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Abstract

Compound faults in electric motors are difficult to diagnose because simultaneous-fault
recordings are scarce and fault multiplicity is unknown at inference. We propose a
compound-sample-free, cardinality-free framework for induction motors running con-
tinuously varying speed profiles at several load levels. Synchronized key-phase, triaxial
vibration and three-phase current signals are converted to order-domain representations
by anti-aliased computed order tracking, augmented by a band-pass envelope order spec-
trum and normalized with a scale-invariant, noise-floor-removed representation. Nine
fault primitives are evaluated by modality-specific experts, combined through physics-
regularized routing, and decoded by maximum a posteriori inference over 19 feasible
machine states. Six leave-one-speed-load-combination-out folds and three seeds evaluate
every held-out recording. Exact condition accuracy counts a recording as correct only
when the predicted set of fault primitives matches the true set exactly; exact compound
recovery applies the same criterion to the unseen compound recordings, requiring both
constituent primitives and nothing else. Without a fault-count prior, the pipeline reaches
76.7% and 45.7%, against 62.5% and 11.1% for a conventional order-domain front end and
59.2–62.0% and 0.0–2.5% for three re-implemented baselines. A source-domain modality-
selection control reduces compound recovery from 59.3% to 27.8%. Physically aligned
representation, sensing specialization and cardinality-aware decoding are therefore critical
to compositional motor-fault diagnosis.

Keywords: compound fault diagnosis; induction motor; computed order tracking; multimodal
sensor fusion; zero-shot learning; condition monitoring; variable-speed operation

1. Introduction
Induction motors are the dominant prime mover in industrial drive systems, and un-

planned motor failures propagate quickly into process downtime and secondary damage.
Modern condition-monitoring installations therefore acquire heterogeneous signals—most
commonly triaxial vibration and stator current—because mechanical and electrical degrada-
tion modes leave signatures in different physical channels [1–5]. Data-driven diagnosis of
such signals has developed rapidly [6–8], yet two practical circumstances remain poorly ad-
dressed: operation at continuously varying speed and load, and the simultaneous presence
of more than one fault.

Variable operation creates a representation problem. Any component tied to shaft
rotation moves in absolute frequency as the speed changes, so a fixed-time spectral rep-
resentation encodes the operating condition at least as strongly as the machine condition.
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Computed order tracking (COT) addresses this by resampling the measured signal at
uniform shaft-angle increments, which maps speed-synchronous components onto fixed
rotational orders [9,10]. COT is standard practice, but its correctness depends on a detail
that is frequently omitted in machine-learning pipelines: resampling to a fixed number
of samples per revolution is a decimation whose rate follows the instantaneous speed,
and it therefore requires a speed-tracking anti-alias filter. Section 3.4 shows that, for the
benchmark used here, omitting this filter causes more than 80% of the vibration energy at
1000 rpm to fold back into the analyzed order band at speed-dependent positions.

The second circumstance is the scarcity of compound-fault data. Conventional multi-
class formulations treat every combination of faults as an independent category, which
requires an observation of each combination of interest. The number of possible combi-
nations grows combinatorially, and deliberately inducing several simultaneous faults is
expensive and sometimes unsafe. Zero-shot and generalized zero-shot compound-fault
diagnosis therefore transfer information from single faults through semantic, attribute,
physical-information, or multi-output representations [11–25]. Recent generalized formula-
tions explicitly distinguish single from compound conditions rather than assuming that
a test sample is compound [21,24,25]. The remaining deployment question addressed
here is stricter: can the number and identity of coexisting faults be inferred jointly from
variable-speed motor data without semantic side information, generated compound sam-
ples, target-domain data, or a fault-count input to the decoder?

A third issue concerns multimodal fusion. Vibration and stator current are not uni-
formly informative across fault mechanisms. Rolling-element defects excite structural
resonances and are naturally observed in vibration [26], whereas supply-voltage imbalance
and inter-turn winding faults act directly on the electrical circuit [2,3]. Universal early or
latent fusion therefore risks interference rather than guaranteed complementarity [27,28].
The question that matters for compound diagnosis is not merely whether fusion helps on
average, but which sensing mechanism should provide the evidence for each constituent of
a fault combination that was never observed in training.

This paper takes these three issues together. Motor conditions are represented by nine
atomic fault primitives; evidence for each primitive is produced by a modality-specific
expert; the modality assignment follows fault physics but is refined by source-domain data;
and the final diagnosis is obtained by maximum a posteriori (MAP) inference over the set
of physically feasible machine states, which contains the healthy state, the nine single-fault
states and the nine admissible compound states. Because the healthy and single-fault states
are candidates, the decoder decides the number of coexisting faults itself. No compound
recording, real or synthetic, is used for training.

The principal empirical finding is that isolated-fault performance is a poor proxy for
compound-fault generalization, and that the gap becomes much larger when the fault-
count prior is removed. Under the conventional two-fault protocol, the proposed model
recovers 67.9% of compound pairs exactly. When the fault count is not supplied, the same
representation and routing decoded over feasible machine states recover 45.7% of unseen
compound recordings, whereas the same model with conventional front end B0 recovers
11.1% and the three comparison baselines recover 0.0–2.5%.

Each of the three obstacles is met by one specific component of the proposed pipeline,
and the correspondence is one-to-one. Order-domain aliasing under varying speed is
removed by the anti-aliased computed order tracking front end of Section 3.4, which
low-pass filters the record once per occupied speed bin before angular resampling so
that content above the angular Nyquist frequency can no longer fold into the retained
order band. The scarcity of compound recordings is addressed by the compositional
formulation of Section 3.3, in which training uses healthy and single-fault recordings only
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and a compound condition is expressed as a set of atomic primitives rather than as a class
of its own. The unknown number of coexisting faults is handled by the cardinality-free
MAP decoder of Section 3.8, which selects among 19 physically feasible machine states and
therefore returns the fault count as an output. The uneven informativeness of the sensing
modalities is handled by the physics-regularized routing of Section 3.7, which assigns the
evidence for each primitive to the modality in which its physical mechanism is expressed
instead of learning a single global fusion rule.

The contributions are:

1. Compound-fault diagnosis is formulated as compound-sample-free and cardinality-
free inference over nine atomic fault primitives, and is evaluated on every recording
of the held-out operating condition—healthy, single and compound alike.

2. An anti-aliased key-phase-guided COT front end is combined with a band-pass
envelope order spectrum and a scale-invariant, noise-floor-removed spectral repre-
sentation. Each component is ablated.

3. A physics-regularized primitive-specific routing of vibration, phase-current and
Clarke-current evidence is proposed, and is compared against uniform weighting,
freely learned weighting, and a source-domain-only modality selection control that
uses no target and no compound data.

4. Evaluation uses leakage-resistant leave-one-speed–load-combination-out folds, three
seeds, source-only probability calibration, and a decoder whose ontology is systemati-
cally weakened from 19 feasible states to 46 states to none.

5. Negative and limiting results are reported explicitly, including the compositions that
remain unsolved and the operating-envelope extrapolation limits.

2. Related Work
Condition monitoring of induction motors: Motor current signature analysis and

vibration monitoring are the two established routes to motor fault detection, and their rela-
tive sensitivity to broken rotor bars, eccentricity, bearing damage and stator winding faults
has been reviewed repeatedly [1–5]. Eccentricity in particular admits several competing
indicators whose observability depends on the sensing channel [29]. Data-driven diagnosis
has since become dominant [6–8], but most studies still evaluate a single sensing modality
at a small number of steady operating points.

Order-domain analysis under variable speed: Computed order tracking resamples a
measured signal at uniform shaft-angle increments so that speed-synchronous components
map onto fixed rotational orders [9,10]. Angular resampling driven by a tachometer or
key-phase reference is standard [10,30], and tacholess variants estimate the instantaneous
phase from the signal itself [31,32]. The angular resampling step is a speed-dependent
decimation, and the need to band-limit before it has been discussed in the order-tracking
literature [33]; it is nevertheless frequently omitted in learning-based pipelines. The present
work treats the anti-alias stage as part of the method and quantifies its effect on cross-
condition generalization.

Bearing diagnostics: Envelope demodulation of a high-frequency resonance band is
the standard route to rolling-element defect information [26], with the band commonly
selected by spectral kurtosis [34,35] and with cyclostationary formulations clarifying what
the envelope spectrum does and does not represent [36]. Benchmarks built on this practice
are widely used [37].

Compound-fault diagnosis without compound training data: A substantial body of
literature addresses compound faults that are absent from training. Attribute- and semantic-
embedding formulations transfer knowledge from single faults through a human-defined
description space [11–14]; label-description spaces [15], fault-semantics learning [16,17],
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semantic construction [18], broad zero-shot screening [19], semantic autoencoders [20],
physical-information semantics [21], cross-domain transfer [22], and multi-output decom-
position [23] have all been used for unseen compound conditions. More recent generalized
zero-shot formulations explicitly model the coexistence of seen single faults and unseen
compound faults by two-stage semantic decision rules [24] or semantic graph embedding
with multi-stage fusion [25]. The formulation adopted here differs in using no semantic side
information, no generated compound features, and no target-domain data, while making
the fault count an output of a physically feasible-state decoder under variable-speed and
variable-load operation.

