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Abstract

The shift towards Industry 4.0 drives mass individualization, resulting in high product variety and
small batch sizes (High-Mix, Low-Volume or HMLV). This trend poses significant challenges for
vibroacoustic fault detection in End-of-Line Testing (EoLT), particularly for customized rotating
machinery like axial piston units (APUs). Data shifts caused by minor variations in test setups,
product variants, and processes complicate reliable quality assurance. We propose Adaptive Spec-
tral Decomposition (ASD)-based Batch-wise Outlier Detection (BOD) or ASD-BOD, a framework
transferring unsupervised fleet-based condition monitoring methods to fault detection in EoLT. It
enhances a hierarchical clustering-based approach for HMLV requirements by introducing weighted
cophenetic correlation-based scoring. A second key innovation is the use of Robust Principal Com-
ponent Analysis (RPCA) for ASD. This novel application suppresses process-induced background
variations while enhancing fault-to-noise ratios in vibroacoustic frequency domain data. We demon-
strate the framework’s effectiveness for bearing fault detection using real-world measurement data
from APUs. The results confirm ASD-BOD successfully addresses HMLV challenges, providing con-
tinuous, threshold-transferable, and interpretable outlier scores across evaluated batch sizes without
product- or batch-specific re-tuning. Crucially, RPCA-based ASD significantly improves outlier detec-
tion, increasing the Area Under the Precision-Recall Curve from 0.4 to 0.8 on the real-world APU
data.

Keywords: End-of-Line Testing, Anomaly Detection, Vibration Analysis, Fault Detection, Axial Piston
Unit, Data-Driven Diagnostics

1 Introduction

Modern manufacturing systems are increasingly
shaped by Industry 4.0-driven requirements for flexi-
bility and customization [1]. Consequently, production
environments are shifting towards high-mix, low-
volume (HMLV) regimes with growing product diver-
sity and decreasing batch sizes [2]. For manufacturers

of high-performance rotating machinery, this devel-
opment substantially complicates quality assurance.
In electric drive technology, modular product archi-
tectures rapidly expand the configuration space and
increase product variance [3], while mobile hydraulics
has long been characterized by high variance due to
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Fig. 1: Application-driven product portfolio complex-
ity using the example of APUs for mobile machinery.
Icons generated using Google’s Nano Banana model.

heterogeneous customer demands and diverse operat-
ing conditions requiring extensive customization [4].
Across both domains, newly introduced or infre-
quently produced variants offer little to no historical
production or quality data, even though quality and
reliability requirements remain unchanged.

Axial piston units (APUs) exemplify this challenge
in industrial and mobile hydraulics. In particular, as
key components in diverse mobile machinery, their
high power density, versatility and efficiency make
them indispensable [5]. As depicted in Figure 1, con-
figuring APUs for diverse customers and operating
conditions results in an immense range of variants,
extending from housing size and displacement to con-
trol types, pressure settings and complex multi-unit
assemblies. This product variance demands signifi-
cant effort not only in engineering and manufacturing
but explicitly in quality assurance, which must ensure
efficiency and longevity in high-stakes applications
such as construction [6], agriculture [7] and industrial
processes [8].

1.1 End-of-Line Testing in

High-Variance Production

Production testing of rotating machinery forms a
crucial part of quality assurance, with End-of-Line
testing (EoLT) as the most comprehensive inspec-
tion after full assembly [9] (in contrast to inline
tests [10]). Despite inherent complexity from accu-
mulated variance, EoLT remains indispensable. As
exemplified for APUs in Figure 2, EoLT serves as the
final gatekeeper, verifying integrity, functionality, and
specification compliance before shipment, enabling
clear distinction between fault-free (OK) and faulty

(nOK) products. The latter undergo detailed analysis
essential for identifying systematic root causes. Tradi-
tionally, this relies on dedicated quality features com-
pared against tolerance bands in statistical process
control. However, high product variance considerably
inflates complexity of this rule-based approach, while
potential for deeper fault detection remains limited.
Therefore, data-driven methods based on machine
learning (ML), as suggested by Nunes et al. [11], offer
significant potential.

This potential must be realized within demand-
ing operational constraints. EoLT is governed by a
fundamental trade-off between test duration and fault
coverage. For complex products like APUs, this con-
flict is pronounced, often establishing EoLT as a
production bottleneck where test cycles significantly
exceed manufacturing cycle time [12]. Multi-phase test
programs, composed of sequential steps evaluating
units under different operating conditions (e.g., vary-
ing speed or pressure), drive these long durations [13].
The core challenge arises from high portfolio variance,
since, instead of standardized sequences, vast libraries
of variant-specific test programs are required [14].
This dynamic HMLV environment poses challenges for
data-driven analysis methods, which must be robust
and adaptive to cope with data distribution shifts
occurring with product or test program changes.

1.2 Domain Shifts in Vibroacoustic

End-of-Line Testing

Vibroacoustic (VA) analysis offers deep fault cover-
age, as APU operation, like other rotating machinery,
depends on the integrity of rolling bearings, gears
and tribological contacts. In condition monitoring
(CM), data-driven VA methods are well-established
for detecting incipient bearing faults [15]. Transition-
ing from CM to EoLT is challenging as CM tracks
deviations from an individual machine’s baseline over
time and EoLT must contend with inherent VA varia-
tions across populations of newly manufactured units
due to manufacturing tolerances [16]. VA analysis has
proven successful for other rotating machinery, serv-
ing as a direct quality indicator for quietness and an
indirect diagnostic marker for mechanical faults in
gearboxes [17], electric drive units (EDUs) [13], and
bearing defects [18].

For hydraulic systems such as APUs, VA diag-
nostics are more challenging than for electric
machines due to higher operational complexity.
Strong, operation-dependent background noise from
turbulent flow and pressure pulsations [19] easily
masks subtle fault signatures [20], a problem also
seen in reciprocating engines [21]. Beyond this loud
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Fig. 2: Schematic overview of the EoLT within the value stream for APU manufacturing

background, diagnostics must contend with permissi-
ble series scatter from manufacturing tolerances and
process-related variations, test rig coupling effects,
hydraulic irregularities such as air entrainment and
temperature shifts [22], and test rig configuration dif-
ferences [23]. This is compounded by high sensitivity
of VA measurements to structural variations between
product variants.

These converging challenges manifest as domain
shifts, i.e. systematic changes in the statistical proper-
ties of measured VA features between groups of tested
units, even when all units are fault-free and tested
under nominally identical conditions (e.g., between
production batches). Root causes are manifold:

• Product evolution: specification changes alter
structural dynamics and excitation patterns, giving
each variant distinct VA characteristics [24]

• Infrastructure variation: different test rigs affect
data via mounting resonances, sensor positioning,
and load application [23]

• Procedural differences: test procedure varia-
tions alter operating conditions and measurement
contexts [14]

• Temporal drift: gradual or abrupt shifts from
environmental changes, tool wear, or process mod-
ifications [25]

These shifts critically threaten ML-based fault detec-
tion. A One-Class Classifier (OCC) trained on OK
units from one domain (e.g., batch A) learns a
normalcy representation that becomes invalid under
shifted domains. As illustrated in Figure 3, fault-free
units from batch B or C fall outside the learned deci-
sion boundary, yielding high rates of pseudo anoma-
lies. Training across many heterogeneous domains
simultaneously would instead require learning far
more complex normalcy concepts, as heterogeneous

feature spaces make distinguishable decision bound-
aries harder to establish [24], potentially reducing
sensitivity to real faults. Transfer or meta-learning
techniques (e.g., [26]) could address multi-domain sce-
narios but require substantial multi-domain labeled
data, often unavailable in HMLV production, and
sophisticated MLOps environments [27].

Thus, applying VA analysis to APU EoLT is
defined by converging challenges motivating adaptive
approaches:

• C1. Weak Fault-to-Noise Ratio and Permis-
sible Scatter: dominant hydraulic noise masks
subtle fault signatures (e.g., bearing defects), while
manufacturing and process scatter overlap with
fault indicators, complicating detection sensitivity
and threshold definition.

• C2. Variant-Specific Vibroacoustic Charac-
teristics: high product variety causes distinct
structural dynamics per variant, preventing univer-
sal diagnostic models.

• C3. Limited Fault Data Availability: scarcity
of actual faults in HMLV production restricts
balanced, labeled training data for supervised
approaches.

• C4. Domain Shift Sensitivity: successive shifts
from variant changes, test rig differences, procedu-
ral variations, and temporal drift degrade trained
models rapidly, producing pseudo anomalies and
requiring continuous adaptation.

1.3 Research Question,

Contribution and Scope

These challenges, particularly domain shift preva-
lence, render (semi-)supervised models fragile in high-
variance EoLT environments, leading to the central
research question:
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Fig. 3: The effect of domain shifts on an OCC in a two-dimensional feature space of a batch-wise production
scenario where each data instance refers to a tested unit. The decision boundary, learned from the distribution
of batch A, fails to generalize to batch B and C. Consequently, in-distribution instances from batch B and C are
classified as an anomaly, resulting in a high rate of pseudo-anomalies.

How can subtle, localized vibroacoustic anomalies

caused by rolling bearing defects be detected in EoLT

scenarios considering an HMLV setting?

We propose a paradigm shift from training-based
to unsupervised, batch-wise fault detection, grounded
in the core EoLT assumption that while substantial
distribution shifts occur between batches, conditions
within a single batch remain comparatively stable.
Units typically share the same variant, test pro-
gram, and test bench, minimizing setup changes and
short-term drift. This enables a reformulation where
each batch is treated as an independent, localized
domain rather than requiring a single global model
robust to all shifts, analogous to divide-and-conquer
strategies [28].

This perspective parallels fleet-based condition
monitoring, where faults are identified as outliers
within ensembles of units under comparable condi-
tions [29], an approach Hendrickx et al. [30] success-
fully extended to EoLT of wind turbine generators.
By analogy, we assume faulty units within a batch
appear as rare outliers against a largely homogeneous
healthy ensemble. This unsupervised outlier detec-
tion (OD) paradigm relies on two assumptions: faults
are rare (addressing C3), occurring stochastically and
infrequently, and faults are heterogeneous, varying
in mode, severity, and localization. A key practical
advantage is immediate applicability during ramp-up
phases without historical data.

Based on this paradigm, our central contribution
is ASD-BOD, a data-driven framework for vibroa-
coustic fault detection in EoLT under HMLV con-
ditions and domain-shift-variant data (Figure 4).
Built on hierarchical clustering, it follows an unsu-
pervised, batch-wise OD strategy and introduces
Adaptive Spectral Decomposition (ASD) to identify
abnormal spectral components per batch, addressing

C1, without requiring prior domain knowledge about
background noise or fault modes. RPCA-based pre-
processing enhances variant-agnostic fault detection
within batches, enabling robust, transparent detection
under successive domain shifts without product- or
batch-specific tuning.

