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Abstract: Neural network is used to establish dynamic model of heat exchanger system in this paper,
gray-box rr.!odel is bmug!\t forward on the base of analyzing heat exchangers operating
characteristic. Matrix operations are easy to be understood, the result of prediction is accurate.
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1. INTRODUCTION

Along with the production scale expansion and
the production technology modemization, the heat
exchanger have to satisfy each kind of peculiar
circumstance and the special request, the heat
exchanger ‘operation principle is becoming more and
more complex, displays for highly non-linear and time
lag and so on. So it's difficuit to describe system
dynamic model with precise mathematics modelling
method . However, the neural network has the strong
ability of pattern recognition and can approach the
highly nonlinear function map, this has brought the
new method for the unknown nonlinear system
dynamic modelling. in this paper, establish the heat
exchanger dynamic model through connecting heat
exchanger operation characteristic with NN theory,
model prediction result is accurate by computer
programming with VB assembler language.

2. HEAT EXCHANGER PERATION
CHARACTERISIC BASED ON OPERATING
POINT

In the heat exchanger system control process, the
process input and the output usually change nearby
operating point, generally decided by operation load.
Nearby some operating point, the relation between
the heat exchanger outlet temperature increment with
the hot water flow rate increment may approximately
be regarded as second order plus time delay
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K—static gain of system operating point
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T—time constant of system operating point
% —delay time of system operating point

3. PRAY_ BOX DYNAMIC MODEL OF HEAT
EXCHANGER BASED ON OPERATING POINT
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3.1 Pray_box dynamic model structure of heat
exchanger based on operating point

Using the self_learning and nonlinear function
analog characteristic of static Neural Network and
forecasting K and Tin the different load of operating
point, thus may recognize the heat exchanger
dynamic madel with linear second_order system.
Because this kind of model fully used the known
knowledge of heat exchanger, so it is called the
pray_box dynamic model, the structure of dynamic
model is depicted in Fig 1.

As shown in Fig 1, Ge is the cold water flow rate,
G, is the heat water flow rate, Ta(k) is actual system
output, k and Tc is heat exchanger characteristic
parameter predicted by NN model, Gio(k) is mean
flow_rate of the heat exchanger in current period of
time, Tao(K) is outlet temperature average vaiue of the
heat exchanger in current period of time, A Tg(k) and
AT, (k) are actual and predicted outlet temperature

increment at time k, the error of both is minimized to
aero through adjusting the NN weight .

For second order, using bilinear transform
method,
2 1-77" !
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transfer function
AT (2) _ boz‘2 + b,z“ +b, -
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where, T=dT and d=1, getting Eq(2)
through inverse transfer

AT, (k)= —a, AT, (k —1)— a,AT, (k —2)+
b,AG, (k=1)+bAG, (k —2)+b,AG, (k—3)

where, b, =-§—,,b1 =2b,,by=b,,
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Fig.1 system structure of pray_box dynamic model
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T is the sampling period, the relation of instantaneous
value, average value and increment as follows:

T, =Tg, + AT, G, =G +AG,,

- 2
A= TP+ T 41

A A
Tg =Tgo + AT,

3.2 Pray_ box dynamic model BP algorithm based on
operating point
Pray_box dynamic NN model may be described
by chart 2:

q 2
x,(k) = f,(s,) = tan sig > wi' - u; (k)
i=1
Yo (k) =" Wi x, (k)
h=1
(i=1, 2-q; 0=1, 2--m;) ()]

In which ufk) stands for input signal of th input
neuron, xx(k) stands for output signal of Ath hidden
neuron, yo(k) stands for output signal of oth output

neuron, w,("”” stand for weight vector from the input
woh

layer to the hidden layer, w,,~  stand for weight

vector from the hidden layer to the output layer.
Weight adjustment algorithm as follows:
Assuming the error function

E, =%(TG ) -T,(kyy? =L

() Aw,, stand for weight adjustment -from output
layer to the hidden layer

)
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layer to the input layer: Aw,, = 3
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When the input sample is:
[ uy (k) =Ggo(k) . uz(k)'=GLo(k) » T (R)

Ts(k), AT, (k= 1), AT, (k—2) . AG, (k -1).

AG,(k—2),AG,(k-3)),
applying the input sample to Eq(2) we get the
following relation :
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if o=1, from Eq(2) we know that :
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Fig. 2 Pray_ box dynamic model BP algorithm
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if o=2,similarly as in the previous relation, we can also
get:
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From Eq(4) to Eq(7),getting pray_box dynamic model
weight adjustment algorithm as follows :

I 3Af'a(k)
AW = o AT (k) [ ()x, &) - - x50
Tar.
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4.. REAL. DATA CONFIRMATION AND
CONCLUSION
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The pray_box dynamic model described in this
paper is confirmed by using actual operation data of
Shandong Provincial Communications Department,
the result of prediction is depicted in Fig3
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Fig.3 The temperature for NN predictions and actual
data

As shown in Fig3, the NN pray_box dynamic
model can track the heat exchanger dynamic process
well. The purpose of this paper was to demonstrate
the reliability of artificial intelligence in modeling of
industrial processes, the identified neural network
model presents fairly good results in prediction. The
results are quite general and are applicable to most
classes of other nonlinear system model.
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