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H I G H L I G H T S

• This study introduces an adaptive distribution-based transformation method for detecting bearing faults in independent cart systems.

• The method effectively reshapes skewed and bimodal feature distributions to enhance class separability.

• It demonstrates robustness in the presence of broadband, narrowband, and structural noise contamination.
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A B S T R A C T

Unlike conventional rotary systems, where bearings remain fixed around a single axis and experience only rota­

tional motion, bearings in independent cart systems exhibit coupled translational–rotational motion and highly 

nonstationary dynamics. This simultaneous translational-rotational motion of the bearings along the guide rail re­

sults in time-varying vibration signatures, complicating fault diagnosis using conventional methods. Furthermore, 

each cart in an independent cart system is supported by multiple rolling bearings, and industrial machines involve 

hundreds of carts operating simultaneously, resulting in a large number of interacting bearings whose condi­

tion monitoring is both challenging and highly desirable. This study proposes an adaptive distribution-based 

feature transformation method to enhance the detection of bearing faults under complex operating conditions. 

The proposed method effectively reshapes the skewed, bimodal, and high-variance feature distributions com­

monly observed in vibration signals from independent cart systems, thereby improving class separability without 

the need for labeled data or deep learning architectures. The approach was validated on the open-access bear­

ing dataset based on independent cart systems comprising single- and three-cart experiments and benchmarked 

against established transformations including Box–Cox, Yeo–Johnson, Rotation-Based Iterative Gaussianization, 

hyperbolic power transformation, Cumulative Density Function - Transform-and-Shift, dip test based extraction, 

and Dip transformation. The results demonstrate that the proposed transformation produces compact, well-

separated clusters in principal component analysis and t-distributed stochastic neighbor embeddings, achieving 

very high F1-scores under both One-Class Support Vector Machine and isolation forest anomaly detection meth­

ods. The proposed method exhibited robustness against broadband, narrowband, and structural noise, presenting 

a geometry-agnostic and computationally efficient alternative for real-time bearing diagnostics in non-stationary 

industrial environments.

1 . Introduction

Independent cart systems (ICS), enabled by advancements in linear 

motor technology, have emerged as modern alternatives to conventional 

transport mechanisms, such as conveyors, rollers, and chain-driven 

systems [1–3]. These systems employ linear motors with embedded 

coils that generate complex magnetic field patterns which interact with 

permanent magnets mounted on each cart to facilitate the controlled 

motion along a predefined track. Although magnetically driven actua­

tion eliminates the need for mechanical transmission components and 

reduces friction losses, wear, and maintenance, the carts are mechani­

cally supported and guided by bearings running along a fixed rail, which 

remains in constant physical contact. This interface plays a crucial role 
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in vibration transmission and fault propagation. Consequently, despite 

the reduction in mechanical complexity, independent cart systems pose 

significant diagnostic challenges.

Fault detection in ICS presents significant challenges owing to their 

nonstationary dynamics, modular architecture, and operational variabil­

ity [4–6]. Individual carts operate at highly variable speeds, ranging 

from a few millimeters to several meters per second, and can acceler­

ate, decelerate, or rapidly reverse direction. Furthermore, the motion of 

each cart encompasses both rotational and translational dynamics, as the 

bearings roll along the guide rail, whereas the cart itself translates along 

the track. Unlike stationary rotary systems, these hybrid motion patterns 

result in time-varying vibration signatures that complicate signal inter­

pretation. Additionally, each cart is equipped with multiple bearings, 

and in large-scale systems involving dozens or even hundreds of carts, 

this necessitates the simultaneous monitoring of hundreds of interact­

ing components under varying mechanical loads and motion conditions. 

These factors significantly impede the accurate isolation, localization, 

and classification of emerging faults.

In recent years, fault diagnosis has advanced toward intelligent 

frameworks that integrate signal processing with machine learning, 

with the objective of automating feature extraction and minimizing de­

pendence on expert knowledge. This transition is particularly crucial 

under non-stationary conditions, where the speed and load fluctuate un­

predictably. Traditional vibration-based approaches, including Fourier 

analysis, envelope detection, and spectral methods, are often inade­

quate under such variability owing to their stationarity assumptions 

[7,8]. To address these challenges, more robust signal processing tools 

have been developed. Angle-domain techniques, such as order tracking 

and rotational resampling, provide stationary-like representations for 

speed-varying signals [8], whereas localized spectral methods, includ­

ing the short-time Fourier transform (STFT), wavelet transform (WT), 

and Hilbert–Huang transform (HHT), capture transient dynamics in the 

time–frequency domains [9–11]. Adaptive decomposition techniques, 

such as empirical mode decomposition (EMD), ensemble empirical mode 

decomposition (EEMD), complete ensemble empirical mode decompo­

sition with adaptive noise (CEEMDAN), and variational mode decom­

position (VMD), further isolate nonlinear fault-relevant modes [12]. 

Enhancements through bandwidth division variational mode decompo­

sition (BDVMD) and synchrosqueezing transform (SST) offer improved 

resolution in noisy environments [13,14].

Recent advancements in preprocessing techniques have been increas­

ingly integrated into machine learning models. Traditional algorithms, 

such as k-nearest neighbors (k-NN), support vector machines (SVM), and 

decision trees, utilize statistical features, whereas deep learning mod­

els, notably convolutional neural networks (CNNs) and autoencoders, 

derive hierarchical features from raw signals or spectrograms [12,15]. 

Reviews by Saufi et al. [15] and Hakim et al. [16] underscore the 

potential of deep architectures, such as CNNs, deep belief networks 

(DBNs), and recurrent neural networks (RNNs), and transfer learning 

frameworks, such as deep adaptation networks (DANs), transfer compo­

nent analysis (TCA), and adversarial domain adaptation (ADA). These 

reviews also highlight challenges, such as noise sensitivity, data im­

balance, and interpretability. Unsupervised learning methods, including 

k-means, self-organizing maps, and Isolation Forests, have been applied 

to fault detection in unlabeled data [17,18] and are often enhanced 

through autoencoder-based representation learning [19].

Current trends emphasize domain adaptation and unsupervised deep 

transfer learning (UDTL) to facilitate fault diagnosis across different ma­

chines and operational contexts without the need for labeled data [20–

22]. Models such as the unsupervised feature alignment network (UFAN) 

and domain-aligned CNNs aim to align features across diverse regimes 

[23,24], whereas domain generalization approaches strive for invariant 

representations without target access [25]. Hybrid models that combine 

time–frequency analysis with deep learning, such as Ensemble Empirical 

Mode Decomposition and Continuous Wavelet Transform (EEMD-

CWT) [26], and SST-CNN [27]. Additional advancements include 

wavelet-enhanced classifiers [28], Grasshopper Optimization Algorithm 

(GOA)-optimized models [29], and interpretable methods such as prin­

cipal component analysis (PCA), SVM, and tree ensembles for edge 

deployment [30,31]. Despite these advancements, many methods re­

main benchmark focused and face challenges in practical deployment 

under conditions of signal noise, data shifts, or limited labels.

Despite advancements in signal processing and learning-based di­

agnostic frameworks, most current methodologies focus on extracting 

or learning discriminative features from raw sensor data, or enhanc­

ing classifier architectures through hyperparameter tuning and domain 

adaptation [15,20]. However, these approaches frequently neglect the 

fundamental statistical structure of the input features, particularly their 

distribution shape, which can substantially influence the separability 

of fault classes. In numerous real-world scenarios, sensor signals dis­

play skewed, multimodal, or heavy-tailed distributions that contravene 

the assumptions of many classifiers and exacerbate decision boundary 

overlap [32,33]. Although deep models can approximate complex, non-

Gaussian feature distributions through hierarchical nonlinear mappings, 

their reliability diminishes in low-data regimes and under non-stationary 

or noisy conditions, where overfitting, domain shift, and a lack of gener­

alization significantly impair performance [15,20]. Consequently, there 

is a critical research gap in explicit distribution transformation tech­

niques, particularly those aimed at reshaping feature distributions (e.g., 

bimodal or high-variance signals) into more Gaussian-like forms to 

enhance separability and improve downstream classification and clus­

tering performance. This gap is particularly pronounced in the context 

of fault detection in complex real-world platforms, such as independent 

cart systems.

To address this gap, this study introduces an adaptive distribution-

based feature transformation algorithm aimed at reshaping skewed, 

bimodal, and high-variance feature distributions, which are frequently 

observed in vibration signals from independent cart systems. The pro­

posed method operates without the need for labeled data, model 

training, or deep learning architectures, rendering it suitable for low-

resource diagnostic environments. Rather than modifying classifier ar­

chitectures or embedding strategies, the approach directly acts on the 

statistical structure of the feature space to facilitate improved class sep­

arability for downstream fault detection and clustering. The method 

is validated using a newly developed real-world dataset of rolling el­

ement bearing faults collected from an industrial-scale independent 

cart system under non-stationary operating conditions [34]. The sym­

bols and acronyms used throughout this study are summarized in

Tables 1–3.

Motivation

To explicitly clarify the drivers behind the proposed methodology, 

the following factors motivate this study:

• Economic impact: ICS are capital-intensive investments in which 

downtime disrupts production and economic viability. Reliable 

condition monitoring prevents failures and ensures efficient oper­

ations.

• Nonstationarity: The ICS operates with temporal variability, in­

cluding acceleration, deceleration, and shift directions. Bearing 

motion along the guide rail creates vibration signals that challenge 

the stationarity and speed invariance assumptions fundamental to 

conventional diagnostic methods.

• Intrinsic distributional overlap in extracted features: The fea­

tures of ICS vibration data exhibit bimodal or dispersed distri­

butions within specific fault categories. However, there is signif­

icant overlap in distributions across different categories, which 

constrains the performance of anomaly detectors and classifiers.

• Mismatch with conventional benchmark datasets: Bearing fault 

datasets are mainly obtained from stationary rotary systems oper­

ating at constant speeds. These datasets poorly represent the hybrid 
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Table 1 

Symbols used in the proposed algorithm.

Symbol Description

𝐗 ∈ R𝑛×𝑑 Input feature matrix with 𝑛 samples and 𝑑 features

𝑋 Output matrix of transformed features

𝐹𝑗 𝑗-th feature vector of length 𝑛
𝑓KDE(𝑥) Kernel Density Estimate of feature distribution

𝑘𝑗 Number of valid peaks detected in the KDE of 𝐹𝑗
𝑥𝑝 Peak locations in the estimated density function

𝑥valley Minimum point between KDE peaks

𝑝min Minimum peak height threshold for bimodality detection

𝑧𝑗,𝑖 Cluster assignment of the 𝑖-th sample in feature 𝐹𝑗
𝜇𝑗,𝑘 Mean of cluster 𝑘 ∈ {1, 2} for feature 𝐹𝑗
𝜇higher , 𝜇lower Higher and lower cluster means, respectively

𝑑 Distance between the two cluster centers

𝜎𝐹𝑗
Standard deviation of feature 𝐹𝑗

𝛾 Upper bound for the cluster shift factor 𝛼
𝛼 Shift factor to displace higher-valued cluster

𝜇overall Global mean of feature 𝐹𝑗
𝛽 Adaptive scaling factor for distribution merging

𝛿, 𝜖, 𝜂 Constants controlling scaling behavior

𝜎𝑡 Variance threshold for identifying scattered features

𝜇𝐹𝑗
Mean of unimodal feature 𝐹𝑗

𝜉 Compression scaling factor for scattered distributions

Table 2 

Symbols used in additive noise models.

Symbol Description

𝐱 Original vibration signal

𝐱̃ Noisy vibration signal

𝐧AWGN Additive white Gaussian noise

𝐧UNI Uniform quantization noise

𝜎2 AWGN variance

𝑎 Uniform half-width (quantization scale)

𝜆 Proportionality constant for quantization

𝑓𝐿, 𝑓𝐻 Band-pass filter cutoff frequencies

𝑓𝑠 Sampling frequency

𝑇 Interference repetition period

𝑤(𝑡) White noise driving signal

ℎ[𝑓𝐿 ,𝑓𝐻 ](𝑡) Band-pass filter impulse response

𝜅 Exponential decay rate of pulse envelope

PFRF[𝑟] Pseudo-Frequency Response Function shaping filter

𝜈1[𝑟], 𝜈2[𝑟] Random uniform scaling variables

𝜁 Offset to prevent vanishing amplitudes

𝑁𝑠 Number of sinusoidal terms in PFRF

𝜒 Amplitude decay rate for spectral tapering

dynamics, nonstationarity, and modularity of ICS, thereby limiting 

the applicability of the methods validated on these benchmarks.

