair of identical small bearings located at the top, the larger bearing at the bottom, and the 
ntegrated permanent magnets. Bottom center: The front view of the cart’s bearing arrangement is shown. Bottom right: A side view of the 
urved motor module is displayed, along with the parallel guide rail that offers mechanical guidance.

Fig. 5. The topological schematic of the experimental Independent Cart System (ICS) is presented, featuring annotated dimensions, sensor 
ocations, and the motion profile. The oval-shaped track comprised straight (C1–C4, A1–A4) and curved (D1–D2, B1–B2) modules, facilitating a
losed loop. Colored squares indicate accelerometer placements: S1 and S2 represent the mono-axial sensor sensitivities on the straight sections, 
hereas S3 denotes the tri-axial sensor sensitivity situated on the curved section. The dimension labels specify the distances between the key
odule boundaries (in mm). The red arc on the right delineates the 500 mm back-and-forth reversal zone employed during testing to induce 
idirectional motion.
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Fig. 6. The position and velocity profile of the cart during Experiment Type 2 is illustrated, with the forward and reverse phases indicated by
shaded regions and dashed lines.

Fig. 7. The t-SNE embeddings, both prior to and following the DRBT transformation, for mono-axial accelerometer channels 
(mono_PCB_Bottom, mono_PCB_Top, and mono_ifm_Top) demonstrate significant improvements. Post-transformation, the clusters exhibit 
enhanced compactness and improved fault separability across all bearing conditions.

Quantitative validation using one-class SVM (OCSVM) and Isolation Forest (IF) is presented in Table  4 for t-SNE-reduced 
features. The post-transformation F1-scores exceeded 0.98 across nearly all channels, indicating a strong correlation between feature 
compactness and anomaly detection accuracy. The most significant performance improvements were observed in Z_Guide_Right
and mono_ifm_Top, where the DRBT mapping mitigated the nonlinear distortions associated with speed variation.

To further evaluate the consistency of the DRBT transformation across various embedding techniques, Table  5 presents the results 
for UMAP-reduced features. Consistent with the t-SNE findings, all channels demonstrated significant performance enhancements 
post-transformation, with F1-scores nearing unity. This observation confirms that DRBT improves class compactness and separability 
in both stochastic (t-SNE) and manifold-based (UMAP) embeddings, highlighting its generalizability across nonlinear projection 
domains.
16 
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Fig. 8. The t-SNE embeddings for the right-side tri-axial accelerometer channels (X_Guide_Right, Y_Guide_Right, and Z_Guide_Right) 
ere analyzed both prior to and following the DRBT transformation. The embeddings post-transformation exhibit compact, distinctly separable 
lusters, effectively replacing the overlapping distributions evident in the original feature space.

Fig. 9. The UMAP embeddings for the right-side tri-axial accelerometer channels, both prior to and following the DRBT transformation, 
demonstrate that the transformation consistently improves inter-class separation and intra-class compactness. This finding confirms the robustness 
of the transformation across nonlinear embedding techniques.

4.2.2. Politecnico di Torino dataset (Purely rotational system)
Experimental context . The proposed framework was further validated using the Politecnico di Torino bearing dataset [78], a publicly
available benchmark for evaluating fault diagnosis algorithms under purely rotational conditions. Data acquisition was conducted 
using a dedicated test bench equipped with two triaxial IEPE accelerometers (totaling six channels) mounted on bearings B1 and
B3, as depicted in the figure of text rif in [78]. Signals were synchronously captured using an OROS OR38 data acquisition system 
with 24-bit delta–sigma converters at a sampling frequency of 51.2 kHz. Each recording spanned 10 s, equating to 512,000 samples 
per channel, with no multiplexing applied to maintain inter-channel coherence.
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Table 4
The F1-scores for each channel, both prior to and following the application of DRBT, were calculated using one-class 
SVM (OCSVM) and Isolation Forest (IF) on features reduced via t-SNE.
 Channel OCSVM IF

 Original Transformed Original Transformed 
 X_Guide_Right 0.5039 0.9840 0.7080 0.9808  
 Y_Guide_Right 0.6669 0.9065 0.7224 0.9086  
 Z_Guide_Right 0.6602 0.9753 0.7768 0.9726  
 Mono_PCB_Bottom 0.5723 0.9881 0.6301 0.9858  
 Mono_PCB_Top 0.5223 0.9889 0.5641 0.9885  
 Mono_ifm_Top 0.7033 0.9892 0.7418 0.9822  

Table 5
The F1-scores for each channel, both prior to and following the application of DRBT, were calculated using one-class 
SVM (OCSVM) and Isolation Forest (IF) on features reduced via UMAP.
 Channel OCSVM IF

 Original Transformed Original Transformed 
 X_Guide_Right 0.5962 0.9814 0.7103 0.9782  
 Y_Guide_Right 0.6288 0.9135 0.7226 0.9051  
 Z_Guide_Right 0.6815 0.9732 0.7695 0.9697  
 Mono_PCB_Bottom 0.6031 0.9850 0.6524 0.9821  
 Mono_PCB_Top 0.5534 0.9858 0.5876 0.9862  
 Mono_ifm_Top 0.7260 0.9889 0.7539 0.9825  

Table 6
Mapping of the original Politecnico di Torino dataset labels to the nomenclature employed in this study.
 Original label Current label Defect description Diameter (μm) 
 0A H No defect (Healthy) –  
 1A FIR450 Inner race indentation 450  
 2A FIR250 Inner race indentation 250  
 3A FIR150 Inner race indentation 150  
 4A FR450 Roller indentation 450  
 5A FR250 Roller indentation 250  
 6A FR150 Roller indentation 150  