ASD-BOD comprises four modules extending
fleet-based CM frameworks [29] to noisy, HMLV
EoLT: (1) data aggregation and preprocessing, (2)
ASD, (3) dissimilarity indication, (4) clustering-based
OD. Since the framework operates at batch level, as
shown in Figure 4, it assumes complete batches are
tested before final quality assessment. This batch-wise
evaluation complements, rather than replaces, (semi-
)supervised approaches for individual fault detection
alongside rule-based tolerances, remaining aligned
with established industrial QA workflows.

We validate ASD-BOD on a real-world APU
dataset mimicking EoLT with faulty bearings under
severe disturbances and distribution shifts from
varying operating conditions [31]. Bearing faults
were chosen as subtle, difficult-to-detect faults in
hydraulic machinery, where their signatures are easily
masked [20]. The key contributions are:

1. Unsupervised HMLV Framework: ASD-BOD
extends fleet-based CM frameworks [29] with an
ASD stage, addressing C2 and C4 through batch-
wise OD without historical training data or labeled
faults (C3), applicable from the first production
batch.

2. RPCA for ASD: First application of Robust
Principal Component Analysis (RPCA) [32]
to adaptively decompose vibroacoustic spectra
ensembles into shared background noise and
anomalies, addressing C1 in EoLT.
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Fig. 4: Schematic overview of the ASD-BOD framework integrated into the EoLT process for APUs. Unsupervised
batch-wise fault detection can be implemented in addition to conventional individual fault detection based on
rule-based or (semi-)supervised ML approaches.

3. Threshold-Transferable Outlier Scoring: A
weighted cophenetic hierarchical procedure gener-
ates bounded, interpretable anomaly scores. Its
transferability across batch sizes is evaluated
against the original Hendrickx framework and
generic outlier detectors.

4. Real-World Industrial Validation: Validation
on an experimental APU dataset with authentic
bearing faults under realistic disturbances demon-
strates practical applicability and robustness.

The paper is organized as follows. Section 2
reviews related work, Section 3 details the ASD-BOD
framework, Section 4 presents the experimental results
on real-world data, Section 5 discusses results and
limitations, and Section 6 concludes.

2 Related Work

The state-of-the-art review is structured from an
application-oriented and a methodology-oriented per-
spective. Research specifically addressing data-driven
EoLT of APUs is exceptionally scarce. Vibroacoustic
fault detection for APUs in CM is relatively mature.
General data-driven methods for EoLT of rotating
machinery have been reviewed in prior work [31].
That work compared sensor placements and signal
processing techniques such as envelope spectrum,
cepstrum and empirical mode decomposition. It com-
bined these with semi-supervised anomaly detection

methods such as One-Class SVM, Isolation Forest
and Local Outlier Factor for a single, fixed ensem-
ble of APUs under varying operating conditions.
The present work addresses a fundamentally differ-
ent setting. It focuses on unsupervised batch-wise OD
under batch-to-batch domain shifts, as encountered
in HMLV production with changing product variants
and test configurations. The most relevant EoLT lit-
erature from Gaugel et al. [12, 14] focuses on test time
reduction using hydraulic data. This leaves vibroa-
coustic fault detection largely unexamined. Given this
gap, the application-oriented review is extended to
vibroacoustic production testing of rotating machin-
ery more broadly. The methodology-oriented review
focuses on RPCA.

2.1 Data-Driven Approaches for

Vibroacoustic End-of-Line

Testing

Data-driven methods for vibroacoustic production
testing are typically classified as supervised, semi-
supervised or unsupervised. Supervised methods
require labeled OK and nOK data. In manufacturing,
this often suffers from scarcity of faulty units due to
quick root cause elimination during production. Del
Rosso et al. [33] use time and frequency domain fea-
tures with Logistic Regression and k-Nearest Neighbor
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to identify faults in induction motors during produc-
tion testing. Mlinarić et al. [34] employ tree-based
ensembles such as random forest and gradient boost-
ing for fault classification in brushless electric motors,
using broadband and narrowband spectral features.
They later extended this with a CNN-BiGRU archi-
tecture classifying Mel-frequency spectrograms [35].
Shaw et al. [21] and Borriello et al. [36] highlight the
importance of feature engineering for ML diagnos-
tic performance, in internal combustion engines and
electric pumps respectively. Nonetheless, the inherent
scarcity of nOK examples in complex rotating machin-
ery continues to limit supervised methods. This drives
greater adoption of semi-supervised anomaly detec-
tion.

Semi-supervised methods such as OCCs are
trained primarily on OK unit data. They are often
explored where faulty units are rare or unavailable.
Blickensdorff et al. [37] investigate isolation forest
and angle-based OD for production testing of EDUs.
In more complex scenarios, autoencoder-based tech-
niques are increasingly used. Sun et al. [38] propose a
deep belief network-based autoencoder for accelerom-
eter anomaly detection. Principi et al. [39] demon-
strate superior performance using CNNs and LSTMs
on log-Mel coefficients from vibroacoustic signals.
Wißbrock et al. [40] explore envelope analysis, spectro-
grams and psychoacoustic features for anomaly detec-
tion on geared electric motors during EoLT, applying
both OCC and isolation forest. Bonart [13] introduces
a statistical approach computing coincidence and cor-
relation matrices of spectrogram data during electric
drive ramp-ups, scoring anomalies based on devia-
tion from batch averages. However, semi-supervised
methods rely on a stable, well-learned normalcy con-
cept. This makes them sensitive to domain shifts and
problematic in HMLV production.

Challenges of distribution shifts and high prod-
uct variability in HMLV testing have driven growing
interest in unsupervised approaches. These meth-
ods require no labeled data or predefined normalcy
concepts. This makes them more adaptable to com-
plex manufacturing environments. Muhr et al. [28]
implement a batch-wise divide and conquer strategy,
partitioning data by domain such as test bench or
product type before applying local anomaly detection
methods like LOF, OCSVM and isolation forest. Hen-
drickx et al. [30] extend this to a fleet-based framework
analyzing motor currents from wind turbine gener-
ators within localized batches. However, these early
methods often lack robust preprocessing to suppress
significant noise sources like hydraulic pressure pulsa-
tions. Frameworks such as Hendrickx et al.’s [30] also
rely on batch-size dependent fixed thresholds. This
complicates industrial deployment with varying batch

= +

data matrixM low rank matrix L sparse matrix L

Fig. 5: The principle of low-rank decomposition via
RPCA

configurations. A fully unsupervised framework must
therefore integrate both adaptive preprocessing and
scalable decision mechanisms. This gap is addressed
here by ASD-BOD.

2.2 Robust Principal Component

Analysis in Fault Detection

Traditional multivariate techniques such as Princi-
pal Component Analysis (PCA) are widely applied
for fault detection and dimensionality reduction in
industrial monitoring. PCA identifies low-dimensional
subspaces and detects anomalies as deviations from
them. However, PCA’s sensitivity to outliers limits
its use in noisy real-world environments [41]. RPCA
resolves this by decomposing the observed data matrix
M into a low-rank matrix L representing background
behavior and a sparse matrix S representing outliers
or anomalies [32].

M = L+ S. (1)

This isolates faults and anomalies in S from noise and
other low-rank components constituting normalcy, as
shown in Figure 5.

RPCA has been successfully applied across indus-
trial settings. Gharibnezhad et al. [41] show its
superiority over standard PCA in suppressing faulty
outliers during structural health monitoring. Thar-
rault et al. [42] use it to generate structured residuals,
enhancing fault isolation in process monitoring. For
vibroacoustic fault detection, Li et al. [43] adopt a
non-convex RPCA modification for bearing diagnos-
tics. Ge et al. [44] introduce local RPCA to enhance
fault feature extraction by segmenting vibration data.
Wang et al. [45] apply RPCA to bearing diagnos-
tics under variable speed, separating time-varying
fault features from noise without prior knowledge of
operating conditions.

RPCA’s success in CM and fault detection is well
documented. Still, these methods predominantly focus
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on individual time-series or isolated data instances.
Its application to batch-oriented production testing
remains largely unexamined. Here, data from multiple
units must be analyzed collectively to suppress shared
background noise and extract batch-specific anoma-
lies. The ASD-BOD framework presented here extends
RPCA methodology to address this gap within HMLV
EoLT. It provides robust noise-reduction preprocess-
ing and enables accurate batch-level fault detection.

3 Proposed Framework

The ASD-BOD framework addresses challenges C1
to C4 identified in Section 1 through unsupervised,
batch-wise fault detection. Unlike global models,
it treats each production batch as a statistically
independent ensemble. The framework also meets
industrial requirements, including transparency for
decision-making [46], automation for minimal manual
recalibration, and robustness to varying batch sizes
common in HMLV production.

At its core, the framework uses RPCA to decom-
pose batch-level vibroacoustic data into low-rank
background noise and sparse fault-induced anomalies.
Batch-level homogeneity allows shared disturbances,
such as pressure pulsations and structural resonances,
to be suppressed while rare fault features are empha-
sized. RPCA eliminates the need for prior knowledge
of system-specific dynamics, enabling adaptation to
variant changes, test rig setups, and operating condi-
tions. The framework builds on fleet-based CM meth-
ods but adapts them to withstand HMLV-associated
variance.

As depicted in Figure 6, ASD-BOD operates in
four sequential stages.

1. Data aggregation and preprocessing. Vibroa-
coustic signals are normalized, filtered, and con-
verted to spectral representations for batch-wise
comparison.

2. ASD. RPCA identifies shared low-rank noise and
isolates sparse fault signals for analysis.

3. Dissimilarity indication. Dissimilarity between
the sparse frequency-domain representations is
computed.

4. Clustering-based OD. A hierarchical clustering
algorithm uses weighted cophenetic coefficients to
detect outliers independently of batch size.

This design enables batch-specific fault detection
without historical training data and without per-
product or per-batch parameter re-tuning. Remaining
hyperparameters, such as minimum cluster size frac-
tion and clustering threshold range, stay fixed across
all products and batch sizes considered here, making

the framework scalable and suitable for HMLV EoLT
environments.

3.1 Data Aggregation and

Preprocessing

The first stage of the ASD-BOD framework trans-
forms raw vibroacoustic time-series data x(i)(t) from
the i-th unit into a batch-level spectral matrix M.
Operational stationarity is assumed, ensuring con-
stant operating conditions such as speed and pressure
during testing, which is typically guaranteed in stan-
dardized EoLT programs [12]. While non-stationary
conditions (e.g., run-ups or speed sweeps [13]) require
time-frequency spectrograms or order-domain analy-
sis, this paper focuses on stationary conditions. Under
stationary conditions, faults often manifest as distinct
features in the frequency domain, enabling compact
spectral representations. To counter spectral smearing
caused by minor speed variations, order tracking can
normalize frequencies. This can be achieved through
encoder-driven angular resampling or through com-
puted order tracking using concurrent speed signals.
Both methods ensure a meaningful, standardized fre-
quency representation across all tested units.

