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Determination of optimal initial steam pressure of turbine based on
relevance vector machine
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Abstract: In order to calculate the optimal initial pressure effectively, a heat rate forecasting model is presented

based on the optimized relevance vector machine (RVM), in which the blended biogeography-based optimization
based on the simulated annealing (B-BBO-SA) is adopted to optimize the parameter of RVM. Then, B-BBO-SA is
employed to seek the optimal initial pressure under all loads based on the forecasting model. The comparison with
B-BBO-SA-SVM show that the B-BBO-SA-RVM has better generalization abilities. In addition, there are some
differences between the found optimal initial pressure and the designed one, and the found one can better ensure

the turbine run safely and economically.
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Talbe 1 Performance comparison
RMSE/K]J * (kW * h)™! MAE/K] « (kW * h)™ MAPE/%
Model
Training set Testing set Training set Testing set Training set Testing set
B-BBO-SA-RVM 13.81 29.76 10.88 20.86 0.0014 0.003
B-BBO-SA-SVM 24.99 68.29 16.15 49.15 0.002 0.006
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Talbe 2 Results of optimal initial pressure
Load/ MW Actual pressure Optimal pressure Heat rate deviatijm
Pressure/MPa Heat rate/k] * (kW + h)™ Pressure/MPa Heat rate/kJ * (kW * h)™ /I + (kW = h)
349.04 15.07 8153.88 16.19 8108.55 45.33
400.68 16.91 8009.62 18.1 7965.14 44.48
450.12 19.09 7963.04 20.24 7905.53 57.51
499.89 20.56 7919.29 21.84 7889.31 29.98
549.64 22.8 7870.06 242 7827.61 43.45
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