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ABSTRACT

Physics-informed machine learning has emerged as a promis-
ing paradigm for industrial health monitoring, yet practical
guidance on when and how to integrate domain knowledge
into detection pipelines remains limited. This paper proposes a
structured methodology for progressive physics integration in
unsupervised anomaly detection, organised into three levels of
increasing depth. Level 0 refers to purely data-driven models
operating on raw signals. Level 1 injects operational covariates
such as temperature or equipment subtype through stratifica-
tion or conditioning. Level 2 integrates physical knowledge
about the internal structure of the signal—its segmentation
into electromechanical phases of differing diagnostic rele-
vance—through phase-aware representations, scoring, or end-
to-end architectural integration. The methodology is applied
systematically to three method families—statistical envelopes,
isolation forests and variational autoencoders—for monitor-
ing medium-voltage circuit breaker coil currents, where the
breaker’s protection-switching function makes condition mon-
itoring critical. At the deepest level, a physics-informed con-
ditional VAE (PicVAE) injects domain knowledge through
phase-segmented inputs, FiLM-conditioned architecture, and
a phase-weighted reconstruction loss. Validated on real opera-
tional data with expert-labelled anomalies, the results reveal
two findings: (i) operational conditioning at Level 1 consis-
tently improves detection across all three method families; (ii)
structural physics injection at Level 2 has a method-dependent
impact, yielding clear benefits for phase-aware representation
learning while introducing trade-offs for simpler models. The
PicVAE achieves the best overall performance (AUC-ROC =
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0.951, Youden J = 0.854). The proposed methodology pro-
vides a reproducible template for integrating domain knowl-
edge into anomaly detection pipelines.

1. INTRODUCTION

Medium-voltage (MV) circuit breakers are critical assets for
the reliability of electrical power distribution networks. Their
primary function is to interrupt fault currents on demand,
thereby protecting downstream equipment and ensuring ser-
vice continuity. Switching is achieved by an electromagnetic
actuator: dedicated opening and closing coils, when energised
by a control voltage, generate the magnetic flux that drives
the mechanical operating mechanism through its stroke. The
mechanical operating mechanism is responsible for the largest
share of breaker failures, with wear and ageing accounting
for over 40% of major failure causes (Ito, Richter, le Roux,
& Pepper, 2023). Condition monitoring based on coil current
analysis has emerged as a practical, non-intrusive solution: the
coil current waveform reflects the coupled electromagnetic
and mechanical behaviour of the actuator and is sensitive to
friction increase, lubrication loss and mechanical wear (Johal
& Mousavi, 2008).

Existing diagnostic approaches span a wide range of complex-
ity, from expert-defined characteristic points and statistical en-
velopes (Rao, Huang, Hu, & Xiao, 2009; Natti & Kezunovic,
2011) to data-driven machine learning (Strachan, McArthur,
Stephen, McDonald, & Campbell, 2007; Razi-Kazemi, Vak-
ilian, Niayesh, & Lehtonen, 2015) and deep learning meth-
ods—including variational autoencoders (VAEs) trained on
healthy operations to detect deviations through reconstruc-
tion error (An & Cho, 2015; Jakubowski, Stanisz, Bobek, &
Nalepa, 2022). Their common objective is to enable condition-
based and predictive maintenance of installed MV equipment.
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However, these methods share a common limitation: each
integrates domain knowledge in an ad hoc manner, without a
principled framework for deciding what knowledge to inject,
where in the pipeline, and how deeply. Feature-based methods
exploit physical knowledge at the input level but cannot learn
complex patterns. Statistical envelopes capture global signal
shape but ignore the physical meaning of different signal re-
gions. Deep autoencoders learn powerful representations but
treat the signal as a generic time series, discarding the rich
physical structure embedded in the waveform.

Meanwhile, physics-informed machine learning (PIML)
has shown promising results across PHM applications
(Karniadakis et al., 2021; Nascimento, Corbetta, Kulkarni,
& Viana, 2021), and recent reviews have proposed taxonomies
of what and how to inform data-driven models with physics
(Deng, Nguyen, Medjaher, Gogu, & Morio, 2024; Wu, Sicard,
& Gadsden, 2024). These reviews, however, predominantly
describe what has been done rather than providing action-
able guidance on how to proceed for a new application where
qualitative expert knowledge exists but no quantitative degra-
dation equations are available. This is precisely the situation
encountered in circuit breaker coil current monitoring: do-
main experts can identify the physically meaningful regions
of the signal and the mechanical phenomena they reflect, but
no closed-form model relates these regions to degradation
indicators.