The transformation into the frequency domain is
performed using the Fast Fourier Transform (FFT),
applied to windowed signal segments with a Han-
ning window to reduce spectral leakage. The focus is
placed on a specific spectral region of interest (RoI),
typically defined using domain knowledge to target
frequency bands where faults are likely to occur,
such as regions sensitive to high-frequency bearing
faults. Fault events are isolated using a band-pass fil-

ter Fb, yielding filtered signals x
(i)
filt(t). From these,

FFT-based magnitudes A
(i)
filt ∈ R

m are computed
for subsequent analysis. Compared to Welch’s Power
Spectral Density method, which averages noise over
segments, the FFT is favored here for its ability
to preserve transient fault signatures in individual
components [15]. Envelope analysis, often used to
highlight bearing fault repetition rates and enhance
the signal-to-noise ratio (SNR) [15], is another alterna-
tive. However, to maintain general applicability across
fault types, the framework employs filtered spectra,
even though envelope analysis could augment SNR in
specific cases.

Each spectral vector A
(i)
filt contains m magnitude

values corresponding to frequency bins [f1, f2, . . . , fm]
within the RoI. These are aggregated for n units by
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Fig. 6: Detailed overview of the individual processing stages of ASD-BOD

stacking them row-wise into the batch spectral matrix:

M =






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A
(1)
filt
...

A
(n)
filt






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=


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

a
(1)
1 a

(1)
2 · · · a
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m

...
...

. . .
...

a
(n)
1 a

(n)
2 · · · a

(n)
m









∈ R
n×m. (2)

Here, each row of M represents a unit’s spectrum,
while each column corresponds to a specific frequency

bin shared across all units. This spectral matrix serves
as the basis for the subsequent stages of the ASD-BOD
framework.
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3.2 Adaptive Spectral

Decomposition via RPCA

The core of the ASD-BOD framework is the separa-
tion of batch-common spectral structures from unit-
specific vibroacoustic anomalies using RPCA [32]. As
shown in Figure 6, RPCA decomposes the batch spec-
tral matrix M into a low-rank component L, repre-
senting shared background noise, and a sparse compo-
nent S, isolating localized anomalies, such that M =
L+S. The low-rank component captures batch-shared
features such as pressure pulsations, turbulent flow
noise, and structural resonances, while sparse outliers
represent rare fault-specific patterns. RPCA’s data-
driven nature requires no prior knowledge of fault
frequencies, kinematic models, or product-specific
parameters, making it ideal for HMLV production
environments.

RPCA addresses the limitations of traditional
model-based preprocessing methods such as comb
filtering [47], which are effective at suppressing deter-
ministic harmonics but struggle with variable broad-
band noise. Comb filters need precise parameter
tuning for harmonics, frequencies, and filter proper-
ties, which are challenging to maintain in dynamic
production settings involving product variants and
varying operational conditions. Similarly, techniques
like wavelet denoising, baseline correction, or spectral
subtraction [47, 48] require extensive parameteriza-
tion and manual adjustment, which is not scalable for
constantly changing batches. In contrast, RPCA auto-
matically infers the dominant background structure
and stochastic envelopes from batch data, removing
the need for manual configuration and enabling robust
noise suppression. These advantages make RPCA a
compelling choice for ASD in HMLV settings.

APU spectral data exemplifies the need for such
approaches. Compared to relatively clean spectra from
EDUs, APU spectra exhibit more complex back-
grounds, including strong broadband noise, pressure
pulsations, fluid dynamics, and cavitation [19]. This
noise is further complicated by batch-to-batch vari-
abilities caused by tolerances in assembly, fluid prop-
erties, or mounting conditions. At the same time,
deterministic peaks in APU spectra corresponding to
harmonics of the pump’s piston frequency and side-
bands are critical components of normal operation,
even though their magnitudes may vary due to pro-
duction tolerances. RPCA’s optimization process sup-
presses the broadband envelope and preserves these
deterministic features while isolating sparse anoma-
lies, such as bearing fault signatures, in a data-driven
manner.

Before decomposition, spectral magnitudes are
converted to a logarithmic (decibel) scale to compress

dynamic ranges and ensure anisotropic noise variance
is approximately equalized across the spectrum [15].
The decomposition is achieved by solving the following
optimization problem:

min
L,S

|L|∗ + λ|S|1 subject to M = L+ S. (3)

Here, the nuclear norm |L|∗ minimizes the rank of
L (capturing shared background), while the ℓ1-norm
|S|1 ensures sparsity in S (isolating anomalies). The
regularization parameter λ is adaptively set as λ =
1/

√

max(n,m) [32], which dynamically balances the
trade-off between low-rank and sparse components
without manual tuning.

An important requirement is that the number
of frequency bins m significantly exceeds the batch
size n (m ≫ n). Contrary to classical methods,
RPCA benefits from this so-called curse of dimen-
sionality, as physical systems exhibit low-dimensional
subspaces within high-dimensional data. This ensures
that shared spectral structures concentrate in the
low-rank L, while sparse anomalies such as fault sig-
natures remain distinguishable. Such characteristics
make RPCA particularly effective for automated fault
isolation and robust detection under the complexities
of HMLV production [19, 32].

3.3 Dissimilarity Indication

Following the decomposition, the sparse matrix S ∈
R

n×m contains the residual spectral information
within the RoI, where each row Si ∈ R

m represents
the spectral deviation of the i-th unit from the learned
low-rank structure. The subsequent stage quantifies
the abnormality of these residuals without relying on
feature extraction, directly analyzing the full residual
spectra. This avoids the loss of fault-relevant infor-
mation and the need for domain-specific tuning often
required in feature-based approaches, making it highly
suited for unsupervised EoLT in HMLV settings.

To characterize overall sparsity, a summation
across the frequency bins within each residual is used:

SIi =
m
∑

j=1

|sij |, (4)

where sij denotes the element at the i-th row and j-th
column of S. Under ideal decomposition, L captures
all batch-common patterns, leaving S with only unit-
specific deviations. Healthy units yield SIi ≈ 0, while
anomalous units exhibit elevated values due to signifi-
cant non-zero entries at fault-specific frequencies. This
scalar sparsity indicator (SI) is computationally effi-
cient and interpretable, serving as a robust measure of
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general abnormality. The dissimilarity between units
is then computed using absolute differences of their SI
values:

dSIij = |SIi − SIj |, (5)

generating a distance matrixDSI (see Figure 6), which
serves as input for the clustering stage described in
Section 3.4.

While the sparsity indicator effectively reduces
spectral data to a scalar, it may lose information
about the morphology of anomalies with similar total
energy but different distributions. To address this, the
Wasserstein distance is introduced as an alternative
dissimilarity measure:

dWij = W1(Si, Sj), (6)

quantifying the minimal cost of transforming one spec-
tral distribution into another. Unlike simpler measures
such as cosine similarity, the Wasserstein distance
accounts for the physical proximity of spectral com-
ponents and is robust to local frequency shifts. By
preserving full spectral morphology, it provides supe-
rior sensitivity to fault patterns that may not be
captured by scalar measures like the sparsity indica-
tor. Both dSIij and dWij are evaluated in this work to
balance sparsity and morphological characteristics in
fault detection.

3.4 Clustering-Based Outlier

Detection

To enable transparent and interpretable OD in con-
trast to black-box models from deep learning, Hen-
drickx et al. [29] discuss clustering algorithms for fleet-
based CM frameworks. Their approach represents
outliers as isolated or small clusters. Methods like K-
Means require a cluster number, while DBSCAN relies
on density parameters and lacks an equally direct
hierarchical visualization, motivating the use of hier-
archical clustering. Direct unsupervised detectors such
as LOF, OCSVM, and Isolation Forest have also been
used for batch-wise EoLT [28]. Because their score
scales and dependence on ensemble composition dif-
fer, their threshold transferability must be evaluated
rather than assumed. Hierarchical clustering addition-
ally provides an inspectable dendrogram for traceable
decisions.

While hierarchical clustering provides the pre-
ferred framework for transparent OD, partitioning
the dendrogram into distinct clusters presents chal-
lenges. The hierarchy does not inherently specify
unique cluster assignments and requires appropriate
cutting strategies. Static thresholds at fixed cophe-
netic heights prove unsuitable for vibroacoustic data
in HMLV EoLT scenarios due to varying distance

scales across test configurations. The inconsistency
coefficient [50] evaluates links based on relative devi-
ation but requires specification of depth parameters
and thresholds lacking direct physical meaning.

The approach by Hendrickx et al. [29] uses recur-
sive partitioning based on the cophenetic correlation
(CC) coefficient:

rCC =

∑

(dij − d̄)(cij − c̄)
√

∑

(dij − d̄)2
√

∑

(cij − c̄)2
(7)

The CC quantifies the linear correlation between
cophenetic distances cij in the dendrogram and the
original pairwise distances dij , with c̄ij and d̄ij denot-
ing the corresponding mean values. High CC values
(close to 1) indicate faithful preservation of distance
structure. Outliers inflate this coefficient as isolated
points create distinct branches. The recursive algo-
rithm computes CC and splits the dendrogram at the
top level into subtrees if CC exceeds threshold thrCC ,
repeating recursively until CC falls below threshold
in all clusters. However, this approach has limitations
for HMLV EoLT settings, necessitating modifications
that constitute a key contribution of this work.

The following paragraphs detail the substantial
methodological adaptations: weighted CC coefficient
for batch-size-invariant decisions, modified recursive
partitioning with relative minimum cluster size, and
threshold variation-based outlier scoring. In accor-
dance with Figure 6, the proposed OD approach
operates through sequential steps after hierarchical
clustering:

1. Dendrogram construction: Hierarchical clus-
tering with average linkage produces the dendro-
gram, encoded as linkage matrix Z, from the
pairwise distance matrix D. Z records the sequence
of merges and serves as input to the recursive
partitioning described below.

2. Threshold variation: Clustering threshold
thrCC is varied across range [thrmin, thrmax].

3. Recursive partitioning: Modified algorithm
evaluates weighted CC coefficient (rwCC) while
enforcing minimum cluster size constraints.

4. Cluster evolution tracking: Cluster assign-
ments are recorded for each threshold level.

5. Isolation threshold detection: Highest thresh-
old at which each instance resides in isolated cluster
is identified as raw outlier score.