• Label scarcity and industrial deployment constraints: In in­

dustrial settings, the limited availability of labeled fault data and 

confidentiality issues necessitate the development of diagnostic 

methods that avoid extensive training while maintaining efficiency 

and interpretability for real-time monitoring.

• Need for distribution-aware transformations: Improving fault 

separability in ICS requires explicit distribution-aware transforma­

tions that reshape bimodal and high-variance features into compact 

separable forms before anomaly detection or clustering.

Key contributions

The principal contributions of this study are as follows:

• Distribution-centric diagnostic perspective for ICS vibration 

data: This study identifies distributional overlap, bimodality, and 

variance as key obstacles to fault separability in vibration fea­

tures from cart systems under nonstationary conditions, framing 

the statistical structure of the feature space as an underexplored 

challenge.

• Adaptive distribution reshaping framework: An adaptive, 

distribution-aware feature transformation algorithm effectively 

Table 3 

Acronyms.

Acronym Meaning

ICS Independent Cart system

CWRU Case Western Reserve University

IMS Intelligent Maintenance Systems

XJTU-SY Xi’an Jiaotong University (XJTU) and Changxing Sumyoung 

Technology Co., Ltd. (SY)

SEU Southeast University

PHM Prognostics and Health Management

STFT short Time Fourier Transform

WT Wavelet Transfrom

HHT Hilbert–Huang Transform

EMD Empirical Mode Decomposition

EEMD Ensemble Empirical Mode Decomposition

CEEMDAN Complete Ensemble Empirical Mode Decomposition With 

Adaptive Noise

VMD Variational Mode Decomposition

BDVMD Bandwidth Division Variational Mode Decomposition

SST Synchrosqueezing Tranform

𝑘-NN 𝑘-Nearest Neighbors

SVM Support Vector Machine

CNN Convolutional Neural Network

DBN Deep Belief Network

RNN Recurrent Neural Network

DAN Deep Adaptation Network

TCA Transfer Component Analysis

ADA Adversarial Domain Adaptation

UDTL Unsupervised Domain Transfer Learning

UFAN Unsupervised Feature Alignment Network

CWT Continuous Wavelet Transform

GOA Grasshopper Optimization Algorithm

PCA Principal Component Analysis

FPGA Field-Programmable Gate Array

RBIG Rotation-Based Iterative Gaussianization

CDF cumulative distribution function

KDE Kernel Density Estimate

t-SNE t-distributed Stochastic Neighbor Embedding

CDF–TS Cumulative Density Function - Transform-and-Shift

OCSVM One-Class Support Vector Machine

IF Isolation forest

SNR Signal-to-noise ratio

THD Total harmonic distortion

SINAD Signal to noise and distortion ratio

ANOVA Analysis of Variance

OWA One-way ANOVA

KW Kruskal–Wallis

LS Laplacian Score

Var Variance

Mono Monotonicity

HPT Hyperbolic Power Transformation

FRF Frequency Response Function

AWGN Additive White Gaussian Noise

reshapes skewed, bimodal, and high variance distributions. This 

method does not require training and is computationally efficient, 

making it particularly suitable for industrial environments where 

labels are limited.

• Unified treatment of bimodal and highly dispersed unimodal 

features: The transformation mechanism addresses bimodal dis­

tributions and dispersed unimodal features by employing density 

estimation, clustering separation, adaptive shifting, and variance 

scaling to enhance class separability.

• Validation under realistic industrial operating conditions: The 

proposed methodology was validated using a practical dataset from 

an independent cart system collected under variable speed, bidirec­

tional movement, and multi-cart operation conditions. This dataset 

captures the hybrid translational–rotational dynamics that are not 

represented in conventional bearing fault benchmarks.

• Robustness and comparative assessment against established 

transformations: The robustness of the system was assessed under 

various noise conditions, including broadband noise, narrowband 

interference, and structural resonance. Comparative analysis with 
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established techniques—Box-Cox, Yeo-Johnson, rotation-based 

Gaussianization, hyperbolic power transformation, and CDF-based 

homogenization—showed improved feature compactness and sep­

arability, leading to superior anomaly detection and clustering 

performance.

The remainder of this paper is organized as follows: Section 2 re­

views the relevant literature. Section 3 presents the problem formulation 

and the associated challenges. The proposed adaptive distribution-based 

transformation methodology is described in Section 4. Section 5 de­

scribes the experimental setup and dataset configuration. The results 

and performance analysis are discussed in Section 6, and the main 

conclusions are summarized in Section 7.

2 . Related work

The presence of non-Gaussian characteristics in process and vibration 

data poses significant challenges in control performance assessment, re­

liability analysis, anomaly detection, and fault diagnosis. This has led 

to the development of various distribution transformation and mod­

eling strategies aimed at reshaping, Gaussianizing, and regularizing 

data to enhance their interpretability and analytical consistency. Initial 

efforts concentrated on quantile-based and power-transformation meth­

ods, which provided interpretable, training-free approaches to approx­

imate Gaussianity. A quantile transformation framework that converts 

non-Gaussian system outputs into Gaussian-like representations while 

preserving mutual information between the inputs and outputs, thereby 

facilitating consistent controller benchmarking and tuning under non-

Gaussian disturbances, was introduced in [35].

Subsequent advancements have resulted in more general 

Gaussianization techniques for high-dimensional data. The Rotation-

Based Iterative Gaussianization (RBIG) algorithm proposed in [36] 

incrementally applies marginal Gaussianization and orthonormal 

rotations to achieve joint Gaussian representation. This concept was 

expanded to a convolutional RBIG formulation in [37], where learned 

convolutional rotations enabled scalable layer-wise Gaussianization 

suitable for large image datasets. To enhance computational efficiency, 

an optimized field-programmable gate array (FPGA) implementation 

of RBIG (ORBIG) was presented in [38] for real-time hyperspectral 

anomaly detection, substituting eigen-decomposition with correlation-

based rotations and parallelized cumulative distribution computations. 

As a complementary approach, a fully unsupervised invertible Gaussian 

model for change and anomaly detection was introduced in [39], 

wherein multivariate data were transformed via differentiable map­

pings that allow direct likelihood estimation under a Gaussian prior. 

Collectively, these studies demonstrate the efficacy of distribution 

Gaussianization as an interpretable, model-free method for aligning 

data with analytical frameworks predicated on Gaussian assumptions.

In the domain of industrial fault diagnosis, power transformations 

such as the Box–Cox and Yeo–Johnson families remain prevalent for ad­

dressing skewed or heavy-tailed monitoring statistics. Box–Cox normal­

ization has been employed within multi-regime canonical correlation 

analysis frameworks [40], enabling the use of Gaussian-based control 

limits for fault detection across varying operating conditions. Further 

improvements in classifier reliability under non-Gaussian conditions 

have been achieved through Box–Cox preprocessing in HVAC sensor 

fault detection [41], while the combination of Yeo–Johnson transforma­

tions with noise-reducing resampling has proven effective for mitigating 

class imbalance in transformer fault datasets [42]. Building on these 

power-transformation principles, an improved Box–Cox sparsity mea­

sure (IBCSM) was proposed in [43], which integrates transformation 

parameters directly into sparsity metrics to increase sensitivity to weak 

fault signatures. Related work in [44] generalized the envelope spectrum 

through a Box–Cox-based transformation that consolidates multiple 

spectra into a single product envelope spectrum (PES), effectively am­

plifying consistent fault frequencies, even under low signal-to-noise 

conditions. These studies emphasize that well-designed feature trans­

formations can enhance the separability and monotonicity of fault 

indicators without relying on complex learned models.

In addition to marginal transformations, unsupervised and one-class 

methodologies have investigated nonparametric density modeling to 

characterize nominal system behavior in non-Gaussian environments. 

The ICA–DW–SVDD framework described in [45] extracts independent 

components, selects decorrelated features using the Durbin–Watson cri­

terion, and encapsulates nominal data through one-class Support Vector 

Data Description. Kernel density estimation (KDE) was applied in [46] 

to model the distribution of healthy motor current signals and iden­

tify anomalies via divergence measures against the nominal density. 

The lightweight KDE-based anomaly detector proposed in [47] extends 

this concept to multivariate time-series monitoring, learning exclusively 

from normal process data while adapting to gradual concept drift. These 

methodologies share the common objective of constructing or transform­

ing distributions to approximate stable Gaussian-like structures, from 

which deviations indicate anomalies or faults.

Efforts to generalize these models across domains have incorpo­

rated distributional alignment principles. The Variance Discrepancy 

Representation (VDR) metric introduced in [48] aligns both the mean 

and variance of the feature distributions between the source and tar­

get domains using a robust kernel function. This approach demonstrates 

greater efficacy than conventional mean matching techniques under 

heavy-tailed and asymmetric distributions, underscoring that control­

ling higher-order distributional properties is essential for consistent fault 

diagnosis under variable operating conditions.

Overall, these contributions provide the conceptual foundation for 

the present study, which develops an adaptive, interpretable transforma­

tion for reshaping nonGaussian feature distributions in vibration-based 

diagnostics.

3 . Problem formulation and diagnostic challenges in ICS

To underscore the necessity for advanced data-driven learning frame­

works in Independent Cart Systems (ICS), it is imperative to first 

elucidate the inherent limitations of direct signal-level interpretation 

under realistic operational conditions. In contrast to conventional ro­

tating machinery, where fault signatures are typically referenced to a 

dominant rotational order and can often be rendered quasi-stationary 

through speed-synchronous analysis, vibration signals acquired from 

ICS are influenced by coupled translational-rotational motion, time-

varying speed profiles, repeated acceleration-deceleration phases, and 

spatial interactions with guide rails. These factors significantly compli­

cate the identification of discriminative fault characteristics from the 

raw measurements.

Fig. 1 presents representative raw vibration signals acquired from a 

healthy bearing and an inner-race fault of 0.25mm during a bidirectional 

traversal along a curved motor module. Impulsive events are intermit­

tently observed in both healthy and faulty conditions, primarily arising 

from repeated acceleration-deceleration phases and transient interac­

tions between the cart and guide rail. However, the overall waveforms 

are dominated by the large-amplitude modulation effects induced by the 

motion dynamics. Consequently, fault-related components are neither 

temporally isolated nor consistently repeatable across cycles, render­

ing a reliable diagnosis based solely on direct time-domain inspection 

infeasible. To further assess the frequency-domain separability, Fig. 2 

depicts the power spectral density (PSD) estimates for multiple bear­

ing conditions. Although broad energy redistribution is observable, the 

dominant spectral content is largely governed by structural resonances 

and motion-induced excitation. Fault-related variations appear as subtle 

deviations rather than distinct spectral lines, and a strong overlap per­

sists across healthy and faulty conditions, even when averaged spectra 

are considered.

Envelope analysis is commonly adopted to enhance impulsive fault 

signatures; however, Fig. 3 demonstrates that under nonstationary ICS 
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Fig. 1. Vibration signals were obtained from an accelerometer affixed to the 

guide rail during a single bidirectional traversal of a curved module under 

both healthy (H) and inner-race fault (IR 0.25 mm) conditions. These signals 

demonstrated pronounced amplitude modulation due to the acceleration, steady 

motion, and deceleration phases. The impulses associated with faults are ob­

scured by variability induced by motion and are not consistently discernible in 

the time domain.

Fig. 2. Power spectral density (PSD) estimates for both healthy and faulty bear­

ing conditions under nonstationary ICS operation reveal energy redistribution 

across frequency bands. However, the dominant spectral components are pre­

dominantly influenced by structural and motion-related effects of the target. 

The significant overlap among conditions constrains the ability to distinguish 

faults within the frequency domain.

