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Abstract

Change Point Detection (CPD) techniques are widely applied in predictive maintenance systems
to improve performance in detecting anomalies within multivariate industrial time series. Previ-
ous studies on a steam turbine monitoring system demonstrated that segmentation based on the
ChangeFinder algorithm, combined with heterogeneous ensemble models, substantially enhances clas-
sification accuracy. Despite these results, the underlying cause of this improvement remains unclear.
A common interpretation is that segmentation increases statistical separability between healthy and
faulty operational conditions, thereby facilitating the learning process of classification models.

In this study, we critically examine this hypothesis by employing a classifier-independent approach
that relies on the Sliced Wasserstein Distance (SWD). We analyze and compare data representations
derived from both raw process variables and segmentation-related features. Statistical robustness are
ensured through stratified bootstrap resampling and repetitive distance estimations.

Our findings reveal that segmented representations consistently show reduced statistical separabil-
ity compared to the original feature spaces. This trend persists even with the addition of extra
clustering-derived descriptors. The results suggest that previously observed improvements in pre-
dictive performance are not due to an increase in statistical distance between classes. Rather,
segmentation appears to assist learning by diminishing temporal ambiguity and coherently structuring

the temporal evolution of process dynamics.

Keywords: Change Point Detection, Predictive Maintenance, Statistical Separability, Sliced Wasserstein
Distance, Industrial Time Series, Representation Learning

1 Introduction

Predictive maintenance using machine learning
has achieved notable success in detecting anoma-
lies and faults early within complex industrial
systems [1]. The effectiveness of such method-
ologies critically depends on the quality of data
representations used for training predictive models

[2]. Multivariate industrial time series pose specific
challenges because of gradual operational tran-
sitions, regime changes, and degradation effects,
which develop over extended periods [3].

These complex temporal dynamics cause fea-
ture overlap between healthy and faulty classes,
leading to the introduction of temporal ambiguity



that complicates the training of supervised algo-
rithms to discern optimal classification boundaries
[4]. This uncertainty arises because observations
with similar instantaneous process values may cor-
respond to different operational states, preventing
model learning.

To address these issues, temporal segmenta-
tion approaches based on Change Point Detec-
tion (CPD) have been proposed [5]. These tech-
niques segment time series into intervals, bringing
to light relatively homogeneous dynamics, effec-
tively transforming continuous observations into
sequences of operational states.

Prior work [6] applying ChangeFinder-based
segmentation [7] on steam turbine monitoring
data demonstrated a significant gain in predictive
accuracy, with the Area Under the ROC Curve
(AUC-ROC) improving from 0.8599 to 0.9760.
This improvement highlighted segmentation as
a key factor in enhancing classification efficacy.
However, the mechanism driving this performance
growth remains to be clarified.

One plausible interpretation is that segmenta-
tion increases the statistical separability of healthy
and faulty classes in the feature space, mak-
ing them more detectable during model training.
This study is motivated by the need to inves-
tigate that assumption. Specifically, we examine
whether segmentation benefits prediction through
increased statistical distance between class distri-
butions or via other structural effects related to
temporal dynamics. Confirming the former would
associate segmentation with enhancing statisti-
cal discrimination, whereas supporting the lat-
ter would challenge the common assumption in
applied machine learning that better classifica-
tion performance inevitably implies greater class
separability. Therefore, we explicitly formalize the
hypothesis and establish an analytical framework
aimed at dissecting the structural role of segmen-
tation.

1.1 Theoretical Rationale and
Proposed Approach

The primary premise driving this study is that seg-
mentation, as a feature transformation, reshapes
the data representation space so that to increase
the statistical distance between the distributions
corresponding to healthy and faulty operational

states [2]. Under this interpretation, integrat-
ing segmentation information should move data
points associated with different classes into more
distinct regions of the feature space, thus improv-
ing their discriminability [8-10]. In this work, we
adopt the Sliced Wasserstein Distance (SWD), a
member of the optimal transport distance family
[11, 12] which offers several distinct advantages for
this purpose. First, SWD does not require para-
metric assumptions about the shape or nature of
the underlying distributions. Second, it is well-
suited for high-dimensional and multivariate data,
as it approximates the Wasserstein distance via
integrals over projections onto one-dimensional
subspaces [13, 14]. This projection-based formu-
lation mitigates the curse of dimensionality com-
mon in direct high-dimensional probability com-
parisons. Our experimental framework compares
three data representation modalities:

® The raw, original process variables, denoted
X, acting as the baseline.

