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Motivation and FDI

Fault Detection and Identification (FDI)

Provides information regarding process and sub-
process failure, enabling predictive maintenance
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tuned with particle swarm optimization (PSO)
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Controlled Conical Tank

Proportional-derivative-integral (PID) controller
tuned with particle swarm optimization (PSO)
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r(t) Model of Jauregui (2016)

dh. _  ai-ftas—Bvhe
dt ~ 0.63h2+11.4h.+17.1

a1 = 543 cm3s™!
oy = —78.23 cm3s!
B = 20.21 cm®/2s~!
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Controlled Conical Tank

Proportional-derivative-integral (PID) controller
tuned with particle swarm optimization (PSO)
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r(t) Model of Jauregui (2016)

dh. _  ai-ftas—Bvhe
dt ~ 0.63h2+11.4h.+17.1
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Zero-order hold (ZOH) samples each 15 s
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MI-based Fault Detection Methodology

Method by Ramirez et al. (2024)
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Study Case — Black-Box Model
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Study Case — Black-Box Model

Model: Multilayer perceptron (MLP) trained using nominal data “
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Induced faults: pump failures
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Study Case — Black-Box Model

Monitoring pipeline
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Monitoring pipeline: rolling window
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Study Case — Black-Box Model

Results

Estimated Mutual Information Between Residual and % of Pump Use
Different Fault Stleve'rity Scenarios
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Complementary White-Box Analysis
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The white-box model (nominal twin model) replicates the ODEs that determine a healthy system.
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Complementary White-Box Analysis

Model: Twin healthy system build from expert knowledge
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RIV: Input-residual EMI (bits)

Complementary White-Box Analysis
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Conclusion and Future Work

« \We provided a method that detects faults with no requirement of expert
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« In addition to detecting faults, our method quantify their severity.

« Expert knowledge enables a white-box analysis, which provide further
insights of our indicator’s behavior on system ftaults.

« Our method does not require prior availability of faulty data
(unsupervised).

« More sophisticated models may be tested (i.e, closed-loop twin model) and
comparison with other FDI methods in the same settings may be useful.
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