
Process Cont ro l l .  

Using a neural network syste 
for advanced process control 
John B. Rudd 

Radically different from common computing techniques, neural networks are 
massively parallel systems that rely on dense arrangements of interconnections 
and suprkingly simple processors, 

Two problems that have always plagued the process 
control engineer are: (a) lengthy delays in achieving the 
intended outcome in making adjustments, and (b) a need 
to control variables that are not directly or instantaneously 
measurable. These variables are sampled physically and 
measured in the laboratory on a periodic basis, such as 
once an hour or once per shift. Adjustments are then made 
to the process variables that indirectly and belatedly result 
in the desired effects on the control variables. 

With the advent of electronic instrumentation and 
microprocessor-based control systems, attempts at  more 
direct control have been developed using mathematical 
modeling and simulation. Often, these simulations are 
limited by simplifying assumptions made to achieve some 
degree of linearity between adjustments and process 
results. Such a simplified model can be used for direct 
control, as long as the operators understand the limitations 
and the controls are operating within the range for which 
the model was designed. 

To overcome these kinds of limitations, we have to 
develop a full model based on scientific first principles. 
To do so requires an extensive understanding of the process 
and the capability to reduce that understanding to a 
comprehensive mathematical representation. Firs t  
principle models have proven effective in operation. 
However, the complex mathematical models have to be 
maintained, which demands the same capability and 
understanding as needed to develop the original model. 

An alternative solution to these types of problems is the 
artificial neural network. These networks establish a 
computing architecture that has unusual and unique 
capabilities (1-3). Artificial neural network architectures 
are made up of elements that perform in a manner 
analogous to the basic biological neuron, or nerve cell. The 
artificial neurons are organized in a manner that may or 
may not simulate the anatomy of the brain. 

Despite the somewhat superficial resemblance to the 
biological model, artificial neural networks exhibit a 
number of the brain’s characteristics. Three similarities 
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that make neural networks suitable for use in process 
control are: (a) the ability to learn from experience, (b) 
the ability to generalize from previous examples to new 
ones, and (c) the ability to extract essential characteristics 
from inputs containing irrelevant information. 

Background on neural network technology 
Figure 1 shows both a single biological neuron and a 
simplified network with nerve cells. The set of inward- 
branching fibers called “dendrites” may be thought of as 
making up the input area of the cell. The dendrites are 
connected to the cell body, the “soma.” The long fiber 
denoted as the “axon” is, by analogy, the output area of 
the cell and is connected to a set of outward-branching 
fibers called “boutons.” 

As the soma receives stimuli through its dendrites, its 
activity level increases until a threshold is reached. Then 
the cell emits an impulse that travels along the axon and 
its branches to the ends of the boutons. The connection 
points from boutons to other cell dendrites or to somas are 
known as“synapses.” 

Figure 2 shows the neuron model used to simulate these 
characteristics of the biological neuron. Inputs represent 
either an input from outside the network or the output 
of another neuron within the network. Each input is 
multiplied by a weight factor, which is analogous to the 
synaptic strength of the biological neuron. The weighted 
inputs are then summed to determine the activation level 
of the neuron. The output can be represented mathema- 
tically as: 

(1A) Y=f (X lWi  +XzWz + ... + X N W N )  

or 

Y = f &  “ = I  XnWd (1B) 

where 

Y = output from a neuron 

X, = nth input to a neuron 

W, = nth weight applied to nth input. 

The function is normally referred to as a “squashing” 
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1 1. A single biological neuron (left) and a simplified network of a nerve cell in the brain (right] 
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function, which can be any bounded, monotonic, increasing 
function. The use of this function adds nonlinearity and 
stability to the network. One of the most commonly used 
squashing functions is the sigmoid function, which is 
represented in Fig. 8. This function has the general form: 

(2) &:I = 1 / [l + exp(-s)] 

This fundamental processing element, the neuron or node, 
is the basic unit on which neural networks are built. 

Back-propagation 
There are many network paradigms in use today. For the 
multivariable continuous processes in pulp and paper 
mills, one successful network paradigm is the back- 
propagation network. It is one of the easiest networks to 
understand because its learning and update procedures 
are intuitively appeatling. They are based on a relatively 
simple concept. 