® The segmentation-derived variables S, repre-
senting only the segment identifiers extracted
via ChangeFinder [7].

® The combined representation (X,S), which
integrates both raw and segmentation fea-
tures, mirroring the configuration used in
prior predictive maintenance classifiers [6].

We also consider an enriched representation
(X,S,C) that incorporates additional clustering-
based descriptors derived in earlier research,
although its use is secondary and intended to
confirm the generality of our conclusions.

All SWD calculations employ a stratified boot-
strap resampling scheme [15] to generate empirical
distributions of the estimated separability metric,
ensuring robustness and quantification of vari-
ability [16]. This approach provides confidence
intervals and statistical significance assessments
without depending on the stochastic nature of
specific classifiers or training processes.

Our procedure thus enables a rigorous, model-
agnostic investigation into whether segmentation
explicitly increases the statistical separability of
operational classes or facilitates learning through
alternative mechanisms, such as dynamic contex-
tualization or temporal restructuring [17].



2 Mathematical Formalization

This section formalizes the core concepts and
notation used to analyze the impact of segmenta-
tion on the statistical separability of operational
classes in industrial time series. Let X € R¢
denote the vector of continuous process variables
observed at a particular time instant in the under-
lying dynamical system [2]. Each observation is
associated with a binary class label Y € {0, 1},
where Y = 0 corresponds to the healthy operating
condition and Y = 1 denotes the faulty condition.
Observations belonging to these two operational
states induce corresponding empirical conditional
probability distributions over the feature space:

Py=PX|Y =0) (1)
and

P =PX|Y=1) (2)

These distributions capture the variability and
statistical characteristics of data associated with
each state, derived directly from observed mea-
surements [9].

The ChangeFinder algorithm [7], based on
online autoregressive modeling, generates a
sequence of segment identifiers for each observa-
tion, which can be collected into a vector S €
R™. This vector encodes the segmentation-driven
contextual state associated with each sample, cap-
turing temporal dynamical information beyond
instantaneous process values.

More generally, segmentation can be described
by a transformation function:

®: RY - RI™ (3)

which maps the original process variables X
to an augmented representation Z = (X, S) that
combines raw measurements and segment-based
descriptors. We introduce the notion of dynamic
contextualization as follows:

Definition 1 (Dynamic Contextualiza-
tion). A segmentation operator ® is said to
provide dynamic contextualization if the intro-
duced descriptors S encode information about
the recent dynamical evolution of the process,
allowing observations with similar instantaneous
measurements to be associated with different
operational contexts.

To quantify the statistical separability between
healthy and faulty classes in these representations,
the study employs the Sliced Wasserstein Dis-
tance (SWD). This metric leverages principles
of optimal mass transport theory to measure the
geometric difference between probability distribu-
tions, while circumventing the issue of dimension-
ality inherent in high-dimensional spaces [11, 12].

Formally, given a random unit vector # € S?~!
sampled uniformly from the unit hypersphere, vec-
tor observations are projected onto € to obtain
one-dimensional distributions for each class [13]:

Ty = X0 (4)
The one-dimensional Wasserstein  distance
between these projected class distributions Py
and P, ¢ is computed via sorted sample quantiles:

1 & i i
Wi(Poe, Pro) = - Z ’fé)e - xg)e

i=1

()

, where n denotes the number of samples per class
Integrating over multiple random directions, the
SWD is approximated as:

K
1
SWD(POvpl) = EZWl(PO,Gk’PL@k) (6)
k=1

, with K sufficiently large to sample the unit
sphere [13, 14].

In this study, we estimate SWD for several
representations:

e SWD(X) : the original process variables
only,

e SWD(S) : segmentation identifiers only,

e SWD(X,S) : combination of raw variables
and segmentation identifiers.

To evaluate the effect of segmentation, two
differential quantities are defined:

Ag = SWD(S) — SWD(X) (7)
and

Axs =SWD(X,S) - SWD(X) (8)
The initial hypothesis tested in this work
assumes



Axs >0 (9)
, meaning that segmentation should increase the
statistical separability between classes.