This paper addresses this gap by proposing a structured
methodology for progressive physics integration into un-
supervised anomaly detection, organised into three levels of
increasing depth, and by empirically illustrating under which
conditions each level translates into detection gains. The con-
tributions are:

* A four-stage hybrid physics—AI methodology for unsu-
pervised anomaly detection (signal preparation, progres-
sive physics integration, anomaly scoring, deployment),
with a three-level taxonomy at its core: data-driven base-
line (Level 0), operational conditioning (Level 1), and
structural physics injection (Level 2).

* A physics-informed conditional VAE (PicVAE) integrat-
ing domain knowledge simultaneously at the input, archi-
tectural, and loss levels.

* A systematic ablation study instantiating the taxonomy
across three method families—statistical envelopes, isola-
tion forests, and variational autoencoders—and the three
integration levels.

* An empirical illustration on real operational data from
an accelerated ageing campaign: operational conditioning
(Level 1) consistently improves detection, whereas struc-
tural physics injection (Level 2) shows a method-dependent
impact, yielding clear gains for phase-aware representation
learning while introducing trade-offs for simpler models.

The remainder of the paper is organised as follows. Section 2

presents the experimental dataset and the physical analysis
of the coil current signal. Section 3 details the three-level
methodology and its instantiation across the three method fam-
ilies. Section 4 describes the evaluation protocol. Section 5
reports the detection results and the ablation analysis. Sec-
tion 6 discusses practical implications and limitations, and
Section 7 concludes.

2. EXPERIMENTAL DATA
2.1. Studied system

The system studied in this work is a medium-voltage vacuum
circuit breaker designed by Schneider Electric for primary
distribution networks. Its main characteristics are summarised
in Table 1 and identify it as a representative MV breaker with
industrial-grade ratings. Its overall structure, including the
opening and closing coils that drive the actuation mechanism,
is shown in Fig. 1.

]

i)

Figure 1. Overall structure of the studied medium-voltage
vacuum circuit breaker

Table 1. Main characteristics of the studied medium-voltage
vacuum circuit breaker.

Characteristic Value

Breaker type MV vacuum circuit breaker
Rated voltage up to 24 kV

Rated continuous current 630-2500 A

Rated short-circuit current up to 40 kA

Operating mechanism Stored-energy spring drive
Standard temperature range ~ —5 °C to 440 °C

2.2. Accelerated ageing campaign and dataset

The data originate from an accelerated ageing campaign con-
ducted on the system described above, combining intensive
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mechanical cycling with extreme climatic conditions to repro-
duce the progressive degradation of the operating mechanism
in a controlled environment (El Khoury et al., 2025). Both
opening and closing coils were operated continuously through
automated switching cycles under temperature variations from
25°C to 70 °C and elevated relative humidity levels, with op-
erating ranges deliberately exceeding the standard envelope
(Table 1) to accelerate ageing phenomena affecting coil resis-
tance, lubrication viscosity, spring elasticity and mechanical
clearances. The campaign was conducted until mechanical
failure, yielding approximately 27 000 coil current operations
over three months. For each operation, the ambient tempera-
ture 6 and the coil type ¢ € {Opening, Closing} are recorded.
Temperature is a critical covariate: it directly affects coil resis-
tance and therefore the steady-state current (El Khoury et al.,
2025), introducing waveform variability that is operationally
induced rather than degradation-related.

2.3. Anomaly labelling

Domain experts labelled the final ten days of operation pre-
ceding each coil’s failure. The resulting test set comprises
1579 operations, of which 38 are anomalous (2.4%): 20 core
jamming events (the actuator fails to complete its stroke),
13 excessive-slowness events (the actuator completes its stroke
with abnormally long operation time), and 5 unclassified
anomalies. As reported in (El Khoury et al., 2025), corro-
sion and oxidation of the electromagnet and its frame were
identified as the primary failure mechanism. Examples of
healthy and anomalous waveforms across the three labelled
categories are shown in Fig. 2. All operations preceding the
labelling window are treated as healthy training data.