Back-propagation was first introduced in 1974 by Paul 
Werbos and was independently rediscovered by David 
Parker in 1982. Duriing the mid-l980s, the capabilities and 
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3. General sigmoid function 

speeds of computers increased, and the costs fell sharply. 
The proliferation of computers provided a fertile envi- 
ronment for the third independent reinvention of the 
concept in 1986 (4), which sparked widespread interest in 
neural network simulations. 

Architecture 
Back-propagation networks are usually layered, as shown 
in Fig. 4, with each layer being fully connected to the 
layers before and after. In operation, the network is 
supplied with a group of inputs. The updating of activation 
values propagates forward from the input neurons, 
through the hidden layer of neurons, to the output neurons 
that provide the network response. 

When the network is training, the results of the forward 
pass through the network are compared to known results, 
and a standard error is calculated to be used for correcting 
the network weights. The correction mechanism starts 
with the output neurons and propagates back in the reverse 
direction-hence the term “back-error propagation,” or 
simply “back-propagation.” This process is continued until 
the network predictions are within some defined tolerance 
of acceptability. 



~~ 

4. Multilavered, back-propagation neural network, with each layer fully connected to the layers before and after 
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Yp = the pth output of the network 5. Scheme for the neural network controller 

I I K,. = the pth weighting factor applied to the mth output of 

I ’  

Let us look at  the biological learning process. Usually, 
certain conditions are set up, and an expected action or 
response is demonstrated. For example, a child is shown 
a card on which the letters “c a t” are printed. The child 
is instructed that these letters represent the name of an 
animal, and the animal is a cat. 

In another lesson, the child may be shown cards with 
letters like “c o w,” “d o g,” or “h o r s e.” The cards are 
shown repeatedly, and the child is asked to respond with 
the name of the animal. At first, the child will guess 
incorrectly but will soon begin to recognize the names. 
After some number of repetitions, the child will respond 
quickly and correctly with the right names. 

This is the same basic technique used to train the 
artificial neural network. If the network gives the wrong 
answer, the weights are corrected, with the result that the 
error is reduced and further responses are more likely to 
be correct. 

Referring again to the multilayered network in Fig. 4, 
the outputs can be mathematically represented by: 

(3) y p = j ( $  m i l  + ~ ( 2  “ = I  X~W-)]  K m p )  

where 

- -  _ _  
the hidden layer 

= the mth weighting factor applied to the nth input to 
the network 

W,, 

X ,  = the nth input to the network. 

Advantages and qualifications 
Some of the real advantages of using a neural network 
in a process control application are: 

1. Neural networks are not programmed. They learn by 
example with no requirement of prior knowledge. 

2. Neural networks are robust in nature and can operate 
even if portions of the input data are incorrect. The 
network can see through noise and distortions to obtain 
the true essence of real-world environment being 
viewed. 

3. Neural networks can make generalizations to reach 
new conclusions based on past experience. 

4. Neural networks can solve any problem involving the 
mapping of input data into output data. 

As with most useful concepts, however, these advantages 
come with qualifications that must be evaluated. To begin 
with, learning takes time. Depending on the complexity 
of the network and the quantity of classification data (Le., 
training sets), the learning process can take hours, days, 
or even weeks. Moreover, even though the networks can 
see through noise and distortions most of the time, there 
may be times when the network will be tricked and will 
“see” its equivalent of an optical illusion. 

Being good at  making generalizations and reaching new 
conclusions does not lead to being precise or logical. 
Consider the following problem: 

2.14325 + 3.25617 = 5.39942 

The neural network would conclude that adding the two 
numbers together will result in a number that is probably 
very close to 5.4. 
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To take a logical problem, let us consider the simple f relationship: 
.Q 
U 
(h 

If a =  b and b = c,  then a = c.  

The neural network would conclude that the term a is 
equal to something, and it’s probably really close to the 
term c. 

When neural networks are properly applied, these 
qualifications are not really problems, especially when the 
meaning and implications of the qualifications are 
understood and are considered in managing the controls. 

sor. Other networks that are more complex have taken 
two to three days to train. One mathematically generated 
model with 52 inputs, 30 hidden nodes, 10 outputs, and 
1500 training sets did not complete training after 20 days. 

