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that of the cooling chamber will increase with an increase of the static bed height fluidized air speed and fluid-
ization time duration. When both chambers are in operation simultaneously at a partition wall height of 1 000 mm
and the fluidization air speeds in both elutriation and cooling chamber are 5 m/s and 0.6 m/s respectively more
than 80% of the particles in the material returned are less than 0. 15 mm in diameter basically in the range of the
particle diameters of the ash cycled to the outside. Key words: circulating fluidized bed fluidized bed slag cooler

fine particle material return characteristics

= Model for Predicting the Major Faults of a Regenera—
tive System Based on an Artificial Neural Network WANG Yan LI Yan ( Shenzhen Designing Institu—
te China Nuclear Power Project Co. Ltd. Shenzhen China Post Code: 518000) YU Jun-hui ( Xian University
of Architectural Science and Technology Xian China Post Code: 710055) YU Ya-un ( Commercial College
Xian University of Foreign Languages Xian China Post Code: 710128) //Journal of Engineering for Thermal
Energy & Power. — 2011 26(4). - 424 ~427

To effectively predict the faults of a regenerative system established were three error BP ( back propagation) neural
network models for predicting the fault signs and phenomena of a regenerative system based on the Traingda

Traincgf and Trainrp algorithm respectively. In such a case the input layer was the fault signs and the output one
was the fault phenomena. The data actually measured in a power plant were used to conduct a training and testing
of the three prediction models. The training and testing results show that the model based on the Traincgf algorithm
has the smallest testing error and a relatively quick converging speed. Its network was of a 979 structure with its
momentum factor being 0.6 and the learning speed being 0. 8. The error BP neural network model based on the
Traincgf algorithm can effectively predict the fault phenomena of a regenerative system by using the fault signs thus
providing a certain reference value for testing the faults of a regenerative system. Key words: regenerative system

fault sign fault phenomenon Traincgf algorithm artificial neural network

= Application of the Modelfree Self-adaptive Prediction
Control in Superheated Steam Temperature Control FENG Yu-cang SHI Dongin ( College of Auto—
mation Engineering Northeast University of Electric Power Jilin China Post Code: 132012) // Journal of Engi—

neering for Thermal Energy & Power. — 2011 26(4). -428 ~431

By using the concept of the pseudo gradient vector a prediction model was obtained through a linear dynamic treat—
ment of the system under control. On this basis an improved model4ree self-adaptive prediction control algorithm

was presented. This new method was used in a cascade control system for superheated steam temperatures in a ther—



* 494 - 2011

mal power plant featuring a large inertia and uncertainty to any model etc. The main control loops adopted the
MFAPC algorithm while the auxiliary control loops employed the conventional PID ( proportional integral and dif-
ferential) control. The simulation results have verified the effectiveness of the cascade control tactics. Key words:

pseudo gradient vector prediction control superheated steam temperature cascade control system

= Optimization of a Coordinated Control System Based on the
Self-adaptive Genetic Algorithm XIE Xie LIU Jizhen ZENG Dediang LIU Ji-wei ( College of Control
and Computer Engineering North China Electric Power University Beijing China Post Code: 102206) //Journal
of Engineering for Thermal Energy & Power. — 2011 26(4). -432 ~435

For coordinated control systems for elementary units in thermal power plants presented was a searching method for
optimizing the parameters of a multi-variable robust PID ( proportional integral and differential) controller based on
the self-adaptive genetic algorithm. With the tracking performance of the controller at the set point serving as the
optimization target and the robust performance as a dynamic constraint the genetic algorithm involving a self-adap—
tive crossover and variation probability was employed to search optimal parameters of the PID controller. The simu—
lation results show that compared with the PID controller optimized by using the traditional genetic algorithm the
robust PID one based on the self-adaptive genetic algorithm enjoys better load follow-up characteristics and a superi—
or robustness. Key words: self-adaptive genetic algorithm coordinated control system robustness PID ( propor—

tional integral and differential) controller

= Study of a Support Vector Machine-based Model for Predicting Melting
Points of Ash ZHAO Xian-giao ( Shandong Electric Power Academy Jinan China Post Code:
250002) WU Sheng-jie HE Guo-iang ( Shangdong Zhanhua Thermal Power Co. Ltd. Zhanhua China Post
Code: 256800) WANG Chunin ( Hangzhou University of Electronic Science and Technology Hangzhou China
Post Code: 310018) // Journal of Engineering for Thermal Energy & Power. —-2011 26(4). -436 ~439

To the demand of ash melting point calculation of blended coal in power plants a model for melting points of ash
was established and a contrast study was conducted by using the support vector machine algorithm and BP ( back
propagation) neural network algorithm. The model in question used the ash composition as a input and the melting
point of ash as an output. It was employed to predict the ash melting points of a single coal and blended one. Then

the prediction results were compared with the test ones. The errors of the model based on the support vector ma—
chine were 0.57% and 1.94 % respectively in predicting the single coal and blended one while those of the model

based on the BP neural network were 1.925% and 10.43% respectively in predicting the above-mentioned two



