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variable speed regulation, flow guide regulation

HHT  RBF = The Application of HHT and RBF Neural Net-
works for Processing Fault-vibration Signals from Centrifugal Pumps| , |/ ZHOU Yun-long, HONG Jun,
ZHAO Peng (College of Energy Source and Mechanical Engineering under the Northeast University of Electric Power,
Jilin, China, Post Code: 132012)// Journal of Engineering for Thermal Energy &Power. — 2007, 2 (1). — 84~ 87

According to the specific features of fault-vibration signals of a centrifugal pump, presented is a new method for fault di-
agrosis of vibration signals of a centrifugal pump by employing a combination of Hilbert-Huang transformation (HHT ) and
a radial basis function (RBF) neural network. First, the time series data from the vibration signals of a centrifugal pump
is subject to an empirical mode decomposition (EMD) followed by a Hilberi-Huang Transformation to obtain the energy of
various intrinsic mode functions (IMF). Moreover, with ”energy ratio” serving as an element, the eigenvector obtained
from vibration signals of the centrifugal pump by utilizing the energy ratio can depict very well fault information for differ-
ent vibrations. By using a RBF neural network, the mapping extending between the eigenvecior and fault modes can be
established to realize a fault diagnosis, thus achieving a high diagnostic rate for such conditions as nomal state, mass im-
balance, rotor misalignment and foundation loosening fault of a centrifugal pump. The experimental research resulis show
that the method under discussion can effectively diagnose the vibration signals of a centrifugal pump. Key wrods: cen-
trifugal pump, Hilbert-Huang transfomation, RBF (radial basis function) neural network, fault diagnosis

= Discrimination of the Local Nonlinear Model of a Thermodynamic System| .
]/ DONG Jun-hua, XU Xiang-dong (Department of Themal Energy Fngineering, Tsinghua University, Beijing, Chi-
na, Post Code: 100084)// Journal of Engineering for Themal Energy &Power. — 2007, 22 (1). —88~90, 95

In a multi-model control (MMC) version, a majority of local models ate based on a linear model and their number and
accuracy may influence the effectiveness of the multi-model contwl. An algorithm for the discrimination of nonlinear mod-
els is proposed based on a radial basis function (RBF) neural network. By adopting a nonlinear model structure proposed
by G. B. Sentoni and others and utilizing the approximation ability of a radial basis function (RBF ) neural network, re-
alized was the discrimination of monlinear models in a thermodynamic system. During the process of leamning the RBF
neural network, one can accelerate the wnverging process of leamning by regulating the leaming speed acording to a per-
formance function. Finally, a simulation verification was conducted. A multi-model control system based on wo local lin-
ear models instead of five local nonlinear models can diminish the oscillation during a swilching-over with the control ac-
curacy being somewhat enhanced. The experimental resulis indicate that the discrimination algorithm under discussion can
reduce the number of fixed models, thereby shortening model searching time and raising model prediction accuracy. Key
wrods: themodynamic system, local model, non-linearity, RBF neural network

= Discrimination of a Thermodynamic Object Based on a Minimum
Resource Allocation Network] , |/ YANG Shi-zhong, TU Jian-hong (College of Energy Source and Environment
under the Southeast University, Nanjing, China, Post Code: 210096)// Joumal of Engineering for Thermal Energy &
Power. — 2007, 22 (1). —91~95

The establishment of a comprehensive nonlinear model for a thermodynamic process serves as a basis for the overall opti-
mization of a themmodynamic control system. However, it is difficult for a static neural network to establish a model for
nonlinear dynamic processes. A resource allocation network (RAN) lends itself to dynamically adjust the netvoik param-
eters while an extension Kalman filter (EKF) algorithm can accelerate the converging speed. By organically combining
the above-mentioned methods and adding on this basis pruning tactics and a sliding-window root-mean-square criterion,
an improved minimum resource allocation network (MRAN) can be fomed. The improved MRAN has been applied to the
nonlinear dynamic modeling of a typical thermodynamic process. The simulation results show that the MRAN features a

compact netork structure_and high modeling accuracy, thus. making it suitable for on-line applications. Finally, analyzed



