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Fuzzy Compensation-based Feed-forward Prediction Model for Boiler
Master Control of Coal Fired Boiler Coupled Biomass

ZHANG Baokai
(East China Electric Power Test & Research Institute of China Datang Group Science and Technology Research Institute
Co. , Ltd. , Hefei, China, Post Code: 230031)

Abstract: A feed-forward prediction model ( CF-ICM) of boiler master control based on fuzzy compensa-
tion was proposed to solve the difficulty of accurately tuning the differential time and gain of coal-biomass
for dynamic feed-forward in large-scale direct coupled biomass on coal-fired units. Firstly, combined with
boiler master control feed-forward, the modeling variables were designed by using an adaptive feature se-
lection method constructed with decision tree and least absolute shrinkage and selection operator ( LAS-
SO) regression, which was developed to perform feature screening on the high-dimensional characteristics
of the coal quantity time series analyzed for chaos, as well as the time-delay modeling variables filtered by
the maximum information coefficient ( MIC) ; then, the local recurrent network optimized by the gravity
search algorithm( GSA) was used to establish the feed-forward prediction model for the boiler master con-
trol; finally, a fuzzy error compensation controller was established to achieve the purpose of correcting
prediction errors. The simulation experiment was carried out based on 660 MW ultra-supercritical coal-
fired unit operational data. The result illustrates that the prediction accuracy of CF-ICM model is less
than 0. 25 under different operating conditions. The mean absolute percentage error (MAPE) and mean

square error (MSE) of the proposed model have been reduced by more than 15% and 59% respectively
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compared with the deep belief network ( DBN) , ELMAN and deep neural network ( DNN) models, while

the correlation coefficient (R*) is improved by more than 1.8% .

Key words: data-driven, boiler master control, feature selection, error correction
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Fig. 1 Logic diagram of feed-forward control configuration of coal-biomass in boiler master control
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Fig. 2 Flowchart of dynamic feed-forward prediction model of coal-biomass in boiler master control
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Fig. 3 Computational result of Lyapunov exponent

with different parameters
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Fig. 7 Prediction results of different models
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