—— Healthy

Excessive slowness
—— Core blockage
—— Others

/

Figure 2. Examples of healthy and anomalous coil current
waveforms from the ageing campaign.

3. HYBRID PHYSICS-AI FRAMEWORK

At the core of this paper is a structured framework that
guides how and where domain knowledge can be injected
into anomaly-detection pipelines. Rather than focusing on a
specific model, the proposed methodology organises physics
integration as a progressive process, in which physical infor-
mation is introduced at increasing depths of the pipeline. This
framework, illustrated in Fig. 3, structures the analysis from
signal preprocessing to deployment considerations. The dif-
ferent integration levels and their concrete instantiations are

detailed in the following sections.

1. Signal preprocessing & physical analysis

" Phase
Preprocessing segmentation

2. Progressive physics integration

Feature
extraction

Level 0 Level 1 Level 2
Envelope
IF
VAE (PicVAE)

— Increasing depth of physics integration

1 Increasing model expressiveness

3. Anomaly scoring & decision

4. Deployment guidelines

& analysis

Threshold
calibration

Detection

Model choice and physics integration level are selected
according to available domain knowledge, data volume, and
operational constraints.

. J

Figure 3. Overview of the proposed methodology. Method
families in stage 2 are ordered by structural flexibility (top to
bottom); the PicVAE corresponds to the deepest configuration
of the most flexible family.

3.1. Signal preprocessing and physical analysis

Before any learning or physics integration, all signals undergo
a common preprocessing stage, shown in Fig. 3. This stage is
deliberately separated from the integration levels, as it corre-
sponds to signal conditioning rather than diagnostic modelling.

First, raw coil current waveforms are temporally aligned using
the command triggering time, ensuring a consistent reference
across operations. The signals are then smoothed to reduce
measurement noise while preserving the electromechanical
dynamics of interest. Finally, a phase segmentation is applied
based on expert knowledge of the actuator mechanism. Im-
portantly, this preprocessing does not use any anomaly labels
and does not introduce diagnostic decisions. It provides a
physically interpretable representation of the signal that can
be exploited by subsequent integration levels.
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3.2. Progressive physics integration

This section introduces the proposed progressive physics in-
tegration strategy and its instantiation across the considered
method families. Three integration levels are defined, cor-
responding to the increasing depths of domain knowledge
incorporated into the anomaly-detection pipeline. Each level
can be instantiated using different modelling paradigms such
as statistical envelopes, isolation forests, and variational au-
toencoders.

Table 2. Evaluated configurations grouped by physics inte-
gration level. Across all methods, Level 2 relies on the same
physical information: four-phase segmentation of the coil-
current waveform, six characteristic points, and expert-defined
phase relevance. The difference lies in how this information is
absorbed by each method.

Configuration Physics integration and modelling role

Reference (no learning)

Characteristic points ~ Direct comparison of expert-selected signal land-
marks against predefined thresholds; purely rule-

based diagnosis

Level 0 — Data-driven baseline

Envelope Global statistical tolerance band capturing average
signal shape without distinguishing operating condi-

tions or physical phases

IF Unsupervised anomaly detection on generic time-
domain descriptors treating the signal as an unstruc-
tured entity

VAE End-to-end reconstruction of the raw signal, learning
a generic latent representation of nominal behaviour

Level 1 — Operational conditioning

Envelope Condition-specific tolerance bands isolating normal
variability due to temperature and coil type

IF Separate unsupervised models per operating regime
to avoid mixing distinct nominal behaviours

VAE Conditioned representation learning enabling

operating-mode-aware reconstruction of the signal

Level 2 — Structural physics injection

Envelope Phase-weighted anomaly scoring emphasising di-
agnostically relevant actuation phases using expert-

defined importance factors

IF Aggregation of phase-specific statistics and character-
istic points reflecting the physical actuation sequence
(weights applied implicitly)

VAE Phase-aware representation learning guided by phys-
ically meaningful signal regions and phase-weighted
reconstruction

A steady-state thermal variant (Envelope L1+) is additionally reported in
Section 3.2.3.