6. Score normalization: Raw scores are normal-
ized to [0, 1] and instances exceeding throutlier are
classified as anomalous.
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Weighted Cophenetic Correlation

Coefficient for Batch-Size-Invariant

Partitioning

For varying batch sizes, a critical challenge arises
regarding transferability to EoLT. With larger
batches, outliers exert a diminishing influence on the
CC coefficient in Equation 7. Consequently, a fixed
threshold cannot be robustly applied across varying
batch sizes, as identical outlier distances may yield dif-
ferent coefficient values. This dependency stems from
an imbalance in the number of pairwise comparisons.
For p inliers and o outliers, the standard CC implic-
itly weights all

(

p+o
2

)

pairwise distances equally, such
that more frequent intra-cluster pairs dominate the
correlation. In particular, the number of intra-cluster
pairs

(

p
2

)

= O(p2) grows quadratically with p, while
the number of inter-cluster pairs (p ·o) grows only lin-
early. For large p and small o, intra-cluster correlations
dominate, thereby diluting the contribution of inter-
cluster distances that encode the relevant structural
deviations.

To address this limitation, we extend the metric
to a weighted variant ensuring balanced representa-
tion regardless of cluster cardinalities. At each step
of the recursive partitioning (see below), a candi-
date split into two clusters C1, C2 is evaluated. Let
|C1|, |C2| denote their cardinalities within the cur-
rent subtree of nsub = |C1| + |C2| instances. Pair-
wise distances dij and cophenetic distances cij are
weighted with factors wij to ensure equal represen-
tation of intra-cluster pairs (within C1 or C2) and
inter-cluster pairs (C1–C2). For any instance i ∈ Cu

with u ∈ {1, 2}, we define an inverse size weight
pi =

1
|Cu|

. The preliminary weight for a pair of distinct

instances is defined as w′
ij = pi · pj . To eliminate the

aforementioned quadratic-versus-linear imbalance, we
introduce a scaling factor βij that neutralizes the
dependency on cluster size for intra-cluster pairs:

βij =

{

2·|Cu|
|Cu|−1 if i, j ∈ Cu(intra-cluster)

1 if i ∈ C1, j ∈ C2 (inter-cluster)
(8)

This targeted rescaling ensures that the combined
weight of all intra-cluster pairs within Cu sums to a
constant, perfectly matching the aggregate weight of
the inter-cluster pairs. Note that if |Cu| = 1, no dis-
tinct intra-cluster pairs exist, rendering the first case
obsolete. The final pairwise weights wij = w′

ij ·βij are
subsequently normalized such that

∑

wij = 1. The
weighted CC coefficient for the candidate split is then

given by:

rwCC =

∑

wij(dij − d̄w)(cij − c̄w)
√

∑

wij(dij − d̄w)2
√

∑

wij(cij − c̄w)2
,

(9)
where d̄w =

∑

wijdij and c̄w =
∑

wijcij denote the
weighted means of the pairwise and cophenetic dis-
tances, respectively. Note that rwCC is recomputed at
every recursion step for the current binary candidate
split (K = 2), not once for the final set of clusters.

Figure 7a demonstrates the increased stability of
the weighted CC compared to the standard coeffi-
cient using synthetic data with Gaussian-distributed
inliers and a single outlier at a constant distance (z-
score = 4). While the standard coefficient exhibits
a pronounced dependence on the ensemble (batch)
size, the weighted CC shows a largely batch-size-
invariant behavior across all evaluated batch sizes.
This increased robustness, however, comes at the cost
of higher dispersion in the merging of inliers. Figure 7b
shows the resulting cluster counts obtained via recur-
sive partitioning with thrCC = 0.85. Due to the
higher dispersion, weighted CC-based clustering pro-
duces a more fine-grained clustering at an ensemble
size of 10. Nevertheless, it yields highly stable cluster-
ing and outlier separation performance for ensemble
sizes above 25 and does not degrade when using a
constant clustering threshold. Although single link-
age isolates outliers more readily (see [51]), it is more
sensitive to batch-size variations. Therefore, average
linkage is employed.

Modified Recursive Partitioning with

Minimum Cluster Size

While the weighted CC coefficient addresses batch-
size invariance, the recursive partitioning procedure
requires modification for HMLV EoLT. The algo-
rithm by Hendrickx et al. [29] uses CC as sole
splitting criterion regardless of resulting cluster sizes.
This leads to excessive fragmentation into statistically
invalid clusters. We introduce an explicit minimum
cluster size constraint during recursive partitioning:
min cluster size = ⌈min cluster size fraction · n⌉,
where n denotes the total number of instances in
the current batch. Clusters with a local cardinal-
ity nsub < min cluster size are classified as outlier
candidates without further partitioning. The relative
formulation maintains consistent statistical represen-
tativeness across varying batch sizes.

The modified algorithm (Algorithm 1) implements
two validation mechanisms. First, before evaluating
splitting criteria, it verifies whether current clus-
ter size falls below minimum threshold (Lines 6-8).
Second, even if rwCC > thrCC suggests heterogene-
ity, splitting only executes if at least one resulting
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Fig. 7: Comparison of standard CC coefficient and proposed weighted extension in OD scenario. Synthetic two-
dimensional data with Gaussian-distributed inliers and single outlier at fixed distance (z-score = 4). Results
averaged over 50 repetitions.

subcluster satisfies the size requirement (Lines 10-12):

Split⇔ max(|C1|, |C2|) ≥ mincluster size (10)

The modifications formalize distinction between
representative clusters and anomaly candidates
through explicit relative size threshold during
recursive splitting rather than post-hoc assess-
ment as in the original framework. Split feasibility
checks prevent fragmentation into exclusively non-
representative subclusters. The relative formulation of
mincluster size fraction combined with rwCC provides
dual robustness through batch-size-invariant split
decisions and adaptive representativeness require-
ments.

Outlier Score based on Variable Clustering

Threshold

While relative sizes of identified clusters can serve
as outlier scores [29], this approach is indepen-
dent of actual distance from main population.
Distance-sensitive scoring through exponential nor-
malization [52] introduces additional hyperparameter
α lacking direct physical interpretation. We propose
systematic variation of clustering threshold thrCC .
Strong outliers become isolated at high thrCC val-
ues near 1.0, while weak outliers remain grouped
until lower thrCC values. Tracking at which threshold
each instance first becomes isolated yields continuous
distance-sensitive outlier scores.
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Algorithm 1 Modified recursive partitioning with relative minimum cluster size

1: procedure PartitionModified(Z,D, thrCC ,min cluster size fraction, n)
2: nsub ← number of samples in current subtree Z ▷ Local size
3: min cluster size← ⌈min cluster size fraction× n⌉ ▷ Global size constraint
4: leaves1, leaves2 ← children of root in Z
5: n1 ← |leaves1|, n2 ← |leaves2|
6: if nsub < min cluster size or nsub ≤ 2 then
7: return 0nsub

8: end if
9: if n1 < min cluster size and n2 < min cluster size then

10: return 0nsub

11: end if
12: rwCC ← weighted cophenetic correlation(Z,D)
13: if rwCC > thrCC then
14: D1,D2 ← submatrices of D restricted to leaves1, leaves2
15: Z1 ← linkage(D1), Z2 ← linkage(D2)
16: labels1 ← PartitionModified(Z1,D1, thrCC ,min cluster size fraction, n)
17: labels2 ← PartitionModified(Z2,D2, thrCC ,min cluster size fraction, n)
18: return labels1, labels2 with offset max(labels1) + 1 added to labels2
19: else
20: return 0nsub

21: end if
22: end procedure

The procedure (Algorithm 2) constructs an evolu-
tion matrix E ∈ {0, 1, . . . }nthr×n by performing recur-
sive partitioning across a discrete range of thresholds
thrCC ∈ [thrmin, thrmax] (see Figure 8). Each entry
ek,i represents the cluster label assigned to instance

i at threshold thr
(k)
CC . For any given threshold index

k, the cluster containing instance i is defined by the
set Ck,i = {j : ek,j = ek,i}. To derive the out-
lier score, instances are initially assigned a baseline
score of thrmin. Assuming the thresholds are indexed

in ascending order (thr
(1)
CC < · · · < thr

(nthr)
CC ), the

algorithm identifies the highest threshold at which
instance i still resides in an isolated cluster. This
raw score is determined by evaluating the cluster
cardinality |Ck,i|:

raw scorei = thr
(k∗)
CC ,

k∗ = max{k | |Ck,i| < mincluster size}
(11)

Raw scores are normalized to [0, 1]:

outlier scorei =
raw scorei − thrmin

thrmax − thrmin

(12)

An instance is classified as an outlier if
outlier scorei > throutlier. This approach offers
three advantages over cluster-size-based scoring.
First, it is distance-sensitive reflecting how distinctly
instances separate from main population. Second,

it provides continuous scores across [0, 1] range.
Third, it avoids additional hyperparameters beyond
mincluster size fraction.

4 Experimental Studies

This section evaluates ASD-BOD through two con-
trolled comparisons on the real APU data. First, the
ASD and dissimilarity stages are ablated while retain-
ing the proposed clustering backend. Second, this
RPCA-Sparsity front-end is held constant to assess
whether anomaly-score thresholds remain useful when
the batch size changes. The latter is not intended as
a general OD ranking, but as a deployment-oriented
threshold-transfer test.

4.1 Evaluation Methodology and

Benchmarking Design

To evaluate ASD-BOD rigorously, a multi-step
methodology is employed, as illustrated in Figure 9.
Its foundation is statistical validation of results by
analyzing performance across multiple dataset con-
figurations. This standardized evaluation process is
applied to the proposed framework and all benchmark
approaches, ensuring fair comparison. The first crucial
step is use of multiple data acquisitions, where repeti-
tions correspond to distinct data batches, so that each
batch provides an independent outcome under specific
defined conditions.
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Algorithm 2 Outlier score computation via threshold variation

1: procedure ComputeOutlierScores(D, thr range,min cluster size fraction)
2: thrmin, thrmax ← thr range
3: n← total number of instances implied by D ▷ Global size
4: thresholds← discretize(thrmin, thrmax, step)
5: nthr ← |thresholds|
6: min cluster size← min cluster size fraction · n
7: cluster matrix← zeros(nthr × n)
8: for k = 1 to nthr do
9: Z← linkage(D)

10: labels← PartitionModified(Z,D, thresholds[k],min cluster size fraction, n)
11: cluster matrix[k, :]← labels
12: end for
13: raw scores← ones(n) ×thrmin

14: for i = 1 to n do
15: for k = nthr down to 1 do ▷ Search high to low
16: cluster id← cluster matrix[k, i]
17: cluster size← count(cluster matrix[k, :] == cluster id)
18: if cluster size < min cluster size then
19: raw scores[i]← thresholds[k]
20: break
21: end if
22: end for
23: end for
24: outlier scores← raw scores−thrmin

thrmax−thrmin

25: return outlier scores
26: end procedure

Outlier Threshold

Fig. 8: Derivation of outlier score based on threshold variation of the weighted CC coefficient, illustrated using
exemplary dendrogram for synthetic two-dimensional data. Recursive partitioning is shown for thrCC = 0.85
in the dendrogram. The relative minimum cluster size is set to mincluster size fraction = 0.25 and the outlier
decision threshold to throutlier = 0.5.

