Real-time changepoint detection in the steel industry using Python

Case Study



mailto:albous@mail.ntua.gr

Background




Condition

Predictive maintenance

Predictive maintenance uses condition monitoring equipment (e.g. sensors) in order to track
the performance of equipment, to detect abnormal behaviour, to predict future failures and to
support decision making about proactive actions.
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Real-time anomaly detection

Facts
Machine learning requires feature extraction 80% of all available data are uncertain
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Method of the case study

T - Implement Bayesian Online
Extract time-domain features - Changepoint Detection




Time-domain features (1/2)
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Time-domain features (2/2)

A rolling feature extraction algorithm on the sensor data set creates another
time-series data set including the feature values (instead of the raw data).

Rolling window:
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Longer rolling window sizes tend to
yield smoother estimates.

Shorter rolling window sizes are
more computationally efficient.



Bayesian Online Changepoint Detection (2/2)

CP = Changepoint location(s), Noise= SD. of noise component. Log posterior probability plots
from the single changepoint algorithm are shown below each simulated data plot.
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Case study In the steel industry




Test cases

Datasets with sensor measurements during the whole
lifetime of the equipment, i.e. from installation until a
failure mode or time-based replacement.

Bayesian Online Changepoint Detection on raw

sensor data

Bayesian Online Changepoint Detection on
features



Steel industry

Roll Mill Stand

Back up rolls

Deforming and Reducing the Grain Size

Work rolls

Raw material

Infrastructure Setup for Sensor Data Collection
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— Sensors:
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1x Current sensor (A)

Frontview of rollers
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Rear view of rollers
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Sensor infras

tructure

10

Measurement point

Upper backup roll - DE side

Upper backup roll - DE side

Upper backup roll —= NDE side

Upper working roll - DE side
Upper working roll = NDE side
Down working roll — DE side
Down working roll = NDE side
Down backup roll = DE side
Down backup roll - DE side

Down backup roll = NDE side

Sensor direction

Vertical

Axial

Vertical

Reverse horizontal

Horizontal

Reverse horizontal

Horizontal

Vertical

Axial

Vertical

Sensor Type

Accelerometer
Accelerometer
Accelerometer
Accelerometer
Accelerometer
Accelerometer
Accelerometer
Accelerometer
Accelerometer

Accelerometer

Frontview of rollers Rear view of rollers

11



Example

Sensor data

Sensor data
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