The dataset comprises one healthy bearing and six faulted bearings, each exhibiting varying fault severities and locations. These 
were initially labeled 0A–6A, with defects induced by a controlled conical indentation using a Rockwell indenter applied on either the 
inner race or a single roller. The defect diameters were approximately 150, 250, and 450 μm, as listed in Table  6. To conform to the 
MOIRA–UNIMORE naming convention, the faults were relabeled as H, FIR450, FIR250, FIR150, FR450, FR250, and FR150, where 
‘‘F’’ denotes a fault, ‘‘IR’’ signifies an inner-race defect, and ‘‘R’’ indicates a roller defect. All tests were conducted at five nominal 
shaft speeds (100, 200, 300, 400, and 500 Hz) and four static load levels (0, 1000, 1400, and 1800 N). Each bearing underwent an
identical procedure, beginning at 0 N and 100 Hz, with incremental increases in load and speed until steady-state conditions were 
achieved. A total of 119 data files were collected (17 per class across all load–speed combinations). Each file contained six vibration 
channels corresponding to the two triaxial sensors. For the present analysis, the data were grouped by load level, yielding seven 
independent data subsets that were processed using the same TAIW–DRBT pipeline.

Embedding visualizations. The t-SNE embeddings for the Politecnico di Torino dataset were examined across various load levels 
to assess the impact of the DRBT transformation on feature distributions under different operating conditions. Figs.  10–13 present 
representative results for both fault families—inner-race (FIR) and roller (FR) defects, at load levels of 1000 N and 1400 N. In
the pre-transformation embeddings (upper panels of each figure), the class boundaries are indistinct, with a significant overlap 
between fault severities. Following the application of the DRBT transformation (lower panels), the data points form compact, well-
separated clusters for each defect class, indicating a marked enhancement in the intra-class cohesion and inter-class separability. This 
visual compactness was consistently observed across all shaft speeds (100–400 Hz), affirming the robustness of the transformation 
against variations in the rotational speed. Notably, the improvement was more pronounced for the roller fault family, in which the 
pre-transformation manifolds exhibited substantial nonlinear distortions owing to contact dynamics.

To further assess the consistency of the DRBT transformation across various nonlinear embedding techniques, UMAP projections 
were generated for the same load and speed configurations as those used in the t-SNE analysis. Figs.  14–17 illustrate the UMAP
embeddings for the inner-race (FIR) and roller (FR) fault families at load levels of 1000 N and 1400 N, respectively. Consistent with 
the t-SNE results, the pre-transformation distributions (upper panels) exhibited broad entangled manifolds with significant overlap 
among fault classes, particularly at lower speeds (100–200 Hz). Following the DRBT transformation (lower panels), the data become 
notably more compact and distinct for both fault types and severities.
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Fig. 10. The t-SNE embeddings are depicted before (top row) and after (bottom row) the DRBT transformation for the inner-race fault family
(FIR) at a load level of 1000 N. The transformation results in compact, linearly separable clusters across increasing shaft speeds (100–400 Hz).

Fig. 11. The t-SNE embeddings, both prior to and following the DRBT transformation, for the inner-race fault family (FIR) at a load level of 1400 
, demonstrate that the DRBT effectively reduces intra-class spread and enhances the separation among fault severities (FIR150--FIR450).

However, some residual overlap persists under specific operating conditions. For the FIR family, the FIR150 class partially
overlaps with the healthy cluster at 300 Hz and 1400 N (Fig.  15), indicating that the low damage energy of this minor defect 
produces vibration signatures similar to the baseline noise at high rotational speeds. Similarly, in the FR family, limited overlap 
between the FR150 and healthy class is observed at 100 Hz for 1000 N and at 400 Hz for 1400 N (Figs.  16–17). Despite these minor 
ambiguities, the overall class topology remained consistent, with distinct clustering of higher-severity faults (FR450, FIR450) and
improved alignment of intra-class densities. These findings confirm that the DRBT transformation generalizes effectively across 
different embedding manifolds, reducing the intra-class variance while preserving the intrinsic relationships between healthy and
early stage fault conditions.
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Fig. 12. The t-SNE embeddings are depicted before (top) and after (bottom) the DRBT transformation for the roller fault family (FR) at a load level 
f 1000 N. This transformation effectively compacts the fault clusters and rectifies local manifold distortions observed in the pre-transformation 
pace.

Fig. 13. The t-SNE embeddings, both prior to and following the DRBT transformation, for the roller fault family (FR) at a load level of 1400 N,
emonstrate that the DRBT consistently achieves compactness and distinct boundary formation across various shaft speeds. This transformation 
otably enhances the separability of smaller roller defects.

Quantitative evaluation. The results presented in Tables  7 and 8 indicate a consistent and significant enhancement in the anomaly
detection performance after applying the proposed DRBT transformation. Across all speed and load combinations, both detectors, 
OCSVM and IF, exhibited notably higher F1-scores in the ‘‘After’’ columns compared to the ‘‘Before’’ columns, thereby confirming 
that the transformation improved class separability and reduced nonlinear overlap in the reduced feature spaces. For the t-SNE 
reduced features (Table  7), the baseline F1-scores before transformation exhibited considerable variability (approximately 0.12–0.67
for OCSVM and 0.24–0.72 for IF), reflecting their sensitivity to the operating conditions. Upon applying the DRBT, the F1-scores 
increase sharply to above 0.95 in nearly all instances, approaching unity at several frequencies (e.g., 300 Hz at 0 N). Thus, the 
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Fig. 14. UMAP embeddings are depicted before (top) and after (bottom) the DRBT transformation for the inner-race fault family (FIR) at a load
evel of 1000 N. The DRBT transformation markedly improves fault separability across all shaft speeds (100–400 Hz).