As depicted in Figure 9, a central paradigm is that
outlier score for any data point is calculated based

solely on information within its respective batch. How-
ever, for comprehensive evaluation, a global perspec-
tive is necessary regarding outlier threshold. Instead of
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Fig. 9: Overview of the evaluation approach. The framework processes raw data one batch at a time, generating
outlier scores independently. For robust assessment, scores from all batches are aggregated, since a single global
outlier threshold is necessary for real-world application.

applying throutlier to each batch individually (imprac-
tical in a real-world setting), outlier scores from all
Nreps batches are aggregated into single combined
distribution. This evaluation strategy allows holis-
tic assessment of pipeline quality based on score
separability. By pooling results, globally consistent
performance metrics from this aggregated distribution
are computed, summarized in Table 1.

4.1.1 Performance Metrics

The primary objective is achieving high separability
between faulty instances and healthy instances. The
most direct measure is separation margin. For each
j-th repetition or batch, minimum margin is:

Min. Marginj = outlier scorej,faulty

−max
(

outlier scorej,healthy
) (13)

To visualize general trends, Mean Min. Margin across
repetitions is calculated. While margin evaluates sep-
aration to nearest neighbor, threshold-independent
metrics capture quality of entire ranking. The Area
Under the ROC curve (AUC) measures probability

that a randomly chosen faulty instance receives higher
score than a randomly chosen healthy instance. For
highly imbalanced data, Area Under the Precision-
Recall Curve (AUPRC) is more telling. Precision is
fraction of true faults among instances classified as
outliers, while Recall is fraction of detected faults
among all actual faults.

Precision =
TP

TP + FP
, Recall =

TP

TP + FN
(14)

Here, TP denotes True Positives, FP False Posi-
tives, and FN False Negatives. AUPRC summarizes
performance across all possible thresholds.

In practice, a fixed decision threshold throutlier
must be chosen. To assess maximum potential, an
optimal threshold is determined by maximizing F1-
Score on aggregated scores:

F1 = 2 ·
Precision · Recall

Precision + Recall
(15)

At this optimal point, Matthews Correlation Coeffi-
cient (MCC) and False Positive Rate (FPR) are also
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computed. MCC is robust on imbalanced data:

MCC =
TPTN− FPFN

√

(TP + FP)(TP + FN)

×
1

√

(TN + FP)(TN + FN)

(16)

4.1.2 Benchmarking and Ablation

Design

To systematically validate contribution of RPCA-
based ASD, we employ a structured ablation study
isolating performance impact of individual processing
stages. This addresses two questions:

1. Does RPCA-based decomposition provide quantifi-
able improvements in fault-background separabil-
ity compared to simpler preprocessing alternatives
or no preprocessing?

2. How does choice of dissimilarity measure
(morphology-preserving Wasserstein distance vs.
sparsity indicator) affect detection performance on
decomposed spectra?

We deconstruct the framework along the ASD and
dissimilarity indication stage while holding clustering-
based OD stage constant across all configurations.
The raw configuration establishes absolute baseline
where no preprocessing is applied. ResMean repre-
sents common practice in vibroacoustic EoLT [13],
where per-frequency mean across all units is sub-
tracted. ResMed provides robust alternative by sub-
tracting per-frequency median. RPCA constitutes
the proposed core method. Sequential combinations
ResMean-RPCA and ResMed-RPCA test whether
preliminary removal of global spectral trends simpli-
fies optimization landscape for RPCA.

Two dissimilarity quantification approaches are
evaluated: Sparsity Indicator (Sparsity), which
reduces each residual spectrum to its total ℓ1-norm
energy, and Wasserstein Distance (Wass), which pre-
serves full spectral morphology. Systematic combina-
tion of five decomposition variants with two dissim-
ilarity measures yields twelve benchmark pipelines
shown in Table 2. Pipeline naming follows convention
Decomposition-Indicator.

In a complementary backend benchmark, the
RPCA sparsity indicator from Equation (4) is held
fixed and six OD methods are compared. The pairwise
SI distances follow Equation (5). This retains the same
RPCA based input and batch compositions for every
backend. The proposed weighted CC method from
Section 3.4 is evaluated together with StandardCC,

kNN-Distance, Isolation Forest, RobustZ and the orig-
inal Hendrickx procedure. The selection represents
distinct principles for assigning an anomaly score.

The proposed method combines the weighted coef-
ficient in Equation (9) with the threshold variation
score from Section 3.4. StandardCC replaces this
coefficient with the unweighted CC in Equation (7).
It retains the same recursive partitioning, threshold
sweep and bounded score mapping. It therefore iso-
lates the effect of cardinality weighting within the
proposed hierarchical approach. kNN-Distance scores
a unit by the mean Euclidean distance to its nearest
neighbours in the SI distance matrix. It is included as
a transparent proximity based detector whose thresh-
old remains in native SI units. Isolation Forest directly
partitions the SI values using random trees and pro-
vides a nonlinear generic OD reference. RobustZ mea-
sures the absolute deviation from the batch median
normalized by the median absolute deviation. It tests
whether robust population relative standardization
alone is sufficient for threshold transfer. The score
is dimensionless but unbounded and has no cluster
representation. The Hendrickx baseline applies the
unweighted CC in Equation (7) with the original fixed
thrCC = 0.9. It scores a unit by the fraction of the
batch outside its assigned cluster. It is the literature
baseline from [29] and differs from StandardCC, which
is an internal ablation of the proposed method.

4.1.3 Implementation and

Hyperparameter Settings

The evaluation was conducted using MATLAB
R2024b. For transformation into frequency domain,
FFT is applied after Hanning windowing. For real-
world APU data, computed order tracking accounts
for speed fluctuations. Raw acceleration signals are
resampled to uniform angular increments using speed
measurements, with angular resolution Nres = 2048
samples per revolution. The order axis is converted to
normalized frequencies via f = o · (nref/60) and inter-
polated onto common linear frequency axis. Sixth-
order Butterworth bandpass filter is applied prior to
order tracking.

The RPCA-based ASD stage introduces three
hyperparameters. Regularization parameter λ is set to
λ = 1/

√

max(n,m) as proposed by Candès et al. [32].
Penalty parameter µ follows adaptive scheme by Lin
et al. [53], gradually increasing by factor ρ > 1 across
iterations. Convergence tolerance is ϵtol = 10−7.

For clustering-based OD stage, minimum cluster
size fraction is mincluster size fraction = 1/3, pro-
viding conservative balance between accommodating
multiple faults and preventing nominal population
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Table 1: Summary of performance evaluation metrics

Category Metric Purpose / Definition Interpretation

Separability AUC Overall ranking quality across all
thresholds

Higher is better (1.0 = perfect)

Separability AUPRC Ranking quality, sensitive to imbal-
anced data

Higher is better (1.0 = perfect)

Separability Mean Min. Margin Average score gap between faulty
and best healthy unit

Higher is better (> 0 means separa-
tion)

Detection Max F1-Score Maximum achievable F1-Score at
optimal threshold

Higher is better (1.0 = perfect)

Detection MCC (@ Max F1) Robust detection quality at optimal
F1 point

Higher is better (+1 = perfect)

Detection FPR (@ Max F1) False alarm rate at Max. F1-Score Lower is better (0 = no false alarms)

Table 2: Overview and rationale of the 12 benchmark pipelines

Preprocessing Indicator Pipeline Name Rationale

— Wass Raw-Wass Baseline: morphology-aware without decomposition
— Sparsity Raw-Sparsity Absolute baseline: no decomposition, sparsity-

based

ResMean Wass ResMean-Wass Simple mean-based global suppression
ResMean Sparsity ResMean-Sparsity Mean-based suppression with sparsity indicator

ResMed Wass ResMed-Wass Robust median-based global suppression
ResMed Sparsity ResMed-Sparsity Median-based suppression with sparsity indicator

RPCA Wass RPCA-Wass Core framework: RPCA +morphology preservation
RPCA Sparsity RPCA-Sparsity Core framework: RPCA + sparsity-based indicator

ResMean-RPCA Wass ResMean-RPCA-Wass Potential enhancement: mean preprocessing +
RPCA

ResMean-RPCA Sparsity ResMean-RPCA-Sparsity Mean preprocessing variant with sparsity indicator

ResMed-RPCA Wass ResMed-RPCA-Wass Potential enhancement: robust preprocessing +
RPCA

ResMed-RPCA Sparsity ResMed-RPCA-Sparsity Robust preprocessing variant with sparsity indica-
tor

fragmentation. For outlier scoring algorithm, thresh-
old range from thrcc,min = 0.70 to thrcc,max = 1.0
is divided into nsteps = 20 discrete values using
exponential scaling factor αcc = 3:

thrCC(k) = thrcc,min + (thrcc,max − thrcc,min)

·

(

1−

(

1−
k − 1

nsteps − 1

)αcc
)

, k ∈ 1, nsteps1(17)

This concentrates higher density of threshold values
near thrcc,max, providing finer resolution where strong
outliers transition from isolation to merging.

4.2 Real-World Case Study on APU

Data

To validate ASD-BOD on experimental data and
demonstrate its applicability under more realistic con-
ditions, this section introduces a real-world case study.
Since no real-world EoLT data from production was
available, a dedicated dataset was generated during
an extensive test campaign with APUs, explained in
a more detailed way in [31]. This laboratory-based
approach offers the significant advantage of allowing
for the deliberate introduction of faults and their sys-
tematic investigation under controlled and repeatable
conditions. Otherwise, this task would be infeasible
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in a real production environment due to the rarity of
such faults.

The following subsections detail the dataset’s
origin, structure, and characteristics, followed by
the experimental evaluation. Results are interpreted
against known APU unit characteristics, validating
diagnostic outputs against experimental ground truth.
This includes batch size impact analysis through ran-
dom ensemble sampling and demonstration of the
framework’s integrated visual analytics capabilities for
intuitive result exploration.

4.2.1 Experimental Test Campaign

The dataset was generated using seven APUs on
a laboratory test rig. To simulate assembly-related
variations from series production, drive shafts were
systematically swapped between unit housings, result-
ing in 30 distinct healthy unit combinations. Faulty
units were created by installing bearings intentionally
damaged via abrasive machining, introducing a realis-
tic spectrum of fault severities and types. This paper
focuses on 10 specific nOK units exhibiting distinct
vibroacoustic signatures, summarized in Table 3. An
overview of the setup is illustrated in Figure 10.