Fig. 3. The envelope signals and their corresponding envelope spectra, derived 

through band-limited Hilbert demodulation, are analyzed for various bearing 

conditions. Although envelope analysis is effective in highlighting impulsive 

behavior, the resultant representations are significantly influenced by non­

stationary speed variations and transient impacts, leading to broadband and 

overlapping spectral characteristics.

operation, envelope signals and their corresponding spectra remain 

heavily influenced by speed fluctuations and transient impacts. Although 

certain amplitude differences emerge, they are intermittent, broadband, 

and highly sensitive to the selected demodulation band, limiting their re­

liability as standalone diagnostic indicators. Finally, Fig. 4 illustrates the 

time-frequency representations of the same signals. The spectrograms 

reveal pronounced nonstationarity, with energy concentrations that 

Fig. 4. The time-frequency spectrograms of vibration signals from both healthy 

and inner-race faulty conditions during bidirectional cart motion along a curved 

module reveal significant nonstationarity and dynamic energy concentrations 

associated with phases of acceleration, deceleration, and direction reversal. 

Patterns indicative of faults are subtle and exhibit substantial overlap with those 

of healthy behavior.

evolve continuously over time and frequency as the cart accelerates, de­

celerates, and reverses direction. Although localized transient patterns 

can be observed, these structures do not yield clear, manually separa­

ble fault signatures and exhibit significant overlap between healthy and 

faulty cases.

Collectively, Figs. 1–4 demonstrate that, under realistic ICS operating 

conditions, neither time-domain inspection nor conventional frequency- 

or time–frequency-domain representations produce stable or manually 

separable fault signatures. Consequently, a reliable diagnosis cannot be 

achieved solely at the signal level. This necessitates the extraction of 

higher-level representations through windowed feature computation, 

which facilitates the aggregation of information across the time, fre­

quency, and motion phases. However, as will be discussed subsequently, 

the challenges posed by ICS nonstationarity persist even after feature 

extraction, manifesting as overlapping and poorly structured feature 

distributions.

While fault diagnosis for conventional rotating machinery has been 

extensively studied, the signal-level limitations illustrated in Figs. 1–4 

necessitate a feature-based diagnostic approach for Independent Cart 

Systems (ICS). In contrast to fixed-axis rotating machinery, ICS bear­

ings are subject to coupled rotational and translational motions as carts 

navigate guide rails under time-varying speed profiles. Furthermore, 

the presence of multiple carts, each equipped with several bearings, 

results in rapidly expanding monitoring tasks and high-dimensional 

feature spaces. These characteristics introduce additional complex­

ity beyond that encountered in classical rotating systems and ne­

cessitate diagnostic frameworks capable of addressing strong nonsta­

tionarity, motion-dependent variability, and limited class separability

issues.

Let 𝐗 ∈ R𝑛×𝑑  represent the feature matrix, where 𝑛 denotes the num­

ber of samples and 𝑑 denotes the number of features extracted from 

various sensor modalities. Each 𝐱𝑖 ∈ R𝑑  corresponds to a sliding window 

derived from the synchronized vibration and position data acquired dur­

ing the cart motion cycle. The window extraction strategy is illustrated 

in Fig. 5, where the segmentation is aligned with the forward and reverse 

cart motion events.

Fig. 5 depicts the motion indicators utilized in Experiment Type 2 

of the bearing dataset [34], wherein a single cart performed a bidi­

rectional back-and-forth movement along a curved motor module. In 

this setup, one forward traversal corresponds precisely to the entire 

length of the curved module, followed by a reverse traversal along 

the identical path. Consequently, the cart’s speed and position are em­

ployed to characterize the inherently non-stationary operating states 

and define physically consistent signal-extraction windows. The sign of 

the speed differentiates between forward and reverse motions, whereas 
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Fig. 5. Window segmentation is conducted based on the position of the cart. 

The motion phases are divided into forward and reverse intervals to facilitate 

feature extraction.

Fig. 6. The marginal kernel density estimate (KDE) along the first princi­

pal component for various fault classes. Notably, several classes demonstrate 

overlapping and multi-modal distributions.

its time-varying magnitude indicates the acceleration, steady state, and 

deceleration phases within each traversal. The position signal provides 

a spatial reference, ensuring that each extracted window corresponds 

to the same track segment across repeated cycles, despite variations in 

speed. Based on these indicators, the signal windows were defined over 

half-cycles, each representing a complete motion in a single direction 

(acceleration–steady–deceleration). These indicators were employed ex­

clusively for motion-state characterization and window segmentation 

and were not incorporated as diagnostic features in the proposed

framework.

Although dimensionality reduction techniques are employed, nu­

merous features continue to exhibit inadequate separability due to the 

following reasons.

• Bimodal distributions: Certain features exhibit overlapping class 

distributions characterized by multiple peaks, which complicate 

the delineation of boundaries. This phenomenon is illustrated in 

Fig. 6 for the first principal component.

• Scattered unimodal features: Other features adhere to unimodal 

Gaussian-like distributions but exhibit substantial intra-class vari­

ance, as depicted in the t-SNE plots (Fig. 7).

Fig. 7. Marginal KDEs along the first t-SNE dimension employing different dis­

tance metrics. Class overlap and dispersed distributions are evident even within 

non-linear embeddings.

Key Challenges:

• Label scarcity: Acquiring fault labels in industrial systems is both 

costly and labor-intensive, necessitating models to generalize with 

minimal supervision.

• High dimensionality: The integration of features from vibration 

and motion sensors results in increased redundancy and noise.

• Overlapping classes: As illustrated in Figs. 6 and 7, even re­

duced features display bimodality or scattering, which hinders 

classification.

• Scalability: The deployment of multiple carts exponentially in­

creases diagnostic complexity.

• Nonstationary dynamics: The concurrent rotation and translation 

generate complex, time-varying signal patterns that are uncommon 

in fixed-rotation systems.

This study presents an innovative adaptive transformation method 

that explicitly reshapes feature distributions, thereby enhancing class 

separability under challenging diagnostic conditions. This facilitates 

fault classification in ICS environments, which are characterized by 

limited labels, significant overlap, and intricate motion dynamics.

4 . Proposed methodology

This section introduces a distribution-aware diagnostic framework 

specifically designed for ICS, which addresses the complexities as­

sociated with high-dimensional feature spaces and overlapping class 

distributions. Two complementary processing pipelines are proposed. 

The first pipeline employs a distribution-based transformation directly 

within the original feature space, foregoing an explicit dimensionality 

reduction. Conversely, the second pipeline applies dimensionality reduc­

tion prior to the proposed transformation, facilitating low-dimensional 

analysis and visualization. Both pipelines incorporate identical feature 

extraction and ranking stages, differing solely in the application of 

dimensionality reduction before the transformation stage.

As depicted in Figs. 8 and  9, the initial step involves segment­

ing the vibration and system-level signals from the ICS, followed by 

the extraction and ranking of time-domain features using one-way 
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Fig. 8. An overview of the proposed adaptive distribution-based feature trans­

formation pipeline is presented, which functions without the need for explicit 

dimensionality reduction. Multichannel vibration signals are segmented to com­

pute the time-domain features. These features are subsequently ranked using 

multiple relevance criteria, including one-way analysis of variance (ANOVA), 

Kruskal–Wallis, Laplacian Score, Variance, and Monotonicity. The proposed 

transformation is then applied directly within the original feature space by 

analyzing and reshaping marginal feature distributions.

ANOVA, Kruskal–Wallis, Laplacian Score, Variance, and Monotonicity. 

In the pipeline illustrated in Fig. 9, dimensionality reduction tech­

niques, such as PCA and t-SNE, are employed post-feature ranking to 

facilitate visual and quantitative analyses within a low-dimensional 

space prior to transformation. Conversely, the pipeline in Fig. 8 im­

plements the proposed distribution-based transformation directly on 

the ranked feature space, bypassing the intermediate dimensionality 

reduction. The core of the framework is a distribution-based transfor­

mation strategy that adaptively modifies the feature distributions to en­

hance class separability. The comprehensive procedure is elaborated in 

Algorithm 1, where both bimodal and high-variance unimodal features 

are addressed through KDE analysis, clustering, shifting, and scaling

operations.

4.1 . System variables and feature extraction

The ICS platform is equipped with multiple sensor modalities, in­

cluding two triaxial and three monoaxial accelerometers, along with 

system-level signals, such as the following error, set current, and veloc­

ity error. The raw signals were segmented using synchronized motion 

intervals (see Fig. 5), and time-domain statistical features—mean, stan­

dard deviation, skewness, kurtosis, and peak-to-peak—were computed 

per segment, excluding the cart position and actual velocity to avoid 

redundancy.

This yields a high-dimensional feature matrix 𝐗 ∈ R𝑛×𝑑 , where 𝑛
is the number of motion windows, and 𝑑 is the number of extracted 

features. To manage redundancy and improve model tractability, the 

feature space is ranked and reduced using unsupervised and supervised 

metrics.

Fig. 9. The proposed transformation pipeline advances from the extraction of 

multi-channel features to the enhancement of class separability through distri­

bution shaping. During the preprocessing phase, multichannel sensor signals are 

segmented to compute time-domain features, which are subsequently ranked 

based on multiple relevance criteria. Dimensionality reduction is implemented 

prior to the proposed transformation.

4.2 . Feature ranking and optional dimensionality reduction

To identify the most discriminative and structurally informative 

features, five complementary ranking strategies were employed.

• One-Way ANOVA—a parametric test assessing inter-class variance 

assuming Gaussianity;

• Kruskal–Wallis test—a nonparametric rank-based alternative ro­

bust to outliers and skewness;

• Laplacian Score—a graph-based filter method evaluating local 

manifold preservation via neighborhood affinity;

• Variance Ranking—selecting features with high dispersion under 

the assumption that variance correlates with information richness;

• Monotonicity Score—quantifying the directional consistency of 

feature trends with degradation progression.

4.3 . Adaptive distribution-based feature transformation

To enhance the separability among fault classes in compressed 

feature spaces, particularly when features exhibit either bimodal or 

scattered unimodal distributions, an adaptive transformation strategy 

is proposed. The procedure comprises six sequential steps, which are 

outlined below.

Step 1: Density estimation. Each feature 𝐹𝑗  is evaluated using the ker­

nel density estimator 𝑓KDE(𝑥) = 1
𝑛ℎ

∑𝑛
𝑖=1 𝐾

( 𝑥−𝐹𝑗,𝑖
ℎ

)

. In this framework, 

𝐾(𝑢) = 1
√

2𝜋
𝑒−

𝑢2
2  represents the kernel smoothing function, and ℎ denotes 
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Algorithm 1 Adaptive Distribution-Based Feature Transformation.

Require: 𝐗 ∈ R𝑛×𝑑 , 𝑐min, 𝛾, 𝛿, 𝜖, 𝜂, 𝜎𝑡, 𝜉
Ensure: 𝑋

Initialize 𝑋 ← ∅; 𝑐min, 𝛾, 𝛿, 𝜖, 𝜂, 𝜎𝑡, 𝜉
for each feature 𝐹𝑗  in 𝐗 do

Compute KDE: 𝑓KDE(𝑥) =
1
𝑛ℎ

∑𝑛
𝑖=1 𝐾

( 𝑥−𝐹𝑗,𝑖
ℎ

)

Identify peaks 𝑥𝑝 where 𝑓 ′
KDE(𝑥𝑝) = 0 and 𝑓 ′′

KDE(𝑥𝑝) < 0
Retain peaks where 𝑓KDE(𝑥𝑝) − 𝑓KDE(𝑥valley) ≥ 𝑝min
Count number of valid peaks 𝑘𝑗
if 𝑘𝑗 > 1 then

Assign clusters 𝑧𝑗,𝑖 = argmin𝑘∈{1,2} ‖𝐹𝑗,𝑖 − 𝜇𝑗,𝑘‖2

Update cluster centers: 𝜇𝑗,𝑘 = 1
|{𝑖∶𝑧𝑗,𝑖=𝑘}|

∑

𝑖∶𝑧𝑗,𝑖=𝑘 𝐹𝑗,𝑖

𝜇higher ← max(𝜇1, 𝜇2)
𝜇lower ← min(𝜇1, 𝜇2)
𝑑 ← 𝜇higher − 𝜇lower

𝛼 ← min(𝛾, 𝑑
𝜎𝐹𝑗

⋅ 𝛾)

Shift higher cluster: 𝐹𝑗,shifted = 𝐹𝑗,higher − 𝛼 ⋅ 𝑑

𝛽 ← max
(

𝛿, 𝜖 − 𝜂⋅𝑑
𝜎𝐹𝑗

)

𝜇overall ← mean(𝐹𝑗 )
𝐹𝑗,scaled = 𝜇overall + 𝛽 ⋅ (𝐹𝑗 − 𝜇overall)
Store 𝐹𝑗,scaled in 𝑋

else if 𝜎𝐹𝑗 > 𝜎𝑡 then

𝜇𝐹𝑗 ← mean(𝐹𝑗 )
𝐹𝑗,centered = 𝜇𝐹𝑗 + 𝜉 ⋅ (𝐹𝑗 − 𝜇𝐹𝑗 )
Store 𝐹𝑗,centered in 𝑋

else

Store original 𝐹𝑗  in 𝑋
end if

end for

return 𝑋

the bandwidth, which is determined using the normal-approximation 

rule (Silverman’s rule of thumb) as implemented in MATLAB ksdensity. 

