DRUM BOILER LEVEL CONTROL
USING NEURAL NETWORK™

Sami Abunoun Ajeel’

Saad Shakir Tawfiq™ Saad Ali Ahmed™

Abstract

This paper dealswith the control of water level in the drum boilerswhich are
obviously used in electrical power plants. Efficient techniques are applied as a
kind of artificial intelligence known as neural networks. Identification networks
are trained offline using real process data recorded at Al-Daura power plant /
unit no.4. Drum level is selected as an output of identification network while
pressure, feed water flow, steam flow are selected as input. The first step of
work was to find network with the least number of hidden neurons and the least
value of mean square error. The network is smulated and its output is plotted
with the real data. Two types of networks are tested feed forward neural
networks and recurrent neural networks. The predicted mean square error is
more than 1.0 E-04 for feed forward networks and less than 1.0 E-06 for
recurrent networks. The second stage is the prediction of the inverse model. A
MIMO system network was used for this purpose. Computer programs are
implemented using neural network tool box which is available in MATLAB
version 6.5.
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I ntroduction

Steam drum level control is necessary to add make up water as sseam s delivered
into the header and to the associated process equipment. The system should control
the level at a specific set point while compensating for varying steam demands and
drum pressures. For a given volume of steam and blow down leaving steam drum, an
equal amount of water should replace that inventory.

Workers expend many efforts on drum boiler, [1] , [2] , [3] made researches on
drum boilers using mathematical modelling [4] , [5] , [6] , @ used neural identification
method. Thiswork is carried out using neural networks as a new method which copes
with drum nonlinearities.

Data Collection and Analysis

Before entering inside the work, it is important to analyze the data, the recorded
data represents closed loop measurements, the feed water controller is a fast acting
flow controller, which uses feed water flow as its process variable and steam flow as
its set point, thus for every kg. of steam flow leaving the boiler a kg of feed water is
added. This loop has a final control on the feed water control valve. The feed water
controller modulates its output to regulate the necessary feed water flow to keep the
drum level in amassheat balanced and level state.

This work is based on taking the feed water flow and steam flow as the mass
balance effective parameters, on the level state and the pressure as it affects the whole
system stability; because high pressure in the drum means nonlinear behavior in the
level.

Although the problem is treated as a black box modeling, neural network is a type
of artificial intelligence, learning and adjustment of the system is based on a logical
foundation.

The data used for the development of neural network was recorded by sampling the
process variables and the drum level every 2 minutes. 150 data points were used for
the identification purpose. The testing data is scaled in the range [-1 +1] using neural
control toolbox function premnmx.

Figure (1) shows the scaled feed water flow, figure (2) shows the scaled drum
pressure, Figure (3) shows the scaled data for steam flow and level data is shown in
Figure (4).

The fluctuation in datais attributed to many factors; all of which lead to the known
fact that the system is nonlinear.
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Fig. (2): Normalized Drum Pressure Plot
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Fig. (3): Normalized Steam Fowrate Plot
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Fig. (4): Normalized Drum Level Plot
| dentification

Though there are many statistical methods to correlate the empirical data, there
are none that fit the behavior of the input variables on level measurements. For all
these reasons, neural network is selected.

First, linear transfer function was used in the identification model, but, bad results
of the mean square errors were obtained, they were excluded from the networks.
Finally atansig transfer function was chosen in building the network.

The tansig “a short for tan-sigmoid” is a squashing function of the form shown in
Figure (5) that maps the input to the interval (-1, 1). Level of the considered drum
readings is -350 to +350mm.

X = teansigln)

Fig. (5): Thetan —sgmoid transfer function

An input output model is used first to identify the system, first trial,we assume the
model as shown in the following equation.

yp(k): flu(k - )] erereeeeee (1)

The training set is shown in table (1); many experiments were carried out in order
to obtain the optimum structure of the neural network that can fairly approximate the
plant dynamics. The work was carried in the graphical user interface, through Matlab
version (6.5).



Table (1) Training Set Of Feed Forward Of Boiler Network.

Pattern form
Pattern no. Orw (k- 1) P(k- 1) Os(k- 3 Os(k- 31
Pattern 1 Jrw (0) P(0) gs(0) gs()
Pattern 2 Oew @ P() qs(l) qs(l)
Pattern 149 Ory (148) P(148) g, (148) Os(k- 31

The optimum number of neurons in the hidden layer is predicted by plotting the
number of neurons versus the mean sguare error. As shown in Figure (6). the
increasing number of neurons in the hidden layer above eight does not achieve an
observed improvement in the performance of the system.
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Fig. (6): Optimizing No. of Neurons in the Hidden layer

All the previous figures were estimated at 100 training epoch for 0.001
momentum factor. The best structure was found at 8 neurons in the hidden layer. The
network is shown in Figure (7). Results of this structure are tabulated in table (2).
In this table, Wj; is a connection weight from a unit i at the input layer to unit j at the
hidden layer. Similarly, Wi is a connection weight from a unit j at the hidden layer to
unit k at the output layer. =1 refers to the normalized feed water flow, i=2 refers to
the normalized pressure and i=3 refers to the normalized steam flow. In the output
layer k represents the normalized level reading.
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Fig. (7) Training a Network with 8 tansig Hidden Neurons.