Discarding semantic side information has consequences that go beyond convenience.
An attribute space has to be written down by an engineer, and the choice of attributes, their
granularity and their assumed independence are all judgments that are difficult to audit and
that differ between authors for the same machine. Recent surveys of zero-shot diagnosis
organize the field precisely along the axis of what auxiliary description is assumed [38],
and recent compound-fault formulations continue to depend on a hand-built attribute or
semantic space, whether it is refined by a pre-classifier and physical-information seman-
tics [21], weighted adaptively inside a semantic autoencoder [20], generated by a diffusion
model [39] or transferred across devices as fault attributes [40]. Any bias introduced at
that stage propagates into every downstream prediction, and it does so silently, because
the attribute space is usually reported as part of the problem definition rather than as
a modeling choice. A description that is accurate for one machine also transfers poorly:
attributes calibrated on one rating, mounting or sensor layout have to be rewritten for the
next installation, which is precisely the situation in which cross-domain generalization is
claimed. The formulation used here replaces the attribute space with two objects that are
already available in an industrial setting and can be checked independently of the model:
the physical mechanism that determines which sensing modality carries the evidence
for each primitive, and the maintenance history that determines which combinations of
primitives are physically admissible. Neither has to be tuned on data, and both can be
inspected and corrected by a maintenance engineer without retraining.

Multi-label formulation and expert-based fusion: Treating coexisting faults as a
multi-label rather than a multi-class problem follows established practice in multi-label
learning, including its evaluation measures [41,42]. Combining several specialized predic-
tors through a gating function dates back to mixtures of local experts [43] and has recently
been applied to multimodal machinery diagnosis, both to weight modalities and to tolerate
missing ones [28]. Multimodal domain-generalization methods fuse vibration, current
and acoustic channels and disentangle modality and domain factors for unseen working
conditions [27], and adversarial and transfer formulations remain common baselines for
cross-condition generalization [44,45]. Those methods seek a globally transferable fused
representation; the question addressed here is narrower and, for compositional diagnosis,
more consequential: which sensing mechanism should supply the evidence for each indi-
vidual fault primitive. Recent multimodal work on induction motors makes the same point
from the opposite direction: correlation-driven fusion of vibration, current, voltage, torque
and speed raises isolated-fault accuracy substantially, but the fusion weights are derived
from statistical dependence between channels rather than from the fault mechanism, and
the evaluation is confined to single faults [46].

Probability calibration: Because the decoder compares likelihoods across candidate
machine states, the per-primitive probabilities must be comparable. Temperature scaling is
used for this purpose [47]; here, it is fitted on source recordings only.
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3. Materials and Methods
3.1. Dataset and Data Audit

The MCC5-THU benchmark [48] provides synchronized key-phase, torque, triaxial
vibration and three-phase current measurements from a 2.2 kW induction motor sampled at
12.8 kHz. The speed-circulation subset used here contains 90 s recordings acquired under six
speed–load combinations, {20, 40} N·m × {1000, 2000, 3000} rpm, for 24 machine conditions:
healthy, 14 single-fault labels covering nine fault mechanisms with two severity levels
where available, and nine compound conditions. The curated recording layout and the
leave-one-speed–load-combination-out split are shown in Figure 1; compound-condition
cells are evaluation-only, and one complete operating-condition column is withheld in
each fold.

Figure 1. Curated benchmark. Twenty-four machine conditions across six speed–load combinations
give 143 recordings after one anomalous duplicate is excluded; the missing cell is marked. Compound
conditions (red) are never used for training, and one complete operating-condition column is withheld
in each fold. H and L denote the severe and slight fault severity grades, respectively.

The nominal 24 × 6 layout would contain 144 recordings. The audit found one
missing cell (bearing inner H at 20 N·m/3000 rpm) and one duplicated cell (two distinct
bearing outer H recordings at 20 N·m/3000 rpm, one of which has a markedly different
speed trajectory). The recording with the earlier timestamp is retained and the anomalous
duplicate is excluded, giving a curated benchmark of 143 recordings. No relabeling was
performed. One nomenclature caveat is stated explicitly: the condition distributed as
dynamic eccentricity is described in the dataset documentation as rotor unbalance induced
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by an added imbalance mass. The distributed label is retained throughout, and Section 4.4
compares all three sensing modalities for this primitive rather than assuming its assignment.

The consequences of this label mismatch can be bounded rather than merely noted.
If the excitation is a rotating unbalance force, its evidence is a first-order radial vibration
component; if it were a true dynamic eccentricity, the dominant signature would be a rotor-
slot and sideband pattern in the current. The two hypotheses therefore imply different
routing assignments, and the difference is measurable: Section 4.4 reassigns this primitive
to vibration and to phase current and compares both against the distributed Clarke-current
assignment, and both reassignments lower exact recovery from 0.593 to 0.537. Because the
same primitive appears in two of the nine compound compositions, the effect of a wrong
assignment is confined to those two compositions and to the routing weight of one of nine
primitives; the remaining eight primitives and seven compositions are unaffected. What
the mismatch does limit is interpretation rather than performance. Statements made in
this paper about the primitive labeled dynamic eccentricity should be read as statements
about the recorded condition, which is an added rotor imbalance mass, and not as evidence
about air-gap eccentricity in general. For the same reason, the recovery rates of the two
compositions containing this primitive should not be transferred to installations in which
eccentricity arises from bearing wear or misalignment.

he present study reanalyzes the publicly available MCC5-THU recordings; no new
experimental measurements were acquired. The test rig, sensing chain, and fault prepara-
tion described below refer to the original benchmark acquisition documented in the data
descriptor [48]. The rig comprises a 2.2 kW three-phase asynchronous motor (QABP-90L2,
two pole pairs, and a 0.5 mm single-side air gap), a torque sensor, a two-stage parallel
gearbox with the planetary stage removed, and a magnetic powder brake acting as the
load. The motor is equipped with 6205-2Z/C3 bearings (SKF, Gothenburg, Sweden) at
the drive and fan ends. Eight channels were acquired synchronously at 12.8 kHz: the
motor key-phase pulse; input-shaft torque (S2001 sensor, 100 mV/(N·m), 0.5% full scale);
triaxial acceleration at the motor drive end in the horizontal radial, axial and vertical radial
directions (TES001V accelerometers, 100 mV/g); and the three phase currents (i30s current
clamps; Fluke Corporation, Everett, WA, USA; 100 mV/A). Each run lasts 90 s. Faults were
introduced physically: raceway notches cut by laser to 0.2 mm width for the slight grade
and 0.6 mm for the severe grade at 0.5 mm depth, a shunt resistor across two winding
taps producing circulating currents of 5% and 10% of rated phase current, radial offsets
of 0.125 mm and 0.250 mm for static eccentricity, a 0.2 mm permanent shaft bend, three
consecutive rotor bars removed with compensating counterweights, and an imbalance mass
attached to the rotor shaft. The bearing geometry gives dimensionless defect frequencies
of 3.585 orders for the outer race, 5.415 orders for the inner race and 2.357 orders for the
rolling element; these values are used in Section 4.6. The recordings were acquired under
laboratory conditions, with temperature controlled within ±2 ◦C, as reported in the original
data descriptor [48].

The speed-circulation subset is not a set of steady operating points, and the nominal
speed label denotes the upper plateau of a prescribed speed profile rather than a constant.
Each 90 s run follows a continuous run-up to the nominal speed, a plateau, a step down to
an intermediate level, a second plateau, a step back up and a run-down, as the measured
shaft speed in Figure 2a shows. Measured over all 13,720 analysis segments, the median
segment speed within the nominal 1000 rpm recordings spans 414–991 rpm, within the
2000 rpm recordings 624–1990 rpm and within the 3000 rpm recordings 766–3000 rpm;
that is, 33% to 69% of the upper plateau. The mean absolute speed rate is 25 rpm/s at
the 1000 rpm setting and 64 rpm/s at the 3000 rpm setting, reaching 435 rpm/s during
the transitions. Only 63% to 72% of the segments are classified as steady by the criterion

https://doi.org/10.3390/machines14091032

https://doi.org/10.3390/machines14091032


Machines 2026, 14, 1032 7 of 29

of Section 3.9, so between 28% and 37% of the evaluation material is acquired while the
machine is accelerating or decelerating; Section 4.6 reports the diagnosis performance
separately for these regimes. The load is held at its nominal value within a run and is
varied only between runs, so the benchmark used here is non-stationary in speed and
multi-level, not continuously varying, in load. The complementary torque-circulation
subset of the same benchmark, in which torque varies continuously at fixed speed, is left
for future work.

Figure 2. Raw measurements of the speed-circulation subset, taken from the compound outer-race
plus inner-race bearing condition at 20 N·m. (a) Shaft speed recovered from the key-phase edges over
three complete 90 s acquisitions, one for each nominal speed setting; every run is a continuous run-up,
plateau, step and run-down cycle rather than a steady operating point. (b) Raw triaxial vibration and
(c) raw three-phase current over a short window of the 2000 rpm acquisition, taken at t = 12 s while
the machine is accelerating. (d) Short-time spectrum of the horizontal radial vibration of the same
acquisition, with the first shaft order overlaid; the speed-swept harmonic families are what order
tracking is required to stationarize. (e) Distribution of the median shaft speed of all 13,720 analysis
segments in the curated benchmark.

Table 1 summarizes the composition of the curated subset: the number of recordings
and of analysis segments for the healthy condition, for each single fault at each severity
grade and for each compound composition, together with their distribution over the six
speed-load combinations.
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Table 1. Composition of the curated MCC5-THU speed-circulation subset, giving for every machine
condition its severity grade, the number of 90 s recordings and the number of 16-revolution analysis
segments. Severity grades follow the data descriptor. The severe inner-race condition has five
recordings because one operating-condition cell is missing from the benchmark, and the compound
outer + inner condition yields eight fewer segments because one of its recordings admits only 88 valid
segments. Except for the missing severe inner-race cell, each condition is represented by one recording
at each of the six speed-load combinations.