This data-driven selection circumvents the introduction of an additional 

tuned hyperparameter and provides an optimal smoothing level for near-

Gaussian distribution features. Given that undersmoothing may result in 

spurious local maxima in scattered unimodal features, bimodality is not 

inferred solely from the peak count but is instead assessed using a mini­

mum peak prominence threshold 𝑝min. Significant peaks in the KDE are 

identified as local maxima satisfying 𝑑
𝑑𝑥𝑓KDE(𝑥) = 0 and 𝑑2

𝑑𝑥2
𝑓KDE(𝑥) < 0. 

A peak 𝑥𝑝 is considered valid if 𝑓KDE(𝑥𝑝) − 𝑓KDE(𝑥valley) ≥ 𝑝min, where 

𝑥valley denotes the nearest local minimum.

Step 2: Bimodality detection. A feature is classified as bimodal if more 

than one peak in its density exceeds the minimum threshold.

𝑘𝑗 =
∑

𝑥𝑝

⊮
[

𝑓KDE(𝑥𝑝) − 𝑓KDE(𝑥valley) ≥ 𝑝min
]

, (1)

In this context, ⊮[⋅] represents the indicator function, while 𝑝min =
𝑐min max 𝑓𝑗 (𝑥), where 𝑐min ∈ (0, 1), signifies a user-defined relative den­

sity factor that regulates the stringency of peak detection for the 𝑗th 

feature. A feature is deemed bimodal if 𝑘𝑗 > 1.

Step 3: Distribution separation via clustering. To identify and isolate dis­

tinct modes within the bimodal features, we applied 𝑘-means clustering. 

To mitigate the sensitivity associated with the k-means initialization, 

clustering was conducted in a one-dimensional context with 𝑘 = 2 and 

multiple replicates, preserving the solution that exhibited the minimum 

within-cluster dispersion. Empirically, the resultant transformation and 

subsequent detection performance demonstrated insensitivity to random 

initializations. The objective function is given as

𝐽 =
𝑛
∑

𝑖=1

2
∑

𝑘=1
I[𝑧𝑗,𝑖 = 𝑘] ‖𝐹𝑗,𝑖 − 𝜇𝑗,𝑘‖

2, (2)

where I[⋅] is the indicator function, 𝐹𝑗,𝑖 denotes the 𝑖-th sample of feature 

𝐹𝑗 , and 𝑧𝑗,𝑖 is the cluster assignment.

𝑧𝑗,𝑖 = arg min
𝑘∈{1,2}

‖𝐹𝑗,𝑖 − 𝜇𝑗,𝑘‖
2. (3)

Cluster means 𝜇𝑗,𝑘 are iteratively updated as:

𝜇𝑗,𝑘 = 1
|{𝑖 ∶ 𝑧𝑗,𝑖 = 𝑘}|

∑

𝑖∶𝑧𝑗,𝑖=𝑘
𝐹𝑗,𝑖. (4)

Step 4: Adaptive cluster shifting. To reduce the inter-class overlap, we 

applied a directional shift to clusters with higher means. Let:

𝜇high = max(𝜇𝑗,1, 𝜇𝑗,2), (5)

𝜇low = min(𝜇𝑗,1, 𝜇𝑗,2), (6)

and compute the inter-cluster distance 𝑑 = 𝜇high − 𝜇low. The adaptive 

shift factor is defined as

𝛼 = min

(

𝛾, 𝑑
𝜎𝐹𝑗

⋅ 𝛾

)

, (7)

where 𝛾 is a user-defined upper bound (e.g., 𝛾 = 0.5), and 𝜎𝐹𝑗  is the 

standard deviation of feature 𝐹𝑗 . All samples in the higher cluster were 

then shifted as follows:

𝐹𝑗,shifted = 𝐹𝑗,high − 𝛼 ⋅ 𝑑. (8)

Step 5: Smooth merging via scaling. To control the residual overlap and 

ensure continuity in the transformed distributions, a scaling factor 𝛽 is 

applied as follows:

𝛽 = max

(

𝛿, 𝜖 −
𝜂 ⋅ 𝑑
𝜎𝐹𝑗

)

, (9)

where 𝛿, 𝜖, and 𝜂 are user-defined constants that control the scaling 

bound. The final transformed feature is then rescaled to its global mean 

𝜇overall.

𝐹𝑗,scaled = 𝜇overall + 𝛽 ⋅ (𝐹𝑗 − 𝜇overall). (10)

Step 6: Compression of scattered features. For features with no detected 

bimodality (𝑘𝑗 ≤ 1) but with excessive spread (𝜎𝐹𝑗 > 𝜎𝑡), a variance 

compression operation is applied as follows:

𝐹𝑗,centered = 𝜇𝐹𝑗 + 𝜉 ⋅ (𝐹𝑗 − 𝜇𝐹𝑗 ), (11)

where 𝜇𝐹𝑗  is the mean of feature 𝐹𝑗 , and 𝜉 ∈ (0, 1) is a user-defined com­

pression factor that reduces the dispersion while preserving the overall 

shape of the distribution.

Existing publicly available fault datasets, such as the Case Western 

Reserve University (CWRU) bearing dataset, Intelligent Maintenance 

Systems (IMS) bearing dataset, Politecnico di Torino bearing dataset, 

and Xi’an Jiaotong University (XJTU) and Changxing Sumyoung 

Technology Co., Ltd. (SY) (XJTU-SY) rolling bearing dataset, Southeast 

University (SEU) gearbox fault dataset, and Prognostics and Health 

Management (PHM) challenge dataset were primarily designed for 

conventional rotary systems with stationary or uniform-speed con­

figurations. These datasets do not adequately represent the hybrid 

translational–rotational dynamics inherent in Independent Cart Systems 

(ICS), which result in fundamentally different signal characteristics. 

Despite the increasing industrial significance of ICS, research on con­

dition monitoring for these systems remains limited, primarily because 

of proprietary restrictions and the absence of publicly available datasets. 

This study addresses this gap by focusing specifically on the diagnostic 

challenges that are unique to this platform.
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Fig. 10. An overview of the experimental setup utilizing the Beckhoff XTS platform is presented. Top: a comprehensive view of the closed-loop track is depicted, 

illustrating the modular configuration and the multiple carts affixed along the guide rail. Bottom left: a detailed side view of an individual cart is provided, 

emphasizing the pair of identical small bearings located at the top, the larger bearing at the bottom, and the integrated permanent magnets. Bottom center: the front 

view of the cart’s bearing arrangement is shown. Bottom right: a side view of the curved motor module is displayed, along with the parallel guide rail that provides 

mechanical guidance.

5 . Experimental setup

The experimental platform was centered on the Beckhoff eXtended 

Transport System (XTS), a contemporary linear motor-driven con­

veyance system designed for high-speed programmable motion. This 

system offers a modular framework for investigating vibration-based di­

agnostics in ICS, which is an emerging alternative to traditional rotary 

or belt-driven motion platforms.

5.1 . System overview

ICS technologies are increasingly supplanting conventional chain 

and belt conveyance systems that depend on interconnected motors, 

pulleys, and mechanical couplings to transport materials. These older 

systems are prone to cumulative wear, mechanical complexity, and 

energy inefficiencies owing to their distributed actuation. In contrast, 

ICS platforms reduce mechanical complexity by employing station­

ary linear motor stators that generate dynamic electromagnetic fields 

to propel individually controlled carts along closed-loop tracks. The 

primary advantages of this architecture are its frictionless propul­

sion, compact mechanical footprint, and enhanced programmability. 

However, although propulsion is contactless, structural support is still 

provided mechanically via rolling element bearings that are mounted on 

each cart. These bearings traverse a precision guide rail and experience 

load dynamics distinct from those encountered in conventional rotary

machinery.

5.2 . Track and actuation configuration

As shown in Fig. 10, the experimental configuration comprises an 

oval track constructed from modular stator segments (Beckhoff XTS) 

organized into straight and curved sections. Each cart is equipped with 

embedded permanent magnets that interact with the electromagnetic 

fields generated by the stator, facilitating bidirectional high-speed move­

ment. Fig. 11 presents a detailed annotated schematic depicting the 

arrangement of the linear motor modules, absolute positions along the 

track, and placement of sensors.

Carts can autonomously reverse or accelerate within specified spa­

tial parameters, thereby facilitating precise positioning and executing 

complex trajectories. A back-and-forth motion routine was implemented 

to simulate realistic bidirectional loading and investigate the impact of 

force reversals on bearing dynamics.

5.3 . Bearing assembly and mechanical guidance

Each cart is mechanically guided by three deep-groove rolling ele­

ment bearings, which form a stable V-shaped mounting profile against 

the guide rail. The upper side accommodates two identical small bearings, 

whereas the lower side supports a larger third bearing, thereby providing 

lateral restraint and vertical stability.

Table 4 presents the key specifications of these bearings, includ­

ing the race diameter and ball geometry. All bearings were sourced 

from HepcoMotion’s GFX system, specifically engineered for the Beckhoff 
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Fig. 11. The topological schematic of the experimental independent cart system 

(ICS) is presented, featuring annotated dimensions, sensor locations, and the 

motion profile. The oval-shaped track comprises straight (C1–C4 and A1–A4) 

and curved (D1–D2 and B1–B2) modules, which facilitate a closed loop. Colored 

squares indicate accelerometer placements: S1 and S2 represent the mono-axial 

sensor sensitivities on the straight sections, whereas S3 denotes the tri-axial sen­

sor sensitivity located on the curved module. The dimension labels specify the 

distances between the key module boundaries (in mm). The red arc on the right 

delineates the 750 mm back-and-forth reversal zone employed during testing to 

induce bidirectional motion. This configuration enables the analysis of sensor 

response under varying kinematics and track geometries. (For interpretation of 

the references to color in this figure legend, the reader is referred to the web 

version of this article).

Table 4 

Specifications for bearings are provided herein. All measurements are 

expressed in millimeters (mm). The abbreviations used are as follows: 

OR denotes the Outer Race, IR signifies the Inner Race, and Ø represents 

the diameter.

Type Rows Balls Ball Ø OR Ø  IR Ø Pitch Ø

Top Bearing 2 7, 7 3.95 25.00 10.75 14.70

Bottom Bearing 2 7, 7 5.55 34.00 14.60 20.15

XTS platform, featuring steel-on-steel contact surfaces to ensure wear 

resistance under dynamic loading conditions.

To minimize chatter and vibration artifacts, a preload mechanism 

uniformly pressed the bearings against the rail throughout the motion 

cycles. This preload ensured rigid alignment, particularly during rapid 

acceleration, deceleration, and directional changes.

5.4 . Sensor configuration and data logging

The testbed is equipped with five accelerometers: two monoaxial and 

three triaxial sensors, strategically positioned across the straight and 

curved track segments. Additionally, system-level variables such as cart 

position, velocity, drive current, following error, and controller status 

were recorded.

All data channels were synchronized using Beckhoff’s TwinCAT con­

trol platform to enable time-aligned signal analyses. Sampling was 

conducted at a high resolution to capture both low-frequency load 

transitions and high-frequency bearing signatures.

5.5 . Distinctive characteristics of the testbed and vibration signals

The experimental test platform utilized in this study constituted 

a controlled yet representative model of an industrial Independent 

Cart System (ICS), specifically engineered to isolate vibration phe­

nomena resulting from bearing–rail interaction under nonstationary 

motion. Unlike full-scale industrial ICS installations, which may involve 

Fig. 12. A representative example of a nonstationary vibration response mea­

sured on an ICS-based experimental testbed. The raw vibration signal recorded 

at the guide rail is depicted on the left-hand side of the axis. The variance of the 

vibration signal, illustrated as a curve on the right axis, was computed using a 

sliding window, thereby highlighting the pronounced time-varying energy and 

non-stationarity. The cart’s speed and position along the track were overlaid af­

ter unit normalization to provide the motion context. A clear modulation of the 

vibration variance was observed during the phases of acceleration, deceleration, 

and direction reversal, illustrating the strong coupling between the translational 

motion, bearing–rail interaction, and vibration characteristics of ICS platforms. 