Fig. 15. UMAP embeddings, both prior to and following the DRBT transformation, are presented for the inner-race fault family (FIR) at a load
level of 1400 N. A minor overlap between FIR150 and healthy data is discernible at 300 Hz; however, the overall cluster separability remains 
substantial.

proposed method effectively mitigates the distortions introduced by varying speeds and loads, resulting in nearly ideal one-class 
discrimination.

A similar pattern was observed for the UMAP features (Table  8). Before DRBT, there was moderate to high variability among 
speeds and loads, with OCSVM values ranging from 0.30–0.83 and IF values ranging from 0.40–0.83. Following the transformation, 
nearly all F1-scores exceeded 0.97, reaffirming that the reshaped manifolds consistently preserved the class-specific structure across 
the operating regimes of the pump.

Overall, these quantitative results confirm that the DRBT significantly enhances the uniformity and robustness of both detectors 
under non-stationary conditions, which is consistent with the qualitative improvements observed in the manifold visualizations.
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Fig. 16. UMAP embeddings are depicted prior to (top) and following (bottom) the DRBT transformation for the roller fault family (FR) at a
load level of 1000 N. The FR150 and healthy clusters demonstrate minor overlap at 100 Hz, whereas other faults remain distinctly separable 
post-transformation.

Fig. 17. UMAP embeddings, both prior to and following the DRBT transformation, are presented for the roller fault family (FR) at a load level 
f 1400 N. The FR150 class exhibits partial overlap with the healthy cluster at 400 Hz, whereas faults of greater severity (FR250, FR450) 
manifest as compact, isolated regions.

4.2.3. CWRU dataset (Purely rotational system)
Experimental context . To assess the generalization capability of the proposed framework, additional experiments were conducted 
using the CWRU bearing dataset, which represents a stationary rotational system with localized defects. To ensure methodological
consistency and comparability with the existing literature, this study adheres to the diagnostic categorization proposed by [87],
who systematically evaluated the entire CWRU dataset and classified each case based on its classification. In this benchmark, the 
dataset was divided into six categories — Y1, Y2, P1, P2, N1, and N2 — based on the clarity of fault manifestation in the time 
and frequency domains. Specifically, Y1 and Y2 correspond to fully diagnosable data exhibiting clear or moderately distorted fault 
signatures, whereas P1 and P2 denote cases with partial diagnosability. Conversely, N1 and N2 include data that are either not 
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Table 7
The F1 scores related to speed and load for OCSVM and IF on t-SNE-reduced features are presented both prior to 
and following the application of the proposed DRBT transformation. These results pertain to the Healthy class and 
the Inner Race Fault cases FIR150, FIR250, and FIR450.
 Speed (Hz) Load (N) OCSVM IF

 Before After Before After  
 
100

0 0.5185 0.9853 0.5746 0.9849 
 1000 0.3530 0.9764 0.4410 0.9757 
 1400 0.5302 0.9553 0.5525 0.9546 
 
200

0 0.6709 0.9705 0.6826 0.9859 
 1000 0.4525 0.9723 0.4661 0.9722 
 1400 0.4620 0.9710 0.4654 0.9706 
 
300

0 0.4644 0.9920 0.4831 0.9925 
 1000 0.2168 0.9745 0.2381 0.9749 
 1400 0.4744 0.9769 0.5584 0.9767 
 
400

0 0.1198 0.9767 0.2993 0.9759 
 1000 0.4071 0.9760 0.5078 0.9754 
 1400 0.5314 0.9751 0.7259 0.9746 

Table 8
The F1 scores related to speed and load for OCSVM and IF on UMAP-reduced features are presented both prior to 
and following the application of the proposed DRBT transformation. These results pertain to the Healthy class and 
the Inner Race Fault cases FIR150, FIR250, and FIR450.
 Speed (Hz) Load (N) OCSVM IF

 Before After Before After  
 
100

0 0.6918 0.9866 0.6742 0.9857 
 1000 0.6241 0.9745 0.7528 0.9745 
 1400 0.8230 0.9494 0.8130 0.9506 
 
200

0 0.6389 0.9846 0.6483 0.9846 
 1000 0.5205 0.9733 0.5359 0.9730 
 1400 0.4059 0.9704 0.4073 0.9705 
 
300

0 0.5766 0.9927 0.6508 0.9922 
 1000 0.3610 0.9750 0.6588 0.9752 
 1400 0.2980 0.9272 0.6629 0.9316 
 
400

0 0.5763 0.9754 0.8331 0.9756 
 1000 0.4296 0.9752 0.7863 0.9759 
 1400 0.5831 0.9760 0.6802 0.9760 

diagnosable owing to confounding mechanical effects or are indistinguishable from noise, containing only weak harmonic traces in 
spectral envelopes. Notably, the authors of the tutorial [87] recommended that future diagnostic algorithms be validated primarily 
on datasets belonging to the P and N categories, as they present the most challenging and realistic fault conditions for assessing the 
robustness of the diagnosis.

