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Abstract—This study proposes a novel approach to understand
the degradation process in monitoring industrial time series
through local comparisons with an elastic reference barycenter.
In contrast to global approaches, the proposed method iden-
tifies specific barycenter points whose deformation trends can
capture their local shifts, when compared to the initial time
series. Change-point detection is applied to these deformation
trajectories to reveal shifts in local regimes, providing area-
specific information across the entire sequence. We evaluate the
proposed approach on an unsupervised detection task aimed
at retrieving the onset and termination of critical deformation
events. Synthetic sequences are generated from real samples from
a real-world battery dataset. Results demonstrate the advantage
of our local approach over global baseline methods.

Index Terms—Time series, change-point detection, degradation
monitoring, predictive maintenance

[. INTRODUCTION

Time series data are widely generated in industrial envi-
ronments to monitor machinery and production processes [1],
[2]. Many industrial processes operate in a cyclic manner. For
instance, in rotating machinery, a cycle refers to a complete
operational phase of the machine or equipment in use, such
as a full motor rotation. These processes are monitored using
sensors that generate large volumes of data. As a result, time
series data derived from assembly lines often require data
manipulation software, which apply compression strategies to
reduce storage requirements [3]. Through these compression
mechanisms, the derived time series exhibit both (i) cyclic pat-
terns reflecting repeated operational phases and (ii) irregular
sampling, induced by the compression step. These properties
must be explicitly taken into account when designing machine
learning algorithms to automatically solve associated tasks,
such as predictive maintenance of degrading machinery [1].

In industrial applications, assessing the state of degrada-
tion of a system by quantifying its deviation from normal
behavior is often referred to as “prognostics” [2]. Although
often associated with failure prediction, our objective is to
provide a structural analysis of the degradation dynamics.
Specifically, we focus on the detection of degradation stage
transition times and on the characterization of the system’s
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Fig. 1. Top: first (blue) and last (red) recorded cycles of battery
XJTU_2C_battery-8 from the BatteryLife dataset. Bottom: zoomed life-
time cycles (in color gradient). The left region captures battery degradation
dynamics (slow deformation speed for early cycles, that increases later), while
the right region does not contain meaningful information on deformations.

progressive departure from its reference regime. In several
practical scenarios, degradation is showcased through subtle
deformations of the shape of operational cycles. These defor-
mations can reflect early failures, progressive wear, or changes
in operating conditions [4]. Comparison of observed cycles
with a reference cycle representative of normal behavior forms
a direct framework to analyze degradation. However, such
deformations often appear progressively across cycles, and
not all observed variations reflect degradation (see Figure 1).
Some fluctuations arise from noise or operational variability.
Consequently, global similarity measures between cycles and
a reference may obscure interesting structural changes. A
localized analysis is thus required to identify particular regions
within each cycle where significant structural changes emerge.

The retrospective identification of degradation stages in
industrial time series has been addressed in the literature
through several methodological approaches.

A prominent direction focuses on change-point detection
[5], which identifies time indices at which the statistical
properties of time series change. This family of methods is
built upon the assumption that data is generated by piecewise
stationary processes with different segments corresponding to
distinct regimes. In industrial prognostics, similar approaches



are used to model multi-phase degradation trajectories, with
stage transitions being represented through change-point re-
gression or two-phase stochastic models [6], [7]. However,
the effectiveness of change-point detection algorithms strongly
depends on the signal representation. For instance, global de-
scriptors can mask critical information if degradation appears
through local deformations within certain cycle regions.

An alternative line of work relies on anomaly detection
methods, in which degradation is inferred from deviations with
respect to normal behavior. A reference list of trajectories
representing “normal behavior” is extracted and test cycles
are compared against them to quantify abnormality [8]. Elastic
similarity measures, including Dynamic Time Warping (DTW)
[9] and its differentiable extension (soft-DTW) [10], have been
employed to compare degradation trajectories [11]. However,
these similarity measures operate at a global level, without lo-
calizing degradation-related phenomena. Interestingly, a large
DTW score can signal deformation, without indicating which
cycle region is responsible for it.

