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Abstract: Synthetic biology technology has greatly improved the efficiency of strain modification. However, traditional
fermentation optimization methods rely on expert experience and require repeated trial and error, which has low development
efficiency and cannot meet the demand for optimization of fermentation processes corresponding to a large number of high-
yield strains. Data- and model-driven intelligent fermentation optimization methods can greatly improve the efficiency of
fermentation process optimization. However, the lack of mature and reliable intelligent models severely limits the develop-
ment of intelligent fermentation process optimization. In response to the above issues, this study proposes a multi-time step
prediction method for fermentation processes based on the integration of convolutional neural network (CNN) , bidirectional
long short-term memory (BiLSTM) and attention mechanism (AM) ,named CNN-BiLSTM-AM model and applies it to
fermentation process prediction. First,the proposed integrated model was optimized for hyperparameters to improve the
model’s predictive accuracy. Second, the integrated model was validated through ablation experiments and comparisons with

each sub-model. Finally, the model was applied using penicillin fermentation data and levodopa fermentation data. The study
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found that at ten time steps, the determination coefficient was greater than 0.9, and the changes in product concentration at

multiple future time steps have been successfully predicted using the obtained fermentation process data.

Key words: optimization of fermentation process; intelligent model; multi time step prediction; multi model integration
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Tab.1 Process variables in industrial penicillin fermentation

Hi's T4 AL | S Eaned AL | S5 A AL | S Eaned AL
1 A L/h 7 mPvkiia LA 13 M L 19 R TR L/h
2 L0 r/min 8 WAKGE L 14 Jo i kg 20 I FiTS L/h
3 IV L/h 9 H bar 15 pH 21 ABAEE g/min
4 R L/h 10 i L/h 16 TR K 22 AP AR A %
5 T L/h 11 R g/L 17 g kJ 23 HEAREEEAE g/min
6 AUEKE  Lh 12 A mg/L | 18 REAPEMBmSE % 24 TR g/L

*2 ARSBREBIZHEIETZE
Tab.2 Process variables in Dopa fermentation

E kel ik 44 Hhi £kl it i | w5 ik AT
1 L37 r/min 7 JiiE kg 13 R RSB %
2 R C 8 BB RE 14 AP AL %
3 R L/min 9 23 R AR TR B 15 ARBAESE mmol/ (Lh)
4 ey %z % 10 2 SR SRR B % 16 AR R R mmol/ (Lh)
5 pH 11 R PRSI % 17 JEiE 22 L I e ViR B g/L
6 A kg 12 S A RIRFR 8 %
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Fig. 2 Schematic diagram of data partitioning of multi-
step prediction model
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Fig. 3 Flow chart of CNN-BiLSTM-AM model training
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Tab.3 Hyperparameter types and optimal values for the
model architecture
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Fig. 4 Hyperparameter optimization results for integrated models
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