(For interpretation of the references to color in this figure legend, the reader is 

referred to the web version of this article).

mechanically coupled carts, robotic end-effectors, or payload-dependent 

loading conditions, the proposed testbed emphasizes single/multi-cart 

operation without external payloads. This design choice facilitates a 

systematic analysis of the vibration behavior while maintaining the fun­

damental kinematic and mechanical characteristics pertinent to bearing 

diagnostics.

Despite its simplified configuration, the test platform exhibited sev­

eral distinctive features that set it apart from conventional rotating 

machinery test rigs. First, cart motion is inherently nonstationary and 

non-synchronous, involving repeated acceleration, deceleration, and di­

rection reversal within a confined spatial region. Second, the bearings 

experience continuously varying contact forces as the cart transitions 

between straight and curved track segments, leading to time-varying 

load transfers at the bearing–rail interface. Third, propulsion is electro­

magnetic and contactless, whereas mechanical guidance relies entirely 

on rolling element bearings, resulting in vibration signatures that are 

strongly coupled to motion control dynamics rather than a steady 

rotational speed.

A representative example of the vibration response generated by this 

platform is shown in Fig. 12. Although the raw vibration signal alone 

appears highly irregular, the sliding variance reveals pronounced time-

varying energy modulation that is synchronized with the cart speed 

profile and position along the track. Elevated variance levels consistently 

coincide with the phases of acceleration, deceleration, and direction re­

versal, whereas reduced variance is observed during the quasi-steady 

motion segments. This behavior demonstrates that nonstationarity in 

the measured signals is a structural characteristic of the test platform, 

rather than a transient disturbance or measurement artifact. These 

properties render the proposed testbed particularly suitable for inves­

tigating diagnostic methods under realistic non-stationary conditions 

while avoiding confounding effects introduced by payload variability or 

multi-degree-of-freedom robotic assemblies. Consequently, the platform 

provides a reproducible and interpretable environment for studying 

distributional changes in vibration features, which are central to the 

diagnostic challenges addressed in this study.
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5.6 . Fault injection procedure

To simulate bearing damage in a controlled, repeatable, and di­

agnostically significant manner, artificial faults were introduced using 

a precision picosecond laser ablation technique. This method was se­

lected due to both the inherent characteristics of ICS and the specific 

requirements of data-driven diagnostic studies.

In industrial ICS applications, bearings function under highly nonsta­

tionary translational motion characterized by frequent speed variations 

and direction reversals. Consequently, natural run-to-failure experi­

ments would necessitate prohibitively long testing durations and would 

result in fault geometries that are challenging to quantify, reproduce, or 

compare across experiments. Furthermore, intentionally inducing faults 

in operational industrial systems is economically impractical because of 

the significant costs associated with equipment downtime, component 

replacement, and production disruption. For newly deployed ICS plat­

forms, historical fault data are typically unavailable, and the size and 

progression rates of real faults remain unknown. These combined con­

straints necessitate an artificial yet physically consistent fault injection 

strategy.

Initial evaluations of traditional artificial faulting techniques, such as 

drilling, revealed their unsuitability for the current application. The high 

hardness of the bearing materials and restricted geometry of the race­

ways result in irregular and poorly controlled defects, leading to weak 

or inconsistent vibration signatures. Conversely, ultrafast laser ablation 

offers precise control over fault geometry, width, and depth, irrespective 

of material hardness, while maintaining the integrity of the surrounding 

surface.

In this study, a picosecond laser system (EKSPLA Atlantic 50, 

1064 nm) with a focal spot diameter of approximately 10 µm was 

utilized to engrave controlled grooves on the bearing raceways. A mul­

tipass ablation strategy was implemented to achieve the specified fault 

dimensions while accommodating the limited depth of field character­

istic of ultrashort-pulse laser systems. This methodology facilitated the 

systematic creation of faults with nominal widths of 0.25, 0.5, 1.0, 1.5, 

and 2.0 mm, encompassing a spectrum from incipient to severe damage 

levels. Optical microscopy was employed to verify the resulting fault 

geometry and ensure dimensional consistency.

Crucially, this methodology ensures a high level of repeatability 

across various bearings and fault severities, which is vital for the com­

parative evaluation of diagnostic algorithms. Although laser-induced 

faults do not aim to replicate the full complexity of naturally occurring 

damage, they offer a controlled and interpretable approximation that 

facilitates a rigorous assessment of the sensitivity of algorithms to fault 

size under realistic nonstationary operating conditions. A comprehen­

sive description of the laser ablation process, including the optical setup, 

depth-of-field considerations, and microscopic validation, is provided 

in [4] and the associated dataset documentation [34].

5.7 . Dataset availability and reproducibility

Existing publicly available bearing fault datasets, such as those 

from Case Western Reserve University (CWRU), Intelligent Maintenance 

Systems (IMS), Politecnico di Torino, Xi’an Jiaotong University, and 

Changxing Sumyoung Technology Co., Ltd. (XJTU–SY), Southeast 

University (SEU), and the PHM challenge were primarily developed 

for conventional rotary systems operating under stationary or near-

stationary conditions. These datasets typically assume fixed rotational 

kinematics, steady operating regimes, and weak couplings between 

machine motion and structural excitation. However, the vibration sig­

nals generated in the ICS significantly deviate from these assumptions. 

To address this gap, the present study utilizes the publicly released 

MOIRA–UNIMORE bearing dataset [34], which was specifically ac­

quired to capture the signal characteristics induced by realistic ICS 

operation. This dataset includes synchronized vibration measurements, 

motion-related variables, and controlled fault annotations and is made 

openly available to support reproducibility and benchmarking under 

non-stationary industrial conditions.

6 . Results and discussion

This section delineates the diagnostic outcomes derived from both 

single-cart and three-cart experimental configurations, as documented in 

the bearing dataset [34]. In the single-cart configuration, a cart traverses 

bidirectionally along a curved motor module at a nominal velocity of 

1000 mm/s (Fig. 11). This reciprocal motion facilitates a distinct analy­

sis of the vibration characteristics during forward and reverse traversals. 

Signal windows were independently extracted for each direction, and 

statistical features were computed for each windowed segment of the 

data. The corresponding speed profile is illustrated in Fig. 5, highlight­

ing the acceleration, deceleration, and steady-state phases during both 

forward and reverse movements.

In the single-cart experiments, the dataset encompassed 14 channels, 

comprising nine vibration channels and five system variables pertinent 

to the cart motion, specifically, position, following error, actual velocity, 

velocity error, and set current. Vibration data were acquired using two 

tri-axial and three mono-axial accelerometers strategically positioned 

along the track to capture the dynamic interactions between the cart 

bearings and guide rail (see Fig. 11). Statistical features (enumerated in 

Table 5) were extracted from all the sensor channels, except for the cart 

position and speed, resulting in a high-dimensional-feature space. To 

address feature redundancy and enhance class separability, five feature 

ranking techniques were employed, followed by Principal Component 

Analysis (PCA) for dimensionality reduction and t-distributed stochastic 

neighbor embedding (t-SNE).

The results of the three-cart experiments are also presented. In 

this configuration, three carts spaced 250 mm apart move continu­

ously around the full track in a closed-loop arrangement. The anal­

ysis concentrated on data windows extracted when the middle cart 

Table 5 

Summary of classical time-domain statistical descrip­

tors. Closed-form expressions for features computed 

per analysis window.

Parameter Expression

Mean 𝜇 = 1
𝑁

∑𝑁
𝑖=1 𝑥𝑖

RMS 𝑥rms =
√

1
𝑁

∑𝑁
𝑖=1 𝑥

2
𝑖

Std. deviation 𝑥std =
√

1
𝑁−1

∑𝑁
𝑖=1 (𝑥𝑖 − 𝜇)2

Shape factor 𝑥shape =
𝑥rms

1
𝑁

∑𝑁
𝑖=1 |𝑥𝑖|

Kurtosis 𝑥kurt =
1
𝑁

∑𝑁
𝑖=1 (𝑥𝑖 − 𝜇)4

(

1
𝑁

∑𝑁
𝑖=1 (𝑥𝑖 − 𝜇)2

)2

Skewness 𝑥skew =
1
𝑁

∑𝑁
𝑖=1 (𝑥𝑖 − 𝜇)3

(

1
𝑁

∑𝑁
𝑖=1 (𝑥𝑖 − 𝜇)2

)3∕2

Peak value 𝑥𝑝 = max𝑖 |𝑥𝑖|

Impulse factor 𝑥IF =
𝑥𝑝

1
𝑁

∑𝑁
𝑖=1 |𝑥𝑖|

Crest factor 𝑥crest =
𝑥𝑝
𝑥rms

Clearance factor 𝑥clear =
𝑥𝑝

(

1
𝑁

∑𝑁
𝑖=1

√

|𝑥𝑖|
)2

SNR (dB) SNR = 10 log10

( 𝑃signal

𝑃noise

)

THD (dB) THD = 10 log10

(

∑𝐻
ℎ=2 𝑃ℎ

𝑃1

)

SINAD (dB) SINAD = 10 log10

( 𝑃signal

𝑃noise + 𝑃dist

)

Notes: 𝑥𝑖: 𝑖th sample in a length-𝑁  window. 𝑥𝑝: 
peak magnitude. Spectral powers: 𝑃1 (fundamental), 

𝑃ℎ (ℎth harmonic, ℎ ≥ 2), 𝐻  (highest harmonic in­

dex), 𝑃dist =
∑𝐻

ℎ=2 𝑃ℎ, and 𝑃noise is the in-band noise 

excluding harmonic bins. The log factors use 10 log10
because they are power ratios.
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Fig. 13. The position and velocity trajectories of three carts moving continu­

ously along the XTS track are examined. Extraction windows, highlighted in 

red, were specified for the middle cart when its absolute position ranged from 

250 to 750 mm. The carts are uniformly spaced at intervals of 250 mm and op­

erate in a cyclic motion pattern, facilitating consistent data segmentation across 

repetitive cycles. (For interpretation of the references to colour in this figure 

legend, the reader is referred to the web version of this article.).

containing a faulty bearing traversed the right-side curved module be­

tween absolute positions of 250 mm and 750 mm, as depicted by the 

shaded region in Fig. 13. While the vibration channels remained un­

changed (nine channels), the system variables included cart-specific 

measurements for each of the three carts, resulting in 15 system variable 

channels. This enriched context increases the complexity of the dataset, 

reflecting the diagnostic challenges associated with multi-cart industrial 

deployment.

Owing to the interaction of all carts with a common guide rail, the 

recorded vibration signals inherently represent a superposition of ex­

citations originating from multiple bearings and carts, rendering the 

complete isolation of individual bearing contributions unattainable in 

this setup. To mitigate the confounding effects, faults were introduced 

solely in the middle cart, and signal windows were extracted exclusively 

when this cart traversed the curved module equipped with a triaxial ac­

celerometer. This approach ensures that the predominant fault-related 

excitation is attributable to the faulty bearing while acknowledging the 

presence of residual interference from healthy bearings and adjacent 

carts.

The primary aim of this study was to detect anomalies under realistic 

multi-source excitation, rather than to achieve precise fault localization 

or fault-type classification. The inclusion of interference reflects actual 

industrial conditions and presents a deliberate challenge to the proposed 

framework. Future research directions include explicit source separa­

tion, cart-level isolation, and fault localization. A detailed description of 

the experimental setup, configurations, and fault injection methodology 

is available in [34].