Category Machine Condition Severity Recordings Segments

Healthy Healthy - 6 576
Single Bearing ball defect slight/severe 6/6 576/576
Single Bearing inner-race defect slight/severe 6/5 576/480
Single Bearing outer-race defect slight/severe 6/6 576/576
Single Static eccentricity slight/severe 6/6 576/576
Single Stator winding fault slight/severe 6/6 576/576
Single Voltage unbalance slight 6 576
Single Bent shaft - 6 576
Single Broken rotor bar - 6 576

Single Dynamic eccentricity
(rotor unbalance) - 6 576

Compound Bearing outer + inner race severe 6 568
Compound Broken bar + bearing inner severe 6 576
Compound Broken bar + bearing outer severe 6 576
Compound Dynamic ecc. + bearing inner severe 6 576
Compound Dynamic ecc. + bearing outer severe 6 576
Compound Static ecc. + bearing inner severe 6 576
Compound Static ecc. + bearing outer severe 6 576
Compound Winding fault + bearing inner severe 6 576
Compound Winding fault + bearing outer severe 6 576

3.2. Research Pipeline

Figure 3 summarizes the pipeline. Key-phase edges drive a speed-binned, anti-aliased
angular resampling; the vibration branch additionally carries a band-pass envelope or-
der spectrum. Primitive-wise evidence from the three experts is combined by physics-
regularized routing, and the diagnosis is decoded by MAP inference over the 19 physically
feasible machine states, so that the number of coexisting faults is an output. Training uses
healthy and single-fault recordings only.

 

Figure 3. Processing pipeline. Key-phase edges drive a speed-binned, anti-aliased angular resampling;
the vibration branch additionally carries a band-pass envelope order spectrum. Primitive-wise
evidence from the three experts is combined by physics-regularized routing, and the diagnosis is
decoded by maximum a posteriori inference over the 19 physically feasible machine states, so that
the number of coexisting faults is an output. Training uses healthy and single-fault recordings only.

https://doi.org/10.3390/machines14091032

https://doi.org/10.3390/machines14091032


Machines 2026, 14, 1032 9 of 29

3.3. Problem Formulation

Let a recording be described by a multi-hot vector y ∈ {0, 1}9 over the primitive
vocabulary P = {bearing ball, bearing inner race, bearing outer race, bent shaft, broken rotor
bar, dynamic eccentricity, static eccentricity, voltage unbalance, winding fault}. Healthy
recordings have ∥y∥0 = 0, single faults ∥y∥0 = 1 and compound faults ∥y∥0 = 2.

Training uses Dtrain = Dhealthy ∪ Dsingle only, so Dcompound ∩ Dtrain = ∅. Neither
real nor synthetic compound samples are used. At inference, the fault cardinality, ∥y∥0, is
not given. The decoder must return a member of the feasible state set defined in Section 3.8,
which includes the healthy and single-fault states.

The formulation places no upper bound on the number of coexisting primitives. The
decoder of Section 3.8 searches a set of admissible machine states, and states of three or more
simultaneous primitives can be added to that set without any change to the experts, to the
routing, or to the training procedure, because training never sees a compound recording in
the first place. What limits the present study is the benchmark: every compound recording in
the MCC5-THU speed-circulation subset contains exactly two primitives, so no measurement
is available against which a triple or higher-order combination could be scored. Multi-fault
inference beyond two primitives is therefore available in principle but is not validated here,
and the experimental conclusions of this paper are claimed only for two-fault combinations.

3.4. Anti-Aliased Key-Phase-Guided Order Tracking

Shaft revolutions are located from the rising edges of the key-phase signal using a
50% amplitude threshold and a 10 ms refractory interval. Each revolution is resampled
to 128 angular samples, and 16 consecutive revolutions with a hop of 8 revolutions form
one segment of 2048 angular samples. Segments are accepted when the median speed lies
between 200 and 3600 rpm and the intra-segment speed ratio does not exceed 1.65.

Resampling a 12.8 kHz record to 128 samples per revolution is a decimation by a factor
of 12,800/(128 fshaft), i.e., by 6, 3 and 2 at 1000, 2000 and 3000 rpm, respectively. Interpolating
directly from the time samples therefore folds all content above the angular Nyquist frequency,
64 fshaft, back into the analyzed band. Figure 4 quantifies this on the benchmark.

Figure 4. Fraction of signal energy that lies above the angular Nyquist frequency and, therefore,
folds back into the analyzed order band when a record is resampled to 128 samples per revolution
without anti-aliasing, plotted against shaft speed. Each curve is the mean over all 143 audited
recordings of the benchmark, and the shaded band is plus or minus one standard deviation across
those recordings. The two vibration channels lose the majority of their band to fold-back below about
1500 rpm, whereas the phase current is unaffected at every speed because its energy is concentrated
near the supply frequency.
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Averaged over all 143 audited recordings of the benchmark, the fraction of vibration
energy above the angular Nyquist frequency is 96.7% (x) and 94.5% (z) at 500 rpm, 93.7%
and 82.3% at 1000 rpm, and still 4.2% and 42.4% at 3000 rpm, whereas for the phase current,
it never exceeds 0.14% at any speed. The two vibration axes also differ from each other: the
horizontal radial channel clears the band by 2500 rpm, while the vertical channel still folds
back 58.6% of its energy at that speed, because the structural resonance it excites lies higher
in frequency. Aliasing is thus a vibration-specific problem whose severity depends on both
the speed and the channel, and the fold-back positions move with speed, reintroducing
exactly the operating-condition dependence that order normalization is meant to remove.
The proposed front end therefore groups segments into speed bins and low-pass filters
the record once per occupied bin with an eighth-order Butterworth filter whose cutoff is
0.45 × 128 × fshaft,min (57.6 orders) before angular interpolation.

The two hyper-parameters of this filter, the Butterworth order and the cutoff coefficient,
are set from the response requirement rather than tuned on diagnostic accuracy, and Table 2
reports both the design quantities and the resulting performance. The requirement has
two sides. The filter must leave the retained band up to 32 orders untouched, since that
is where the diagnostic content lies, and it must attenuate the angular Nyquist frequency
at 64 orders enough that what folds back is negligible against the noise floor. A cutoff
coefficient of 0.45 places the −3 dB point at 57.6 orders, which is 1.8 times the top of the
retained band and 0.9 times the angular Nyquist frequency; with an eighth-order filter
applied in the zero-phase forward-backward form this gives 0.00 dB at 32 orders and
−18.5 dB at 64 orders, averaged over 500–3000 rpm. Measured on real recordings, the
vibration energy above the angular Nyquist frequency falls from 95.8% of the total without
filtering to 0.15% with this setting. Varying the coefficient between 0.35 and 0.50 and the
order between 4 and 12 moves the residual fold-back over three orders of magnitude, from
below 0.001% to 2.2%, while exact pair recovery changes by at most 1.9 percentage points
and no setting is significantly better than another. The front end is therefore insensitive
to these choices over the useful range; what matters is that the filter is present at all, since
removing it entirely admits 95.8% fold-back and costs 3.7 percentage points (Table 3).
The proposed setting sits in the middle of this plateau and was chosen because it is the
widest cutoff that still keeps the measured fold-back below the 0.2% level while leaving the
retained band exactly flat.

Table 2. Sensitivity of the anti-aliasing front end to the Butterworth order and to the cutoff coefficient.
The two gain columns are the analytic magnitude response of the zero-phase forward-backward
filter at the top of the retained order band and at the angular Nyquist frequency, averaged over
500–3000 rpm. Residual fold-back is the measured share of vibration energy above the angular
Nyquist frequency after filtering, averaged over six recordings. Exact pair recovery is the mean over
six folds and three seeds under the protocol of Table 3; every setting other than the anti-alias filter is
held at the proposed configuration.

Butterworth
Order

Cutoff
Coefficient

Gain at 32
Orders (dB)

Gain at Angular
Nyquist (dB)

Residual
Fold-Back (%) Exact Pair

none (no
anti-aliasing) - 0.00 0.00 95.76 0.6420

4 0.45 −0.06 −11.42 2.164 0.6728
8 0.35 −0.03 −56.51 0.000 0.6728
8 0.40 0.00 −36.16 0.005 0.6852
8 0.45 (proposed) 0.00 −18.49 0.152 0.6790
8 0.50 0.00 −6.02 1.938 0.6914

12 0.45 0.00 −26.47 0.019 0.6914
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Table 3. Effect of the order-domain front end on compound-fault recovery under the conventional
protocol, in which the decoder is told that exactly two faults are present. All rows share the model,
the routing, the six leave-one-speed-load-combination-out folds and the three seeds, so each row
isolates one property of the representation. Exact pair is the fraction of the 54 held-out compound
recordings whose two constituents are both identified; ontology-free top-2 applies the same criterion
to the two highest-scoring primitives without the admissible-pair constraint, and the last column is
the difference between the two, that is the contribution of the ontology.