Alternatively, it is proposed that segmenta-
tion may not increase global separability but
instead reorganizes the temporal structure of data,
reducing ambiguity. The interpretive hypothesis
formalizes the last concept.

Proposition 1 (Interpretive Hypothesis).
An increase in predictive performance does not
necessarily imply an increase in global statistical
separability. A representation transformation &
may improve classification performance even when

Axs <0 (10)
and transformation introduces dynamic contextu-
alization capable of reducing the ambiguity asso-
ciated with observations generated under different
operating regimes.

This section set up the necessary mathemati-
cal formalism to conduct the subsequent empirical
investigation exploring which of these scenarios
holds in practice.

3 Data description

3.1 Experimental Setup and
Dataset Characterization

The monitored physical system consists of an
industrial-scale steam turbine coupled directly
to an electrical generator in a fully digitalized
refining plant environment. The turbine converts
the pressure drop from high-pressure (HP) steam
to medium-pressure (MP) steam into electrical
energy, effectively serving as an energy recov-
ery mechanism. During turbine downtime periods,
steam is diverted through a dedicated pressure-
reducing valve, ensuring operational continuity.
The electrical output of the turbine is tightly
coupled with the facility’s overall utility steam
demand and consequently reflects core production
levels within the refining center [18].

The dataset comprises d = 70 continuous
process variables (telemetry features) that cap-
ture essential operational measurements includ-
ing pressures, temperatures, vibrations, and flow
rates. Data encompasses a total of 1,124,820 obser-
vations, collected at a consistent sampling rate
over a period of 16 months.

The historical data timeline is divided into two
main intervals:

® Training horizon: July 9, 2022, to August 3,
2023

® Testing horizon: September 1, 2023, to
November 22, 2024

Within the testing interval, a confirmed critical
degradation event occurred between August 11
and August 17, 2024, representing a seven-day fail-
ure period corresponding to approximately 1.56%
of the 448-day test duration.

Operational ground-truth labels were derived
from an expert-validated Normal Operating Con-
dition (NoC) log accompanying the telemetry
matrix. This reference enables binary classifica-
tion of each observation as either healthy (label
0) or faulty/anomalous (label 1), providing cru-
cial supervision for subsequent learning algorithms
[18].

4 Methodology

4.1 Experimental Design

The experimental workflow, presented in Figure
1, is organized into four consecutive phases:
data preparation, representations construction,
statistical separability estimation, and compara-
tive analysis. This systematic approach ensures a
robust and consistent evaluation of the influence
of segmentation on separability [1].

4.2 Data Preparation

The analysis is based on two synchronized
datasets characterizing the same industrial pro-
cess. The first dataset, denoted X, contains the
original process variables and establishes a fun-
damental operational baseline description of the
monitored system. The second dataset, denoted
S, is derived from applying ChangeFinder-based
segmentation to the original variables. It combines
both the original continuous telemetry data and
the structural segment identifiers generated by the
change-point detection routine.

Both datasets have been pre-cleaned, normal-
ized, and feature-selected in previous studies, so
no additional preprocessing was applied for this
investigation. The operational target variable Y is
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Fig. 1 Workflow of the proposed pipeline, showing data

acquisition, temporal segmentation, semantic clustering,

feature standardization, random projection for statistical

separability estimation, bootstrap analysis, and result visu-
alization.

directly extracted from the original Boolean field
indicating normal operation. Samples correspond-
ing to normal operating conditions are labeled as
0, while those associated with anomalies or faults
are labeled as 1.

This labeling facilitates direct extraction of
empirical distributions for systematic compar-
isons.

4.3 Representations Construction

A key element of the methodology is the compar-
ison of multiple representations derived from the
same underlying process. The baseline representa-
tion X comprises strictly the original process vari-
ables and serves as the reference for subsequent
analyses.

The segmentation-only representation S con-
tains exclusively the segment-level identifiers pro-
duced by ChangeFinder, which quantifies the
discriminative information contained in the seg-
mentation structure itself.

The combined representation (X,S) inte-
grates the original variables and the segmentation
identifiers, corresponding to the dynamics-aware
dataset utilized in previous predictive mainte-
nance experiments.

