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[ Abstract] To improve the control performance of automatic generation control ( AGC) in integrated energy system and the
convergence speed of the algorithm, this paper proposes an AGC algorithm based on multi—agent transfer soft actor—critic with long
—short term memory (MATSAC-LSTM). Firstly, the environmental state variables such as area control error are extracted with
temporal features using LSTM networks and used as input to the MATSAC algorithm so that agents can combine the historical
information to make fast active power allocation decisions. Furthermore, the centralized training decentralized execution framework
is used to allow the environmental state variables observed by one agent and the actions of other agents to be used as input to the
corresponding agent critic network , which enables information sharing among multiple agents during training. Finally, the parameters
of the critic and actor network models trained on the old task are transferred to the corresponding model parameters of the new task
through transfer learning to improve the training efficiency of the agents. The case studies are carried out in a modified IEEE standard
two—area load frequency control system model and a five—area integrated energy system model. The simulation results show that the
MATSAC-LSTM algorithm effectively improves the control performance standard and convergence speed of the system and reduces
area control error and frequency deviation of the system compared with the conventional algorithms such as proportion integration
differentiation and Q learning.
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Fig. 1 Architecture of MATSAC-LSTM algorithm
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Fig. 2 Framework of SAC algorithm
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Fig. 4 Schematic diagram of Actor network structure
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Fig. 6 Curve of step perturbation
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Tab. 2 Control performance of different algorithms

Bk | Af1 /Hz | ACE| / MW CPS1/ %

PID 0.008 3 28.123 196.541

Q 0.007 3 22.482 197.521

TD3 0.006 5 18.645 198.011
PDWoLF-PHC 0.005 9 17.985 198.211
SAC 0.005 7 17.525 198.456
MASAC-LSTM 0.004 3 16.254 198.852
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Fig. 7 Training diagram for transfer learning
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