6.1 . Fault classes and labeling

In this study, eight health conditions were examined, as detailed in 

Table 6. These conditions comprise one healthy class (H), four types 

of inner race faults (FIR025, FIR05, FIR10, and FIR15), and three types 

of outer race faults (FOR025, FOR05, and FOR20). Within this label­

ing framework, the prefix F signifies a faulty condition, whereas IR
and OR denote the defect location on the inner or outer race, respec­

tively. The numerical suffix indicates the notch width in millimeters 

(e.g., 025 = 0.25 mm, 05 = 0.5 mm). Although the initial inspection 

Table 6 

Class labels and fault specifications. 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 adhere to the format F{IR/OR}{width}. Although the 

initial assessment of defect depth was conducted using optical microscopy, 

accurate quantification of the depth was not achievable. This limitation 

was due to the curvature of the deep-groove raceway and the nonplanar 

geometry of the defects, which led to optically unresolved and poten­

tially nonuniform depth profiles. Consequently, the severity of the defects 

was characterized by the notch width, which was precisely controlled and 

consistently reproducible across the experiments.

of the defect depth was conducted using optical microscopy, the accu­

rate quantification of the depth proved challenging. This difficulty arose 

because the laser-induced defects conformed to the curved deep-groove 

raceway, rendering them optically unresolved and potentially nonuni­

form along their length. The severity of the faults was evaluated based on 

the notch width, which was meticulously controlled during fabrication 

and offered a consistent metric for assessing the extent of the defect.

6.2 . Rationale for hyperparameter selection

The proposed distribution-based transformation is characterized by 

a concise set of hyperparameters explicitly linked to the structural at­

tributes of the feature distributions. These parameters do not serve as 

dataset-specific tuning variables; rather, they function as distributional 

gates that determine the conditions and methods for reshaping the data. 

The framework specifically utilizes two complementary decision-making 

mechanisms: a bimodality gate and a high-spread gate.

Bimodality gate and peak prominence threshold. The detection of bi­

modality is primarily governed by the minimum peak prominence 

parameter, 𝑐min, which is defined in relation to the maximum value 

of the estimated marginal density, as follows: By design, 𝑐min ∈ (0, 1)
specifies the minimum prominence necessary for a density peak to be 

deemed structurally significant. Interpreting 𝑐min as a percentage of the 

maximum density ensures scale invariance across different features and 

data sets. The values of 𝑐min ranging from approximately 10% to 20%
of the maximum density are adequate for reliably identifying genuine 

bimodal structures while mitigating minor fluctuations attributable to 

sampling noise or finite sample effects. Selecting excessively low values 

of 𝑐min increases the sensitivity to spurious local maxima, resulting in 

false bimodality detection and unwarranted clustering.

Upon detection of bimodality, the transformation parameters within 

the framework are conditionally activated. The shift coefficient 𝛾 reg­

ulates the maximum fraction of inter-cluster separation that can be 

applied during cluster realignment. To prevent excessive displacement, 

the effective shift is adaptively constrained as min
(

𝛾, 𝛾 Δ𝜇
𝜎

)

, where Δ𝜇
represents the distance between cluster centers and 𝜎 the feature stan­

dard deviation. This normalization ensures that the intensity of shifting 

is governed by relative rather than absolute separation, rendering 𝛾
applicable across datasets. The subsequent scaling is controlled by the 

parameters 𝛿, 𝜖, and 𝜂, which collectively define a bounded contraction 

range. The scale factor is calculated as max
(

𝛿, 𝜖 − 𝜂 Δ𝜇
𝜎

)

, ensuring that 

contraction strength decreases smoothly as cluster separation increases, 

while remaining strictly lower-bounded by 𝛿 to prevent distribution 
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collapse. Typical values of 𝛿 ∈ [0.01, 0.2], 𝜖 ∈ [0.2, 0.4], and 𝜂 ∈
[0.3, 0.6] have been found to provide stable reshaping across the fea­

ture types. Notably, these parameters regulate the extent of reshaping 

once bimodality is confirmed but do not influence the detection decision 

itself.

Unimodal high-spread gate and dispersion threshold. For features that do 

not display bimodality, the transformation is selectively applied via a 

unimodal high-spread gate, which is regulated by the dispersion thresh­

old 𝜎𝑡. This parameter determines whether a unimodal feature exhibits 

excessive spread relative to its mean, indicating poor compactness de­

spite the absence of multiple modes in the distribution. Moderate values 

of 𝜎𝑡, typically ranging from 0.2 to 0.5 after normalization, facilitate 

the effective contraction of overly dispersed features without affect­

ing naturally compact distributions. Selecting excessively large values 

of 𝜎𝑡 suppresses the activation of this gate, resulting in high-variance 

unimodal features remaining unmodified. Values exceeding unity are 

not meaningful in this context, as they would correspond to unrealisti­

cally large dispersion levels and would effectively disable the corrective 

mechanism. Once activated, the contraction strength is governed by 

the parameter 𝜉, which scales deviations from the mean according to 

𝑥 ← 𝜇 + 𝜉(𝑥 − 𝜇). Values of 𝜉 in the range of approximately 0.1 to 0.3
have been found to reduce excessive variance while preserving the rela­

tive feature ordering and informative spread of the data. Smaller values 

risk over-compression and loss of discriminative information, whereas 

values approaching unity yield negligible transformations. Overall, the 

hyperparameters were structured to operate on normalized, dimension­

less quantities and were activated conditionally through explicit gating 

mechanisms. This design ensures that the transformation adapts to the 

distributional structure rather than the dataset-specific characteristics, 

thereby supporting stable behavior and transferability across fault types, 

sensor configurations, and operating conditions.

6.3 . Transferability and stability of hyperparameter

Although the hyperparameters of the proposed transformation were 

selected based on distributional considerations, their functionality is 

not contingent upon dataset-specific characteristics such as fault type, 

sensor placement, or operating regime. Instead, each parameter gov­

erns a distinct structural property of the feature distributions, namely 

modality, dispersion, or scaling intensity, rendering the transforma­

tion inherently data-agnostic. The minimum prominence threshold 𝑐min
serves as a relative criterion for normalized kernel density estimates, 

thereby adapting naturally across datasets with varying feature magni­

tudes or sample sizes. Its primary function is to suppress spurious modes 

rather than finely tune the cluster boundaries, ensuring that the effec­

tive operating range remains stable across applications. Similarly, the 

standard deviation threshold 𝜎𝑡 is activated only for unimodal features 

exhibiting excessive spread, ensuring that compact distributions re­

main unaltered while highly dispersed features are selectively reshaped. 

Notably, the transformation employs gated activation mechanisms: bi­

modal reshaping is applied only when statistically meaningful secondary 

modes are detected, whereas the compression of the unimodal variance 

is triggered only when the dispersion exceeds a predefined threshold. 

This conditional structure prevents unnecessary modifications of well-

behaved features and limits sensitivity to hyperparameter variations. 

In practice, only minor adjustments within the recommended param­

eter ranges are required when transferring the framework to datasets 

with substantially different noise characteristics or feature normaliza­

tion schemes. Such adjustments correspond to coarse calibration rather 

than dataset-specific retuning and do not alter the underlying trans­

formation. Consequently, the selected hyperparameter values serve as 

conservative defaults that regulate distributional behavior rather than 

optimize dataset-specific performance. Observations across multiple 

datasets indicate that moderate perturbations around the reported val­

ues do not lead to qualitative changes in the transformed feature space, 

thereby supporting the robustness and transferability of the proposed 

framework.

6.4 . Hyperparameter sensitivity analysis

A one-at-a-time sensitivity analysis was conducted to assess the sensi­

tivity of the hyperparameter values. Each transformation parameter was 

varied over a broad interval (0.01–0.9), while all other parameters were 

maintained at their nominal values, and the entire detection pipeline 

was re-evaluated using the F1-score as the performance metric. The 

analysis was performed on two distinct feature families, classical statis­

tical descriptors (Table 5) and Hjorth parameters (Table 8), to determine 

whether the parameter sensitivity was consistent across heterogeneous 

feature representations. In the reported sensitivity plots, the horizontal 

axis represents the varied parameter, the vertical axis indicates the mean 

F1-score, and each curve corresponds to a different baseline regime de­

fined by either the unimodal dispersion threshold 𝜎𝑡 or the unimodal 

contraction factor 𝜉.
Across both feature families, most parameters exhibited wide stabil­

ity regions (Figs. 14 and 15), where performance varied only marginally. 

Notably, the parameters associated with the bimodality gate (𝑐min, 𝛾, 𝛿, 

𝜖, and 𝜂) exhibit relatively flat response curves over broad intervals, with 

performance degradation occurring only at the extreme values. This be­

havior suggests that these parameters are not sharply tuned and that 

moderate deviations from the nominal values do not result in qualitative 

changes in the detection performance.

In contrast, the sensitivity curves for 𝜎𝑡 and 𝜉 exhibit more pro­

nounced trends, reflecting their direct influence on the reshaping of the 

unimodal variance. For 𝜎𝑡, the plots reveal a transition beyond which 

the performance deteriorates rapidly, corresponding to the suppression 

of the unimodal variance compression when the threshold becomes 

0excessively large. Similarly, increasing 𝜉 toward unity results in a 

monotonic reduction in performance because the contraction effect 

becomes negligible. These trends explain why 𝜎𝑡 and 𝜉 are treated as 

regime-defining parameters in the analysis and motivate the selection of 

Table 7 

Hyperparameters for the adaptive distribution-based transfor­

mation are applied directly within the original feature space, 

foregoing any dimensionality reduction.

Parameter 𝑐min 𝛾 𝛿 𝜖 𝜂 𝜎𝑡 𝜉

Value 0.1 0.95 0.05 0.3 0.5 0.3 0.1

Notes: 𝑐min is the minimum prominence threshold coefficient 

for the KDE peak detection. 𝛾 and 𝛼 control the shift magni­

tude of bimodal distributions. 𝛿, 𝜖, and 𝜂 regulate the adaptive 

scaling of the separated clusters. 𝜎𝑡 is the standard deviation 

threshold for identifying dispersed and unimodal features. 𝜉
governs the variance compression strength of the non-bimodal 

distributions.

Table 8 

Hjorth parameters. Closed-form expressions for activity, mobil­

ity, and complexity computed per analysis window.

Activity Mobility Complexity

1
𝑁

∑𝑁
𝑖=1 (𝑥𝑖 − 𝜇)2

√

Var(𝑥̇)
Var(𝑥)

√

Var(𝑥̈)
Var(𝑥̇)

/

√

Var(𝑥̇)
Var(𝑥)

Notes: 𝑥𝑖 is the 𝑖th sample in a length-𝑁  window and 𝜇 =
1
𝑁

∑𝑁
𝑖=1 𝑥𝑖. The first and second discrete differences are 𝑥̇𝑖 ∶=

𝑥𝑖−𝑥𝑖−1 for 𝑖 = 2,… , 𝑁  and 𝑥̈𝑖 ∶= 𝑥̇𝑖−𝑥̇𝑖−1 for 𝑖 = 3,… , 𝑁 . Var(⋅)
denotes the sample variance over the corresponding sequence 

(e.g., Var(𝑥) = 1
𝑁

∑𝑁
𝑖=1 (𝑥𝑖 − 𝜇)2, Var(𝑥̇) = 1

𝑁−1

∑𝑁
𝑖=2 (𝑥̇𝑖 − 𝑥̇)

2
, 

Var(𝑥̈) = 1
𝑁−2

∑𝑁
𝑖=3 (𝑥̈𝑖 − 𝑥̈)

2
). The mean 𝑥̇ and 𝑥̈ values are 

obtained from the respective sequences.
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Fig. 14. Sensitivity analysis of adaptive transformation hyperparameters on classical statistical descriptors is conducted. Each panel examines the variation of 

a single parameter while maintaining the others at their nominal values. The curves represent different baseline regimes of the unimodal-compression gate, with 

performance evaluated using the mean F1-score.

Fig. 15. The sensitivity analysis of adaptive transformation hyperparameters on Hjorth parameters is presented. Each panel examines the variation of a single 

parameter while maintaining the constancy of the others. The findings indicate extensive stability regions and affirm the function of gating parameters as activation 

thresholds, rather than variables requiring dataset-specific tuning.

moderate values that balance the variance reduction against information 

preservation.

Overall, the sensitivity analysis confirmed that the hyperparameter 

values adopted in Table 7 lie well within the stable operating regions 

for both feature families. The observed trends demonstrate that the pro­

posed transformation is robust to moderate parameter perturbations and 

that performance degradation occurs only under extreme, practically ir­

relevant settings. These results provide empirical support for fixing the 

hyperparameters in all experiments.

