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Previous work and current goal
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• Cornelis, Bram & Deuschle, Federico & Gryllias, Konstantinos. (2023). Performance study of DTW-based spike measurement anomaly detection in sensors on real world tests.
• Cornelis, Bram & Peeters, Bart. (2014). Online Bayesian spike removal algorithms for structural health monitoring of vehicle components. 

Previous works: detect specific anomalies which happen often (e.g. spikes) 

Current goal: validate “universal” 
anomaly detection algorithms, 
which are not tailored towards 
specific anomaly types.



Methodology
Surveys on time series anomaly detection methods

Page 4

H2020 ETN 
MOIRA project

S. Schmidl, P. Wenig, and T. Papenbrock, “Anomaly detection in time series: a comprehensive evaluation”, Proceedings of the VLDB Endowment, 2022, 15(9), pp.1779-1797. 

not for our kind of signals (noise and vibration measurements) 



Methodology
Create a benchmark dataset
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Real NVH measurements to serve as “healthy” base oscillation

• Test vehicle: BMW iX3

• Run-up condition @ Chassis dynamometer

• Sampling frequency: 51200 Hz

TIRE:RELE_B STWL:BottENG:MTrr

Test campaign from Deuschle, Federico 



Methodology
Create a benchmark dataset: add synthetic anomalies 
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spikes platform

trend(drift)

mean(offset)

dropout long trend



Methodology
Create a benchmark dataset: vary severity
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light medium high

11 selected base oscillation signals

6 types of anomalies

14 severities

11×6×14 anomalous signals



Anomaly Detection Algorithms
Statistical / signal processing methods VS machine learning methods
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S. Schmidl, P. Wenig, and T. Papenbrock, “Anomaly detection in time series: a comprehensive evaluation”, Proceedings of the VLDB Endowment, 2022, 15(9), pp.1779-1797. 

machine learning methods: higher implementation complexity
evaluate if statistical / signal processing methods 
could already be sufficient 



Results
Window-wise performance 
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Results
Window-wise performance 
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Results
No detection
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Results
No detection
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Results
False Alarm: Isolation Forest on example with spike anomalies. 
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Real data, real anomaly
second example with spikes, trends and mean (offset)
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spikes

resembles “mean” anomaly type
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Real data, real anomaly
second example with spikes, trends and mean (offset)
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For spikes: ARMA For mean: Isolation Forest



Key points so far
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• Different studied algorithms show their strengths for different anomaly types. A one-

size-fits-all universal anomaly detection algorithm is not yet found.

• Remaining challenges e.g. false positives and missed detections. Machine learning 

approaches need to be further investigated.

• Next steps: training on a presumed anomaly-free data. Semi-supervised isolation 
forest (novelty detection) or other semi-supervised methods



State of the use of anomaly detection tools 
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Auto-Encoder based, semi-supervised

Preprocessing: signals downsampled from 51200 Hz to 4096 Hz

Training Data: anomaly-free measurement run

Application Data : measurement run with real and manual anomaly 

False positives Ideas: 
• Use features instead of downsampling
• Include engine speed as context
• Autoencoders

Training and detecting took significantly long. Algorithm made good detection on some types of anomalies. But for others :



Feature saliency and selection
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• Use features instead of downsampling
• Include engine speed as context
• Autoencoders



Explainability
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False positive True positive



Context awareness
Two-steps iforest: semi-supervised

• Iforest on training signal (no anomaly)

• Cluster long anomalies

• Match clusters with engine speed

• Use 𝑣min and 𝑣max to cut test signal 

• Iforest separately on cuts

• Use features instead of downsampling
• Include engine speed as context
• Autoencoders

𝑣min

𝑣max

run1 run2 

o   real anomaly
. detected anomaly
_ cut by engine speed

resonance



LSTM Autoencoder
o   real anomaly
. detected anomaly
__ reconstruction_error
__ threshold

• Use features instead of downsampling
• Include engine speed as context
• Autoencoders



Summary

Page 27

Conclusion

• No single anomaly detection method works universally yet—different approaches excel

in different scenarios.

• False positives and missed detections remain major challenges.

• Feature-based methods and contextual information (e.g., engine speed) improve

detection but need systematic incorporation.

• Machine learning methods, including autoencoders and semi-supervised techniques,

show potential but require refinement.

• Explainability (e.g., SHAPLEY) helps interpret model decisions and identify key

influencing factors.

Next steps

• Improve contextual algorithms by embedding contextual information more effectively or

dynamically adjusting algorithms based on operating conditions.

• Validate and benchmark approaches on real-world datasets.
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