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Combustion Optimization Modeling of Boiler in Power
Plant based on Constrain Support Vector Regression

YAN Shui-bao, FENG Can, QI Ji-peng, QIAN Yi-bo
( School of Mechanical and Power Engineering,Zhengzhou University , Zhengzhou, China, Post Code ;450001 )

Abstract: In order to build an effective prediction model for power plant boiler efficiency and NO,. emis-
sion concentration , based on the improved least squares support vector regression ( LSSVR) algorithm , the
constraint support vector regression ( CSVR) algorithm was proposed to strengthen the algorithm generali-
zation ability and the resistance ability to bad data by optimizing the selection strategy of support vector.
After the initial data was subjected to principal component analysis ( PCA) ,it was input into the hoiler
combustion model based on CSVR algorithm for training , and the modeling results were compared with the
LSSVR algorithm and the BP neural network algorithm. The results show that the dimension of input varia-
bles is reduced from 5 to 3 after data preprocessing by PCA ,which simplifies the model structure and re-
tains the main characteristics of input data. At a comparable level of average prediction error,the numbers
of support vectors used by the CSVR algorithm are only 83 and 117 respectively, which are both far less
than the number of 900 used by the L.SSVR algorithm. The maximum prediction relative error of CSVR is
only 3% ,which is much lower than 25.8% of LSSVR ,and the BP algorithm is somewhere in between.

Key words: boiler efficiency, NO, emission concentration, principal component analysis, support vector

regression , constrain optimization
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