Additionally, an enriched configuration
(X,S,C) is considered, which includes descrip-
tors derived from segments and clustering-based
features generated in prior research. Although
not the primary focus, this representation serves
to verify that conclusions remain valid when
employing more complex, segmentation-related
feature sets. All representations share the same
class labels, allowing consistent and unbiased
comparative analyses.

4.4 Statistical Separability
Estimation

The separability estimation procedure comprises
five main processes.

4.4.1 Standardization of
Representations

Since the Sliced Wasserstein Distance (SWD)
is sensitive to differences in feature scaling, all
representations are standardized prior to analy-
sis. Standardization parameters (mean and stan-
dard deviation) are estimated exclusively from
the training data to prevent information leakage.
The fitted scaling transformation is then applied
consistently to both training and testing sets,
preserving the relative structure of observations
[19].

4.4.2 Extraction of Healthy and
Faulty Distributions

Following standardization, each representation is
partitioned according to the operational label.
As already formalized in Section 2 , accord-
ing to equation 1 and equation 2, for any
generic representation R, two empirical distribu-
tions are derived (Py(R) and P;(R)) to represent
healthy and faulty operating conditions, respec-
tively. These are the objects of direct comparison
using SWD.

4.4.3 Fixed Random Projection
Framework

The calculation of SWD relies on averaging
Wasserstein distances of distributions projected
onto random unit vectors. To avoid variability
arising from generating different sets of projection
directions in each bootstrap iteration, a fixed set



of 100 random unit projections per representation
space is generated once at the beginning of the
experiments and reused at all subsequent boot-
strap steps. This approach ensures that variation
in bootstrap replicates can be attributed exclu-
sively to data resampling rather than randomness
in the projection process.

4.4.4 Bootstrap-Based Separability
Estimation

The dataset exhibits a severe imbalance between
healthy and faulty samples, with the latter rep-
resenting approximately 1.56% of the test data.
Direct computation of distributional distances on
the full dataset risks producing unstable esti-
mates dominated by the majority class. To mit-
igate this inconvenient, we employ a stratified
bootstrap procedure that independently samples
with replacement an equal number of observa-
tions from each class, controlling sample size with
an upper bound to maintain manageable com-
putational costs [15, 20]. Balanced bootstrapped
samples thus ensure reliable and fair estimation of
separability metrics.

4.4.5 Calculation of the Sliced
Wasserstein Distance

For each bootstrap replicate, the balanced sam-
ples are projected onto the fixed random direc-
tions, and Wasserstein-1 distances between the
projected healthy and faulty distributions are
computed. Averaging across all projections yields
the SWD estimate for that replicate. Repeating
this procedure across hundreds of bootstrap repli-
cates generates a distribution of SWD values,
capturing the statistical uncertainty inherent in
the empirical estimations.

Figure 2 summarizes the computational work-
flow of the SWD estimation, illustrating the map-
ping from multivariate representations through
projections to scalar distance metrics and their
aggregation.

4.5 Comparative Statistical Analysis

After performing all bootstrap iterations, we
calculate empirical distributions of SWD mea-
sures for each representation. Our analysis focuses
on systematic comparison of baseline raw data
SWD(X), segmentation identifiers SWD(S),

Conceptual Framework of Sliced Wasserstein Distance (SWD)

{ x 0 PE— swp }

Fig. 2 Conceptual framework of the Sliced Wasserstein
Distance (SWD): transformation from multivariate obser-
vations X through random projections ¢g(X), empirical
distributions, Wasserstein-1 distance, and final aggregation
into SWD.

combined dynamics-aware data SWD(X,S), and,
where applicable, the enriched representation
SWD(X,C), with C denoting clustering-based
descriptors.

Primary attention is devoted to differential
quantities 7 and 8 defined in Section 2, which mea-
sure the influence of segmentation information on
class separability.

Representations involving clustering-derived
descriptors C' may be conditionally available,
considering that such features require sufficient
historical data and stable unsupervised training.
Consequently, in ablation analyses to isolate seg-
mentation effects, representations containing C
are excluded.

4.6 Interpretive Framework

The interpretive phase forms the core of this study.
Should segmentation genuinely enhance class sep-
arability, bootstrap distributions of Axg would
be predominantly positive, reflecting an increase
in statistical distance when segmentation features
are added.