Table 2 provides a unified overview of the evaluated configu-
rations, summarising, for each method family and integration
level, how physical knowledge is incorporated. The following
subsections detail the rationale and implementation of each
level, starting from a physics-only baseline, and progressing
from purely data-driven models to deep structural physics
integration.

3.2.1. Feature expert baseline

Before introducing the three integration levels, we consider
a purely physics-based method that serves as a lower-bound
reference against which all learning-based approaches are eval-
uated. This approach relies exclusively on expert knowledge
and exploits extracted signal landmarks directly, without any
statistical learning. For each operation, the amplitudes and
temporal positions of these landmarks are compared against
expert-defined thresholds to flag abnormal behaviour. Because
this baseline requires no training data, it can be deployed im-
mediately on newly installed equipment. It therefore provides
a meaningful reference for assessing whether data-driven mod-
els effectively leverage physics beyond explicit expert rules.

3.2.2. Level 0 — Data-driven baseline

Level O defines a purely data-driven reference in which no do-
main knowledge is injected beyond standard signal preprocess-
ing. The signal is treated as a generic time series, and anomaly
detection relies solely on statistical or representation-learning
mechanisms to identify deviations from nominal behaviour.
This level establishes a baseline against which the impact of
deeper physics integration can be quantified.

At this level, different modelling paradigms can be used with-
out modification, including statistical envelopes, isolation
forests, and autoencoder-based architectures. Their respec-
tive implementations are summarised in Table 2.

3.2.3. Level 1 — Operational conditioning

Level 1 incorporates knowledge about the operating condi-
tions under which signals are acquired, while still treating the
signal as a generic time series. The objective is to explain and
absorb benign variability caused by known covariates—such
as temperature or coil type—that affect the waveform but are
not indicative of degradation.

Conditioning the model on these variables enables different
nominal operating regimes to be distinguished and reduces
false positives caused by normal operational variations. De-
pending on the method family, this conditioning can be imple-
mented through stratification or through learned modulation
mechanisms (Perez, Strub, de Vries, Dumoulin, & Courville,
2018).

For envelope-based methods, Level 1 is realised by construct-
ing separate statistical tolerance bands for discrete operating-
condition strata. In practice, the training data are partitioned
into a small number of temperature bins per coil type, chosen
to balance physical relevance and statistical robustness. An en-
hanced variant, denoted L1+, further restricts the training set
to steady-state thermal conditions, yielding tighter envelopes
and improved discrimination by filtering out transient thermal
effects.
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For learning-based approaches, operating conditions are incor-
porated either by training separate models per regime or by
conditioning a single model through learned embeddings, as
summarised in Table 2.

3.2.4. Level 2 — Structural physics injection

Level 2 integrates qualitative knowledge about the internal
physical structure of the coil-current signal. From an elec-
tromechanical standpoint, the actuation sequence can be de-
composed into a small number of consecutive phases corre-
sponding to distinct physical phenomena (e.g. energisation,
motion initiation, latch engagement and steady-state conduc-
tion). Domain experts can further assess which of these phases
are most sensitive to mechanical degradation.

At this level, all methods are provided with the same physical
information: a segmentation of the signal into electromechani-
cal phases, a set of characteristic points extracted at key transi-
tions, and expert-defined relevance of each phase for diagnosis.
The difference between methods lies in how this information
is exploited.

For envelope-based approaches, Level 2 modifies the anomaly
score by emphasising deviations occurring in physically infor-
mative phases, thereby preserving the simplicity of statistical
modelling while introducing phase awareness. For isolation
forests, phase information is incorporated through the con-
struction of phase-specific descriptors and aggregated statistics
reflecting the temporal structure of the actuation sequence.

For the VAE, Level 2 corresponds to a genuinely phase-aware
modelling strategy, as illustrated in Fig. 4. Expert features and
phase embeddings are injected into the encoder and decoder,
enabling the latent representation to jointly encode signal mor-
phology and physical context.

