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By 2030, half the cost of a car will be accounted for by its electronics, of which sensors with
semiconductors will be a major part. With many sensors necessarily exposed to the
elements, something is bound to break, leak or need upgrading. (Deloitte)
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Physical sensors are omnipresent in the Industrial Internet of Things
(E.g. accelerometers, temperature sensors, current sensors, torque sensors...)
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Challenges with physical sensors inthe loT
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Do not always provide direct actionable data
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Vibration sensing on machines
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Can | estimate a faulty accelerometer V2 using
V1 or vice versa?

Why is a vibration sensor vulnerable?
» Electrical faults

« Variable bias voltage
« Electromagnetic noise

« Capacitive and galvanic coupling
« Signal processing errors

« Aliasing

o Jitter

» Ski-slope problem

« Spectral leakage
« Low Signal to Noise Ratio
» Generic Sensor faults

« Drift

« Bias

* Freezing

* Precision degradation
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Virtual sensors to step-in for faulty sensors

Time series data from low-cost or

redundant sensors Data of faulty/expensive

based on physical sensor
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Errorless time series data is
used to produce an ML mode

that can estimate target values
Sensor data for training based on predictors
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API
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Predicting Spindle Torque of CNC milling of Combustion Chamber (Renault) from spindle position X, Y, Z

Spindle Torque

—— Ground Truth
-40{ —— Best Model (CNN, MSE = 14.728, RZ = 0.831)
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Predicting accelerometer 2 (for vibration sensing) of Turbine disc broaching from acclerometer1

Predicting "X-axis of acc. 2" from all axes from acc. 1

151 —— Ground Truth
—— Best Model (DNN, MSE = 0.0103, R2 = 0.0799)
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 Physical sensors are vulnerable when exposed to the elements

« However, redundancy in physical sensors can be used to create virtual
sensors to repair erroneous data.

* Virtual sensors can help improve data quality both in real-time and long-term
data

 Environments and processes change with time. Therefore, we need to
quantify uncertainty in virtual sensors

 Virtual sensors must learn to improve continually and for a lifetime.
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Thank you!

Find more:

https://interg-project.eu/

iotweek.org
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