Following the recommendations of [87], this study focuses exclusively on the N1 and N2 subsets, which correspond to the most 
noise-dominated and diagnostically challenging cases in the CWRU dataset. Among these, the focus was restricted to the 48 kHz
drive-end bearing fault recordings, which included ball, inner, and outer-race (centered) defects explicitly marked as N1 or N2 in 
the benchmark study. Accordingly, the dataset was relabeled such that all healthy signals were assigned the label H, inner race 
faults were grouped under IR, ball faults under Ball, and the centered outer race fault was grouped under ORC. This relabeling 
ensured a consistent labeling convention with the other datasets analyzed in this study and provided a rigorous test scenario that 
focused exclusively on the least diagnosable CWRU conditions.

Embedding visualizations. Fig.  18 illustrates the t-SNE embeddings at various rotational speeds (1730–1797rpm) before and
after the application of the DRBT. Initially, the class manifolds exhibited significant nonlinear intermixing and spiral-shaped 
distortions, particularly between the Healthy and Ball Fault samples. This behavior is characteristic of vibration-induced amplitude 
modulation and stochastic excitation in rotating systems, resulting in complex, curved manifolds with nonlinear embeddings. After 
transformation, the manifolds undergo notable contraction and density equalization, forming compact and nearly orthogonal clusters 
with distinct boundaries. This transformation effectively reduces the curvature and local density bias, allowing the underlying 
fault structure to become more distinguishable. Consequently, all four classes became linearly separable, with significantly reduced 
intra-class spreads and balanced intercluster distances.

A similar progression was observed in the UMAP-reduced feature space (Fig.  19). Prior to DRBT, the UMAP projections displayed 
curvilinear trajectories and partial overlaps, particularly among the Healthy, Ball, and Outer Race states. These overlaps result from
UMAP’s continuous mapping nature of UMAP, which preserves the neighborhood topology but not necessarily the inter-manifold 
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Fig. 18. The t-SNE embeddings of the CWRU dataset at various rotational speeds (𝑣, expressed in rpm), both before and after the application 
f DRBT, illustrate that the proposed transformation effectively mitigates manifold curvature, equalizes density, and enhances the separability 
among the four health conditions.

margins. Following DRBT, the feature distributions become highly compact and evenly spaced, with reduced within-class variance 
and enhanced boundary distinctness. Notably, the Inner Race cluster, which previously exhibited partial continuity with the Healthy
class, became fully separated, confirming the robustness of this change.

The consistent improvement across both t-SNE and UMAP projections demonstrates that the DRBT functions as a post-manifold 
distribution equalizer, effectively reshaping feature densities, regardless of the embedding technique. By flattening local density 
gradients and regularizing inter-cluster spacing, DRBT mitigates the geometric distortion introduced by nonlinear reductions and
enhances class discriminability. These results confirm the suitability of the proposed method as a universal preprocessing stage for 
unsupervised fault diagnosis, thereby facilitating improved clustering and anomaly detection across variable fan operating speeds 
of the fan.

Quantitative evaluation. The results presented in Tables  9 and 10 indicate a consistent and significant enhancement in the anomaly
detection performance following the application of the proposed DRBT transformation on t-SNE and UMAP embeddings for all
examined rotational speeds in the CWRU dataset. Prior to transformation, the F1-scores of both the OCSVM and IF models displayed 
moderate variability and reduced separability between the healthy and faulty states, particularly at mid-range speeds (1750–1772
rpm), where the spectral signatures of different fault locations partially overlapped. Post-DRBT, the F1-scores exceeded 0.93 in all
instances, with most configurations achieving or surpassing 0.96 for both t-SNE and UMAP embeddings.

These findings corroborate the visual trends observed in Figs.  18 and 19, where the DRBT transformation effectively enhanced 
the cluster compactness and separation across the four bearing conditions (healthy, inner race, ball fault, and outer race fault). The 
nonlinear mapping minimized the density distortions inherent to t-SNE and UMAP, ensuring that the manifolds corresponding to 
each fault class remained locally coherent and globally distinct. Furthermore, the stability of the F1-scores across varying speeds 
underscores the robustness of the proposed pipeline against non-stationary conditions and speed-dependent modulation, which is a
critical challenge in real-world rotating machinery diagnostics.

In summary, the convergence of qualitative and quantitative evidence across three distinct datasets — MOIRA–UNIMORE,
Politecnico di Torino, and CWRU — validated the proposed framework as a generalizable, data-driven diagnostic methodology 
that enhances the separability of bearing fault classes in nonlinear feature spaces without requiring dataset-specific tuning.

4.3. Robustness to additive noise

In real-world scenarios, vibration measurements are inevitably affected by environmental noise and the instruments used for 
measurement. To evaluate robustness, we introduced three distinct types of noise solely into the vibration channels, leaving the 
drive/command signals unchanged, and then repeated the entire process (transform → reduction → clustering ) following the 
standard procedures in condition monitoring (see, e.g., [88]).
24 



A. Jabbar et al.

i
c

 

 

Mechanical Systems and Signal Processing 250 (2026) 114191 
Fig. 19. UMAP embeddings of the CWRU dataset at various rotational speeds (𝑣, expressed in rpm) are depicted both before and after the 
mplementation of DRBT. The DRBT technique successfully converts the initially curved and overlapping manifolds into compact, well-separated 
lusters with uniform density.

