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Mineral processing

Sulphur
Flotation

Pit&

Underground Grinding

Flotation Tailings
Thickener
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E§ Continuous, connected, controlled, circulating, complex, changing
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A Online physical property sensor data
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Industrial data

E.g. mass flow rate, density, temperature, pressure
~ seconds

A Online image data

E.g. rocks on conveyor belts, flotation froth (mud and bubbles)
~ minutes

A Offline laboratory data

E.g. metal content, particle size distribution
~ hours

A Offline image data

E.g. microscopic grain shape and colour
~ days




Abnormal event detection

A Many faults and failures can occur in complex processe
A Large variation in normal operating conditions due to
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Abnormal event detection

A Missed detections can lead to suboptimal performance
equipment failure, safety and environmental violations

A False alarms can lead to unnecessary downtime and Ic
of trust in alarm systems

Normal operating conditions
Advigory and operator reactive
@ < True detection \/ False detection
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Abnormal event detection

A Unsupervised learning problem
I Abundance of one class of data: Normal operating conditions

A Fault detection

I Feature extraction
I Data description / support estimation

A Fault identification
I Topology extraction

I Supervised learning model inspection:
A Variable importance
A Partial dependence
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Abnormal event detection

A Feature extraction

I Sensor dataorrelated
(through mass and energy balances, control instructions)

I Sensor dataoisy

I Feature spaceepresents lower dimensional, noi$ese
information

I Residual spacespresents feature extraction model validity
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Abnormal event detection

A Feature extraction
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Abnormal event detection

A Feature extraction
I Autoassociative neural networks (NLPCA)
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Abnormal event detection

A Feature extraction

% I Autoassociative neural networks (NLPCA)
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Abnormal event detection

A Data description / support estimation
I Kernel density estimation
I Oneclass support vector machines

Data and underlying distribution P(x) Data and complex support § Data and simple support §
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Abnormal event detection

A Data description / support estimation
I Kernel density estimation
I Oneclass support vector machines

e Training data

Separating hyperplane (O Support vector
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Abnormal event detection

A Data description / support estimation
I Kernel density estimation
I Oneclass support vector machines

«=0.1; v=0.05 x=0.1; v=0.275
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Abnormal event detection

A Topology extraction
I Identification of propagation path of fault
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A Topology extraction

Abnormal event detection

|dentification of propagation path of fault

Transfer entropy / lagged cros®rrelation used to determine
direction and strength of connections between variables
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Abnormal event detection

A Topology extraction
I Identification of propagation path of fault
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Abnormal event detection

A Research approach
I Scarcity of industrial data with faults detected and identified
I Simulation of complex, dynamic processes with known faults
I Repository with dynamic models and simulated data

D
& : PL I— Actuator failure Particle Size (PSE)
Sphric s Structural failure
-"'mw © Spen = t opera
i G sl L Cyclone Feed (CFF)
= S
Fou: oot f e Sump Water
Fault 3: Valve ~D——tRt— " \ / — (SFW)
© “s:xm : l %unl: Pump l ® >
Leach Fate J & impgllerwear | "and ¥ tage Amtoceve Fault 2: Valve wear Solids Feed ‘
350 | L i l e (MFS) © Mill Load
L | ok =0 —— "  (LoAD) =
- [ ] /éa-l & L Mill Water ' Sump
© Frsonion Torush Recyce Tk 2 Fault 5: Solid build-up ) % ) (MlW) x Level
O 2| SLEV)
- e
"R s H\"J‘J N

github.com/ProcessMonitoringStellenboschUniversity



Soft sensors

A Ore characteristics
I Metal content, particle sizd, correlated to process performance
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Soft sensors

A Flotation grade prediction with convolutional neural
networks texture features and classification
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Soft sensors

A Flotation grade prediction with convolutional neural
networks texture features and classification
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