In industrial systems, degradation may progress heteroge-
neously: some cycle regions remain stable, others fluctuate
randomly, and only a subset of changes carry meaningful
diagnostic information. Identifying when the system transitions
between degradation stages and where in the cycle these
transitions manifest, is therefore a key challenge for degrada-
tion monitoring. To address this, we propose an unsupervised
framework that combines elastic alignment with change-point
detection. We first compute a reference barycenter and elasti-
cally align each observed cycle to it, then extract localized
deformation trajectories that quantify regional shifts with
respect to the reference regime. A critical-region detection
step isolates structured deformation areas, and change-point
detection pinpoints transition times on the corresponding tra-
jectories. Our proposed framework localizes and quantifies
structural changes without requiring stage annotations.

II. BACKGROUND

This section introduces key methodological components of
our proposed framework, including elastic alignment methods,
reference barycenter construction, and change-point detection
algorithms, later combined for degradation stage identification.

A. Elastic alignment methods

Unlike point-wise distances, elastic measures allow non-
linear time warping, enabling alignment of unequal-length
sequences despite local shifts or speed variations.

1) Dynamic Time Warping (DTW): DTW [9] allows elastic
matching between two time series x = (#1,...,2r,) and
y = (y1,...,yr,), not necessarily of equal lengths. DTW
computes the minimal cumulative alignment cost over all
admissible warping paths.

The cumulative cost matrix D € RU+Dx L2+ for two
sequences of lengths L; and Lo, is recursively defined as

D(i,j—1) (1)
D(Z_ 17] - 1)

D(i,j) = §(xs,y;) + min

for 1 <i¢ < L;and 1 < j < Lo, with boundary conditions
D(0,0) = 0 and D(4,0) = D(0, j) = oo. The cost d(z;,y;) is
commonly chosen as the Manhattan or the squared Euclidean
distance.

The DTW distance is given by D(L;, Ly). The optimal
alignment is represented by a path m = {(is,jo)}, C
{1,..., 11} x {1,..., Lo}, starting at (1,1) and ending
at (L1, Ls), satisfying monotonicity constraints. Each pair
(,7) € m indicates that x; is aligned with y;.

2) Soft Dynamic Time Warping (soft-DTW): Soft-DTW
[10] is a differentiable variant of DTW, obtained by replacing
the hard-minimum in Equation (1) with a soft-min operator
parametrized by a smoothing parameter :

i Cap) = —1 —ai/v | 2
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where min, converges to the standard minimum as v — 0.

B. Soft-DTW barycenter averaging (softDBA)

Given a collection of b time series cycles {x(*)}*_  a
barycenter can be defined as a representative sequence z =
(21, -+, 2m) € R™, minimizing the average alignment cost.

Leveraging soft-DTW, notated as sDTW,(x,y), of Equa-
tion 2 for the similarity measure, the barycenter is derived
from solving

b
i 1 )
Z = argmin 5 ;;:1 sDTW,, (z,x*)), 3)

where v > 0 is the smoothing parameter. This parametrization
enables a differentiable measure with respect to its inputs,
suitable for gradient-based optimization. This procedure for
barycenter construction is commonly referred to as soft dy-
namic time warping barycenter averaging (softDBA) [10],
originally proposed without the smooth relaxation in [12].

C. Change-point detection with PELT

Change-point detection aims to segment a time series input
(z1,...,x) into contiguous segments, such that key
statistical properties are preserved per segment.

Let S = {t1,...,tx} denote the set of change-point
indices, where both the number K and the locations of change-
points must be estimated. The optimal segmentation can be
derived by minimizing

K+1
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where C(-) is a segment-wise cost function, 5 > 0 is a penalty
parameter controlling the number of detected change-points,
to = 0 and tx4+1; = L. The Pruned Exact Linear Time
(PELT) algorithm [13] efficiently solves Equation 4 with linear
computational cost under mild conditions.



III. METHOD

The proposed method consists of four main steps: the com-
putation of a reference barycenter, the construction of localized
deformation trajectories, the identification of critical regions,
and the detection of change-points in critical deformations.