Concretely, the phase labels, characteristic points, and oper-
ating conditions are combined into a conditioning vector v;
that is injected at three points of the network. In the encoder
and decoder, conditioning is performed through Feature-wise
Linear Modulation (FiLM) (Perez et al., 2018):

FiLM(h, v;) = ~(vi) © h + B(vs), (D

where h is a layer activation and ~(-), 5(-) are learnt affine
transformations of v;. At the latent level, conditioning is
performed by concatenating v; to the sampled latent code
before it is passed to the decoder, providing explicit access to
the physical context during reconstruction.

In parallel, the reconstruction objective term (Eq. 2) is adapted
such that errors in diagnostically relevant phases contribute
more strongly to the anomaly score.

T

> w(z(t) - (@i(t) — 2:(1)% (@)

t=1

1

Ephys = T

Here z;(t) denotes the electromechanical phase at time step ¢
and w(-) assigns a diagnostic relevance weight to each phase.
These weights were defined based on expert knowledge of
the actuation mechanism and further refined empirically to re-
flect their relative sensitivity to mechanical degradation. This
design explicitly guides the representation learning process
toward physically meaningful signal regions, while retaining
the end-to-end nature of the model. The full architecture of
the PicVAE is shown in Fig. 4.

Level 0 — Data-driven backbone

[ Coil current signal }

l Level 2
Expert features
Encoder S . (characteristic points)
N Y
AN Level 1
Operating conditions
Latent representatlon }(— [(temperature, coil type)

Phase-aware
embedding

}

Reconstructed signal

[
[

-/

Loss function
uniform reconstruction

replaces

Hybrid Loss function
phase-weighted reconstruction

Figure 4. Three-level progressive physics integration, illus-
trated on the VAE family. The vertical backbone (gray) is
the Level 0 data-driven model, trained with a uniform recon-
struction loss (bottom). Level 1 (blue, dashed) conditions the
encoder, latent, and decoder on operational covariates such
as temperature and coil type. Level 2 (red, dashed) injects
expert physical knowledge: handcrafted features at the input,
phase-aware information at the architectural level, and a phase-
weighted reconstruction loss replacing the Level O loss.

4. EVALUATION PROTOCOL

Following the unsupervised anomaly detection paradigm, all
models are trained exclusively on healthy operations—no
anomalous samples are used during training. Models are eval-
uated on the expert-labelled test set described in Section 2.

Performance is assessed using the AUC-ROC as the primary
threshold-independent metric. At the operating-point level,
the Youden index J = TPR — FPR is maximised over a
sweep of 24 percentiles (30th to 99.99th) applied to a calibra-
tion set consisting of the last 30% of training data, ordered
chronologically. This ensures that the calibration data reflects
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the most recent ageing state, closest to test-time conditions.
Detection recall is additionally reported per anomaly type to
assess whether physics integration selectively improves the
detection of specific failure modes.

The purely rule-based Characteristic Points baseline is in-
cluded as a reference that requires no training data and whose
performance is by definition invariant to the training set size.

5. RESULTS
5.1. Overall detection performance

Table 3 reports the detection performance at the Youden-
optimal operating point for all evaluated configurations.
Physics integration does not lead to monotonic performance
gains across all methods and levels; instead, its impact de-
pends on both the nature of the injected knowledge and the
way it is absorbed by each method.

Table 3. Detection performance at the Youden-optimal op-
erating point. Best value per column in bold. Within each
method family, the level of physics integration is indicated by
the suffix LO/L1/L2.

Configuration AUC J TPR FPR
Reference (no learning)

Char. Points 0913 0.759 0.842 0.083
Envelope-based methods

Envelope LO 0917 0.791 0.868 0.078
Envelope L1 0947 0.822 0.921 0.099
Envelope L1+ 0950 0.841 0.921 0.080
Envelope L2 0942 0.799 0.895 0.096
Isolation Forest (IF)

IFLO 0.898 0.773 0.895 0.121
IFLI 0914 0.792 0.947 0.156
IFL2 0928 0.720 0.868 0.149
Variational autoencoder-based methods

VAE LO 0.940 0.802 0.895 0.093
VAE L1 0942 0.833 0921 0.088
VAE L2 (PicVAE) 0951 0.854 0974 0.119

For envelope-based methods, incorporating operational infor-
mation (Level 1) yields the largest improvement, with the
Youden index increasing from 0.791 (LO) to 0.841 (L1+). In
contrast, the phase-aware Level 2 formulation does not pro-
vide additional benefit for envelopes and slightly degrades
performance, indicating that deeper structural constraints are
not systematically advantageous for this family. Isolation For-
est methods exhibit a similar trend: while IF L2 achieves a
higher AUC (0.928), its Youden index decreases relative to
IF L1, reflecting an unfavorable trade-off between sensitivity
and false positives.