The experimental procedure subjects each unit to
a series of varying operating conditions. It is a relevant
subset of the extensive test campaign detailed in [31].
Based on the findings regarding fault detectability
in that study, this work focuses on 12 of the most
informative load points, defined by three levels of rota-
tional speed and four levels of high pressure (100,
200, 300, 400 bar), as shown in Table 4. While the
proposed framework is broadly intended to address
domain shifts arising from batch-to-batch variations
in component specifications, this case study utilizes
a dataset where such shifts are primarily induced
by varying these operating conditions. This approach
is nevertheless highly suitable for validation. From
the perspective of ASD-BOD, the specific origin of
the distribution shift, e.g., from component variations
or changing test parameters, is of secondary impor-
tance. The fundamental challenge of distinguishing
fault-induced anomalies from shifts in the distribu-
tion of healthy data remains identical. Furthermore, it
is common in real-world EoLT that different produc-
tion batches may also be subjected to different test
programs. Thus, this dataset serves as a valid and rep-
resentative test case to demonstrate the framework’s
capability.

Beyond systematic domain shifts between load
points, inherent variance exists within each operating
condition due to manufacturing tolerances, assem-
bly variations, and process fluctuations. A primary

contributor is unavoidable fluid temperature vari-
ation during testing. These fluctuations constitute
realistic process noise mimicking industrial conditions
(detailed analysis in [22]).

Vibroacoustic data was captured using a triaxial
accelerometer on the test rig flange. Based on prior
investigations, the y-axis signal (see Figure 10) is used
due to favorable signal quality. Signals were acquired
at 50 kHz sampling rate with anti-aliasing filtering,
yielding 500,000 samples per 10-second acquisition
interval.

4.2.2 Dataset Preprocessing and

Exploration

The final dataset comprises 480 frequency domain
spectra from 40 distinct APUs (30 healthy and 10
manipulated, faulty units), each measured under 12
load points. Following preprocessing from Section 3.1
and implementation from Section 4.1.3, angular
resampling and Hanning windowing were applied
before FFT. Ground truth is known for validation pur-
poses, but the subsequent analysis is designed for an
unsupervised scenario where such labels are unavail-
able in practice. The RoI is constrained to 2 kHz to
3 kHz based on empirical knowledge, as this spectral
window exhibits strong resonant responses to bear-
ing fault impulses, providing favorable Fault-to-Noise
Ratio. Given the 7-piston configuration and 1600 rpm
operating speed, piston harmonics are expected at
approximately 2053 Hz, 2240 Hz, 2427 Hz, 2613 Hz,
2800 Hz, and 2987 Hz.

As an example, data from load point 8 is examined
in linear scale. The heatmap visualization in Figure 11
reveals highly consistent underlying structure across
most units, defined by a deterministic grid of spectral
lines corresponding to primary piston harmonics (e.g.,
2240 Hz) and associated sidebands modulated by the
fundamental rotational frequency of 26.67 Hz. This
harmonic grid constitutes the baseline vibroacoustic
signature of normal APU operation. In stark contrast,
faulty units exhibit distinct, high-energy peaks at
inharmonic frequencies not associated with this deter-
ministic grid, representing direct manifestations of
induced bearing faults. Logarithmic scale inspection,
chosen for subsequent RPCA computation, exposes
a second significant variation source, which is broad-
band noise floor variations affecting both healthy (e.g.,
units 34 and 37) and faulty examples. This mani-
fests as near-uniform vertical shifts in spectral energy,
particularly pronounced above 2.5 kHz. Its presence
across different health states suggests it is a systemic,
process-induced artifact likely stemming from sensor
coupling or test rig dynamics variations rather than
unit condition indicators.

18



Table 3: Abrasively machined faults in large tapered rolling bearings used to generate faulty data instances.

Unit ID Fault description

2 Multiple damages to outer ring raceway
4 Small damage to rolling element
5 Two near damages to outer ring raceway
9 Small damage to outer ring raceway
17 Multiple small damages to rolling elements and outer ring raceway
21 Small damages to multiple rolling elements
25 Damages to multiple rolling elements
28 Wide damage to outer ring raceway
30 Damage to outer ring raceway
39 Multiple damages to rolling elements and outer ring raceway

M

APU at test rig during the test campaign

Hydraulic test setup with relevant control variables

high pressure

displacement

low pressure

rotational 
speed

fluid temperature
(low pressure line)

fluid temperature
(leakage drain)

load valve

tested APU

supply
pump

electric
machine

Accelerometer at test bench

Manipulated bearings 

outer ring
fault

rolling element
fault

z

y

x

Test program using a 
full-factorial load point design 

Assemblying 14 faulty and 30 healthy
housing-rotary-group-combinations

Fig. 10: Overview of the setup and design for the experimental test campaign, adapted from [22]. Note that not
all data from the test campaign is used for this study (in contrast to [31]), as the analysis is restricted to a single
displacement and three rotational speed levels. Moreover, only 10 faulty units are considered.

To model the healthy state without contamina-
tion, quantitative analyses are performed exclusively
on 30 known healthy units. This prevents the nor-
malcy model from being initially corrupted by faulty

unit spectral components. First, inter-frequency bin
correlation was computed for this healthy-only sub-
set. The resulting correlation matrix in Figure 11
shows distinct high-correlation blocks aligning with
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Table 4: The 12 relevant load points of the testing procedure considered in this paper.

Load Point No. 1 2 3 4 5 6 7 8 9 10 11 12

Rotation Speed [rpm] 1200 1200 1200 1200 1600 1600 1600 1600 2000 2000 2000 2000
High Pressure [bar] 100 200 300 400 100 200 300 400 100 200 300 400
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Fig. 11: Exploration of the processed real-world case study data set in the frequency domain

noise floor variation frequency bands under 2.7 kHz,
confirming these spectral shifts represent structurally
low-rank components rather than stochastic noise.
Second, PCA conducted on this healthy-only dataset
reveals persistent heterogeneity even without faulty
units. PC1 captures disproportionately large variance
(19.94%), followed by sharp decrease for PC2 (5.32%).
PC loading examination confirms PC1 is almost exclu-
sively characterized by broadband noise artifacts,
while PC2 captures variance from deterministic pis-
ton harmonics and sidebands. This focused analysis
demonstrates that even the healthy-only dataset is

heterogeneous, comprising information-rich harmonic
signatures and low-rank process-induced noise.

Figure 12 examines load point influence on indi-
vidual units using spectral energy (sum of FFT
magnitudes) as a characteristic feature, analogous
to the sparsity indicator from RPCA decomposition.
Notably, faulty units 9, 17, and 39 exhibit compara-
tively high spectral energy across all load points, with
induced faults generating vibroacoustic anomalies of
such severity that they manifest distinctly in overall
signal intensity. Conversely, faulty units 2, 21, and 30
are much more difficult to distinguish from healthy
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Fig. 12: Load point analysis based on spectral energy
for the real-world dataset with a heatmap relating
each unit across all load points (top) and a boxplot
comparing the distributions (bottom)

units based solely on spectral energy, particularly con-
sidering baseline noise variations in healthy units 34
and 37.

The distribution in Figure 12 reveals that spectral
energy increases systematically with both rotational
speed and pressure, which is physically plausible as
vibroacoustic energy scales with mechanical power
processed by the unit. However, this creates signifi-
cant domain shifts confounding simple fault detection,
as a faulty unit at low load can exhibit similar spec-
tral energy to a healthy unit at high load. This
illustrates the fundamental limitation of broadband
features applied to raw data, as they aggregate signal
energy over the entire frequency domain, rendering
them insensitive to narrowband characteristics that
are often key bearing fault indicators. Thus, utiliz-
ing a single model across different test conditions is
unfavorable due to load-induced domain shifts fun-
damentally altering data distribution. Furthermore,
spectral energy alone causes misclassification when
bearing faults lack strongly pronounced spectral peaks
and baseline noise levels fluctuate significantly across
the nominally healthy population.

4.2.3 ASD and Dissimilarity Ablation

Results

To evaluate fault detection performance under real-
istic conditions, a structured experimental design is
employed. The objective is to enable statistically
significant assessment of detection algorithm vari-
ance and repeatability by systematically controlling
confounding variables through unique, fault-specific

batch templates. A distinct set of 100 batch templates
is generated for each of the 10 faulty units, deliber-
ately chosen to maximize healthy unit combination
diversity and eliminate single-template bias. Within
each set, batch size distribution emulates HMLV pro-
duction scenarios, ranging from 8 to 30 units (upper
limit of healthy units) partitioned into five equally
probable bins of 20% each, ensuring structured and
reproducible variety without favoring specific sizes.

To prevent sampling bias, a balanced selection
mechanism is implemented during template gener-
ation. The algorithm maintains a usage count for
every healthy unit and prioritizes selecting those used
least frequently, ensuring all 30 healthy units appear
with approximately equal frequency within each 100-
template set. Each set is divided into 50 fault-free and
50 contaminated batches, the latter containing a ran-
domized placeholder for the specific faulty unit being
tested. This design reflects the rare fault assumption
while facilitating focused analysis of individual fault
detectability. Templates are systematically reused
across all 12 load points. Although unit IDs remain
identical within a template, the underlying spectral
data differs for each load point, representing unique
test cases. This methodologically sound approach
enables direct assessment of algorithm robustness to
changing operating conditions, while randomization
across different fault-specific templates ensures over-
all results are not skewed by single compositions.
The resulting comprehensive dataset comprises 12,000
unique batches (10 fault sets × 100 templates × 12
load points). It should be noted that these 12,000
batches are not independent observations in a statisti-
cal sense, as they are repeatedly drawn from the same
pool of 30 healthy and 10 faulty physical units. The
large batch count primarily ensures broad coverage of
healthy-unit combinations and operating conditions.

The global aggregated detection performance,
evaluated across all 12,000 generated batches, is sum-
marized in Table 5, with corresponding ROC and
Precision-Recall curves shown in Figure 13. A primary
observation is the general superiority of sparsity-based
methods over their Wasserstein-based counterparts.
Based on metrics most relevant to imbalanced clas-
sification, the RPCA-Sparsity pipeline emerges as
the best-performing approach. It achieves the highest
AUPRC (0.887) and the highest F1-score (0.842) at
an exceptionally low FPR of just 0.230%. In compar-
ison, the ResMed-RPCA-Sparsity pipeline follows at
considerable distance, with an AUPRC of 0.568 and
an F1-score of 0.508, indicating that the combination
of residual preprocessing with RPCA and a sparsity
indicator is ineffective in this real-world case study.

A closer examination reveals a notable dispar-
ity in the magnitude of improvement provided by
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Table 5: Globally aggregated performance metrics for the real-world dataset. Best (bold), second-best
(underlined), and third-best (italic) performers are highlighted per column.