Let X = {X(®} N denote the lifetime cycles, with each
cycle a sequence of time-value vectors

X0 = ((@2), o, @Del), o

sampled at possibly irregular time stamps tﬁ-k). The objective
is to detect degradation or deformation events across cycles.
Formally, we seek cycle indices

S={ki,....kg} c{l,...,N}, 1<k < ..

where each l%j marks the boundaries of a deformation event
and K is the number of detected deformation onsets.

<kp <N, (6)

A. Computation of a reference barycenter

We first construct a reference cycle, considering the first
b cycles, which are assumed to be representative of normal
behavior. The barycenter is iteratively refined using soft-DBA
[10], [12], which unlike a simple mean accounts for temporal
variability across cycles. Computing a barycenter yields a
representative reference cycle by averaging aligned cycles. The
smoothing parameter ~ of soft-DTW, controls the sharpness of
the soft-alignments, offering a tunable trade-off between noise
sensitivity and temporal fidelity.

Formally, prior to barycenter computation, all cycles are z-
normalized using the mean, standard deviation, and length of
the first cycle. This ensures a consistent scaling across cycles
while preserving the unsupervised setting.

The barycenter is then initialized by uniformly interpolating
the first cycle X(*) to a reduced number of points m, by
keeping one point out of every five, resulting in m = [n1/5],
where n; denotes the length of the first cycle. This pro-
duces the initial reference sequence of time-value vectors

Z = ((tl, Zl), ey (tm.Zm))

The reference barycenter Z is then obtained by solving
Equation (3) using gradient-based optimization, over a subset
of the first b cycles {X®)}b_ | represented as time-value

pairs, and using Z for the barycenter initialization.

B. Construction of deformation trajectories

In this step, we convert the alignment between each cycle
and the reference barycenter into localized deformation tra-
jectories, that quantify how specific regions of the cycle shift
over successive cycles. While the reference barycenter Z is
computed using soft-DTW in the joint time-value space, the
deformation trajectories are extracted from a classical DTW
alignment performed on the values only.

Therefore, for each cycle k, we compute a standard DTW
alignment of Equation (1) between the barycenter values
Z=(%,..., %) and the cycle values x®) = (2 2.
This produces an optimal alignment path 7(¥) {1 ..... m} X

{1,...,nx}.

a) Localized temporal deformation: We next proceed
to the construction of the deformation trajectories that form
the basis for the subsequent detection of significant structural
changes. From the alignment path 7(%), we define, for each
barycenter point ¢ € {1,...,m}, the associated set

LY = (| (,j) e 7™ }.

Using the timestamps of the aligned points, we compute a
local temporal deformation measure as

3 ¢, 7)

(k)
JjEL;

T-(k) =t;, — !
Y

This quantity measures the deviation between the reference
time ¢; and the mean time of the cycle points aligned to it. If
|T( )\ is large, it indicates that the portion of the cycle around
the index ¢ had to be significantly displaced in time to align
with the reference, showing a local deformation. The sign of
T,L-(k;) specifies the direction of the shift, with a positive value
indicating that the aligned region in cycle k occurs earlier than
in the reference, and vice-versa.

b) Final deformation trajectories: For each cycle k,
we therefore produce global degradation trajectories 7) =
(Tl(k) ,(f ) which describe the temporal shifts of all
reference reglons within that cycle.

Conversely, for a fixed barycenter point i, we denote by
Ti=(7; o, (N)) the local deformation trajectory associ-
ated with the i-th barycenter point throughout all cycles. This
representation disentangles the spatial position within a cycle
(index ¢) from its temporal evolution across cycles (index k),
enabling the analysis of region-specific deformation dynamics.
The top plot of Figure 3 displays deformation trajectories
capturing key degradation dynamics.

)

C. Identification of the critical regions

Interestingly, not all barycenter points carry meaningful
degradation information. Some correspond to stable or noisy
cycle regions, i.e., regions that do not include structured infor-
mation about ongoing deformations, as illustrated in Figure 1.
While certain parts (e. g., middle-right regions) appear locally
distorted, their deformation trajectories 7; do not exhibit a
clear trend across cycles. In contrast, other regions (e. g., be-
ginning of the cycles) show structured shifts, with monotonic
or piecewise-linear evolution in deformation trajectories. Ana-
lyzing 7, thus provides a direct characterization of how each
region deforms across cycles, and trajectories with structured,
trend-like behavior possibly reflect degradation mechanisms.