Front End Exact Pair (9-Pair
Ontology)

Constituent
Micro-F1

Ontology-Free
Top-2

Ontology
Contribution

Conventional front end B0 (1.0-order,
no anti-aliasing, absolute log

spectrum)
0.6481 ± 0.1334 0.8148 0.5494 +9.9 pp

0.25-order resolution only 0.7346 ± 0.1328 0.8673 0.6173 +11.7 pp
Proposed (anti-aliased COT +
envelope + scale-invariant) 0.6790 ± 0.1420 0.8395 0.6667 +1.2 pp

Proposed − anti-aliasing 0.6420 ± 0.1454 0.8210 0.5988 +4.3 pp
Proposed + zero-sequence retained 0.7099 ± 0.0944 0.8549 0.6975 +1.2 pp

Proposed with absolute log spectrum 0.7346 ± 0.0775 0.8673 0.6852 +4.9 pp

Throughout this paper, this is contrasted with a conventional front end, denoted B0,
that reproduces widespread practice on this type of data: direct angular interpolation
without anti-aliasing, order bins pooled to a resolution of one shaft order, absolute log-
magnitude spectra, retention of the zero-sequence current channel, and no envelope order
spectrum. B0 shares the segmentation, the model, the folds and the seeds with the proposed
configuration, so every comparison between them isolates the front end.

3.5. Envelope Order Spectrum

Rolling-element defect information is carried by impact-excited structural resonances
well above the retained order band. Following standard bearing-diagnostic practice [26,34,35],
a band-pass filter (1.5–6 kHz), Hilbert transform and mean removal produce the vibration
envelope, which is then passed through the same anti-aliased angular resampling. The
envelope order spectrum is concatenated with the raw order spectrum in the vibration
branch. Section 4.2 ablates this component.

3.6. Scale-Invariant Spectral Representation

For each channel and segment, the magnitude spectrum |X| is evaluated on a
0.25-order grid from 0.25 to 32 orders (128 bins) and transformed according to Equation (1):

S = log
(

1 +
|X|

RMSbins (|X|)

)
,

∼
S = S − medianbins (S) (1)

The first step removes the channel amplitude scale, which varies strongly with speed
and load; the second removes a uniform lift of the spectral floor. The Clarke branch
retains α, β and the space-vector modulus; the zero-sequence component is discarded,
because in a three-wire machine it is physically near zero—measured RMS is 0.55% of the
phase-current RMS—while additive sensor noise survives the (a + b + c)/3 combination at
σ/

√
3. Figure 5 shows the consequence: under 20 dB additive white Gaussian noise the

standardized features of the zero-sequence channel move by 116σ, against 3.4–3.7σ for α, β
and the space-vector modulus, and 0.02–0.09σ for the vibration channels. Removing the
zero-sequence channel and adopting the representation above reduces the branch-level
shift from 4.68σ (phase current) and 26.5σ (Clarke) to 0.81σ and 0.82σ.
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Figure 5. Sensitivity of the spectral representation to additive sensor noise at 20 dB. (a) Mean
standardized feature shift per channel; the zero-sequence channel moves by 116σ while the vibration
channels move by less than 0.1σ. (b) Branch-level shift for the representation of front end B0, for the
same representation after removing the zero-sequence channel, and for the proposed scale-invariant,
floor-removed representation.

Two groups of settings have to be distinguished before this representation is moved to
another machine or another dataset. The first group is dimensionless and transfers unchanged.
The order grid from 0.25 to 32 orders, the 16-revolution segment with an 8-revolution hop, the
128 samples per revolution, the anti-alias cutoff coefficient and the two operations of the
representation itself, division by the root-mean-square over the order bins and subtraction
of the median over the order bins, are all defined on the shaft-angle axis or on the spectrum
shape, so none of them depends on the motor rating, on the sampling rate or on where
the accelerometer is mounted. The quality-control thresholds on segment speed are of
the same kind once expressed relative to the machine’s speed range. The second group
is dimensional and has to be re-derived. The envelope band of 1.5–6 kHz is chosen to
contain the structural resonance excited by rolling-element impacts, which depends on
the mass and stiffness of the specific bearing housing and on the accelerometer mounting;
on a different machine it should be re-selected—for example, by spectral kurtosis or by a
hammer test—and the analysis bandwidth must in any case satisfy the sampling rate of the
new acquisition. The upper order limit of 32 is adequate here because the highest defect
frequency of interest is 5.4 orders and its harmonics decay before that limit; a gearbox or a
machine with a higher pole count needs a correspondingly wider grid, and the samples
per revolution must be raised with it so that the angular Nyquist frequency stays above
the retained band. Finally, the routing prior and the feasible-state set are properties of the
machine and of its maintenance history, not of the signal processing, and must be restated
for a new installation.

3.7. Primitive Experts and Physics-Regularized Routing

Following the mixture-of-experts principle [28,43], three matched-capacity encoders
process the vibration branch (raw + envelope order spectra), the phase-current branch and
the Clarke branch. Each encoder is a two-layer perceptron (128 and 96 units, LayerNorm,
GELU, dropout 0.12/0.08) followed by a nine-dimensional head, so every modality pro-
duces evidence for every primitive. The final logit for primitive j is given by Equation (2):

zj = ∑
m

gm,j zm,j, ∑
m

gm,j = 1, m ∈ {vibration, abc, Clarke} (2)
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The prior qj places 0.90 on the modality indicated by the fault mechanism (vibration
for the four mechanical primitives, phase current for broken rotor bar, winding fault and
voltage unbalance, Clarke current for the two eccentricity-labeled primitives) and 0.05 on
each of the others. The routing weights are initialized at qj and regularized toward it with
a weight of 0.04 while remaining trainable. Training minimizes a positive-weighted binary
cross-entropy on the fused logits plus 0.12 times the mean of the per-branch losses, with
AdamW [49] (lr 9 × 10−4, weight decay 2 × 10−4), batch size 256, gradient clipping at 5.0,
for 45 epochs.

3.8. Calibration and MAP Decoding over Feasible Machine States

Segment probabilities are averaged within a recording. Per-primitive temperature
parameters Tj are fitted by negative-log-likelihood minimization [47] on source recordings
only; neither target-condition recordings nor compound recordings are used. Calibrated
probabilities are

∼
p j = σ

(
logit

(
pj
)
/Tj

)
. The feasible state set is defined by Equation (3):

S19 = {0} ∪
{

ej
}9

j=1 ∪ {ea + eb : (a, b) ∈ A} (3)

where A is the set of nine compound compositions present in the machine’s maintenance
history. The diagnosis is then obtained by Equation (4):

ŝ = argmaxs∈S
9

∑
j=1

[
sjlog

∼
p j +

(
1 − sj

)
log

(
1 − ∼

p j

)]
(4)

Because the all-zero state and the single-fault states are candidates, the fault count
is an output rather than an input. Two weaker configurations are reported as controls:
S46, which admits all 36 unordered pairs, and an ontology-free rule ŷj = 1

[∼
p j ≥ τ

]
with τ

selected to maximize macro-F1 on source recordings.

3.9. Evaluation Protocol

Six folds are used; in each, all recordings of one speed–load combination are held out.
Training uses the healthy and single-fault recordings of the remaining five combinations.
Evaluation covers all recordings of the held-out combination—1 healthy, 13 or 14 single-fault
and 9 compound, 143 recordings in total across folds—and reports exact match over the nine
primitives, micro-F1, Jaccard index, and fault-count accuracy, following standard multi-label
evaluation practice [41,42]. Three random seeds are used, giving 18 independent training runs
per configuration. Statistical comparisons average seeds within a condition and then apply a
paired Wilcoxon signed-rank test and a condition-level bootstrap over the six folds.

For the analysis of operating regime, the criterion is defined as follows. Each
16-revolution segment carries the 16 instantaneous shaft speeds measured between its
consecutive key-phase edges, and two statistics are computed from them: the slope of a
least-squares straight line fitted to those speeds against time, expressed in rpm per second,
and their coefficient of variation, defined as the population standard deviation divided by
the mean. A segment is classified as steady when the absolute slope is below 25 rpm/s and
the coefficient of variation is below 0.025; otherwise it is classified as accelerating when the
slope is at least +25 rpm/s, and as decelerating in every remaining case. Applied to the
13,720 segments this gives 9349 steady (68.1%), 2065 accelerating (15.1%) and 2306 decel-
erating (16.8%), and the steady share ranges from 63.0% to 71.8% across the six operating
combinations. In 257 segments, 1.9% of the total and 11.1% of the decelerating class, the
coefficient of variation exceeds its threshold while the absolute slope does not: the speed
varies inside the segment but not monotonically, typically because the segment straddles a
turning point or a step of the speed profile, so a straight-line fit returns a small slope.
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For raw-signal robustness, additive white Gaussian noise is injected into the held-
out sensor waveforms before order tracking at 20, 10, 5, 0, −5 and −10 dB SNR. Three
independent noise realizations are drawn at each level, and each realization is evaluated
with all three independently trained checkpoints over the six folds, so the 54 measurements
available at each level span both training variability and noise-realization variability and
the confidence intervals reported in Section 4.5 are computed over them. Key-phase
robustness is evaluated by randomly dropping 1% or 5% of detected edges, inserting 1%
spurious edges, or adding zero-mean Gaussian timing jitter with a standard deviation of
0.1%, 0.5%, 1% or 2% of the mean revolution period. Because edge perturbations alter the
valid-segment list, each perturbed recording is evaluated by averaging over all of its valid
perturbed segments rather than reusing the clean positional segment indices.