Pipeline AUC AUPRC Opt. Thr. Max. F1 MCC FPR [%]

Raw-Wass 0.660 0.096 0.284 0.153 0.133 4.851
Raw-Sparsity 0.959 0.421 0.680 0.422 0.476 6.000

ResMean-Wass 0.695 0.109 0.403 0.195 0.174 3.519
ResMean-Sparsity 0.965 0.383 0.748 0.422 0.489 6.655

ResMed-Wass 0.712 0.122 0.403 0.203 0.183 3.682
ResMed-Sparsity 0.965 0.396 0.748 0.421 0.487 6.635

RPCA-Wass 0.725 0.137 0.403 0.221 0.201 3.154
RPCA-Sparsity 0.973 0.887 0.806 0.842 0.840 0.230

ResMean-RPCA-Wass 0.730 0.149 0.403 0.228 0.207 2.817
ResMean-RPCA-Sparsity 0.972 0.513 0.950 0.466 0.453 1.810

ResMed-RPCA-Wass 0.744 0.172 0.403 0.239 0.219 2.852
ResMed-RPCA-Sparsity 0.974 0.568 0.950 0.508 0.496 1.269
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Fig. 13: ROC and Precision-Recall curves for the real-world dataset

RPCA-based methods when comparing threshold-
independent metrics AUC and AUPRC. While the
RPCA-Sparsity pipeline clearly excels in AUPRC, its
advantage in AUC is comparatively small, especially
when contrasted with methods such as ResMean-
Sparsity and ResMed-Sparsity. In fact, ResMed-
RPCA-Sparsity even achieves a slightly higher AUC.
This outcome is a direct consequence of the sub-
stantial class imbalance inherent in the experimental
design, where each contaminated batch contains only
a single faulty unit. In such scenarios, AUC can
appear misleadingly optimistic, as it is heavily influ-
enced by the large number of correctly classified true

negatives. Consequently, AUPRC offers a more prac-
tical and informative measure of performance for this
application.

Visual inspection of the performance curves in
Figure 13 further illustrates this trade-off. The ROC
curves show that all other sparsity-based pipelines
require substantially higher FPR (exceeding 8%) to
achieve TPR levels comparable to RPCA-Sparsity,
which artificially inflates their overall AUC. A major
underlying factor is the misclassification of units 34
and 37, which are healthy but deviate strongly from
the remainder of the healthy ensemble due to high
noise. Without RPCA, these units are incorrectly
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flagged as anomalies, inflating the false positive rate.
In contrast, the Precision-Recall curves more clearly
highlight the practical superiority of RPCA-Sparsity,
particularly in the low-recall regime corresponding to
the low-FPR operating range most relevant for deploy-
ment. RPCA-Sparsity maintains high precision across
a broad range of recall values, substantially outper-
forming all alternative pipelines. This sustained high
precision directly explains its leading AUPRC and
superior performance in threshold-dependent metrics
such as F1-score. Overall, while all sparsity-based
approaches achieve strong aggregate detection perfor-
mance, the exclusive use of RPCA as a preprocessing
step significantly enhances practical reliability.

To provide a disaggregated view of the global
results under realistic conditions, the performance of
each pipeline is evaluated using the single global opti-
mal threshold determined previously (Table 5). By
applying a fixed global threshold here, we approxi-
mate a more realistic deployment scenario in which
a single calibration must operate robustly across all
operating conditions. The resulting performance, bro-
ken down by batch size and load points, is illustrated
in Figure 14.

A first observation from this targeted analysis is
the presence of mild variations in detectability across
different batch sizes, as shown in Figure 14a. In
general, based on AUPRC and maximum F1-score,
fault detection tends to be better for smaller batch
sizes. The notable exception is the RPCA-Sparsity
pipeline, where consistent with expectations, larger
batch sizes lead to more meaningful clustering and
consequently more accurate anomaly scores. Consid-
ering that units 34 and 37 exhibit elevated noise levels,
it is likely that performance degradation in other
sparsity-based pipelines arises from bridging effects in
clustering, where these two healthy but noisy units
are grouped together and subsequently fused with the
larger healthy ensemble, ultimately producing a sin-
gle large cluster that obscures the true anomaly. This
interpretation is strongly supported by the behavior
of the mean minimum margin, which decreases consis-
tently as batch size increases. When RPCA is applied,
however, increasing batch size strengthens the decom-
position process, producing cleaner low-rank structure
and yielding more reliable detection outcomes.

Another pattern emerges in the load point analysis
presented in Figure 14b, which examines the influ-
ence of operating conditions on performance under the
fixed global threshold. When considering AUPRC, a
clear trend emerges in which higher rotational speeds
result in increased scores and improved detectabil-
ity. For example, in the case of Raw-Sparsity, only at
the highest speed level of 2000 rpm (load points 9 to
12) does AUPRC exceed 0.9 across all pressure levels.

This is physically plausible, as higher speeds induce
stronger structural excitation through impulsive loads
generated during overrolling of bearing defects. How-
ever, for Raw-Sparsity, the mean minimum margin
does not increase proportionally, indicating that dis-
criminability of faulty units relative to healthy units
does not improve to the same extent. Beyond rota-
tional speed effects, the analysis also reveals clear
pressure dependency, since higher pressures gener-
ally lead to higher AUPRCs across all sparsity-based
methods. Conversely, at lower pressures such as 100
bar (load points 1, 5, and 9), lower AUPRC values
are consistently observed. Load point 12 clearly pro-
vides the most favorable conditions for fault detection
independent of the chosen method.

4.2.4 Interpretation with Visual

Analytics

To obtain a deeper understanding of the pipelines’
performance in fault detection within the present
study, we show the visual analytics capability of
the framework. For clarity of exposition, the anal-
ysis is restricted to simple sparsity indicators, as
these exhibit substantially better performance than
the Wasserstein distance on the real-world dataset.
Moreover, we compare only the ResMean and RPCA
pipelines against the baseline without any decom-
position or residualization, in order to interpret the
effect of RPCA. Two contaminated batch templates
with distinct faulty units are examined, each with
small batch sizes that are particularly challenging for
OD. Batch 1 contains faulty unit 30 with Figure 12
indicating this case as especially difficult to detect,
corresponds to load point 10, and has a batch size of
8, which is the minimum size considered here. Batch
2 contains faulty unit 4, corresponds to load point 12,
and also includes 8 units. Visualizations are provided
in Figure 15.
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(b) Example 2 with faulty unit 4 and load point 12

Fig. 15: Visual analytics-guided interpretation of two example batches based on the real-world dataset
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Because Batch 1 (see Figure 15a) includes healthy
units 34 and 37 with elevated broadband noise levels,
the faulty unit is not immediately distinguishable from
these units in the raw spectral heatmaps. Incipient
rolling bearing-related narrowband peaks are there-
fore not detectable (either visually or downstream) by
pipelines that do not employ RPCA. In this setting,
the resulting distance matrices exhibit high similar-
ity among healthy units 34 and 37 and faulty unit
30, producing a clearly separated cluster relative to
the remaining five healthy units under hierarchical
clustering. The automated clustering-based partition-
ing merges these two clusters only at relatively high
cophenetic distance. However, because this subclus-
ter contains only three units, no further partitioning
is performed. In the remaining branch, especially in
the raw pipeline, unit 20 stands out as an outlier
and is consequently flagged as a false positive, as its
outlier score clearly exceeds the optimal threshold
determined in Table 5 (0.6797). In contrast, apply-
ing RPCA yields a marked improvement by fully
decoupling process-induced broadband noise from the
sparse component and absorbing it into the low-rank
component. As a result, unit 30 appears as a single-
ton outlier in the dendrogram, and its clustering-based
anomaly score (0.8059) equals the optimal threshold,
which constitutes a correct detection based on the
implementation. Units 27 as well as 20 and 37 emerge
as mild outliers. However, their anomaly scores do not
exceed the optimal threshold and therefore would not
lead to false positives.

In Batch 2 (see Figure 15b), the beneficial effect of
RPCA is less pronounced on visual inspection because
the fluctuations among healthy units are less inten-
sive. While all pipelines reliably detect the fault when
using their respective optimal thresholds, the Raw-
Sparsity and ResMean-Sparsity variants produce false
positives. In the case of Raw-Sparsity, the anomaly
scores of units 18, 32, 29, and 19 lie exactly at the
optimal threshold. For ResMean-Sparsity, the scores
of units 32, 19, and 7 clearly exceed this threshold.
Although these units are far less conspicuous than
the faulty unit 4, the dendrogram can be mislead-
ing. Under recursive partitioning, the faulty unit is
isolated in the first split, and subsequent splits then
classify healthy units as outliers within their respec-
tive pipelines, as the healthy ensemble exhibits slight
heterogeneity. With RPCA, however, the healthy sub-
set becomes considerably more homogeneous, since,
for example, slightly elevated baseline noise in unit
32 is suppressed. As a result, separate subcluster for-
mation for units such as 32 and 19 is avoided and
the resulting subcluster with units 32 and 19 is less
distinct.

4.2.5 Batch Size Transfer Benchmark

Across OD Methods

For batch sizes B ∈ {5, 8, 12, 16, 20, 25, 30}, a con-
trolled transfer benchmark is conducted. Here, B
denotes the number of units in one batch. The RPCA
sparsity indicator selected in Section 4.2.3 is held
constant to isolate the score behavior of the OD back-
ends. Thus, this experiment is distinct from the ASD
and dissimilarity ablation in Section 4.2.3, which uses
random batch sizes from 8 to 30.

For each faulty unit and each fixed batch size,
20 balanced templates are generated using the same
usage-balanced healthy-unit sampling procedure as
the ablation. Ten templates are fault free and ten
contain one faulty unit at a random position. Each
template is reused across the 12 load points, yield-
ing 2,400 batches per size and 16,800 batches in total.
All methods receive the same scalar input, so the
comparison concerns the OD backend rather than pre-
processing or feature dimensionality. kNN-Distance
uses k = min(20, B − 1) nearest neighbours. Isolation
Forest uses the MATLAB iforest defaults: 100 trees,
min(B, 256) observations per tree, and a contamina-
tion fraction of zero. Since B ≤ 30, every tree uses the
complete batch. The global random seed is set to 42
before template generation and the benchmark loop.

For every method and calibration size Bcal, the
pooled scores at Bcal determine an F1-optimal thresh-
old. This threshold is then applied unchanged to the
pooled scores at each evaluation size Beval. The result-
ing transfer matrix quantifies whether a calibration
at one ensemble size remains useful when production
ensemble sizes vary.

The globally aggregated local detection perfor-
mance is summarized in Table 6. Each metric is
first calculated separately for every batch size and
then averaged. These results quantify ranking and F1
performance after calibration at the respective size.
They do not measure whether that calibration remains
applicable at another size. Isolation Forest ranks first
in all three columns. RobustZ ranks second for AUC
and AUPRC, while kNN-Distance ranks second for
F1 score. The fixed Hendrickx baseline has the lowest
local performance in this comparison.

