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Abstract: In view of the frequent fluctuations in the operating conditions of thermal power units,
to solve the problems that the complex dynamic process is difficult to be identified and that the
controller setpoint cannot be determined, this paper proposes a performance optimal control
framework based on historical operating data and reinforcement learning algorithms. Firstly, a
small amount of random noise is superimposed on the output of the existing controller; then a
data buffer containing typical operating conditions is built and maintained with the
homogenization grid algorithm; and finally the performance optimal control policy function is

solved offline with batch Q-learning algorithm based on particle swarm optimization. Focusing on
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the research into the control task of high-pressure feedwater heaters, this paper proposes a
controller solving method that can maintain the control quality and heat transfer performance
under variable operating conditions without system identification or setpoint determination. In
order to verify the versatility of the performance optimal control framework, the water level
control process was analyzed by using the simulation model of a high-pressure heater of a 600 MW
unit. The results show that the reinforcement-learning-based performance optimal control
framework works without the need of establishing a system model, and can directly solve the
control policy function using historical data for the optimal cumulative performance, which not
only realizes better control in the dynamic process, but also keeps the system in its optimal
performance in a steady state. This method achieves setpoint optimization and setpoint tracking

control at the same time.

Keywords: feedwater heater; reinforcement learning; optimal control; operation optimization
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Fig. 1 Physical structure of a typical high-pressure

feedwater heater
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Fig. 2 Performance optimal control framework based on reinforcement learning
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