All results reported in this paper were obtained from a single end-to-end re-execution
of the pipeline on Linux using Python 3.12.3, NumPy 2.4.4, pandas 3.0.2, SciPy 1.17.1, scikit-
learn 1.8.0, and PyTorch 2.13.0. Computation was performed on a CPU with one PyTorch
intra-op thread and one inter-op thread. Random seeds 0, 1, and 2 were run independently.
Generative-AI tools were used for exploratory code review, literature screening, and language
editing, but not to generate experimental data or replace the scripted analyses.

4. Results
4.1. Front-End and Representation Ablation

Table 3 reports the conventional protocol in which the decoder is told that two faults
are present, so that the effect of the front end can be isolated from the effect of removing
the fault-count prior.

Three observations follow from Table 3. First, restoring the native 0.25-order resolution
raises exact recovery by 8.7 percentage points relative to B0. Second, removing the speed-
tracking anti-alias filter from the proposed front end lowers exact recovery by 3.7 percentage
points. Third, retaining the zero-sequence channel or using the absolute spectrum does not
reduce clean-condition accuracy; the absolute-spectrum control is in fact higher on exact
pair recovery. The scale-invariant and zero-sequence-removal choices are therefore not
justified as clean-accuracy optimizers, but by their much smaller noise-induced feature
shift (Figure 5) and the robustness analysis of Section 4.5. The admissible-pair ontology
contributes only 1.2 points with the proposed front end, so the two highest unconstrained
primitives are already an admissible composition in almost every recording. Because
Table 3 supplies the fault count, it is reported as a controlled front-end ablation rather than
as the primary endpoint; the primary evaluation is the cardinality-free protocol in Table 4,
where the proposed pipeline achieves the highest overall exact-match accuracy, overall
micro-F1, fault-count accuracy, and compound exact-match accuracy.

Table 4. Diagnosis without a fault-count prior. Every recording of the held-out operating condition is
evaluated, healthy, single-fault and compound alike, and the decoder chooses among the 19 physically
feasible machine states so that the number of coexisting faults is an output rather than an input. Fault-
count accuracy is the fraction of recordings for which the predicted number of primitives is correct.

Method All Recordings,
Exact All, Micro-F1 Fault-Count

Accuracy
Compound,

Exact
Healthy + Single,

Exact

Flat multi-class + top-2
decomposition 0.5920 0.8202 0.5943 0.0247 0.9362

Semantic/attribute embedding 0.6105 0.8079 0.6105 0.0000 0.9810
Cross-talk multi-output 0.6199 0.8135 0.6223 0.0062 0.9923

Proposed routing + front end B0 0.6246 0.7745 0.6315 0.1111 0.9362
Proposed, without envelope

order spectrum 0.7314 0.8498 0.7661 0.3951 0.9370

Proposed (full) 0.7665 0.8810 0.8083 0.4568 0.9556
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4.2. Cardinality-Free Diagnosis

Table 4 is the main result. The fault count is not supplied; the decoder chooses among
the 19 feasible machine states, and every recording of the held-out condition is evaluated.

The three comparison methods reproduce the architectural principle of established
approaches within this protocol. They are re-implementations rather than the original
implementations, and are reported as such. All three separate healthy and single-fault
recordings almost perfectly (0.936–0.992), yet essentially never emit a two-fault decision, so
their compound exact-match ranges from 0.000 to 0.025. Their fault-count accuracies are
close to their overall exact-match accuracies, while exact recovery of compound recordings
remains near zero. These results indicate that failure to infer fault multiplicity is a major
limitation of the comparison methods under the cardinality-free protocol.

Against front end B0, the proposed pipeline improves overall exact match by +0.142
(95% condition-level bootstrap interval +0.111 to +0.176, Wilcoxon p = 0.0312) and com-
pound exact match by +0.346 (+0.259 to +0.414, p = 0.0312); fault-count accuracy rises from
0.6315 to 0.8083. The improvement is positive in all six held-out speed-load combinations
(Table 5).

Table 5. Per-condition results of the paired comparison between the proposed front end and front
end B0 under cardinality-free decoding, averaged over the three seeds. Each row is one held-out
speed-load combination, so the six rows are the six folds of the leave-one-combination-out protocol.

Held-Out
Combination

Proposed, All
Exact B0, All Exact ∆

Proposed,
Compound B0, Compound

20 N·m–1000 rpm 0.819 0.653 +0.167 0.519 0.074
20 N·m–2000 rpm 0.806 0.639 +0.167 0.481 0.148
20 N·m–3000 rpm 0.710 0.609 +0.101 0.259 0.111
40 N·m–1000 rpm 0.792 0.681 +0.111 0.481 0.148
40 N·m–2000 rpm 0.722 0.625 +0.097 0.593 0.185
40 N·m–3000 rpm 0.750 0.542 +0.208 0.407 0.000

Comparing the last two rows of Table 4 isolates the envelope order spectrum, which
contributes +3.5 percentage points overall and +6.2 percentage points in compound record-
ings. Figure 6 summarizes Table 4 graphically.

Figure 6. Diagnosis without a fault-count prior, evaluated on every recording of the held-out
operating condition. The three comparison methods separate healthy and single-fault recordings
well but essentially never emit a two-fault decision.
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4.3. Decoder Ablation

To separate the contribution of the state ontology from that of the representation and
routing, Table 6 compares source-selected threshold decoding, unrestricted 46-state MAP
decoding, and the proposed 19-state feasible-state MAP decoder.

Table 6. Effect of the state ontology on cardinality-free diagnosis with the proposed front end. The
three decoders receive identical calibrated primitive probabilities and differ only in how a machine
state is selected from them: an independent threshold fitted on source recordings, maximum a
posteriori inference over all 46 states formed by the healthy state, the nine single faults and all pairs,
and maximum a posteriori inference restricted to the 19 physically feasible states.

Decoder All Exact Compound
Exact

Fault-Count
Accuracy

Threshold τ selected on
source data 0.7114 0.4383 0.7510

46-state MAP (healthy +
singles + all pairs) 0.7526 0.4568 0.7990

19-state MAP (feasible states) 0.7665 0.4568 0.8083

Narrowing the ontology from 46 to 19 states leaves compound recovery unchanged at
0.4568 and improves overall exact match by 1.4 percentage points. The performance there-
fore originates primarily in the representation and routing rather than in prior knowledge
of the admissible compositions.

The decoder searches a finite set of machine states, so its behavior on a combination
that the set does not contain has to be characterized rather than assumed. This was
measured directly: for every held-out compound recording, the true composition was
deleted from the 19-state set and the decoder was re-run, which reproduces the situation of
a genuinely novel combination, over 162 recording decisions. The degradation is graceful
in one respect and misleading in another. In 95.7% of cases, the returned state still contains
at least one true constituent, and in 84.6%, the decoder retreats to a single fault that is a
subset of the truth rather than asserting a different pair; a wrong pair is returned in 13.0%
of cases and the healthy state in 2.5%. Mean constituent recall is 0.478, so on average,
one of the two faults survives. What does not degrade gracefully is the decoder’s own
confidence. The median log-likelihood margin between the best and the second-best state
rises from 1.04 with the true state present to 1.80 with it removed, because deleting the
correct explanation also removes its closest competitor. The margin is therefore not a
novelty detector, and a large margin cannot be read as evidence that the returned state
is right. This is an intrinsic limitation of structured decoding over a closed state set: the
decoder can be wrong confidently, and it has no way to express that none of its states fits.
Detecting a genuinely unlisted combination requires a signal outside the decoder, such as
an explicit open-set score or an absolute likelihood threshold, and is not solved here.

4.4. Where the Modality Assignment Comes From

To test whether the primitive-to-modality assignment can be recovered from source-
domain performance alone, Table 7 compares the proposed physics prior with source-
selected and dynamic-eccentricity reassignment controls.

The source-only control holds out one source condition as an inner validation domain,
trains a single-modality expert per branch, and assigns each primitive to the modality with
the highest validation average precision. It uses no target condition and no compound
data. It agrees with the physics prior for only four of the nine primitives, namely the
three bearing primitives and the bent shaft. Broken rotor bar, dynamic eccentricity, static
eccentricity and winding fault are instead all assigned to vibration, whose source-domain
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average precision is high for the isolated-fault task, and voltage unbalance is assigned to
the Clarke branch. Compound recovery nevertheless falls from 0.5926 to 0.2778.

Table 7. Routing controls evaluated on front end B0 over six folds with one seed. All four config-
urations share the same features, the same folds and identical one-hot weighting, and differ only
in where the primitive-to-modality map comes from: a source-domain average-precision criterion,
two reassignments of the dynamic-eccentricity-labeled primitive, and the proposed physics prior.

Assignment Exact
Pair Ontology-Free Top-2

Source-domain validation AP selection 0.2778 0.1852
Physics prior, dynamic eccentricity → vibration 0.5370 0.4630

Physics prior, dynamic eccentricity → phase current 0.5370 0.4815
Physics prior as proposed 0.5926 0.5000

The reason is visible in the source-domain average precisions themselves: vibration is
sufficient to separate every isolated fault, so a criterion based on isolated-fault performance
cannot distinguish sufficiency from compositional transferability. The physics prior resolves
an underdetermination that the source task leaves open.

The dynamic-eccentricity controls also settle the nomenclature caveat of Section 3.1
empirically: reassigning that primitive to vibration or to the phase current lowers exact
recovery from 0.593 to 0.537 in both cases, so the Clarke-current assignment is retained
on measured grounds rather than on the strength of its label. These four assignments are
compared in Figure 7.