The optimum thresholds across batch sizes are
shown in Figure 16. kNN-Distance decreases from
171.6 at B = 5 to 58.9 at B = 30, which confirms that
its raw distance threshold depends strongly on ensem-
ble composition. The fixed Hendrickx score rises from
0.60 to 0.93 and Isolation Forest also increases with
batch size. The proposed method and StandardCC
retain the common [0, 1] score scale. RobustZ remains
on an unbounded robust z score scale that is not
directly comparable with this interval.
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Fig. 16: F1 optimal thresholds in native score units. The scales are not comparable between methods.

Table 6: Mean detection performance at each batch
size. Best (bold), second best (underlined) and third
best (italic) results are highlighted per column.

Method AUC AUPRC Opt. F1

Proposed (wCC) 0.968 0.881 0.834
StandardCC 0.969 0.885 0.843
kNN-Distance 0.962 0.874 0.860
Isolation Forest 0.985 0.931 0.881

RobustZ 0.982 0.912 0.859

Hendrickx (fixed thrCC) 0.911 0.774 0.776

The transfer results are reported in Figure 17.
Each heatmap row uses the threshold calibrated at
the indicated batch size and each column reports its
F1 score at the evaluation size. RobustZ has the most
consistent off diagonal results in this setting. The pro-
posed wCC score also retains useful transfer across the
tested range. For a threshold calibrated at B = 30 and
evaluated at B = 5, the F1 score is 0.780 for RobustZ
and 0.708 for wCC. Under the same transfer direction,
Isolation Forest and Hendrickx both yield an F1 score
of zero. Thus, the strongest local discrimination does
not by itself provide a portable decision threshold.

5 Discussion

Based on the experimental results, key findings and
their implications for the practical application of
ASD-BOD are discussed below. While this study
demonstrates the effectiveness of ASD-BOD for bear-
ing fault detection in HMLV EoLT environments,
several limitations warrant consideration and provide
directions for future research.

5.1 Implications of the Findings

The central finding is that RPCA provides an adap-
tive spectral decomposition for vibroacoustic EoLT
without manually specified fault frequencies, transfer
functions or historical baselines. Its low rank compo-
nent represents batch coherent background structure,
while its sparse component retains localized devia-
tions. On the APU data, RPCA raises AUPRC from
0.421 to 0.887 and reduces the false positive rate
from 6.00% to 0.23%. Mean residuals are less reli-
able under heterogeneous operating noise because a
faulty or noisy unit directly influences the reference
spectrum.

RPCA also reduces sensitivity to batch coher-
ent process variation. Residual methods can treat
idiosyncratic noise as anomalous when their arith-
metic reference is unrepresentative. The low rank com-
ponent instead models correlated variation directly.
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Fig. 17: F1 score after transferring a calibration threshold from the batch size in each row to the evaluation size
in each column.

This can relax test environment conditioning require-
ments because changes in fluid temperature, ambient
conditions or rig resonances are absorbed when they
occur coherently within a batch.

The transfer benchmark separates local detection
quality from threshold portability. Isolation Forest
achieves the strongest local scores but can fail after a
batch size change. RobustZ transfers best in the tested
scalar input and one fault setting, which supports
population relative standardization as a useful mech-
anism. kNN-Distance also detects faults well locally
but depends on raw distance units. The proposed wCC
score does not exceed RobustZ in this test. It pro-
vides a bounded score, an inspectable dendrogram and
direct compatibility with pairwise dissimilarities.

The indicator ablation further supports the use
of the sparsity indicator after RPCA. Wasserstein
distance reaches an AUPRC of only 0.137, whereas
RPCA sparsity reaches 0.887. In this dataset, total
sparse energy is more robust to benign spectral mor-
phology than a full spectrum distance. Together,
RPCA and wCC provide an unsupervised basis for
identifying localized bearing faults without labelled
training data. The continuous score and sparse spec-
tra also support risk based decisions and diagnostic
inspection.

5.2 Limitations and Future Research

Fault Mode Specificity and Tribological Con-
tacts: The framework was validated exclusively on
rolling element bearing faults, which manifest as local-
ized, narrowband spectral peaks naturally aligning
with RPCA’s sparsity assumption. However, APUs
exhibit various tribological contacts where faults may
manifest as broadband spectral changes, potentially
being absorbed into the low-rank structure. A cas-
caded approach could address this by first applying
a conservative outlier detection pass on raw spectral
data to identify broadband deviations, followed by
RPCA-based decomposition to capture subtle, local-
ized faults. For high-runner variants with sufficient
data, transfer learning offers an alternative pathway
to model such characteristics across domains.

Generalization and Production Contexts:
ASD-BOD’s benefits are most pronounced in scenar-
ios combining HMLV characteristics with significant
vibroacoustic disturbances. In cleaner environments
(e.g., electric motors), supervised approaches may
prove more effective. Systematic evaluation across
diverse EoLT contexts remains necessary to validate
core assumptions (fault rarity, batch-wise domain
shifts) beyond hydraulic systems. As illustrated in
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Figure 4, the architecture supports parallel deploy-
ment alongside existing methods, enabling comple-
mentary quality assurance strategies rather than
wholesale replacement.

Batch Size and Operational Assumptions:
The framework requires minimum ensemble sizes for
meaningful clustering. The ASD and dissimilarity
ablation uses batch sizes from 8 to 30, whereas the OD
transfer benchmark extends the evaluation to B = 5.
Ultra-small batches and particularly batch-size-one
production [3] nevertheless fundamentally preclude
ensemble-based analysis. Leveraging historical data
aggregation by comparing new small batches against
archived OK data represents a viable extension path-
way, though at the cost of additional data mining
complexity. The framework also assumes domain sta-
bility within batches; intra-batch variations (sensor
mounting changes, test rig wear) can introduce sys-
tematic shifts. While RPCA provides inherent robust-
ness by absorbing broadband disturbances, deploy-
ment scenarios with excessive internal heterogeneity
may require batch-validity checks. Additionally, multi-
ple faults with identical vibroacoustic signatures could
become low-rank and escape detection, though het-
erogeneous faults are correctly isolated as individual
sparse entries.

Benchmark Scope: The OD comparison uses the
common one-dimensional RPCA-Sparsity input, arti-
ficial batches, one faulty unit per contaminated batch,
and sizes from 5 to 30. RobustZ’s superior transfer is
therefore demonstrated only in this favorable regime.
Its behavior under multimodal healthy populations,
multiple faults, and morphology-only changes remains
to be evaluated, as does threshold transfer on full-
spectrum dissimilarities. These limits also constrain
extrapolation of the wCC result beyond the tested
batch-size range.

Dataset Characteristics: Validation on real
APU data necessitated artificial batch construction
through random sampling, using only 7 raw APUs to
imitate serial dispersion. Domain shifts were induced
by test program variations rather than authentic prod-
uct changes. While the framework’s unsupervised,
per-batch operation mitigates cross-domain depen-
dency, validation on authentic longitudinal EoLT
datasets would strengthen generalizability claims.
Experiments adhered to fault-rarity (one faulty unit
per batch, minimum cluster size 1/3). The sparse
matrix correctly isolates heterogeneous faults as indi-
vidual entries, but contamination scenarios with mul-
tiple identical faults warrant systematic characteriza-
tion, potentially through adapted RPCA formulations
with cardinality constraints.

Feature Engineering and Computational
Constraints: The implementation employs domain-
specific yet coarse feature engineering (manual RoI
selection, magnitude spectra). The modular architec-
ture accommodates alternative representations; syn-
ergies between advanced signal processing (envelope
analysis, spectral kurtosis, time-frequency representa-
tions) and RPCA-based decomposition merit investi-
gation. The asynchronous EoLT nature justifies com-
putational intensity, particularly threshold-sweeping
for outlier scoring, prioritizing batch-size-invariant
automation over efficiency. Real-time fleet-based CM
deployment would necessitate optimization through
adaptive threshold selection or surrogate models.

Operational Integration: Practical deployment
will likely involve integration within broader qual-
ity assurance ecosystems. The framework’s continuous
outlier scores naturally support risk-based prioritiza-
tion, enabling quality engineers to focus on units most
likely harboring faults. Hybrid strategies where the
batch-wise OD approach serves as first-stage screen-
ing for flagging candidates for deep-dive analysis
could optimize cost-sensitivity trade-offs in quality
assurance workflows.

6 Conclusion

The increasing individualization in manufacturing is
establishing HMLV production as the predominant
paradigm. This presents fundamental challenges to
conventional, data-driven fault detection methods in
vibroacoustic EoLT. This issue is particularly acute
for hydraulic machinery such as APUs, where strong,
process-induced disturbances from pressure pulsations
and flow dynamics mask the subtle signatures of bear-
ing defects. Simultaneously, high product variance
prevents the development of universal diagnostic mod-
els, while data scarcity for new variants precludes the
use of supervised learning approaches. In response
to these challenges, ASD-BOD was developed. This
framework transfers and adapts the paradigm of fleet-
based CM to HMLV EoLT. The transfer leverages a
fundamental analogy since both approaches identify
faults as rare outliers within homogeneous ensembles.
ASD-BOD performs batch-wise OD for units of iden-
tical specification tested consecutively. This approach
shares the core assumptions of fault rarity and opera-
tional homogeneity with fleet-based CM and operates
entirely unsupervised, without relying on labeled fault
examples or historical training data. This makes it
inherently suitable for HMLV scenarios where imme-
diate applicability from the first production batch is
crucial.

The methodological core of the framework is ASD
via RPCA, which is applied for the first time to
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the unsupervised, data-driven suppression of batch-
specific background variations in vibroacoustic EoLT.
By decomposing the spectral batch matrices into a
common operational background (low-rank) and unit-
specific anomalies (sparse), RPCA adaptively learns
and removes variant-specific disturbances. This is
achieved without prior knowledge of the hydraulic
kinematics, the transfer functions of the test rig,
or specific fault frequencies. Validation on real-world
data from APUs confirms its practical effectiveness, as
the RPCA-based decomposition improves the AUPRC
from 0.421 to 0.887 and reduces the FPR from 6.00%
to 0.23%. The controlled OD benchmark further shows
that high local discrimination alone does not guaran-
tee a portable threshold. Isolation Forest is strongest
after per-size calibration, whereas RobustZ trans-
fers best in the evaluated scalar, single-contaminant
regime. The proposed wCC score provides a bounded,
interpretable clustering alternative with useful trans-
fer over batch sizes 5–30. Future work must test these
trade-offs under multiple faults, multimodal nominal
populations, and full-spectrum dissimilarities.
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