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Predictive Control of Heavy Duty Gas Turbine Load
based on LSTM-XGBoost Integrated Model

LIU Yisong, KANG Yingwei
(College of Automation Engineering, Shanghai University of Electric Power, Shanghai, China, Post Code; 200090 )

Abstract: In order to overcome the strong nonlinearity of the heavy-duty gas turbine load system and im-
prove the setpoint tracking ability of the load system, a nonlinear model predictive control strategy was
designed based on the LSTM-XGBoost integrated model. Firstly, the integrated model was constructed by
combining two different networks such as LSTM and XGBoost, to predict the output power and exhaust
temperature of the gas turbine load system. Then, a data-driven model-based predictive controller was de-
signed using this model. And the snake optimization ( SO) algorithm was combined with the objective
function for rolling optimization. The simulation results show that the LSTM-XGBoost integrated model
can realize multi-step prediction of the two output parameters in the time serie. The root mean square er-
rors of the output power and exhaust temsperature test sets are 0. 060 3 and 0. 064 1, respectively. And
this model greatly improves the prediction accuracy of a single model. Compared with the conventional

predictive control strategy, the overshoots of the LSTM-XGBoost controller with the introduction of the SO
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algorithm are reduced to 3.2% and 0.2% under the 50 MW drop and rise power commands, and the o-

vershoot of the exhaust temperature control is zero, which realizes the multi-input and multi-output non-

linear predictive control of the load system of the heavy-duty gas turbine, and improves the accuracy and

rapidity of the setpoint tracking.
Key words:

snake optimization algorithm, load tracking
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Tab. 4 Output power control performance
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Tab. 5 Exhaust temperature control performance
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