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INTRODUCTION
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Operational challenges

High substrate variability
o When to stop the fermentation?

o What is the max ethanol
concentration?




METHODS (I): modelling methods
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METHODS (ll): the Kalman filter

A CD-EKF is an extension of the Kalman filter to non-linear continuous systems with
discrete measurements that allow ‘fusing’ the predictions made by a kinetic model
with new measurements.

Kinetic model

Chemometric model

t=k

1. Prediction step

The kinetic model is used to predict

the states of the system at t=k.

1.1. A priori state estimation.

1.2. A priori estimation of the
covariance matrix.

t=k+1

2. Updatate step
On-line measurements are used to
update the predictions.

2.1. Update the Kalman gain.
2.2. A posteriori state estimation.

2.3. A posteriori estimation of the
covariance matrix.
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METHODS (lll): experimental validation
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o Validation was done in lignocellulosic batch fermentations.

o The fermentation media was analysed every minute using a recirculation loop.



RESULTS
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CONCLUSIONS

The continuous discrete extended Kalman filter has the advantage that it accounts for
process deviations and measurement noise, making it more convenient to monitor processes
with where measurements are noisy.
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More details can be found at:

Cabaneros Lopez, Pau, et al. “Transforming Data to Information: A Parallel Hybrid Model for Real-Time State
Estimation in Lignocellulosic Ethanol Fermentation.” Biotechnology and Bioengineering, John Wiley and Sons
Inc, 2020, doi:10.1002/bit.27586.
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