For the VAE family, performance consistently improves with

the depth of physics integration. Moving from Level 0 to
Level 2 yields progressive gains in both AUC and Youden
index, with the proposed PicVAE achieving the best overall
performance (AUC =0.951, J =0.854).

These results indicate that physics integration is most benefi-
cial when it is matched to the modelling paradigm. While
shallow integration (Level 1) effectively improves perfor-
mance across all method families, deeper structural integration
(Level 2) proves advantageous only when the model can ex-
ploit this information through an appropriate representation
and scoring mechanism as shown in Fig. 5. All results should
be interpreted in the context of the considered experimental
setting, notably the limited number of annotated anomalies.

0.759

Points Charac

Expert
Features

Envelope LO - | 0.791

Envelope L1 0.822

Envelope

Envelope L1+ 0.841

0.799

Envelope L2

IF LO - ‘ 0.773

IF L1 0.792

Isolation
Forest

IF L2 0.720

VAE LO - ‘ 0.802

VAE L1 0.833

VAE

VAE L2 0.854

0.64 0.68 0.72 0.76 0.80 0.84 0.88
Youden Index J

Figure 5. Youden index J by configuration. The effect of
physics integration depends on both the integration level and
the modelling approach: operational conditioning (Level 1) im-
proves performance across all method families, while deeper
structural integration (Level 2) leads to method-dependent
trade-offs.
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5.2. Detection by anomaly type

Figure 6 reports the recall achieved for each anomaly category
at the Youden-optimal operating point.
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Figure 6. Detection recall by anomaly type. The PicVAE
achieves perfect recall on blockages and excessive slowness,
and the highest recall on the Others category (0.80 vs. 0.40 for
the Characteristic Points baseline).

All configurations, except for the feature expert baseline, de-
tect core blockage events perfectly (recall = 1.0). These faults
induce large and abrupt deviations in the coil-current wave-
form, which are easily captured regardless of the underlying
modelling approach.

Differences between configurations emerge for more subtle
degradation patterns. For excessive slowness anomalies, most
data-driven methods achieve recall values between 0.85 and
0.92, while the PicVAE is the only configuration achieving
perfect recall (1.0). The Characteristic Points baseline reaches
arecall of 0.85, indicating that expert-defined rules alone may
miss some gradual degradation signatures (Fig. 6).

The largest variability across methods is observed for the
rare Others category. Recalls range from 0.40 for simpler
approaches (Characteristic Points, Envelope LO) up to 0.80 for
the PicVAE, corresponding to a twofold improvement. This
suggests that explicitly incorporating phase-aware physical
structure improves sensitivity to localized or atypical anoma-
lies that are difficult to capture with global or unstructured
representations. However, given the limited number of sam-
ples in this category, these differences should be interpreted
cautiously.

5.3. Interpretability through physics integration

Beyond quantitative metrics, the physics-informed architec-
ture provides inherent interpretability absent from data-driven
approaches. The phase segmentation identifies where in the
signal an anomaly manifests (e.g. the latch engagement phase
for mechanical degradation). The characteristic points indicate
which mechanical events are affected (e.g. delayed engage-
ment, reduced actuation force). The phase-weighted recon-
struction error quantifies the severity relative to physically
meaningful signal regions. This structured interpretability is

particularly relevant in industrial contexts, where maintenance
decisions require understanding the nature and origin of a
detected anomaly, not only its presence.

6. DISCUSSION
6.1. Practical guidance for physics integration

The experimental results demonstrate that progressive physics
integration is feasible across a wide range of modelling ap-
proaches and can improve anomaly-detection performance
when appropriately matched to the modelling paradigm and
the nature of the injected knowledge. Rather than advocating
a single optimal method, the proposed framework provides
practitioners with a structured way to reason about how do-
main knowledge can be incorporated into monitoring pipelines.
Based on the presented results, the following practical guide-
lines can be derived:

1. Start with a physics-only baseline when little or no train-
ing data are available. Expert-defined rules applied to
physically meaningful signal features provide immediate
monitoring capability and establish a reference perfor-
mance. In the considered case, this baseline achieved an
AUC of 0.913 without any learning.