Table 9
F1-scores corresponding to different rotational speeds (𝑣, rpm) obtained using OCSVM and IF on t-SNE-reduced 
features, both before and after application of the proposed DRBT transformation on the CWRU dataset.
 Speed (rpm) OCSVM IF
 Before After Before After  
 1730 0.5072 0.9593 0.5853 0.9604 
 1750 0.3601 0.9323 0.4441 0.9323 
 1772 0.4067 0.9017 0.5975 0.9102 
 1792 0.2957 0.9292 0.4807 0.9322 
Note: All entries represent the F1-score for the specified speed and model configuration.

Table 10
F1-scores corresponding to different rotational speeds (𝑣, rpm) obtained using OCSVM and IF on UMAP-reduced 
features, both before and after application of the proposed DRBT transformation on the CWRU dataset.
 Speed (rpm) OCSVM IF
 Before After Before After  
 1730 0.6412 0.9641 0.9113 0.9640 
 1750 0.3543 0.9292 0.8145 0.9274 
 1772 0.6321 0.9647 0.8923 0.9646 
 1792 0.6269 0.9284 0.8766 0.9267 
Note: All entries represent the F1-score for the specified speed and model configuration.

4.3.1. Noise models and injection protocol
(1) Broadband sensor/quantization noise (AWGN + uniform). To assess robustness against additive interference, zero-mean Additive 
White Gaussian Noise (AWGN) was injected into each vibration channel at three signal-to-noise ratio (SNR) levels, namely 10 dB,
20 dB, and 30 dB, representing severe, moderate, and mild noise conditions, respectively. In addition, a small zero-mean uniform 
disturbance was included to emulate the quantization effects and the low-amplitude bias jitter. The corrupted signal is expressed as

𝐱̃ = 𝐱 + 𝐧𝑔 + 𝐮𝐭 , 𝐧𝑔 ∼  (0, 𝜎2𝑛 ), 𝑢𝑡 ∼  (−𝑎, 𝑎),

with 𝑎 = 𝜌RMS(𝐱), 𝜌 = 0.02. Here, 𝜎2𝑛 denotes the Gaussian noise variance, which is adjusted to achieve the target SNR. The SNR
in decibels is defined as SNRdB = 10 log10(𝑃sig∕𝑃noise), applied independently to each analysis window and channel.
(2) Narrowband, amplitude-modulated interference. To replicate sporadic tonal disturbances, such as structural modes and rotational 
tones, we developed a narrowband noise signal (Fig.  20).

𝑛 (𝑡) = 𝐴 𝑒𝛿𝑡
(

𝑤(𝑡) ∗ ℎ (𝑡)
)

,
NB 𝑐 [𝑓1 ,𝑓2]
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Fig. 20. Example of the amplitude-modulated narrowband interference used in Category 2 (𝑓𝑠=50 kHz, band-pass [20, 40]Hz, pulse repetition 
𝑓𝑝=0.5Hz, exponential decay 𝛿). The decaying bursts mimic intermittent tonal contamination aligned with the mechanical cycle.

Fig. 21. Pseudo-FRF profile (Category 3) generated with 𝑁𝑝=20, peakRES=2, peakARES=0.75, and ADR=0.5. This profile sets the target spectral 
envelope for the structural noise synthesized via IFFT.

where 𝑤(𝑡) represents zero-mean white noise, ℎ[𝑓1 ,𝑓2](𝑡) is the impulse response of a 4th-order Butterworth band-pass filter with 
passbands [𝑓1, 𝑓2], ∗ signifies convolution, 𝐴𝑐 is the carrier amplitude scale, and 𝛿<0 indicates the exponential decay of amplitude. 
The pulses were repeated over a period 𝑇𝑝, where 𝑇𝑝=1∕𝑓𝑝. In our experiments, we employed a sampling rate of 𝑓𝑠=50 kHz, with 
band edges at 𝑓1=20Hz and 𝑓2=40Hz, and a pulse rate of 𝑓𝑝=0.5Hz (hence, 𝑇𝑝=2 s).
(3) Structural noise via Pseudo-FRF shaping. Structural noise was crafted using a spectrum that aligned with a pseudo-frequency 
response function (FRF) profile (Fig.  21) PFRF[𝑟], where 𝑟 denotes positive frequency bins, and the profile length is 𝑀 = ⌊𝑁∕2⌋
for a time series containing 𝑁 samples. This profile was designed as a smooth aggregation of sinusoidal terms with random phases 
to mimic broad resonant structures. It was then refined and tapered to emulate the resonances and high frequency roll-offs. The 
profile was subsequently adjusted to fit within the amplitude range [peakARES, peakRES] and multiplied by a linear decay factor 
ADR ∈ (0, 1]. A complex spectrum 𝐻[𝑟] was created with random phases and a magnitude shaped by the profile

|𝐻[𝑟]| ∝ PFRF[𝑟] ⋅
(

𝑟1[𝑟] 𝑟2[𝑟] + 𝑐
)

, ∠𝐻[𝑟] ∼  [0, 2𝜋),

here 𝑟1[𝑟] and 𝑟2[𝑟] are independent and identically distributed  (0, 1) variables that introduce minor random amplitude variations, 
and 𝑐 > 0 is a bias to prevent zero bins. Hermitian symmetry was applied to both positive and negative frequencies to ensure that 
the inverse discrete Fourier transform (IDFT) produced real signal outputs. The time series was then derived as SN(𝑡) = ℜ{IFFT(𝐻)}
followed by peak normalization. Unless stated otherwise, we used 𝑁𝑝=20 sinusoidal components to build the profile with peakRES=2,
peakARES=0.75, and ADR=0.5.