Figure 7. Effect of the source of the modality assignment on compound recovery. All four con-
figurations share the same one-hot weighting, the same features and the same folds; only the
primitive-to-modality map differs.

The routing weights are initialized at the physics prior and then updated under an
L2 penalty toward that prior, so two contributions are conflated: the prior itself and the
subsequent data-driven adjustment. Table 8 separates these contributions using two addi-
tional controls. In the frozen control, the weights are held at the smoothed physics prior
for the whole of training and are never updated; in the free control, they are initialized
uniformly and trained without any penalty, so the assignment is learned entirely from
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source data. Freezing the weights costs 0.5 percentage points of overall exact accuracy and
gains 1.9 percentage points of compound recovery, neither of which is significant (Wilcoxon
signed-rank over 18 paired runs, p = 0.72 and p = 0.20). The learned weights explain why:
they move from 0.90 to 0.92 on the modality named by the prior and reproduce the prior
assignment for all nine primitives, so the trainable gate is doing almost nothing. Removing
the prior instead is decisive. The freely learned gate converges to a nearly uniform mixture,
0.42 on vibration against 0.28 and 0.29 on the two current branches, agrees with the physics
assignment for only five of nine primitives, and loses 38.9 percentage points of compound
recovery (p = 0.0002); fixed uniform weighting loses 42.0 points. Essentially all of the benefit
of the routing mechanism is therefore attributable to the physical prior and essentially none
of it to the data-driven refinement.

Table 8. Separate contributions of the physics prior and of the trainable gate to the routing mechanism,
on the proposed front end over six folds and three seeds. The first three columns use the cardinality-
free protocol of Table 4; the last column uses the conventional protocol of Table 3, in which the
decoder is told that two faults are present. The p-values are Wilcoxon signed-rank tests against the
proposed configuration over the 18 paired runs.

Routing Weights All Recordings,
Exact Compound, Exact Fault-Count

Accuracy
Exact Pair (Count

Supplied)

Physics prior,
initialized and

trained (proposed)
0.7665 0.4568 0.8083 0.6790

Physics prior, frozen
throughout training 0.7619 0.4753 (p = 0.20) 0.8013 0.6667

Uniform, frozen 0.6061 0.0370 (p = 0.0002) 0.6061 0.7222
Freely learned, no

physics prior 0.6385 0.0679 (p = 0.0002) 0.6431 0.7593

One observation from the same experiment is worth recording because it is easy to
misread. Under the conventional protocol of Section 4.1, in which the decoder is told
that two faults are present, the freely learned gate reaches 0.7593 exact pair recovery and
uniform weighting reaches 0.7222, both above the proposed routing. The ordering reverses
completely once the fault count is withheld. An unspecialized mixture produces evidence
that ranks the two true primitives highly but is not calibrated well enough for the decoder
to prefer a two-fault state over a single-fault state, which is invisible when the cardinality
is supplied and fatal when it is not. This is the same effect that separates the comparison
methods in Table 4 from the proposed pipeline, and it reinforces the central argument of
this paper: a protocol that supplies the fault count can rank methods in the opposite order
to a protocol that does not.

4.5. Robustness and Deployment Behavior

Additive sensor noise: Table 9 applies additive white Gaussian noise to the raw time-
domain sensor signals of the held-out compound recordings before order tracking, which
is the physically meaningful injection point because the corruption then passes through
key-phase detection, angular resampling and envelope demodulation exactly as a real
sensor fault would. Three independent noise realizations are evaluated at each of six SNR
levels (20, 10, 5, 0, −5, and −10 dB), using three trained checkpoints over six folds, giving
324 evaluations in total. Table 9 reports 95% confidence intervals over folds, model seeds,
and noise realizations. The spread between realizations is not negligible: the mean of a
single realization differs from the mean of another by up to 8.6 percentage points at the
same signal-to-noise ratio, which is of the same order as several of the ablation effects
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reported elsewhere in this paper. Single-realization robustness figures should be treated as
point estimates with that uncertainty attached.

Table 9. Exact compound-pair recovery of the proposed pipeline under additive white Gaussian
noise injected into the raw time-domain sensor signals before order tracking. Three independent
noise realizations per level, each evaluated with three trained checkpoints over six folds, give 54 mea-
surements per level; the bracketed interval is a 95% confidence interval over those measurements.
Retention is the mean exact rate divided by the clean value in the first row. SNR, signal-to-noise ratio;
CI, confidence interval.

SNR Exact Pair (95% CI) Micro-F1 Retention vs. Clean

clean 0.6790 0.8395 100.0%
20 dB 0.4136 [0.3752, 0.4519] 0.7068 60.9%
10 dB 0.2407 [0.2078, 0.2737] 0.6204 35.5%
5 dB 0.2531 [0.2271, 0.2791] 0.6255 37.3%
0 dB 0.2202 [0.1854, 0.2549] 0.5998 32.4%
−5 dB 0.1790 [0.1448, 0.2133] 0.5401 26.4%
−10 dB 0.1811 [0.1515, 0.2106] 0.5000 26.7%

Three features of the curve matter. The pipeline is substantially sensitive to broadband
raw-signal corruption: exact pair recovery falls to 0.41 at 20 dB, which is 61% of the clean
value, and the informative part of the degradation is concentrated between 20 dB and 10 dB
rather than below it. Performance then saturates rather than collapsing. Between 10 dB and
−10 dB, the exact rate stays between 0.18 and 0.25 and constituent micro-F1 stays between
0.50 and 0.63, and even at −10 dB, where the noise power is ten times the signal power, the
exact rate of 0.18 remains above the 0.11 expected from a uniformly random choice among
the nine admissible pairs. The residual skill comes from the current branches, which are
band-limited and therefore lose a smaller fraction of their in-band energy to broadband
noise than the vibration branch does. The practical reading is that the operating margin
of this pipeline against broadband sensor corruption lies above roughly 20 dB; below it
the diagnosis retains some information but is no longer trustworthy at the recording level.
This is also the point at which the acquisition conditions of the benchmark matter, since the
recordings were made in a laboratory with low electromagnetic interference [48] and an
industrial installation would start from a poorer signal-to-noise ratio.

Key-phase perturbation: Table 10 tests missed pulses, false pulses and timing jitter
in the shaft reference. Drop and false-edge rates are percentages of detected key-phase
edges; jitter is the Gaussian timing standard deviation expressed as a fraction of the
mean revolution period. Because edge perturbation changes the valid-segment list, each
perturbed recording is scored over all of its valid perturbed segments, whereas the clean
pipeline uses the balanced subsample of the frozen segment index. The rows of Table 10
are therefore comparable with one another but not with the clean value of 0.6790 in Table 3.
Read within Table 10, exact pair recovery is essentially flat from 0.1% to 1% timing jitter and
across 1–5% edge drops and 1% false edges, and falls sharply to 0.5123 at 2% jitter. The edge-
drop rows should not be read as robustness in the ordinary sense: quality control removes
the segments whose intra-segment speed ratio is corrupted by a merged revolution, so a 5%
drop rate leaves only 130.6 valid segments per recording against 298.2 for the jitter cases.
Quality control converts degradation into discarded data rather than into wrong answers,
which is the desirable behavior but is not the same as tolerating the perturbation.
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Table 10. Key-phase perturbation robustness of the proposed pipeline. Rows are mutually comparable
but are not comparable with the clean values in Table 3, because perturbed recordings are scored over
all valid perturbed segments rather than over the balanced subsample of the frozen segment index.
The last column reports the mean and range of the number of segments that survive quality control.

Perturbation Exact Pair Micro-F1 Mean Valid
Segments/Record

1% edge drop 0.6790 ± 0.1420 0.8395 248.5 (68–388)
5% edge drop 0.6852 ± 0.1488 0.8426 130.6 (36–209)
1% false edges 0.6914 ± 0.1403 0.8457 254.5 (76–402)

0.1% timing jitter 0.6914 ± 0.1403 0.8457 298.2 (88–469)
0.5% timing jitter 0.7469 ± 0.0638 0.8735 298.2 (88–469)
1% timing jitter 0.6914 ± 0.0898 0.8457 298.2 (88–469)
2% timing jitter 0.5123 ± 0.1214 0.7531 298.2 (88–469)

Sensor and modality loss: Table 11 removes branches at inference time and renor-
malizes the routing weights over the remaining modalities. Removing vibration is the
most damaging: ontology-free top-2 recovery falls from 0.6667 to 0.0556. Removing the
Clarke branch lowers exact recovery from 0.6790 to 0.5494, a loss of 13.0 percentage points.
Removing the phase-current branch, however, increases exact recovery to 0.7469.

Table 11. Inference with missing sensors. Branches are removed at inference time from the proposed
trained pipeline, and the routing weights are renormalized over the modalities that remain, so no
retraining is involved, and each row measures how much of the diagnosis survives the loss of a
sensing channel.

Available Branches Exact Pair Micro-F1 Ontology-Free Top-2

all three 0.6790 ± 0.1420 0.8395 0.6667
vibration + Clarke (no phase current) 0.7469 ± 0.1653 0.8735 0.7469
vibration + phase current (no Clarke) 0.5494 ± 0.1042 0.7747 0.5370

vibration only 0.6728 ± 0.1399 0.8364 0.6543
current only (no vibration) 0.3333 ± 0.1476 0.6296 0.0556

This asymmetry is consistent with the branch ablation pattern across folds and seeds:
with the proposed representation, the phase-current branch is largely redundant with
the Clarke branch, and the two-branch configuration (vibration + Clarke) is the stronger
deployment choice in this benchmark. The three-branch model is retained as the main
configuration because the routing prior is defined over all three representations and because
the phase-current branch carries direct electrical evidence for several primitives, but the
claim that all three sensing representations are individually necessary is not supported by
these data.