Alternatively, if segmentation improves predic-
tive capability without increasing statistical sepa-
rability, distributions of A xg would be near zero
or negative, indicating that performance gains
emerge from reorganization of temporal struc-
ture and reduction of ambiguity rather than from
increased geometric separability.

This framework explicitly challenges the
assumption that better classifier performance
“must” coincide with greater statistical separabil-
ity, directing focus toward temporal dynamics and
representation structural effects as key factors in
learning improvements.



Table 1 Mean results of the Sliced Wasserstein
Distance (SWD) bootstrap analysis across different
operational representations.

Representation Space Mean SWD
X (raw baseline) 1.354
X + S (segmented-baseline) 1.037
X + S+ C (segmented-enriched) 0.534

5 Results

Table 1 summarizes the mean results obtained
from the bootstrap analysis of the Sliced Wasser-
stein Distance (SWD) computed across the dif-
ferent data representations of this study. Con-
trary to the initial hypothesis, the inclusion of
segmentation-driven dynamic information does
not increase the statistical separability between
healthy and faulty operating conditions; con-
versely, a consistent reduction in the distance
between the two class distributions is observed
across all experiments. Specifically, in the first
experiment, the dynamics-aware segmented rep-
resentation (X,S) produces a mean SWD value
of approximately 1.037 compared to the base-
line raw feature space X, which has a mean
SWD of 1.354. This corresponds to a decrease
ASWD = —0.317, representing a relative reduc-
tion of about 23.4%. Importantly, among the
500 stratified bootstrap replicates, not a single
instance showed an increase in SWD when seg-
mentation features were added, reinforcing the
statistical robustness of the observed effect with
an empirical probability P(ASW D > 0) = 0.

Fig. 3 Bootstrap distribution of Delta SWD over the
dynamics-aware (A), and dynamics-aware-enriched (B)
representations. The values have been obtained across 500
stratified bootstrap replications.

The bootstrap distribution of ASW D for the
dynamics-aware representation, depicted in Figure

3A, is entirely situated below zero, indicating a
systematic contraction rather than fluctuation-
induced variability. The absence of positive values
suggests that the reduction is an intrinsic property
of the segmentation transformation applied to the
data.

Conceptual Mechanism of Sliced Wasserstein Distance
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Fig. 4 Visual comparison of RAW vs SEGMENTED rep-
resentations through independent random projections. The
plot illustrates how class distributions differ in the induced
one-dimensional projection spaces.

To gain better insight into the geometric
underpinnings of this phenomenon, Figure 4 pro-
vides a visualization comparing the raw and
segmented representations through independent
random projections. These projections demon-
strate that the reduction in SWD corresponds to a
modified structure of the one-dimensional induced
distributions, rather than a uniform contraction
or simple scaling effect in the feature space. In a
second experiment, we consider an enriched rep-
resentation (X, S, C) that augments the dynamic-
aware feature set with clustering-based descriptors
derived from previous research efforts. Once again,
the statistical separability decreases further to
a mean SWD of 0.534, representing a substan-
tial relative reduction of 60.6% compared to the
baseline raw representation. The empirical boot-
strap distribution illustrated in Figure 3B further
corroborates this pronounced contraction and con-
firms the robustness of the finding across all
replicates.

A comparison of the bootstrap SWD dis-
tributions for raw versus dynamics-aware and
dynamics-aware-enriched representations is shown
in Figure 5. This evaluation clearly reveals a pro-
gressive decrease in statistical separability as the
representational complexity and dynamic aware-
ness increase.



Raw Segmented Raw Segmented

Fig. 5 Comparison between the bootstrap distributions
of SWD computed on raw vs dynamics-aware (A), and raw
vs dynamics-aware-enriched (B) representations.