The impact of noise on the original low-dimensional embeddings is clearly illustrated in Figs.  22–24. Under significant 
interference, UMAP projections of the original features showed considerable expansion. Class manifolds become elongated, and
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Fig. 22. UMAP embeddings of the MOIRA vibration channels (X_Guide_Right, Y_Guide_Right, Z_Guide_Right) were analyzed both prior to and
ollowing the application of DRBT under conditions of broadband AWGN combined with uniform noise (10 dB SNR with 2% uniform jitter).

the inter-class overlap increases, particularly among intermediate fault severities (IR05–IR15). In addition, the geometric structure 
varied distinctly across the X, Y, and Z vibration channels. These distortions are most pronounced at lower signal-to-noise ratios 
(SNR) and gradually diminish as the noise level decreases. However, even at higher SNRs, residual density imbalances and class 
interpenetration remain evident in the original embedding. In contrast, after applying the DRBT technique, all the fault categories 
consistently condensed into compact, high-density clusters across different noise conditions. The transformed embeddings displayed 
minimal overlap, stable cluster centroids, and negligible sensitivity to noise intensity and channel direction. Importantly, there 
was no qualitative degradation in the class compactness or separability when transitioning from high- to low-SNR conditions. This 
indicates that the proposed transformation effectively mitigates broadband interference at the feature-manifold level.

A similar pattern emerged under narrowband amplitude-modulated interference (Fig.  25), which introduced decaying tonal bursts 
that interacted with different phases of cart motion. The original UMAP embeddings displayed long curved trajectories that reflected 
these transient resonances, with the Z-axis exhibiting the most pronounced arc-shaped distortions. Following DRBT, these nonlinear 
curves vanished, and each fault class occupied a well-separated and channel-consistent region in the t-SNE plot. The transformed 
space no longer reflects instantaneous noise energy or pulse timing; instead, it is dominated by condition severity, demonstrating 
DRBT’s capability of the DRBT to eliminate temporally structured nonstationary noise.

Structural noise shaped by a pseudo-FRF envelope presents the most challenging scenario (Fig.  26). Prior to DRBT, the t-
SNE embeddings collapsed into dense, overlapping clouds influenced almost entirely by the imposed spectral envelope, rendering 
categories such as OR05/OR20 and IR10/IR15 nearly indistinguishable. The geometry is dictated by a resonance-like noise profile 
rather than the underlying class differences. After DRBT, this effect is fully suppressed: clusters re-emerge with clear separation, 
uniform density, and no visible imprint of FRF-shaped spectral contamination. This underscores that the DRBT successfully removes 
structured resonant distortions and restores the class-centric geometry, even under severe spectral interference.

These observations confirm that the proposed framework effectively maintains robust, discriminative feature representations 
despite varying noise intensities. This highlights its suitability for vibration-based fault diagnosis in realistic industrial environments 
that are subject to stochastic disturbances.

4.4. Comparison with baseline and state-of-the-art transformation methods

To assess the efficacy of the proposed DRBT in comparison to widely utilized distribution-reshaping and density-homogenizing 
techniques within the reduced space, Fig.  27 offers a qualitative analysis based on UMAP embeddings following the application 
of each transformation directly to the two-dimensional UMAP coordinates. This configuration ensures an equitable and direct 
comparison of the capacity of each method to regularize a low-dimensional manifold, independent of any variations originating 
from high-dimensional preprocessing.

The baseline methods encompass classical power transforms (Box–Cox, Yeo–Johnson), the hyperbolic power transformation 
(HPT), rotation-based iterative Gaussianization (RBIG), probabilistic integral transforms (PIT-GMM, PIT-KDE), and the CDF-TS 
density homogenizing procedure. For reference, the unaltered UMAP embedding is depicted in the top-left panel.
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Fig. 23. UMAP embeddings of the MOIRA vibration channels (X_Guide_Right, Y_Guide_Right, Z_Guide_Right) were analyzed both prior to and
ollowing the application of DRBT under conditions of broadband AWGN combined with uniform noise (20 dB SNR with 2% uniform jitter).

Fig. 24. UMAP embeddings of the MOIRA vibration channels (X_Guide_Right, Y_Guide_Right, Z_Guide_Right) were analyzed both prior to and
ollowing the application of DRBT under conditions of broadband AWGN combined with uniform noise (30 dB SNR with 2% uniform jitter).

Across all baseline transformations, the reshaped UMAP embeddings continued to display non-uniform densities, elongated 
trajectory-like manifolds, and significant inter-class overlap. Box–Cox and Yeo–Johnson offer only marginal improvements over the 
raw UMAP and largely maintain its original curvature — most notably in the intertwined IR05–IR10–IR15 region. HPT results in 
excessive stretching along the first UMAP axis, effectively collapsing the geometry and diminishing class separability. While RBIG is 
effective for Gaussianization in higher dimensions, it yields a nearly homogeneous, structure-poor cloud when applied to 2-D UMAP
data owing to iterative whitening and sample size sensitivity. PIT-GMM and PIT-KDE partially homogenize point densities but fail
to eliminate nonlinear curvature and retain intertwined structures shaped by multimodal local neighborhoods. CDF-TS similarly 
flattens the densities but preserves the oscillatory distortions inherited from the original UMAP layout.
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Fig. 25. UMAP embeddings, both prior to and following the application of DRBT, were examined under conditions of narrowband, amplitude-
odulated interference (band-pass 20–40 Hz with exponentially decaying pulses). The initial embeddings exhibited curved and extended structures 

influenced by tonal bursts and non-stationary motion dynamics. The application of the DRBT effectively eliminated these geometric artifacts, 
resulting in the recovery of compact and channel-consistent fault clusters.