The scope of this conclusion needs to be stated precisely because it is easy to over-
generalize. What the experiment shows is that in this benchmark, with these nine primitives
and this sensor layout, the phase-current branch is redundant given the Clarke-transformed
current: the Clarke branch is a linear function of the same three phase currents and retains
the components that separate the electrical primitives present here, so the extra branch
adds parameters and correlated inputs without adding information. It does not follow,
and is not claimed, that phase-current measurement is unnecessary for motor compound-
fault diagnosis in general. Phase quantities carry information that the Clarke transform
discards by construction, specifically the per-phase asymmetry that identifies which phase
is affected. Faults whose signature is precisely that asymmetry, such as inter-turn short
circuits localized to one phase, supply-voltage unbalance, an open phase, connection
or contactor faults, and unbalanced cable impedance, are naturally diagnosed from the
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individual phase currents, and severity estimation for those faults generally requires them.
The benchmark includes slight and severe winding-fault grades, whereas voltage unbalance
is represented only at the slight grade. The finding should be read as an argument for
auditing modality redundancy on the fault set at hand, not as a recommendation to remove
phase-current sensing.

Operating-envelope extrapolation: Table 12 removes an entire speed or an entire load
level from training, which is strictly harder than the leave-one-combination protocol.

Table 12. Entire-level holdout, in which one complete speed level or one complete load level is
removed from training, which is strictly harder than the leave-one-combination-out protocol used
elsewhere. Values are exact pair recovery over three seeds for both front ends.

Level Withheld Entirely Front End B0 Proposed

1000 rpm 0.4444 ± 0.0556 0.7778 ± 0.0962
2000 rpm 0.7407 ± 0.1156 0.7222 ± 0.0000
3000 rpm 0.4444 ± 0.1470 0.7222 ± 0.0000
20 N·m 0.2469 ± 0.0428 0.5556 ± 0.0370
40 N·m 0.3827 ± 0.0214 0.4815 ± 0.0370

Front end B0 shows a pronounced asymmetry between speed levels: withholding the
intermediate level gives 0.741, while withholding either boundary level gives 0.444. Such a
pattern is ordinarily read as the difference between interpolating within the observed speed
range and extrapolating beyond it. With the anti-aliased front end the three speed-level
results fall within a much narrower range, 0.722 to 0.778, consistent with the interpretation
that much of the earlier asymmetry arose from speed-dependent spectral fold-back rather
than an intrinsic limit on extrapolation: the decimation ratio, and therefore the amount of
aliased energy, is largest at the lowest speed and smallest at the highest. Load extrapolation
remains the harder case, because the benchmark provides only two load levels so that
withholding either is always an extrapolation, but it improves from 0.247 and 0.383 with B0
to 0.556 and 0.482 with the proposed front end.

The asymmetry between speed and load extrapolation has a physical explanation
and is not merely a numerical observation. Order normalization is exact for the effect of
speed: a change in shaft speed rescales the time axis, and resampling at uniform shaft-angle
increments removes that rescaling, so a speed level that was not trained on differs from
the training levels mainly in the position of the structural resonances relative to the order
axis. Load is not removed by any such transformation. Raising the torque increases the
stator current and the slip, shifts the operating point on the magnetization curve, and raises
the radial bearing reaction force. These changes affect the amplitudes and, for some fault
signatures, the order-domain locations of the components: the rolling-element impact force
scales with the contact load, so the envelope order amplitudes of the raceway defects grow
with torque; the slip-dependent sideband spacing of the broken-bar signature moves with
load; and the eccentricity-related components scale with the radial magnetic pull, which
itself depends on the flux level. The scale-invariant representation of Section 3.6 removes
the channel-wide gain but not these relative changes between components, so a held-out
load level presents the classifier with a feature distribution that is shifted along directions
the training set never spanned. With only two load levels in the benchmark, withholding
one leaves a single level for training and no basis on which the load dependence could be
interpolated, which is why load extrapolation is the harder of the two settings and why its
result should be read as a bound on the operating envelope rather than as a property of
the method.
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4.6. Operating Regime and Error Structure

To determine whether the remaining errors are associated with transient operation,
Table 13 stratifies compound recovery by steady, accelerating, and decelerating regimes.

Table 13. Compound recovery of the proposed pipeline stratified by operating regime, with the fault
count not supplied. Segments are assigned to the steady, accelerating or decelerating regime by the
speed criterion of Section 3.9, and each recording is scored using only the segments of that regime.

Regime Proposed, Compound Exact Proposed, Micro-F1

Steady 0.5085 0.8057
Accelerating 0.3580 0.7682
Decelerating 0.3272 0.7462

Within the final proposed pipeline, steady-speed plateaus are the most informative
(0.5085 compound exact, micro-F1 0.8057), while accelerating and decelerating intervals
are harder and similar (0.3580 and 0.3272 exact, respectively). This indicates that the
cardinality-free compound decision remains sensitive to transient operating regimes even
after order normalization. To localize the residual compositional failures, Table 14 further
breaks exact recovery down by the nine unseen compound compositions.

Table 14. Exact recovery of the proposed pipeline for each of the nine unseen compound compositions,
with the fault count not supplied, ordered from the hardest composition to the easiest. Each value
is the mean over six folds and three seeds of the fraction of that composition’s recordings whose
two constituents are both identified and nothing else is added.

Composition Exact

bearing inner + bearing outer 0.000
bearing outer + dynamic eccentricity 0.111
bearing inner + dynamic eccentricity 0.167

bearing inner + broken rotor bar 0.500
bearing inner + winding fault 0.500

bearing outer + static eccentricity 0.556
bearing outer + winding fault 0.667

bearing inner + static eccentricity 0.722
bearing outer + broken rotor bar 0.889

Figure 8 visualizes the same composition-wise results, highlighting the strong recovery
of several cross-subsystem pairs and the unresolved simultaneous inner-race and outer-race
bearing defects.

The composition that is never recovered is the one in which both primitives belong to
the same bearing, and the mechanism can be identified from the measurements rather than
left to discussion. Two effects act together. The first is spectral. With the bearing geometry
of this rig, the outer-race and inner-race defect frequencies are 3.585 and 5.415 orders, and
the inner-race component is amplitude-modulated at shaft rate so that it appears together
with sidebands at plus and minus one and two orders. On the 0.25-order grid used here,
four of the eight outer-race harmonics inside the retained band fall in a bin that is also
occupied by an inner-race harmonic or one of its sidebands; the third outer-race harmonic
at 10.755 orders and the second inner-race harmonic at 10.830 orders are separated by
0.075 order, less than half a bin. Half of the outer-race evidence is therefore not separable
from inner-race evidence at this resolution. The second effect is a consequence and is visible
in the model output. For each primitive, the calibrated evidence it receives when it occurs
alone can be compared with the evidence it receives inside a compound. Averaged over
folds and seeds, the outer-race primitive attains probability 0.999 on its own single-fault
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recordings and 0.025 when an inner-race defect is also present, a suppression of 0.975,
whereas the inner-race primitive falls only from 1.000 to 0.687 in the same recordings.
The stronger and denser inner-race sideband family masks the outer-race comb, and not
the reverse. Across all nine compositions, the mean suppression is 0.644 within one
subsystem against 0.182 across subsystems, and suppression is negatively correlated with
exact recovery (Pearson r = −0.64). Compound faults that span two subsystems are
recovered well because their evidence is carried by different modalities and different order
families; compound faults inside one subsystem compete for the same evidence, and the
weaker signature is extinguished.

Figure 8. Exact recovery per compound composition for the proposed pipeline and the conventional
front end B0. Simultaneous inner- and outer-race defects remain unrecovered. Abbreviations: stat.
ecc., static eccentricity; dyn. ecc., dynamic eccentricity.

4.7. Computational Cost

Online deployment is limited by the cost of the signal path, not by the cost of inference.
Table 15 reports the measured time of every stage on a single CPU core with no GPU, for a
complete 90 s six-channel recording that yields 469 analysis segments. The whole path from
raw samples to a decoded machine state takes 1.93 s, a real-time factor of 46.5, and the mean
cost per segment is 4.1 ms. Inference accounts for 0.2% of that total: the routed model has
270,902 parameters, occupies 1.08 MB in single precision, and takes 7.9 microseconds per
segment, against 5.2 for a vibration-only expert of matched capacity and 8.0 for early fusion,
so the routing structure costs essentially nothing relative to a single fused encoder. The
signal path dominates and is itself dominated by two operations: the speed-binned anti-
aliased resampling at 51% of the total and the band-pass and Hilbert envelope path at 42%.
Both are the computational costs of the two front-end components whose contributions are
quantified in Tables 3 and 4, and both are ordinary filtering operations that parallelize over
channels and over speed bins. A single core therefore processes about 46 machines in real
time in this configuration; on a continuous monitoring installation, the practical constraint
is the 16-revolution segment itself, which at 1000 rpm corresponds to a decision latency of
about 1 s of acquisition, an order of magnitude above the processing time.

https://doi.org/10.3390/machines14091032

https://doi.org/10.3390/machines14091032


Machines 2026, 14, 1032 24 of 29

Table 15. Measured cost of each stage of the deployed path on a single CPU core with no GPU, for
one complete 90 s six-channel recording that yields 469 analysis segments. Shares are of the total
excluding the file read. The real-time factor is the duration of the signal divided by the time taken to
process it.