We therefore aim to identify a subset of “critical” barycenter
points that are most informative for degradation stage detec-
tion, leveraging the deformation trajectories.

1) Segmentation-based relevance criterion: Next, we assess
to what extent each deformation trajectory 7; can be modeled
as a piecewise-linear signal across cycles. For each deforma-
tion trajectory 7;, we compute a segmentation cost C;, using
the PELT algorithm of Equation (4), with a piecewise-linear
segment model and fixed 5 to ensure comparability. Under



this model, each segment is approximated by a linear function
of the cycle index. Trajectories dominated by noise require
many short segments to be adequately fitted, producing higher
segmentation costs. Conversely, trajectories with structured,
approximately monotonic, or trend-like behavior are modeled
with fewer linear segments, leading to lower costs.

Before computing the costs, we apply a median filter (with
window size 3) to each deformation trajectory to reduce the
effect of isolated outliers that could affect the PELT results,
and we z-normalize each series independently.

2) Relevance scoring and region selection: We then define
a relevance score for each barycenter point as

®)

so that trajectories with lower segmentation cost (i. e., better
approximated by a piecewise-linear model) receive higher
relevance scores.

Constant deformation trajectories produce C; = 0 and in
this case, we set C; = max; C; to penalize the absence of
relevant information. To make the scores comparable across
barycenter points, we also normalize them as 7; = r; /max; ;.

Our objective is to select the barycenter points with the
highest relevance scores. However, neighboring points often
correspond to the same deformation region, which may result
in multiple adjacent high scores. To avoid redundant selec-
tions, we apply a peak detection procedure to the normalized
relevance signal 7 = (71, ...,7m), defined as

Z = {i| 7; is a peak with prominence > A},

where the prominence of a peak is defined as the vertical dis-
tance between the peak and its highest surrounding minimum,
and A € (0,1) is a minimum prominence threshold.

D. Final change-point detection

Finally, the selected deformation trajectories {7;};cz are
jointly used to identify deformation events across cycles. The
change-point detection objective of Equation (4) is applied
to the multivariate signal of the selected trajectories, indexed
by the cycle number k. This produces the final deformation
transition indices S defined in Equation (6).

In this final step, the segment-wise cost C(-) corresponds to
a joint piecewise-linear model across all selected trajectories,
and the penalty parameter 3 controls the number of detected
change-points (selected via grid search, as outlined in Section
IV-A). Unlike the previous univariate use of PELT for region
relevance scoring, this multivariate segmentation jointly ex-
ploits correlations across degradation-sensitive regions.

IV. EXPERIMENTAL RESULTS
A. Experimental setup

1) Datasets: We construct synthetic sequences of cycles
derived from a real cycle extracted from the BatteryLife
dataset [14]. This dataset contains voltage, current, and capac-
ity measurements, collected during charge-discharge cycles for
different battery types. In terms of our study, only the voltage
cycles are used for the experiments.

Local DTW Deform. Traj.
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Fig. 2. Example deformation trajectories for our method. PELT segmentation
in black dotted lines, true change-points via background color changes.

TABLE I
PERFORMANCE COMPARISON OF CONSIDERED METHODS.

Metrics

Method Fl-score Precision Recall

Stat. Features 0.38940.149 031840.135 0.53249.213
Global Eucl. Traj. 048410.191  0.52340.200 0.57040.227
Global DTW Traj. 0.34940.134  0.35140.249 0.56440.284
Local DTW Deform. Traj.  0.738+0.211  0.787+0.242  0.748.10.211

2) Synthetic deformation generator: To generate a syn-
thetic sequence, we first randomly select a battery from the
BatteryLife dataset and extract its first cycle.We then insert
three random deformation events per sequence, over randomly
chosen and mutually disjoint intervals of cycles (i.e., two
deformation events cannot occur during the same cycles, see
Figure 2). For each deformation event, the affected axis (time
or amplitude), shift direction (positive or negative), and total
magnitude of the shift, are randomly selected and applied
gradually, across the selected cycle interval. To make the task
more complex, we add random, non-temporally consistent
degradations and Gaussian white noise (30 dB). For each
experiment, parameters are selected via grid search on 30
sequences of cycles, that are subsequently evaluated on 1000
held-out test sequences. All sequences consist of 170 cycles.