Complementing the bootstrap analysis, a prin-
cipal component analysis (PCA) based dimen-
sionality reduction was conducted on both raw
and segmented representations to visualize spatial
organization within a two-dimensional embedding.
Figure 6 illustrates that the segmented represen-
tation leads to a more structured spatial organiza-
tion of samples characterized by locally coherent
regions. Rather than increasing the global statis-
tical distance between healthy and faulty obser-
vations, segmentation appears to reorganize the
data points into operationally meaningful clus-
ters, supporting classifiers through improved local
coherence instead of global class separation. Over-
all, these results indicate that the performance
advantage conferred by segmentation cannot be
simply explained by an increase in global sta-
tistical separability. Alternatively, segmentation
affords a reconfiguration of the observation space
which facilitates model learning by reducing tem-
poral ambiguity and imposing a clearer temporal
structure, even in the presence of a lower measured
statistical distance between classes. This interpre-
tation aligns well with prior works wherein the
Random Forest—-XGBoost ensemble reached an
AUC-ROC of 0.976 using segmented data, under-
scoring that improvements arise primarily from
enhancements to the representation of operational
dynamics rather than from increased geometric
distancing of classes.

6 Discussions and Conclusions

The initial hypothesis driving this study assumed
that ChangeFinder-based time series segmenta-
tion would lead to an increase in statistical sepa-
rability between normal and faulty operating con-
ditions. This proposition stemmed from previous
empirical evidence where segmentation notably

2D PCA Embedding Comparison

Raw Segmented

Fig. 6 2D PCA embedding comparison between raw
and segmented representations. Segmentation induces a
more locally structured organization of the samples in the
embedding space.

enhanced classification performance, elevating the
Area Under the ROC Curve (AUC-ROC) from
0.8599 to 0.976. It was thus reasonable to expect
that the underlying data representations after seg-
mentation would demonstrate greater separation
between class distributions.

To rigorously test this assumption, we
employed the Sliced Wasserstein Distance (SWD)
as a quantitative, classifier-independent metric
for measuring the separability between multivari-
ate empirical distributions. SWD estimations were
conducted repeatedly using a stratified bootstrap
procedure on both the original process variable
space and augmented feature spaces incorporating
segmentation.

Contrary to expectations, the results revealed
a consistent reduction in SWD when segment
identifiers were introduced. The mean SWD
dropped from 1.354 in the original feature space to
1.037 in the dynamics-aware segmented represen-
tation, a relative decrease of approximately 23%.
The bootstrap probability of observing an increase
in the statistical distance was zero, underscoring
the robustness of this decrease.

When further enriched representations includ-
ing additional clustering-derived variables were
considered, the separability metric decreased even
more significantly, reaching about 0.534 — less
than 40% of the original separability. These find-
ings suggest that segmentation does not increase
geometric separation between healthy and faulty
states; rather, it reorganizes the data’s temporal
structure.

From a theoretical and practical standpoint,
this leads to an important reinterpretation. The
segmentation operator does not act merely by cre-
ating statistically distinct clusters of faults and



healthy samples, but expresses a form of dynamic
contextualization. Specifically, segment identifiers
provide supplementary information about the
temporal context in which observations emerge,
reducing the ambiguity inherent in time series
where similar instantaneous measurements can
belong to different operational conditions.

Additional analysis confirmed that many seg-
ments identified by ChangeFinder are very brief,
occasionally spanning only single observations.
This high temporal resolution encodes dynamic
transitions rather than stable regimes, provid-
ing classifiers with richer temporal cues to dif-
ferentiate scenarios that are otherwise indistin-
guishable on static feature values alone. The
evidence aligns with previous investigations indi-
cating that attempts to incorporate more complex
or clustering-derived features beyond simple seg-
mentation identifiers do not necessarily enhance
classification [5]. Instead, the principal benefit
arises from restructuring the learning problem to
better capture temporal dependencies and reduce
uncertainty.

This insight challenges the somewhat intu-
itive but overly simplistic assumption that
improved predictive performance must coincide
with increased class separability. Instead, it high-
lights that segmentation primarily reduces the
effective complexity of the classification task,
facilitating the construction of accurate decision
boundaries by supervised models.

In conclusion, the effectiveness of segmentation
in predictive maintenance frameworks emerges
not from increasing statistical distance between
classes but from delivering a more informative,
temporally coherent data representation. Future
research should build on this understanding by
designing dynamic-aware descriptors that explic-
itly characterize segment persistence, evolution,
and stability to further enhance model learning.

Furthermore, the generalization of these find-
ings should be investigated through applica-
tion to diverse datasets and exploration of
alternative change point detection methods
beyond ChangeFinder. Emphasizing temporal and
dynamic representation over geometric separa-
bility may open new perspectives in predictive
maintenance and time series learning.
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