Fig. 26. The t-SNE embeddings, both prior to and after the application of DRBT under conditions of structural noise induced by a pseudo-FRF 
pectral envelope, exhibited distinct characteristics. Initially, the embeddings demonstrated significant class intermixing and resonance-driven 
istortions. In contrast, the application of DRBT resulted in class clusters that were uniformly dense and well-separated, indicating a high degree 
of robustness against structured spectral contamination.

In contrast, the DRBT generated highly compact, uniformly dense, and distinctly separated clusters for all fault categories 
and severities. In contrast to baseline methods, the DRBT eliminates the nonlinear curvature, equalizes the cluster density, and
restores a class-centric, channel-consistent low-dimensional geometry. Notably, this is achieved without reintroducing the effects of 
operating conditions (e.g., speed trajectories or load-related drifts), which persist in other transformations. This facilitates accurate 
discrimination even between subtle conditions, such as IR05 vs. IR10 and OR05 vs. OR20. Overall, this comparative evaluation 
demonstrates that the DRBT is not merely a variance-stabilizing or Gaussianizing operator but a principled reshaping mechanism 
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Fig. 27. The comparative assessment of distribution-reshaping techniques applied directly to two-dimensional UMAP embeddings reveals 
several key findings. The unprocessed UMAP projection showed elongated trajectories and significant interclass overlaps. Traditional power 
transformations, such as Box–Cox and Yeo–Johnson, effectively reduce marginal skewness but fail to address the nonlinear curvature inherent in
he original manifold. The hyperbolic power transformation (HPT) results in excessively stretched embeddings with a collapsed class structure. 
n contrast, RBIG produces an almost homogeneous point cloud owing to iterative whitening in a low-dimensional space. Probability integral 
ransform methods, including PIT-GMM and PIT-KDE, partially homogenize the density while preserving intertwined geometric patterns, and CDF-
TS flattens densities while retaining oscillatory distortions from the original UMAP layout. In contrast, the proposed DRBT technique generates 
compact, uniformly dense, and well-separated clusters across all fault categories, demonstrating superior geometry reshaping and enhanced class 
discriminability.

specifically suited for condition-monitoring manifolds under nonstationary operations. Its ability to regularize already reduced 
embeddings distinguishes it from existing methods and results in low-dimensional representations that are reliably separable and
informative.

4.5. Comparison with end-to-end deep anomaly detection methods

To complement the comparative analysis and address the relevance of recent state-of-the-art industrial methods, an additional 
evaluation was conducted using representative end-to-end deep anomaly detection frameworks. Vibration signals acquired from the 
same accelerometer channel of the MOIRA–UNIMORE bearing dataset were transformed into time–frequency representations using 
spectrogram images, which served as inputs to the deep models. Specifically, three widely adopted deep anomaly detection 
approaches were considered: EfficientAD [89], PaDiM [90], and Fully Convolutional Data Description (FCDD) [91]. All models 
were trained exclusively on healthy data and evaluated under identical experimental conditions to ensure a fair and consistent 
comparison. In parallel, an Isolation Forest classifier was applied to features obtained through the proposed transformation pipeline, 
namely TAIW → t-SNE → DRBT, enabling a direct comparison between fully end-to-end deep learning methods and a lightweight, 
statistically driven feature transformation framework.

Fig.  28 presents the row-normalized confusion matrices obtained for all four approaches. EfficientAD and PaDiM exhibited 
limited anomaly recall on this vibration-based industrial dataset despite achieving high normal-state recognition accuracy. This 
behavior highlights the difficulty in transferring generic vision-oriented deep anomaly detection models to non-image vibration 
signals without a domain-specific adaptation. FCDD achieves a more balanced detection performance owing to its fully convolutional 
one-class formulation, which is tailored to describe anomalies. Notably, the proposed TAIW → t-SNE → DRBT  pipeline combined 
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Fig. 28. Row-normalized confusion matrices comparing anomaly detection performance on the MOIRA–UNIMORE bearing dataset using 
spectrogram representations derived from a single vibration channel. From top left to bottom right: EfficientAD, PaDiM, Fully Convolutional 
ata Description (FCDD), and the proposed TAIW → t-SNE → DRBT pipeline followed by Isolation Forest. The comparison highlights the relative 
trengths and limitations of end-to-end deep anomaly detection methods versus the proposed statistically driven transformation-based approach 
n an industrial vibration monitoring context.

with the Isolation Forest demonstrates the most consistent and symmetric classification behavior, achieving high anomaly detection 
accuracy while maintaining a low false-alarm rate. These results indicate that although deep end-to-end anomaly detection methods 
provide strong baselines, the proposed statistically grounded transformation framework offers superior robustness, interpretability, 
and suitability for nonstationary vibration-based bearing-fault diagnosis in industrial environments.