Table (2) Training Results of Feed Forward Of Boiler Network

Wel ghtS (Wj ,i)
j 1 2 3 4 5 6 7 8
1 | 1438 |5.268 -6.137 | 22.260 0.367 | -13.141 | -0.712 | -10.563
2 | -1.574 | -1.166 | 2.006 0.331 0.800 | 4.295 -.0668 | 3.676
3 | 70602 | -8.022 | 1.991 4,158 4195 | 2.219 3.055 | 3.676

bj | 2182 |-7.603 | 1.074 -4.140 3.962 | 1.014 -5.985 | 1.167
Weights (W)
i 1 2 3 4 5 6 7 8

1| 2316 | -0.552 | -0.973 -0.619 3.962 1.014 -5.895 1.1672

by | -1.069

After the neural network is fixed, the network is simulated, as shown in Figure (8).
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Fig. (8): Simulation Of The feed forward network

Although the training results have the same shape of the model, the model is
unsatisfied, there is a time lag which is attributed to the bias values which are not
confirmed. Bad simulation results lead to the addition of the feedback to the input as
shown in figure (9). This type of network is obviously known as recurrent networks or
“Hopfield networks”. Thus making a new training set represented by equation (2).



y (k+D) = [y (),u(k- D] e @)

In recurrent networks, there are both feedforward and feedback connections along
which signals can propagate in opposite directions. Because feed forward network
does not have dynamic memory, the tapped delay line method is selected to represent
this dynamic system. The adopted method is a fully recurrent type where the
feedforward and feedback connections are trainable. The method employs the current
inputs and past outputs of the system to be modeled as the inputs to the network.
The next output is used as ateaching signal. The tapped delay line method thus turns
a temporal modeling problem (learning the dynamic behavior of the system in the
time domain) into spatial modeling problem (statistically mapping the delayed inputs
to the next output).
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Fig. (9): The Recurrent Neural Network

The new network gives excellent performance, thus the mean square error reaches
avalue of 4.67 E-7 as shown in Figure (10). The results of this network are tabulated
in table (4.3), in this table i=4 represents the current level reading (normalized value)
and the simulation result is shown in Figure (11).
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Fig. (10): Training of Recurrent Network
Weights (Wj,i)
j 1 2 3 4 5 6 7 8

1| 1179 | 0.086 1232 | 0610 | 1.144 | -1.270 | 0.069 -1.242
20992 | -0046 | 1.224 | -0.721 | -.083 | 0.465 | -0.055 | -2.404




3] 1624 | -0012 | 2384 | -1.062 | 2.382 | -1.821 | -0.062 0.281

4 | -0542 | -0.712 | -4.313 | -5.575 | -1.076 | -0.135 | 1.287 0.281

bj | -2.381 | 0.980 0485 | -5213 | 0.195 | -1.059 | 1.349 -2.007
Wel ghtS (Wk’j)

[ 1 2 3 4 5 6 7 8

1| 0047 | -2920 | -2.241 | -3.294 | 1.330 | 0.132 | 1.018 -0.673

Table (3): Results of Recurrent Neural Network |dentification
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Fig. (11): Simulation of the Recurrent Network
Conclusion

This work focuses on the level control of the drum boilers using artificial neural
networks for identification and control of nonlinear dynamic system. The following

points outline the most important results that have been obtained in this work.

1. It can be understood that recurrent neural networks give better results than the
traditional feed forward networks when trained by backpropagation algorithm.

Simulation of identification results is plotted and the M SE reaches 4.5E -08.

2. Recurrent neural network can identify any physical model with a great degree of

accuracy.




3. Generalization capabilities of neural networks enable them to map the nonlinear
response of the level by choosing the tansig transfer functions of each neuron in
the hidden layer and output layer, as simulation results showed.

Nomeclature

Symbol Definition Units

al Hidden layer output

P Pressure kg / cm?

d rw Feed Water Flowrate Ton/ hr

Js Main Steam Flowrate Ton/ hr

Np Number of Neurons in Hidden Layer

MSE Mean square error

u Manipulated I nput

W, Weight Factor, multiplied by the signal going from
neuron i in the input layer to neuron j in hidden layer.

W Weight Factor, multiplied by the signal going from neuron
j in the hidden layer to neuron k in the output layer.

Yo Plant Output
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References

1- Kim K. K. Su., “A Study on Fuzzy Control Simulator of Naturally Circulated
Boiler”, Pdf. Korea University Of Technology , 2001.

2- Astorm K. J,, and R. Bell," Drum-boiler Dynamics', Automatica Vol.36, pp. 363

378, 2000.

3- Eborn J. and Sirlie J. “Parameter Optimization of a Non-linear Boiler Model”, In
Sydow, Ed., 15th IMACS World Congress, Vol. 5, Berlin, Germany, W&T , pp.
725-730, 1997.

4-Vanlandingham. T., And Tran “Demonstration of Feed Through Neural Network
On Boiler Plant”. Scholar Lib, Vt.Edu, Thesis, Public, Etd-111597-1423/Materials
Chap6, PDF, 1995.

5- Al-Duwaishl H., L.Ghouti2, T. Haawanil, and M. Mohandesl, “Use of Artificial
Neural Networks Process Analyzers. A Case Sudy”, Department of Electrical
Engineering, King Fahad University of Petroleum and Minerals, Saudi Arabia ,
2002.

6- Teresa L., E. Blake , G.Stapper, D. Roberts and D. Scruggs, “Application of A
Neural Network Based , Closed-Loop Control Optimization System to A Load-
Following Utility Boiler”, 2002.