2. Incorporate operational covariates that explain benign
variability unrelated to degradation, such as temperature
or equipment subtype. Level 1 integration, through stratifi-
cation or conditioning, proved effective across all method
families by improving performances.

3. Integrate structural physical knowledge with care. Level 2
allows all considered methods to exploit information
about the internal physical structure of the signal, such as
phase segmentation and diagnostic relevance. However,
the impact of this deeper integration depends on how the
method absorbs and uses this information. Simple ap-
proaches benefit from phase awareness at the scoring or
feature aggregation stage, whereas more flexible models
can incorporate it in an end-to-end manner.

4. Align integration depth with modelling goals. Deeper
physics integration does not systematically yield better
performance and may even be counterproductive when
the modelling mechanism is not well suited to exploit
structural constraints. Consequently, the desired level of
interpretability, robustness, and deployment complexity
should guide the integration strategy rather than maximiz-
ing integration depth alone.

These guidelines are transferable to other electromechanical
monitoring applications where domain knowledge is available,
such as motor current analysis, relay diagnostics, or actuator
monitoring.
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6.2. Limitations and future work

The presented evaluation is subject to several limitations. The
dataset originates from a single circuit breaker model with
two coil types (El Khoury et al., 2025). It includes a limited
number of annotated anomalous operations, which restricts the
statistical power of per-category analyses. As a result, differ-
ences between configurations—particularly for rare anomaly
types—should be interpreted cautiously.

Several research directions are currently under investigation
to address these limitations. Ongoing work focuses on validat-
ing the proposed methodology on additional endurance-test
campaigns and device variants, which will allow a more ro-
bust assessment of generalisation across operating conditions
and equipment designs. We also investigate the sensitivity of
the results to data availability, exploring different training-set
sizes and temporal subsampling strategies to derive practical
deployment guidelines for newly installed equipment.

Finally, extending the framework toward deeper and more
quantitative physics integration represents a key direction for
future work. This includes incorporating simplified electro-
magnetic or mechanical models as constraints or regularisation
terms, with the objective of further strengthening the inductive
bias while preserving applicability in industrial settings.

7. CONCLUSION

This paper introduced a structured methodology for progres-
sive physics integration in unsupervised anomaly detection
and applied it to medium-voltage circuit breaker coil current
monitoring. Three integration levels were defined and instanti-
ated across multiple modelling paradigms, complemented by
a purely physics-based reference derived from expert knowl-
edge.

The experimental results highlight that integrating physics is
not a one-size-fits-all process. While incorporating operational
covariates (Level 1) consistently improves detection perfor-
mance across all method families, deeper structural physics
integration (Level 2) yields benefits only when the modelling
approach can appropriately absorb and exploit this information.
In particular, phase-aware representation learning enabled the
proposed PicVAE to achieve the best overall performance
on the considered dataset, while simpler methods exhibited
trade-offs between sensitivity and false positives at the deepest
level.

Beyond performance, the proposed framework provides struc-
tured interpretability by linking detected anomalies to physi-
cally meaningful regions and events in the actuation sequence.
This capability is especially relevant in industrial settings,
where understanding the origin and nature of detected anoma-
lies is essential for maintenance decision-making.

Overall, the proposed three-level methodology offers a repro-

ducible and pragmatic template for incorporating qualitative
domain knowledge into data-driven monitoring systems. Fu-
ture work will validate these findings on additional endurance-
test campaigns and explore the integration of quantitative elec-
tromagnetic or mechanical models as inductive biases, broad-
ening the framework’s applicability across the wider class of
electromechanical monitoring problems.

NOMENCLATURE
AUC Area Under Curve
FPR False Positive Rate
IF Isolation Forest
J Youden Index
MV Medium-voltage
PicVAE  Physics-informed conditional VAE (or VAE L2)
ROC Receiver Operating Characteristic
TPR True Positive Rate
VAE Variational AutoEncoder
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