3) Baselines: We compare the proposed method (Local
DTW Deform. Traj. in results tables) with three baseline
approaches. The first approach (Stat. Features) uses simple
cycle-level statistical features, including the length, mean,
and standard deviation of each cycle. The second (Global
Eucl. Traj.) and third (Global DTW Traj.) approaches rely
on global similarity measures, using the Euclidean distance
and the DTW distance, respectively, between each cycle and
the reference barycenter. For the Euclidean distance, cycles
are resampled to match the length of the barycenter prior to
computation. The reference barycenter is computed using the
first 10 cycles of the sequences (which are free of deformation
events but not of random deformations).

4) Evaluation Metrics: We use the standard precision,
recall and Fl-score, with a margin M = 5.

B. Results

We next present results, including: (i) a comparison of our
method to baselines, (ii) a robustness analysis under increasing
levels of random deformations, and (iii) a qualitative evalua-
tion on a real sequence of cycles from BatteryLife dataset.



TABLE I
ROBUSTNESS ANALYSIS TO RANDOM SHIETS (IN F1-SCORE).

Probability of random shift

Method p=0.1 p=0.5 p=1.0

Stat. Features 0.389+40.149  0.38840.132  0.389+0.124
Global Eucl. Traj. 0.48440.101 043410172 0.412+0.163
Global DTW Traj. 0.34940.134  0.33640.118 0.340+0.113
Local DTW Deform. Traj.  0.738+0.211  0.720+0.216  0.686+0.213

1) Methods comparison: Results are reported in Table I.
The proposed method outperforms all baselines in both pre-
cision and recall, achieving the best Fl-score, demonstrating
a balanced trade-off between the two. These results indicate
that our approach is capable of accurately recovering the
start and end indices of the simulated deformation events.
The grid search analysis further showed that increasing the
PELT penalty parameter 3, as well as increasing the minimum
peak prominence (for our method), improves precision at the
expense of recall and vice-versa. Beyond a certain threshold,
however, the penalty becomes too restrictive, and no change-
points are detected. Finally, the Euclidean distance is supposed
to be unable to detect time shifts. Yet, in our setting, cycles
are uniformly resampled to match the barycenter length, which
evenly distributes shifted points along the cycle, enabling
partial detection of time shifts for the Euclidean-based method.

An example of deformation trajectories is displayed in Fig-
ure 2. Our proposed method successfully selects the most in-
formative deformation trajectories and, through their analysis,
retrieves all events, though with some boundary inaccuracies.

2) Robustness analysis: In this experiment, we evaluate
the robustness of the method by varying the probability of
random single-cycle shifts (Table II). Our proposed method
demonstrates the strongest robustness to additional random
deformations. We can see that even in cases of significant
random deformations, our method continues to perform very
well. Selecting critical zones in the barycenter therefore allows
us to identify the important areas.

3) Visual inspection of a real example: The results of our
method on a real battery sample (of Figure 1), are illustrated in
Figure 3. The bottom plot shows that the selected barycenter
points are correctly located within critical zones associated
with battery degradation. The deformation trajectories of the
selected barycenter points also provide a clear visualization
of the variations in degradation speed, highlighted in Figure
1. This confirms our method’s ability to capture both spatial
localization and temporal evolution of degradation.

V. CONCLUSION

In this work, we introduced a novel method to identify
deformation variations across cycles using local comparisons
with an elastic reference barycenter. Experiments demon-
strated that tracking specific barycenter points reveals local
deformations more effectively, compared to global distances
or simple statistical features. Our approach can serve as a tool
to better understand degradation mechanisms in manufacturing
processes and support their refinement. Future work includes
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Fig. 3. Top: Deformation trajectories for our method on real lifetime voltage
cycles (sample of Fig. 1). Bottom: Superposition of normalized relevance
scores (blue), computed barycenter (grey) and selected barycenter points (red).

improved selection of barycenter points that remain robust
under increasing noise and replacement of isolated points with
regions that are properly-weighted in change-point detection.
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