4.6. Sensitivity analysis of DRBT hyperparameters under noisy conditions

To further validate the robustness of the proposed DRBT transformation and address concerns regarding the rigor of hyperparam-
eter selection, a one-parameter-at-a-time (OPAT) sensitivity analysis was conducted under realistic noise conditions. This analysis 
was performed using the MOIRA dataset augmented with broadband measurement data. These disturbances combined zero-mean 
Additive White Gaussian Noise (AWGN) at an SNR of 10dB with a small uniform perturbation to simulate quantization and bias 
jitter, as detailed in Section 4.3.1. Each DRBT hyperparameter was independently varied over the range {0.01, 0.95}, whereas all
other parameters were maintained at their nominal values, as listed in Table  2. Following the application of the DRBT, anomaly
detection was performed using a one-class SVM (OCSVM), and the performance was quantified using the F1-score. The resulting 
sensitivity curves are summarized in Fig.  29.

The minimum peak prominence parameter, denoted as 𝑝min, demonstrates a distinct threshold-dependent behavior. When 𝑝min was 
set below approximately 0.2, consistently high F1-scores were achieved. In contrast, increasing the parameter beyond this threshold 
resulted in a significant decrease in performance. This observation corroborates the notion that excessively stringent prominence 
thresholds can suppress the structurally significant secondary modes in the presence of background noise. In contrast, moderate 
values effectively differentiate genuine bimodality from noise-induced artifacts. The inter-mode shift parameter 𝛾 exhibits a shallow 
U-shaped sensitivity profile. Insufficient values lead to inadequate alignment of the separated modes, whereas values approaching 
unity result in near-complete merging, potentially obscuring class separability. Notably, the degradation outside the optimal region 
is gradual, indicating a tolerance for moderate deviations and confirming that 𝛾 serves as a bounded control rather than a finely
tuned gain.

The contraction lower bound 𝛿 exhibits a monotonic decline in performance as its value increases. This phenomenon aligns with 
its theoretical function as a safeguard against collapse: huge values impede meaningful contraction, thereby effectively turning off
the corrective mechanism of the DRBT, whereas small positive values maintain stability while permitting adaptive compaction. In
contrast, the nominal contraction cap 𝜖, separation-aware modulation parameter 𝜂, variance gate 𝜎th, and unimodal fallback factor 
𝛽nonbimodal exhibited largely flat sensitivity curves across the examined range. This invariance suggests that once the fundamental 
stability constraints are met, the performance of the DRBT is largely unaffected by the specific selection of these parameters. Such 
behavior is advantageous in practice, as it demonstrates that the transformation does not require precise hyperparameter tuning to 
achieve robust anomaly detection.

The OPAT sensitivity analysis conducted under the conditions of combined AWGN and uniform noise demonstrates that DRBT 
functions within extensive and well-defined stability regions. It was observed that only a limited subset of parameters, particularly 
𝑝min and 𝛿, necessitated conservative selection to prevent degenerate behavior. In contrast, the remaining parameters exhibited 
significant robustness. These results substantiate the hyperparameter rationale outlined in Section 2.7 and affirm that the reported 
values represent typical operating points rather than fragile optima.
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Fig. 29. One-parameter-at-a-time (OPAT) sensitivity analysis was performed on the DRBT hyperparameters under conditions of noise. The F1
core of the OCSVM detector is depicted as a function of each parameter, with all other parameters held constant at their nominal values (Table
). Sensitivity was evaluated using the MOIRA dataset, which was corrupted by additive white Gaussian noise (SNR = 10 dB) and supplemented 
ith a minor uniform perturbation to simulate quantization and bias jitter. The solid diamond markers indicate the maximum F1 score for a
pecific parameter, whereas the solid squares denote the operating points used in the experimental evaluation. Parameters related to bimodality 
etection and contraction bounds (e.g., 𝑝min and 𝛿) exhibited the expected performance degradation when they were outside their permissible 
anges. In contrast, scale-normalized parameters (𝛾, 𝜖, 𝜂, 𝜎𝑡, and 𝛽nonbimodal) demonstrated considerable stability, thereby confirming the robustness 
of the proposed transformation.

5. Conclusion

This study presents a lightweight and fully unsupervised diagnostic framework that integrates Theil-index-driven time–frequency 
window selection (TAIW) with modality-aware distribution reshaping transformation (DRBT) for the detection of bearing faults 
under non-stationary conditions. TAIW facilitates automatic window selection, thereby eliminating the need for manual spectrogram 
tuning, whereas DRBT restructures density-imbalanced embeddings into compact and well-separated clusters without requiring 
dataset-specific optimization.

Experimental validation using the MOIRA–UNIMORE Independent Cart System dataset demonstrated that the proposed pipeline 
consistently transforms weakly separable embeddings into highly discriminative feature spaces, resulting in substantial improve-
ments in the one-class detection performance. Cross-dataset evaluation on the Politecnico di Torino and CWRU benchmarks further 
confirmed the general applicability of the framework across fundamentally different bearing kinematics and operating regimes.

Robustness analyses under conditions of additive white Gaussian noise, uniform perturbations, narrowband interference, and
structured disturbances indicated stable performance across realistic industrial conditions. Sensitivity analysis revealed wide stability 
regions, with only limited parameter constraints necessary to avoid spurious bimodality detection or excessive contractions.

In summary, the integrated TAIW–tSNE/UMAP embedding–DRBT pipeline offers a practical and versatile unsupervised solution 
for condition monitoring of non-stationary industrial systems. Future research should focus on real-time deployment, multichannel 
fusion, and integration with emerging self-supervised paradigms.
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