6.5 . Additive noise categories

In practical industrial environments, vibration measurements are in­

evitably influenced by various noise sources arising from environmental 

conditions and sensor limitations. To assess the robustness of the pro­

posed feature transformation framework, we introduced three categories 

of synthetic noise into the vibration channels while maintaining the 

integrity of the system variables, such as the control inputs and the 

encoder feedback. Following noise injection, the entire pipeline, which 

comprised feature transformation, reduction, and clustering, was exe­

cuted again to evaluate any performance degradation. The three types 

of noise were designed to represent the typical challenges encountered 

in condition monitoring scenarios.

6.5.1 . Broadband measurement and quantization noise

To simulate ambient sensor noise and digitization errors, each 

vibration channel was perturbed using zero-mean Additive White 

Gaussian Noise (AWGN) at a target signal-to-noise ratio (SNR) of 10dB. 

A small uniformly distributed jitter was added to emulate quantization 

effects:

𝐱̃ = 𝐱 + 𝐧AWGN + 𝐧UNI, 𝐧AWGN ∼ N (0, 𝜎2), 𝐧UNI ∼ U (−𝑎, 𝑎),

Fig. 16. Example of the amplitude-modulated narrowband interference used in 

Category 2 (𝑓𝑠=50 kHz, band-pass [20, 40]Hz, pulse repetition 𝑓𝑝=0.5Hz, expo­

nential decay 𝛿). The decaying bursts mimic intermittent tonal contamination 

that is aligned with the mechanical cycle. The vertical axis represents the signal 

amplitude in arbitrary units (a.u.), as the signal is synthetically generated and 

normalized for controlled noise injection rather than representing a physically 

measured vibration level.
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Fig. 17. Pseudo-FRF profile (Category 3) generated using 𝑁𝑝=20, peakRES=2, 

peakARES=0.75, and ADR=0.5. The vertical axis denotes the relative magnitude 

in arbitrary units (a.u.), which defines the target spectral envelope used for noise 

synthesis via inverse FFT.

where 𝑎 = 𝜆 ⋅ RMS(𝐱) and 𝜆 = 0.02. The SNR was computed on a per-

channel and per-window basis.

6.5.2 . Narrowband intermittent interference

To simulate periodic tonal interference arising from mechanical 

resonances or rotating machinery, we employed band-limited pulses 

generated through amplitude-modulated noise, which was shaped by 

a Butterworth band-pass filter:

𝑛NB(𝑡) = 𝐴𝑒𝜅𝑡
(

𝑤(𝑡) ∗ ℎ[𝑓𝐿 ,𝑓𝐻 ](𝑡)
)

,

where 𝑤(𝑡) represents white noise, ℎ[𝑓𝐿 ,𝑓𝐻 ](𝑡) denotes a 4th-order 

Butterworth filter with cutoff frequencies 𝑓𝐿 = 20Hz and 𝑓𝐻 = 40Hz, 

𝐴 is the amplitude scale, and 𝜅 < 0 dictates the exponential decay. The 

pulses recur every 𝑇 = 2s with a sampling rate of 𝑓𝑠 = 50 Hz.

6.5.3 . Synthetic structural noise via pseudo-FRF shaping

To simulate broadband excitation shaped by mechanical resonance 

profiles, a pseudo-frequency response function (PFRF) was generated, 

comprising sinusoidal peaks with randomized phases:

|𝐻[𝑟]| ∝ PFRF[𝑟] ⋅ (𝜈1[𝑟] 𝜈2[𝑟] + 𝜁 ), ∠𝐻[𝑟] ∼ U [0, 2𝜋),

where 𝜈1[𝑟], 𝜈2[𝑟] ∼ U (0, 1) introduce fine amplitude variation, and 𝜁 > 0
serves as a bias to ensure a minimum magnitude. Hermitian symmetry 

guarantees a real-valued output, which is obtained as

SN(𝑡) = ℜ{IFFT(𝐻)},

followed by peak normalization. A total of 𝑁𝑠 = 20 sinusoidal terms 

were employed, with peak magnitudes ranging from [0.75, 2.0] and a 

decay rate of 𝜒 = 0.5.

The numerical values selected for the synthetic noise parameters 

were determined based on the kinematic and mechanical characteristics 

of the ICS platform, rather than through arbitrary tuning. Specifically, 

the AWGN level represents a conservative lower-bound signal-to-noise 

ratio observed during high-speed cart motion. The narrowband interfer­

ence band corresponds to the fundamental rolling frequencies of the cart 

bearings at the nominal speed, and the pseudo-FRF parameters emulate 

the resonance-shaped excitation induced by unknown rail–cart trans­

fer paths. These selections ensure physical relevance while facilitating a 

controlled robustness assessment (Figs. 16 and 17).

6.6 . Results without additive noise

6.6.1 . Effect of the transformation in PCA space

Figs. 18 and 19 illustrate the class distributions prior to (top rows) 

and after (bottom rows) the proposed transformation across the five 

ranking strategies (OWA, KW, LS, Var, and Mono). In the pre-transform

maps, the clusters are elongated and exhibit significant overlap, par­

ticularly among the healthy (H) and small-fault classes (FIR025 and 

FOR025). After transformation, the clusters become compact and well 

separated, indicating density regularization and enhanced inter-class 

margins. This trend persisted when transitioning from the single-cart 

Fig. 18. PCA embeddings (single-cart): The pre-transformation results (top row) display overlapping, elongated clusters, whereas the post-transformation results 

(bottom row) exhibit compact and distinct class clusters across all five ranking strategies.
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Fig. 19. The proposed transformation of PCA embeddings (three-cart) results in compact, non-overlapping clusters, even with increased system complexity, thereby 

confirming its robustness.

Fig. 20. T–SNE (single-cart, pre-transform) exhibits scattered and overlapping clusters, with a noticeable imbalance in density across various metrics, including 

Mahalanobis, Cosine, Chebychev, and Euclidean.
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Fig. 21. t–SNE (single-cart, post-transform): The method yields compact and well-separated clusters with consistent spacing across all distance metrics, demonstrating 

effective density regularization by the proposed approach.

Fig. 22. Comparative 2D embeddings across methods (single-cart experiment). Top row: PCA and t–SNE baselines; Box–Cox and Yeo–Johnson marginal transforms. 

Bottom row: HPT and RBIG density transforms, CDF–TS, and the proposed method. Each color denotes a class (H, FIR025, FIR05, FIR10, FIR15, FOR025, FOR05, 

FOR20). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article).
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Fig. 23. Embedding comparison (single-cart): (left) DipExt projected by PCA, (middle) ICDMDip projected by PCA, and (right) proposed method (native 2D image). 

The proposed method yields compact, well-separated clusters for all classes.

to the more complex three-cart setup, demonstrating robustness against 

increased coupling.

6.6.2 . Effect of the transformation in t–SNE space

Figs. 20 and 21 illustrate the t–SNE embeddings generated using four 

distance metrics: Mahalanobis, Cosine, Chebychev, and Euclidean. Prior 

to transformation, the feature points exhibited scattered and overlap­

ping clusters with uneven densities. Small-fault cases are challenging to 

distinguish because their samples are intermingled with other classes. 

Following the application of the proposed transformation, each class 

forms a compact and distinctly separated cluster. The spacing between 

classes becomes larger and more uniform across all metrics. This bal­

anced distribution of points facilitates the reliable identification of faults 

by anomaly detection models such as the OCSVM and Isolation Forest.

In both embedding families, PCA and t–SNE, the transformation ef­

fectively converts skewed and overlapping distributions into compact 

and well-separated clusters while maintaining the order of the classes.

6.6.3 . Comparative analysis

Fig. 22 presents a comparative analysis of various transformation 

methodologies for feature embedding within the single cart dataset. 

Traditional embedding techniques, such as PCA and t–SNE, which 

perform linear variance maximization and nonlinear neighborhood-

preserving projection, respectively, exhibit elongated overlapping clus­

ters. In these embeddings, minor faults (FIR025 and FOR025) are 

interspersed with healthy samples, indicating uneven data densities and 

inadequate discrimination between closely related operating states.

Marginal power-based transformations, including Box–Cox and 

Yeo–Johnson, aim to reduce skewness and stabilize variance through 

monotonic nonlinear mappings applied independently to each feature. 

Although these methods improve marginal regularity, they do not sub­

stantially enhance global separability. The orientation and shape of 

the clusters remain largely unchanged, and inter-class mixing persists, 

highlighting the limitation of purely marginal normalization in re­

shaping multivariate feature geometry. Gaussianization-based methods, 

such as the Hyperbolic Power Transform (HPT) and Rotation-Based 

Iterative Gaussianization (RBIG), further enforce statistical regularity 

by mapping data toward Gaussian marginals, with RBIG additionally 

applying orthonormal rotations to decorrelate dimensions. However, 

HPT excessively compresses one dimension, whereas RBIG produces an 

almost isotropic scatter that obscures the underlying fault structures. 

Although these methods achieve distributional homogenization, they 

fail to preserve the class geometry that is essential for diagnostic in­

terpretation. The density-homogenizing transformation CDF–TS, which 

equalizes local point densities through cumulative distribution-based 

scaling, provides more uniform neighborhood densities; however, it 

hardly achieves class separation. Fig. 23 further compares the two 

multimodality-aware transformations, DipExt and ICDMDip, projected 

into the PCA domain alongside the proposed method. DipExt, which en­

hances bimodality by amplifying dip statistics in marginal distributions, 

yields vertically elongated structures with limited differences between 

fault levels. ICDMDip, which applies iterative clustering and dip-based 

density modification, generates scattered and partially overlapping 

clouds that obscure the class boundaries. In contrast, the proposed 

transformation produces compact and well-separated clusters. By jointly 

regulating the local density and global geometry it yields stable and di­

agnostically meaningful feature embeddings under variable operating 

conditions.

The proposed transformation results in compact clusters with con­

sistent interclass spacing. This balanced reshaping of the feature space 

mitigates local density imbalances, enhances separability, and facilitates 

downstream anomaly detection and classification by providing clear and 

uniform decision regions.

From a computational standpoint, Table 9 presents the asymptotic 

time complexities associated with the evaluated distribution-shaping 

transformations. While iterative Gaussianization and density-

equalization methods demonstrate higher-order scaling concerning 

the number of samples or feature dimensions, the proposed method 

exhibits approximately linear complexity in both 𝑁  and 𝐷. This 

computational efficiency arises from the transformation’s independent 

operation on each feature, utilizing fixed-resolution kernel density 

estimation and a limited number of clustering iterations, thereby 

circumventing pairwise distance computations and iterative global 

density redistribution.

6.6.4 . Quantitative performance analysis

To quantitatively assess the enhancements in cluster compactness 

and separability, Table 10 presents the F1-scores obtained using one-

class SVM (OCSVM) and Isolation Forest (IF), both trained exclusively 

on healthy (H) samples, across all transformation methods and feature 
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Table 9 

Asymptotic computational complexity of distribution-

shaping transforms compared in this study.

Method Time complexity

Box–Cox 𝑂(𝑁𝐷)
Yeo–Johnson 𝑂(𝑁𝐷)
HPT 𝑂(𝑁𝐷)
RBIG 𝑂

(

𝐿 (𝐷𝑁 log𝑁 +𝑁 𝐷2) + 𝐿𝐷3)

CDF–TS 𝑂(𝑇 𝑁2𝐷)
DipExt 𝑂(𝑁 log𝑁) + 𝑂(𝐷 log𝐷)
ICDMDip 𝑂(𝓁𝐷2 𝑁 log𝑁)
Proposed Method 𝑂

(

𝐷𝑁 𝐺 +𝐷𝑅𝐼 𝑁
)

≈ 𝑂(𝑁𝐷)

Notes: 𝑁 : number of samples; 𝐷: feature dimension; 

𝐺: KDE grid size (evaluation points); 𝑅: k-means repli­

cates; 𝐿: RBIG layers; 𝐼 : k-means iterations; 𝑇 : CDF–TS 

iterations; 𝓁: ICDMDip iterations.

ranking schemes under PCA- and t-SNE-reduced embeddings. Fault sam­

ples were used solely during testing, adhering to a strict one-class 

anomaly detection framework. The table compares the performance 

across five ranking criteria: one-way ANOVA (OWA), Kruskal–Wallis 

(KW), Laplacian Score (LS), variance (Var), and monotonicity index 

(Mono).