Stage Time (s) Per Segment (ms) Share (%)

Key-phase edge detection 0.025 0.054 1.3
Segment quality control <0.001 0.001 0.0

Anti-aliased angular resampling 0.991 2.114 51.2
Band-pass, Hilbert envelope and

resampling 0.821 1.750 42.4

Order spectra of all branches 0.094 0.200 4.9
Expert inference, whole recording 0.003 0.006 0.2

MAP decoding <0.001 <0.001 0.0
Total (real-time factor 46.5) 1.935 4.125 100.0

5. Discussion
Isolated-fault performance does not predict compositional generalization, and the

conventional protocol conceals the size of the gap. Every configuration examined here
separates isolated faults well, yet compound recovery under cardinality-free decoding
ranges from 0.000 to 0.457 across the methods in Table 4. Reporting isolated-fault accuracy,
or compound accuracy with a fault-count prior, therefore overstates deployability.

The fault-count prior, not the composition ontology, carries much of the conventional
protocol. With front end B0, compound recovery falls from 0.6481 under the supplied-
two-fault protocol to 0.1111 when the decoder must also decide how many faults are
present; with the proposed front end, it falls from 0.6790 to 0.4568. In contrast, weakening
the composition ontology from 19 to 46 states leaves compound recovery unchanged at
0.4568. Evaluations of compound diagnosis should therefore state explicitly whether fault
multiplicity is supplied.

Modality specialization must come from physics because the source task cannot supply
it. Vibration attains source-domain average precisions of 0.795–0.968 for every primitive,
so a data-driven selection criterion routes almost everything to vibration and compound
recovery collapses. The point is not that current measurements are intrinsically superior
for those primitives, but that the evidence they provide is what survives superposition
with a bearing defect. Section 4.4 sharpens this: freezing the physics prior costs nothing
measurable, whereas removing it costs 38.9 percentage points of compound recovery, so
the benefit is attributable to the prior and not to the trainable gate.

Sensor necessity is not symmetric, and the phase-current branch is redundant in this
benchmark. Removing vibration reduces ontology-free top-2 recovery from 0.6667 to 0.0556,
whereas removing the phase-current branch increases exact recovery from 0.6790 to 0.7469.
Removing the Clarke current instead lowers exact recovery to 0.5494. Thus, a two-branch
deployment, vibration plus Clarke, is both smaller and slightly more accurate here. This
does not weaken the routing argument, which concerns which representation supplies the
evidence for each primitive, but it does mean that a claim of joint necessity for all three
representations would be unsupported.

The residual failures are concentrated within one physical subsystem. Simultaneous
inner- and outer-race defects are never recovered exactly, and the two compositions pairing
a bearing defect with the dynamic-eccentricity-labeled condition are recovered in at most
17% of recordings. Section 4.6 identifies the mechanism: half of the outer-race harmonics
share a 0.25-order bin with an inner-race component, and the outer-race evidence is sup-
pressed from 0.999 to 0.025 when both defects are present. Combining evidence across
physically distinct subsystems is comparatively easy; separating two overlapping defect
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signatures inside the same bearing is not. This within-subsystem compositional ambiguity
is a natural target for future work, for example through per-primitive envelope bands
selected by spectral kurtosis [34,35] or cyclostationary indicators that separate inner- and
outer-race modulation structures [36].

Limitations

All nine compound compositions in the benchmark contain at least one rolling-element
bearing defect, and three primitives—bearing ball defect, bent shaft and voltage unbalance—
never appear in a compound recording. Compositional generalization is therefore evaluated
on only a subset of the primitive vocabulary. The evaluation uses 54 compound recordings
across six operating conditions, which limits statistical resolution. The comparison methods
were reimplemented within the present protocol rather than evaluated using the original
authors’ implementations.

Entire-level holdout remains difficult for load extrapolation, with exact pair recovery
ranging from 0.482 to 0.556. Raw-signal additive white Gaussian noise causes substantial
degradation even at 20 dB. Three independent noise realizations per level are evaluated,
and Table 9 reports 95% confidence intervals across folds, model seeds, and noise real-
izations. The difference between realization-specific mean recovery rates reaches 8.6 per-
centage points, showing that single-realization estimates can be sensitive to the particular
noise draw.

Synthetic key-phase perturbations are tolerated reasonably well up to 1% timing jitter,
whereas 2% jitter reduces exact pair recovery to 0.5123. Because perturbed recordings
are scored over a different segment population from the clean balanced subsample, the
perturbation rows support relative comparisons among themselves rather than direct
comparison with the clean result in Table 3. Complete tachometer loss and tacholess phase
estimation [31,32] were not evaluated. Source-side noise augmentation is also absent from
the core training protocol.

The finite-state MAP decoder is closed by construction. As shown in Section 4.3,
removing the true composition from its candidate set causes the decoder to return a subset
of the true faults in 84.6% of cases, while its confidence margin increases rather than
decreases. The margin therefore cannot be used as a detector of unlisted compositions. The
observed redundancy of the phase-current branch is specific to the benchmark, fault set,
and sensor layout and should not be generalized beyond the conditions evaluated here.

Finally, every compound recording in the benchmark contains exactly two primi-
tives. The compositional claim is therefore established only for two-fault combinations,
although the formulation can accommodate higher-order combinations without changing
the expert architecture.

6. Conclusions
This study examined whether compound motor faults can be diagnosed when no

compound recording is available for training and the number of coexisting faults is un-
known at inference time. An anti-aliased key-phase-guided order-domain front end, a
band-pass envelope order spectrum, a scale-invariant spectral representation, physics-
regularized primitive-specific modality routing, and MAP decoding over the physically
feasible machine states were combined into a single pipeline trained exclusively on healthy
and single-fault data.

Evaluated on every recording of six held-out speed-load combinations, the pipeline
identifies the exact machine condition of 76.7% of recordings and both constituents of
45.7% of previously unseen compound recordings, compared with 62.5% and 11.1% for
the same model with a conventional order-domain front end and 59.2–62.0% and 0.0–2.5%
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for three re-implemented baselines. Removing the fault-count prior reduces compound
recovery from 0.6481 to 0.1111 for B0 but from 0.6790 to 0.4568 for the proposed front
end, while narrowing the composition ontology from 46 to 19 states leaves compound
recovery unchanged. The result therefore depends more strongly on the representation and
primitive-specific routing than on prior knowledge of admissible compositions.

Anti-aliasing also changes the interpretation of the operating-envelope experiments:
once speed-dependent fold-back is removed, entire-speed-level holdout becomes much
more uniform, while load extrapolation remains difficult because the load-dependent
changes in the fault-related components are not removed by angular resampling. Robust-
ness tests delimit the present deployment envelope: key-phase edge drops and up to 1%
timing jitter are tolerated reasonably well, whereas 2% timing jitter and broadband raw-
signal noise cause substantial degradation, with the operating margin against broadband
corruption lying above roughly 20 dB. On one CPU core, the complete path from raw
samples to a decoded machine state runs 46.5 times faster than real time, so the method is
not limited by computation.

Four directions follow from the limitations above, and the first three address weak-
nesses for which this paper offers no remedy. Load extrapolation is the weakest point
of the operating envelope, and the reason is that neither order tracking nor amplitude
normalization removes the load dependence of the feature amplitudes. A representation
that is load-invariant by construction is therefore more promising than further normaliza-
tion of the present features; magnetic flux monitoring, whether from a search coil or from
an external stray-flux probe, is attractive because the eccentricity and rotor-asymmetry
harmonics it carries are referred to the magnetomotive force distribution rather than to
the mechanical load path, and because it adds a sensing channel that is inexpensive to
retrofit and has recently been shown to separate stator faults without access to the motor
terminals [50]. Second, performance during acceleration and deceleration is consistently
below the steady-speed plateaus, which is expected from a front end whose segment is a
fixed number of revolutions and whose spectrum assumes stationarity within that segment.
Time-frequency representations designed for strong non-stationarity, such as adaptive
chirplet or reassigned representations and order-domain formulations that model the speed
variation within the segment instead of averaging over it, are the natural next step. Third,
the compositional vocabulary of the benchmark is incomplete: every compound recording
contains at least one rolling-element defect, and three primitives, the bearing ball defect,
the bent shaft and the voltage unbalance, never occur inside a compound recording, so
compositional generalization is demonstrated over a subset of the primitive vocabulary
rather than over all of it. Validation on broader benchmarks, including compositions of
three or more primitives and combinations that exclude bearing defects entirely, is required
before the compositional claim can be made in general; the large pretrained models now be-
ing applied to machinery diagnosis [51] are one route to that breadth, although they do not
by themselves supply the cardinality-free decoding studied here. Fourth, the dependence
on a dedicated key-phase sensor should be removed. Table 10 shows that the pipeline
tolerates timing jitter of up to 1% but degrades sharply at 2%. Tacholess order tracking
estimates the instantaneous phase from the current or vibration signal itself [32], for exam-
ple through multi-order Viterbi tracking of instantaneous angular speed [52] or automatic
ridge estimation on the time–frequency plane [53]. Such an approach would remove the
requirement for a dedicated shaft-reference sensor and its associated pulse-detection errors.
It is therefore an important direction for deployment on existing installations.
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