The training of the network is affected by the number 
of inputs and outputs, the number of hidden layers and 
hidden nodes, and the desired accuracy. The training 
technique, the speed of the computer, the mathematical 
tools used to evaluate the results, and the number of 
learning thresholds evaluated also affect the time required 
for learning and evaluation. 

Inputs and outputs. Just as with any control problem, 
the inputs and outputs along with their interrelationships 
and dependencies must be considered in planning the Understanding ithe results and limitations 
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Consistencv. % 

Actual sample 
Neural network 
Regression models 

Simple 
Multivariable 
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12.60 12.40 11 .a0 1 1.20 12.00 
12.52 12.42 1 1.72 1 1.28 1 1.99 

12.80 12.80 1 1.48 1 1.48 12.14 
12.38 12.61 1 1.58 11.44 12.00 
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6. Flow diagram for the three-stage brownstock washer 

0 0 
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and black liquor 
collection tank 

Hot water + 

5. The percentage of each individual output exceeding a 
percent error of 7.5%. 

Using all of these tools together, we found that two levels 
of hidden nodes provided similar results: 25 and 40 hidden 
nodes. Since the results were approximately the same, we 
chose the 25-node networks for further evaluation because 
the computing time is less for training and for operation. 
The 25-node networks were trained with 22, 23, 24, 25, 
and 26 hidden nodes, and the same type of training analysis 
was performed. No efforts were made to train networks 
past 26 nodes because we noticed an obvious deterioration 
in accuracy. 

Learning thresholds. These networks were trained and 
evaluated at five different learning thresholds. These five 

thresholds had provided the best resulk with the initial 
networks: 0.0081, 0.0064, 0.005, 0.0036, and 0.0025. The 
particular learning threshold used is defined as: 

(4) Threshold = 0.8 x (Ce2 / 2) 

where 

E = normalized error between the network output and the 
actual measured output. 

Using this analysis, the best network was found to have 
25 hidden nodes operating with a learning threshold of 
0.0064. 

Improving training times. Much can be done to 
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7. Washer control straltegy (DC = dilution factor controller. FC = flow 
controller. K = consistency. W = weight SP = set point S = speed.) 

8. Reduction in the standard deviation of the filtrate solids by using 
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improve training times (6). One of the best ways to cut 
training time is to use a hardware accelerator card. These 
circuit boards are calpable of processing networks 50-100 
times faster than a 25-MHz 80386180387 personal 
computer. With these special-purpose cards, networks that 
might require a day of training would take a matter of 
minutes to train. 

The neural network controller 
As stated, there are many problems in pulp and paper 
mills that make control difficult. A hybrid system that 
combines a neural network system, a rule-based system, 
and a conventional clomputational system may be needed 
to handle these problems with operational simplicity and 
effectiveness. 

Figure 5 illustra.tes the concept used in a neural 
network controller. ]Data are collected from the process 
domain along with known results to train a configured 
neural network. In training the network, process infor- 
mation is collected from the process domain control system 
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and is passed through a rule-based preprocessing element 
before going to the network. 

Once the network is run, the results, in process variables 
and controller set points, are passed to the postprocessing 
element. The preprocessing and postprocessing systems 
are a combination of mathematical calculations and 
forward chaining rules that operate on current input data, 
historized data, and current network outputs to provide 
a stability the neural network does not have on its own. 

Our first effort to determine the ability of a neural 
network to provide meaningful results was based on a 
bleached washer. One variable that has always been 
missing when trying to perform mass balances around 
washers is the consistency of the mat leaving the washer. 
We developed a network that viewed the world around 
the washer as represented by 14 variables available in an 
existing control system. 

Sets of data samples were collected a t  four positions 
across the face of the washer at  production rates of 500, 
600, 700, 800, and 900 tonsfday. The consistency of each 
sample was determined, and the four sample values within 



each set were averaged to determine the overall mat 
consistency. These data were used to train the network 
to output a value for the mat consistency. The network 
computation was executed every 5 s to simulate a sensor 
process variable. 