Across both embeddings, the proposed method consistently achieved 

the highest F1-scores for all ranking strategies and detectors, corroborat­

ing the visual separation observed in the corresponding low-dimensional 

projections. Under PCA, the F1-scores exceeded 0.97 for OCSVM and ap­

proached unity for IF, indicating a highly compact and density-balanced 

representation of the healthy class. A similar trend was observed for 

t–SNE, where the proposed transformation yielded near-perfect separa­

bility across all evaluated configurations.

In contrast, marginal transforms (Box–Cox and Yeo–Johnson) pro­

vide only limited improvement, with F1-scores rarely exceeding 0.7. 

Gaussianization-based methods (HPT and RBIG) exhibited unstable or 

degraded performance, which was attributable to distortions in the lo­

cal geometric structure. The density-homogenizing CDF–TS transform 

yields moderate gains but does not achieve comparable compactness. 

Multimodality-aware methods (DipExt and ICDMDip) offer partial im­

provement but remain inferior to the proposed approach, whose adap­

tive distribution reshaping preserves locality and interclass continuity. 

Overall, the quantitative evaluation reinforces the geometric interpre­

tation: the proposed method produces compact, well-separated, and 

uniformly distributed clusters, leading to substantial gains in fault 

discrimination under both linear and nonlinear embeddings.

6.7 . Robustness under noisy conditions

To evaluate the robustness against environmental and instrumenta­

tion noise, three representative noise families were exclusively intro­

duced into the vibration channels: (i) additive white Gaussian noise 

combined with uniform background noise (AWGN + U), (ii) narrow­

band interference (NB), and (iii) sinusoidal structural noise (SN). The 

drive and command signals remained unaltered to isolate the effect of 

the vibration corruption. All noise sources were introduced directly into 

the original continuous vibration signals prior to the window segmen­

tation and feature extraction. Consequently, a KDE-based distribution 

estimation was conducted on window-level features, the statistics of 

which inherently reflect noise-induced variability, thereby ensuring a 

physically consistent robustness evaluation of the entire processing 

pipeline.

In all cases, PCA projections of the seven classes—Healthy (H), 

FIR025, FIR05, FIR10, FIR15, FOR025, FOR05, and FOR20—are shown 

before and after transformation. In the pre-transform plots, the presence 

of noise results in significant overlap, shape distortion, and loss of sepa­

rability between fault categories. The proposed Adaptive Distribution-

Based Transformation (IWCCT) restores compact, linearly separable 

Table 10 

F1 scores of different transformations and feature ranking methods under 

PCA and t–SNE embeddings using OCSVM and IF.

Embedding Transformation Detector Classical descriptors

OWA KW LS Var Mono

PCA Original OCSVM 0.82 0.77 0.73 0.81 0.50

IF 0.81 0.77 0.78 0.83 0.52

Box–Cox OCSVM 0.07 0.07 0.46 0.61 0.08

IF 0.10 0.09 0.54 0.68 0.13

Yeo–Johnson OCSVM 0.07 0.08 0.48 0.60 0.10

IF 0.11 0.10 0.57 0.70 0.15

HPT OCSVM 0.14 0.11 0.56 0.28 0.12

IF 0.15 0.14 0.63 0.47 0.23

RBIG OCSVM 0.09 0.10 0.12 0.09 0.08

IF 0.11 0.09 0.09 0.10 0.12

CDF–TS OCSVM 0.83 0.80 0.76 0.82 0.58

IF 0.82 0.79 0.79 0.84 0.60

Proposed 

Method

OCSVM 0.88 0.49 0.63 0.92 0.96

IF 0.99 0.99 0.99 0.99 0.94

t-SNE Original OCSVM 0.90 0.88 0.58 0.84 0.69

IF 0.90 0.87 0.99 0.98 0.71

Box–Cox OCSVM 0.33 0.45 0.33 0.58 0.31

IF 0.41 0.62 0.87 0.90 0.33

Yeo–Johnson OCSVM 0.27 0.40 0.46 0.61 0.28

IF 0.27 0.56 0.85 0.91 0.29

HPT OCSVM 0.38 0.03 0.14 0.56 0.07

IF 0.47 0.11 0.22 0.92 0.09

RBIG OCSVM 0.10 0.10 0.09 0.10 0.08

IF 0.11 0.11 0.06 0.07 0.10

CDF–TS OCSVM 0.87 0.76 0.87 0.77 0.71

IF 0.89 0.86 0.99 0.99 0.73

Proposed 

Method

OCSVM 0.99 0.99 0.99 0.99 0.91

IF 0.99 0.99 0.99 0.99 0.99

ICDMDip OCSVM 0.89 0.88 0.54 0.67 0.62

IF 0.89 0.86 0.78 0.81 0.52

DipExt OCSVM 0.86 0.87 0.38 0.33 0.23

IF 0.86 0.83 0.77 0.77 0.20

Notes: OWA, one-way ANOVA; KW, Kruskal–Wallis; LS, Laplacian Score; 

Var, variance; Mono, monotonicity index. Detectors: OCSVM = one-class 

SVM; IF = Isolation Forest. Embeddings: PCA = Principal Component 

Analysis; t-SNE = t-distributed Stochastic Neighbor Embedding. The values 

are the F1 scores (0–1).

structures across all noise conditions, confirming its robustness to both 

stochastic and deterministic disturbances.

Broadband noise (Fig. 24). The combination of AWGN and uniform 

jitter increases both the angular and radial spreads, causing the healthy 

and mild-fault classes to merge. Following the proposed transformation, 

all classes consolidate into compact, well-separated clusters with uni­

form spacing and reduced intra-class variance. The method effectively 

suppresses stochastic noise while maintaining the intrinsic geometry of 

the fault manifolds, demonstrating its resilience to the additive random 

perturbations that are common in industrial measurements.

Narrowband interference (Fig. 25). The injected narrowband 

amplitude-modulated disturbance introduced anisotropic deformation 

and ring structures, particularly in the LS- and Var-based features. These 

coherent distortions expand the intra-class variance and obscure fault 

boundaries. After the transformation, the rings were eliminated, and 

each fault class reverted to a circular, compact form. A slight resid­

ual overlap appeared only in the transition regions between the mild 

and moderate faults. The transformation adaptively suppresses struc­

tured and frequency-localized noise, revealing stable manifolds in the 

principal component analysis (PCA) domain.

Sinusoidal structural noise (Fig. 26). This represents the most chal­

lenging case, indicative of structural resonance-type contamination. The 

ISA Transactions xxx (xxxx) xxx 

19 



A. Jabbar, M. Cocconcelli and G. D’Elia

Fig. 24. The impact of broadband noise, specifically AWGN at 10 dB combined with 2% uniform jitter, on polar diagnostics is illustrated before (top row) and after 

(bottom row) the application of IWCCT. The columns represent OWA, KW, LS, Variance, and Monotonicity. Prior to transformation, noise increases the angular and 

radial dispersion; however, the proposed transformation effectively consolidates each class into a compact cluster, thereby restoring class separability.

Fig. 25. The effect of narrowband, amplitude-modulated interference (band-pass [20, 40]Hz, pulse rate 𝑓𝑝=0.5Hz) was examined. Prior to the application of the 

proposed transformation (top row), anisotropic smearing and ring-like structures were observed in these images. However, following the implementation of the 

proposed transformation (bottom row), the clusters became compact with minimal leakage, demonstrating robustness against coherent tonal noise.

pseudo-FRF noise produces curved and entangled manifolds that obscure 

class boundaries. After the proposed transformation, each fault class 

formed a compact cluster with a distinct centroid and controlled vari­

ance. Although the cluster radii were slightly larger than those in the 

broadband case, the discriminative geometry was fully retained, con­

firming the robustness of the method against deterministic-resonance 

effects.

Across all three noise families, the pre-transform embeddings 

highlighted the high sensitivity of raw statistical descriptors to noise, 

exhibiting anisotropic spreading, overlap, and manifold distortion. 

In contrast, the proposed transformation adaptively reshapes these 

corrupted densities into uniform, compact, and linearly separable clus­

ters. This confirms its capability to maintain the essential fault struc­

ture while mitigating both random and coherent disturbances, mak­

ing it suitable for real-world bearing diagnostics in noisy industrial

environments.

6.8 . Anomaly detection in the original feature space

Although PCA and t–SNE were utilized in this study to enable low-

dimensional analysis and visualization, the proposed transformation 

does not inherently rely on dimensionality reduction. To evaluate its 
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Fig. 26. The impact of structural noise synthesized from a pseudo-FRF profile is examined. The most significant pre-transform distortion is observed in this context 

(top row); however, the proposed transformation continues to compact each class into distinct clusters(bottom row).

Fig. 27. The performance of anomaly detection in the original feature space

without the application of dimensionality reduction is evaluated. Confusion 

matrices are presented for both classical statistical descriptors and Hjorth param­

eters, which were assessed before and after the implementation of the proposed 

distribution-based transformation. The findings indicate a significant enhance­

ment in anomaly detection accuracy post-transformation, thereby affirming the 

efficacy of the proposed method in operating directly within high-dimensional 

feature spaces.

efficacy within the original feature space, anomaly detection was as­

sessed by applying the transformation directly to the ranked feature set 

without any intermediate projection. Fig. 27 presents the anomaly de­

tection results obtained using a one-class SVM in the original feature 

space for both classical statistical descriptors and Hjorth parameters. 

Compared to the pre-transformation scenario, the proposed distribution-

based transformation results in a significant reduction in false negatives 

and false positives, thereby markedly enhancing the detection perfor­

mance. These findings confirm that the proposed method effectively 

improves class separability and anomaly detectability directly in high-

dimensional feature spaces, with dimensionality reduction serving solely 

as an auxiliary tool for visualization rather than as a prerequisite for 

performance improvement.

6.9 . Effect of symmetric cluster shifting

ForestGreenTo determine whether the asymmetric cluster-shifting 

operation introduces a distributional bias, we examined a symmetric 

alternative in which both clusters are shifted toward their midpoints. 

In this analysis, adaptive transformation with symmetric shifting was 

initially applied directly in the original feature space, and the re­

sulting transformed features were subsequently projected onto two 

principal components for visualization. Fig. 28 illustrates the PCA-

reduced representations obtained before and after applying the adaptive 

transformation with symmetric shifting. Across all ranked feature sets, 

the post-transform embeddings exhibited improved class separation 

relative to the pre-transform space, indicating that the transforma­

tion primarily reshaped within-class dispersion and inter-class struc­

ture rather than introducing qualitative distortions in the embedding

geometry.
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Fig. 28. PCA projections of both the original (Pre-Transform) and transformed (Post-Transform) feature spaces for the MOIRA–UNIMORE dataset are presented across 

five ranked feature sets. The post-transform embeddings depicted here are derived using the symmetric cluster-shifting variant, wherein both modes are adjusted toward 

their midpoint.

7 . Conclusion

This study introduces an adaptive distribution-based feature trans­

formation algorithm aimed at enhancing bearing fault detection in in­

dependent cart systems (ICS). The proposed method effectively reshapes 

the skewed, bimodal, and high-variance feature distributions commonly 

observed in vibration signals from ICS, thereby improving class separa­

bility without the need for labeled data or deep-learning architectures. 

The findings are as follows: 1. The transformation significantly en­

hanced cluster compactness and separation in both PCA and t-SNE 

embeddings across various feature ranking strategies. 2. Quantitative 

analysis using one-class SVM and Isolation Forest classifiers demon­

strated the superior performance of the proposed method compared to 

traditional transformations and other multimodality-aware approaches. 

3. The method exhibited robustness against different noise types, in­

cluding broadband measurement noise, narrowband interference, and 

sinusoidal structural noise, and maintained clear class separation even 

under challenging conditions. 4. The approach was validated using both 

single-cart and three-cart experimental configurations, demonstrating 

its scalability to more complex system interactions. These results ad­

dress the critical challenges in ICS diagnostics, including label scarcity, 

high dimensionality, overlapping classes, and non-stationary dynam­

ics. The proposed method offers a promising solution for enhancing 

fault detection in complex industrial systems, particularly in cases 

where traditional rotating machinery approaches may prove inadequate. 

Future work could explore the integration of this transformation tech­

nique with advanced machine learning models and its application to 

other types of mechatronic systems with complex and nonstationary

dynamics.
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