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Modeling of Nuclear Reactor in Load Following Operations
with Neural Network Ensemble
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Abstract

Neural network model is used for prediction of reactor power, Xenon worth and
axial offset with diffrent burnups in load following operations. Scaled Conjugate
Gradient algorithm i1s employed to speed up the training of neural networks that
consist of neural network ensemble. Training and testing data are generated by
ONED94 code. The test results presented exhibit the neural network ensemble model
1s more effective than single neural network model for the prediction and can be

prone to the problem of incremental learning.
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STEP 1 Choose weight vector #and scalars O<o<10™ D<a, 210" &,=0
set B =F=-F#) k=hbnd success = true

If success = tue, then calculate 2nd order information
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STEP 3 Scale 8,; &, =5, +(,~L)B[

K &, <0then make the Hessian matrix positive definite

STEP 4 _ e . B
L=20 -850 & =S 4nlR] L.-=X
STEP & Calculate step size : B=5FE o =m/s
Calculate the comparison parameter
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else: 3 -a 4

success= fake
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If the steepset descent direction £ =@hen set k=k+1 and go to
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