The process was run at  650 and 850 tonslday, and 
additional data sets were collected to be used for testing 
the trained network. In the past, we have used regression 
analysis to develop models that could be implemented 
within the structure of a distributed control system. These 
models simply correlated the production rate to the mat 
consistency. This same exercise was carried out using the 
collected data. In addition, a multivariable regression 
model was developed using all the variables used by the 
neural network. The test data were used to evaluate both 
regression models and the neural network. 

Table I shows the results of the testing expressed in 
terms of percent error between measured and predicted 
results. After seeing these results, we developed a dynamic 
simulation of the process and implemented a neural 
network controller to manipulate certain process variables 
related to the washer operation. Our effort was directed 
at  controlling the consistency of the mat leaving the 
simulated bleach washer. Based on the success of this 
simulation, we felt that a full mill trial was justified. 

Themilltrial 
For the mill trial, we chose a brownstock washer as the 
subject for control. The preliminary results of the trial were 
reported previously (7). The brownstock washer line used 
for the trial was a three-stage, 850-ton/day, hardwood line. 

Figure 6 presents the flow diagram. The washer feed 
is delivered from two pressure knotters with liquor from 
a foam tank and from a liquor collection tank, reintroduc- 
ing liquor collected from the washer system back into the 
first washer vat. Forty-four variables were considered as 
possible points to become part of a training set. Every 
effort was made to take into account all aspects of the 
process that could possibly affect the washer operation. 

A testing program was set up to collect laboratory data 
to be used for training the neural network. As with the 
bleach washer example, four samples were taken across 
the face of the washer. Laboratory testing was carried out 
on each sample to determine unit mass in lb/ft2, mat 
consistency in percent, and soda loss in lb NazS0Ja.d. ton. 

The neural network controller was initially implement- 
ed to provide software sensor values for mat consistency 
and mat density and to control the dilution factor to 
stabilize the black liquor solids. Figure 7 illustrates the 
strategy. This control scheme was implemented, and the 
result was a 25% reduction in the standard deviation of 
the black liquor solids, based on an eight-day trial. The 
controller was on control for the entire eight days, as shown 
in Fig. 8. 

Twice during the trial, one of the two knotters feeding 
the washer line went down, resulting in 15-20%of the input 
variables going out of range. In both instances, the 
controller continued to make valid predictions, and the 
dilution factor controller maintained automatic control. 

At the completion of the initial trial, operations a t  the 
mill changed, resulting in a modification of the operating 
range of the washer line. When the network was required 

to operate outside the original training domain, the results 
began to deteriorate. More data were collected to expand 
the range of the process domain viewed by the controller, 
and the network was trained to predict soda loss values 
in addition to consistency and mat density. 

Figure 9 shows the test results of samples taken to test 
the network. The controls of consistency and mat density 
continue to perform with the same accuracy as during the 
previous trial. The software sensor value for soda loss is 
also being predicted at  an acceptable level. All of these 
variables are being predicted every 15 s. This timing is 
sufficient for use as sensor PVs in control strategies. 

Conclusions 
The kinds of variables we have dealt with here are those 
for which values have always been difficult to obtain. 
Values have been obtained in laboratory testing, or they 
have been obtained from sampling instruments through 
an extended time cycle. Some of the variables are meant 
to replace on-line analytical sensors that  are high 
maintenance items with imperfect results. 

As an alternative to traditional modeling techniques for 
obtaining these variables, neural networks, rule-based 
systems, and conventional mathematical techniques can 
be combined. Software sensors can be created to provide 
values for the variables. 

In the proposed system, empirical models are based on 
data and principles of statistics, not on a need for 
fundamental insights as to the working relationships in 
the process. The models are complex, but they are trained 
on data. There is minimum fundamental theory, and there 
are no software bottlenecks. 

The models are easy to understand, since the quanti- 
fication of all variables is represented in a map relating 
inputs to outputs. For nonlinear systems, the neural 
network models work well, providing clues as to under- 
lying physical phenomena. 

With the addition of these new, reliable process 
variables, the control engineer can develop controls that 
have been marginal in the past. Many supervisory controls 
that were previously unattainable are now opportunities 
for the industrious control engineer. 
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