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Penicillin Fermentation Process Control Based on Improved TD3 Algorithm
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Abstract: To improve the production of penicillin in complex scenarios, a fermentation control model Res—=OD-TD3 based on an improved
TD3 algorithm is proposed to achieve optimized control of the penicillin fermentation process. Firstly, the residual network is integrated into
the Actor and Critic networks to enhance the convergence of the network ; Secondly, using OU noise instead of traditional Gaussian noise al-
lows for smoother exploration of action values in continuous control tasks, reducing drastic fluctuations during exploration; Finally, by dynami-
cally adjusting the Huber loss function, the original loss function is improved to provide more suitable loss metrics at different stages of train-
ing, making the algorithm more robust in handling outliers. The simulation experiment results show that compared with traditional TD3 algo-
rithm and DDPG algorithm, Res—OD-TD3 algorithm has better control effect on temperature accuracy and stability, with dissolved oxygen
concentration increased by 4.1% and 5.5% respectively, and yield increased by 12.8% and 27.8% respectively, confirming its significant ad-
vantages in optimizing penicillin fermentation control.
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Fig.1 Framework of improved TD3 algorithm
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