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[ Introduction MF-kNN Framework and Methodology

> Several chemical processes run in cycles (dryers, PSA, continuous chromatography)  » MF-kNN extends traditional k-nearest neighbours (k-NN) by incorporating multiple

» Operators care about when to switch or when cyclic steady state (CSS) is reached process variables for enhanced time series forecasting rmgf\r; TR
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» MF-kNN reuses historical cycles to give one-shot forecasts/ time-to-event estimates > Univariate k-NN looks at one tag only S I T A .

> Here we lllustrate two applications: — picks neighbours that look right locally but mismatch overall process behaviour

2. Multicolumn Countercurrent Solvent
Gradient Purification (MCSGP)

pr OO - > MF-kNN uses multiple process tags Dl ) _J;Z;““(”E )= u ()
— selects neighbours consistent with the full process behaviour
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Case Study 2 - Bioprocess MCSGP
» Industrial desiccant dehumidification with alternating drying / regeneration cycles > MCSGP: multicolumn counter-current :&
» Decision: when will ROT drop below 40 °C? — time-to-threshold (TTT) problem solvent-gradient purification; inherently @ : R \J_,LLLLLL
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» Data: 52 regeneration cycles with multiple temperature and flow measurements cyclic. T wﬁw Wﬂi
» MF-kNN uses multi-feature segments (RIT, ROT, etc.) and cluster-based memory > I\:eecllai(:sk;?::n each 887 (cssiioation s L
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» Compare against: univariate k-NN, ARMA, Theta, LSTM (all one-shot) e r , _ SR S S ) LLLL\_;\_
Il. When is CSS reached? (TCSS forecasting) : RN
Cycle 17 - Selected Forecasts » CSS detection uses peak amplitude °
— rctunl differences between consecutive cycles.
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Cycle 5 - MF-kNN vs LSTM Comparison
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. % ** From the first ~100 timesteps, MF-kKNN:
> MF-kNN achieves the lowest threshold MAE SenEl sl BeE ) ’ 0 F - e tarqet P rati o
» LSTM requires training, tuning, and large MF-kNN 2.94 precasts TIe arget consentration prof’e, .
datasets while ME-kN N, achiev,es better LSTM 458 O Classifies CSS vs non-CSS (neighbour majority),
.. ' O Forecasts TCSS when CSS is classified
performance training-free ARMA 4.64
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o » Vectorization and early pruning
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Conclusions & Outlook

» MF-kNN provides a unified, interpretable forecasting tool for cyclic chemical and biochemical processes / \
Deployment Advantages:
» In desiccant drying, it delivers accurate time-to-threshold (TTT) predictions from early-cycle data
v/ No retraining

> In MCSGP, it correctly predicts CSS vs non-CSS and provides time-to-CSS (TCSS) forecasts using only the first ~100 timesteps v Fast neighbour search

» Multi-feature distance matching enables more reliable neighbour selection than univariate k-NN v TTT from early-.cy.cle datg .
v Robust for cyclic industrial units
» Future work: integrate MF-kNN forecasts into supervisory control / switching logic for fully automated cycle management \ /
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