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Soft Sensor Modeling for Predicting Biomass Concentration at Recombinant
Pichia pastoris Expression Phase
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Abstract A soft-sensor model based on kinetics and neural network was established for online estimation
of cell concentration in high-cell density cultivation of recombinant Pichia Pastoris. Performance
comparison of the genetic algorithms GA and the artificial neural network ANN based soft-sensor
kinetic models were also conducted and topological structures and training parameters of the neural
network model were computed. The results showed that the maximum error was 7. 63% for the GA based
model and 3. 12% for the ANN model under the condition of the optimized structure and input
parameters. Therefore the ANN model could predict the real time biomass concentration well with a
higher accuracy in P. pastoris high-cell-density culture.
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Tab.1 Comparison of the experimental data with the un-
trained data
| / 20 90 ANN
/h DWC g/L
4 DWC g/L /%
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Tab.3 Effects of structures and training parameters on
the performance of neural network model
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Tab.4 Comparison of the experimental data with the untrained data
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Fig.1 Comparison of the experimental data -

with predicted biomass values using ANN model
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