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Abstract—Numerical studies have been conducted for three arbitrarily chosen engineering problems to
compare the interpolating performance of the artificial neural networks with that of the existing regression
models. In two example problems modeling nonlinear dynamic processes, the regression models combined
with the recursive least-squares estimation showed much better performance in interpolating accuracy as
well as convergence rate. In the mapping problem of a PVT-diagram of superheated steam, the neural net-

works failed to converge. As far as nonlinear modeling problems are concerned, the conventional regression
models still seem to work better, whereas the artificial neural networks have to be improved more before

they can play as generic self-learning modelers.
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Fig. 5. Output of process model using RLS (I).
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a, b, ¢, d; e, f; : coefficients of nonlinear polynomial
f(x) :sigmoid function

R routput layer index

N, :number of nodes in r* layer
P : pressure

T : temperature

T,

: target value of neural networks

-

: learning iteration number



A% : volume

Vis :estimated volume by least-squares method

Vav :estimated volume by neural networks

V.a :real volume in table

W; :weight between j* node in r* layer and i*
node in (r—1)"* layer

Y, :output of j* node in r* layer

PRBS: pseudo-random binary sequence

RLS :recursive least-squares estimation

LS :least-squares estimation
a2|0|A& X}

a : learning rate of weight
B : learning rate of offset
Y :momentum rate

Yo : initial momentum rate
Yimy :limit of momentum rate
8  :variation ratio of error

8,  :offset of j* node in ** layer
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