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Placement of research in condition monitoring field

Detection Diagnosis Prognosis

Focus of research

▶ Fault detection
▶ Anomaly detection

▶ Out of distribution detection
▶ Novelty detection
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Assumptions: Information available for fault detection

Information available:
1 Large amounts of

normal/healthy/reference
data

2 Imperfect expectation of
faulty behaviour (e.g.
signal processing methods)

Information not available:
1 Faulty data
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Research question

Can the strengths of unsupervised1 methods and signal
processing2 methods be combined for improved fault detection?

1Trained on reference data, assumed normal
2Based on domain knowledge
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Motivation: Expected strengths of signal processing and
unsupervised methods

Predicted
Faulty Not Faulty

Actual Faulty TP FP
Not Faulty FN TN

TP: Correctly predicted as faulty, FP: Incorrectly predicted as faulty,
FN: Incorrectly predicted as not faulty, TN: Correctly predicted as not faulty.

▶ Signal processing : Focus on faulty samples (Gain sensitivity by sacrificing specificity).
▶ Unsupervised : Focus on reference samples (Gain specificity by sacrificing sensitivity).
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Signal processing and unsupervised learning methods as
functions

Time-series signal Signal Processing Test Statistic #2 Decision #2

Unsupervised
Learning

Test Statistic #1 Decision #1

Proposed
Combination

Test Statistic #3 Decision #3

Detection function Scalar value Normal/Faulty

Apply threshold

Which approach performs best on a test set with healthy and faulty data?
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Intuition: Can signal processing gradients contribute to
unsupervised learning?
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• Green: Healthy • Red: Faulty •x: Signal feature 1 • y: Signal feature 2 • Surface: SP indicator
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Example: True signal processing function

Signal point 1
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If directions of
big curvature

allign with
directions of
big variance,

this can lead to
false alarms.
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Unsurpervised DSVDD only

Signal point 1
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Unsupervised
models assume
indicator values

will increase
outside the

reference data
domain.

11 KU Leuven: Noise & Vibration Research Group



Unit gradient and DSVDD: Reference domain
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We can assist
the

unsupervised
method to tell

it where it
should have

steep gradients.
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Example: The gradient of a signal processing method

Example of simple signal processing pipeline that is differentiated:

Signal Band-pass filter Kurtosis Indicator
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Example: The gradient of a signal processing method

Example of simple signal processing pipeline that is differentiated:

Signal Band-pass filter Kurtosis Indicator

▶▶▶ Result: Gradient vector with the same length as the input signal.
▶ Modern automatic differentiation libraries like Torch, JAX and CasADi

can conveniently compute gradients of signal processing pipelines.
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Example of a signal processing gradient
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Gradient: Time domain

0 50 100 150 200 250 300 350 400
Frequency [cycles/sample]

0.0

0.2

0.4

0.6

Gr
ad

ie
nt

 m
ag

ni
tu

de

Gradient: Frequency domain

The gradient of
the signal
segment is
computed

using
automatic

differentiation.

The gradient
has a large

magnitude in
the pass-band

region.
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Regularised unsupervised model

Ltotal(x) = Llike(x) + λLreg(x)

Lreg =
∥∥∥∥ ∇f(x)

∥∇f(x)∥ − ∇g(x; W)
∥∇g(x; W)∥

∥∥∥∥2

Symbol Description
Llike(x) Data likelihood loss (e.g. AE Reconstruction loss/ DSVDD distance from

hypersphere center)
Lreg(x) Regularisation term encouraging model to adhere to signal processing sen-

sitivities.
λ Controls the trade-off between data likelihood and regularisation.

∇f(x) Gradient of signal processing method.
∇g(x; W) Gradient of the unsupervised method.
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Regularised unsupervised model

Ltotal(x) = Llike(x) + λLreg(x)

Lreg =
∥∥∥∥ ∇f(x)

∥∇f(x)∥ − ∇g(x; W)
∥∇g(x; W)∥

∥∥∥∥2

▶ Aligns normalized gradients.
▶ Model agnostic: Can be applied to any unsupervised model.
▶ Several alternative regularisation terms can be used: This one is simple and relatively

robust.
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Methodology

Model Dataset

Normal data Faulty data

Normal train Normal test Faulty testFitted model

ROC curve

▶ Train on normal data (reference) only.
▶ Evaluate test set with normal and faulty data.
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Results on 2D test problem
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Proposed
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Signal Processing, ROC-AUC: 0.92 Baseline Unsupervised, ROC-AUC: 0.8 DSVDD Regularised, ROC-AUC: 0.91
Random guessing ▶ Dark Green: Healthy train + validation

▶ Light Green: Healthy test
▶ Red: Faulty test

▶ Top right: The regularised model learns to obey the signal processing sensitivities.
▶ Bottom left: Unsupervised (red) is improved (green) to match signal processing (blue).
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Results on simulated signals

Each result is linked with:
▶ A dataset.
▶ A signal processing method appropriate for the fault.
▶ A type of unsupervised model.

Unsupervised model architectures:
▶ Two layer fully connected DSVDD.
▶ Two layer (Encoder and Decoder) Autoencoder.
▶ Latent dimensions: 80% and 50% of input dimensions respectively.
▶ Activations: Tanh
▶ Input: Raw time series
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KU Leuven simulated dataset

−5

0

5

−2

0

2

−2

0

2

−5

0

5

0 0.01 0.02 0.03 0.04 0.05 0.06

−5

0

5

Reference Component (1)

Faulty Component: (2)

Noise Component: (3)

Reference Condition: (1) + (3)

Faulty Condition: (1) + (2) + (3)

Impulsive under
reference

conditions.
Additional

weak impulsive
signal under

faulty
conditions.

23 KU Leuven: Noise & Vibration Research Group



Signal processing pipeline: KUL dataset

Kurtosis of band-pass filtered signal:

Signal Band-pass filter Kurtosis Indicator
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KU Leuven simulated DSVDD Result
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KU Leuven simulated AE Result
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Safran Simulated dataset
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Safran signal processing pipeline

Sum of amplitudes at fault frequency harmonics in envelope
spectrum:

Signal Band-pass Filter Squared Envelope Envelope Spectrum Sum of harmonics
at fault frequency

Normalize by
spectrum stan-
dard deviation

Indicator
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Safran Simulated DSVDD Result
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Safran Simulated AE Result
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Signal processing pipeline: IMS dataset

Negentropy of envelope spectrum:

Signal Band-pass Filter Envelope Envelope
Spectrum Negentropy Indicator

IMS dataset is a run-to-failure dataset bearing dataset. A sparse bearing
envelope spectrum is assumed to the indicative of a fault.
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IMS Test 1, Bearing 4, Channel 1: DSVDD Result
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IMS Test 1, Bearing 4, Channel 1: AE Result
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IMS Test 2, Bearing 1, Channel 1: DSVDD Result
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IMS Test 2, Bearing 1, Channel 1: AE Result
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Failure on IMS Test 1, Bearing 3, Channel 2: DSVDD
Result
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Conclusions
▶▶ Gradients of signal processing methods can be computed using automatic

differentiation libraries.
▶ A regularisation is proposed that make unsupervised models obey signal

processing gradients.
▶ Signal processing gradients can contribute to improved unsupervised fault

detection.
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Future work
▶ Investigate training schemes and architectures that ensures good

generalisation of the regularisation loss term.
▶ Investigate the robustness of the method to the regularisation parameter

λ.
▶ Include information from signal processing methods that indicate

deviations from normal that are not faults.
▶ Apply to Safran DGEN380 dataset.
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Any comments / critique will be appreciated
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