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Abstract

This paper presents a comparison of three common neural
network controllers: model predictive control, NARMA-L2
control and model reference control. It describes each of the
controllers and demonstrates their performance on four
applications: a continuous stirred tank reactor, a robot arm,
a magnetic levitation system and a simple diesel engine
model. The strengths and weaknesses of each algorithm are
illustrated.

1 Introduction

Neural networks have been applied successfully in the iden-
tification and control of dynamic systems ([5], [7]), but
there has not been a careful comparison of the performance
and design procedures of the various neurocontrollers. The
objective of this paper is to compare three different neural
network controllers: model predictive control [10],
NARMA-L2 control [8], and model reference control [9].
These controllers are representative of the variety of com-
mon ways in which neural networks are used in control sys-
tems. We will describe each of these controllers and then
apply each of them to four different systems: a continuous
stirred tank reactor, a single-link robot arm, a magnetic levi-
tation system and a simple diesel engine model. These four
systems represent a variety of simple applications to which
neurocontrollers can be applied. We will then compare and
contrast the performances, as well as the synthesis proce-
dures, of the three controllers on the four test problems.

There are typically two steps involved when using neural
networks for control: system identification and control
design. In the system identification stage, you develop a
neural network model of the plant that you want to control.
This network is trained offline in batch mode, using data
collected from the operation of the plant. In the control
design stage, you use the neural network plant model to

design (or train) the controller. In each of the three control

architectures described in this paper, the system identifica-
tion stage is identical. The control design stage, however, is
different for each architecture. (To obtain a valid compari-
son of the three controllers, we include a reference model
between the reference signal and the controller for the pre-
dictive and NARMA-L2 controllers.)

The next three sections of this paper discuss the three con-
trollers. This is followed by case studies, in which each of
the controllers is applied to four different test problems. The
final sections present some ideas about plant identification
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and a provide summary of results.
2 NN Predictive Control

The first stage of neural network control is the identification
of the plant model, which is a multilayer network whose
inputs are delayed plant inputs and outputs. Table 1 shows
the plant identification parameters for the predictive control-
ler (and the model reference controller) for the applications
that will be described in a later section. The input signal for
the system identification consists of a series of pulses of ran-
dom amplitude and width (see Figure 9). The first two rows
of the table indicate the ranges for the amplitudes and
widths of the pulses. The last three rows define the architec-
ture of the identification network.

Table 1: Parameters for Plant Identification

CSTR | Maglev | Robot Engine
Input range 0,4) 0,4) |(-15,15)](50,450)
Input interval | (5,20) |(0.05,5)] (0.1,2) | (0.01,7)
Sample time 0%2;, 0.01 | 0.05 0.01
Delayed inputs 2 3 2 7
Delay. outputs 2 -3 2 7
Hidden layer 7 10 10 10

(a) Predictive Controller (b) Model Reference Controller

The neural network predictive controller uses the identified
neural network plant model to predict future plant outputs.
The predictions are used by a numerical optimization pro-
gram (BFGS quasi-Newton algorithm, with a backtracking
line search [4]) to determine the control signal that mini-
mizes the following performance criterion over the specified
horizon [10}:

N, N,
J=z D+ )=yt + D)) 4+p Y (Wt +j-1)=u'(1+j-2))2
j=1 j=1
where N, and N, define the horizons over which the track-
ing error and the control increments are evaluated. The '
variable is the tentative control signal, y, is the desired
response and y, is the network model response. The p
value determines the contribution that the sum of the
squares of the control increments has on the performance
index. Table 2 shows the values for the predictive controller
parameters we will use in the applications discussed in a
later section.



Table 2: Parameters for Predictive Controller

CSTR | Maglev | Robot Engine
N, 7 15 9 12
N, 2 3 2 3
P 2 0.01 0.005 0.1

3 NARMA-L2 Control

NARMA-L2 control transforms nonlinear system dynamics
into linear dynamics by canceling the nonlinearities. The
controller is simply a rearrangement of the neural network
plant model, which is trained offline, in batch form. The
only online computation is a forward pass through the neural
network controller. The drawback of this method is that the
plant must either be in companion form, or be capable of
approximation by a companion form model.

To identify the system to be controlled we use the approxi-
mate NARMA-L2 model to represent the system [8]. Using
the proposed equations directly can cause realization prob-
lems, because we must determine the control input u(k)
based on the output at the same time, y(k). So, instead, we
used the model

Yk+d) = fly(k), y(k=1),...,y(k=n+1),
u(k), u(k=1), ..., utk=m+1)]
+gly(k), y(k~1), ..., y(k—n+1),
u(k),u(k—=1), .., u(k=m+1)]j-uk+1)
where d>2. Using the NARMA-L2 model, we can define
the controller

8y

Y, (k+d)~ f[Y, U]
u(k+1) = PVA

Y = [y(k), ..., y(k=n+1)]

U = [u(k), u(k-1), ..., u(k=n+ 1)}
which is realizable for d>2. This controller can be imple-
mented using the previously identified NARMA-L2 plant
model. Table 3 shows the final NARMA-L2 controller
parameters for each application.

2

Table 3: Parameters for NARMA-L2 Controller

CSTR | Maglev | Robot
sample time 0.01 0.01 0.05
Delayed inputs 3 3 3
Delay. outputs 3 3 2
Hidden layer 3 10 12

4 Model Reference Control

The online computation of the model reference controller
[9], as with NARMA-L2, is minimal. However, unlike
NARMA-L2, the model reference architecture requires that
a separate neural network controller be trained off-line, in
addition to the neural network plant model. The controlier

training is computationally expensive, since it requires the
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use of dynamic backpropagation ([9], [6]). On the positive
side, model reference control applies to a larger class of
plant than does NARMA-L2 control. Each network has two
layers, and you can select the number of neurons to use in
the hidden layers. There are three sets of delayed controller
inputs: reference inputs, controller outputs and plant out-
puts. Table 4 shows the final Model Reference controiler
parameters for each test

Table 4: Parameters for Model Reference Controller

CSTR | Maglev | Robot | Engine
Del. reference 3 2 2 2
Delayed inputs 3 2 2 2
Delay. outputs 3 2 1 1
Hidden layer 8 13 13 15

5 Case Studies

5.1 Continuous Stirred Tank Reactor (CSTR)
The first application is a catalytic Continuous Stirred Tank
Reactor (CSTR) [1]. The dynamic model of the system is

‘%2 = w, (1) + w,(1) = 02.J(D)
dc,(n) w, (1) wat) K Cy()
ar = Cor GOy Cor Gy~

where h(r) is the liquid level, C,(¢) is the product concen-
tration at the output of the process, w,(z) is the flow rate of
the concentrated feed C,, , and w,(r) is the flow rate of the
diluted feed C,,. The input concentrations are set to
Cyy = 249mol/cm® and Cy, = 0.1lmol/cm3 . The constants
associated with the rate of consumption are k, = 1 and
k, = 1. The objective of the controller is to maintain the
product concentration by adjusting the flow w,(¢). To sim-
plify the demonstration, we set w,(z) = 0.1¢m3/s. The level
of the tank h(r) is not controlled for this experiment.

For the predictive controller we noticed that the control
action and system response tend to be smoother as the con-
trol horizon increases. However, this option requires more
computation. We also noticed that p strongly affects system
stability. Values of p <1 generated a fast response. How-
ever, the system became unstable for certain transitions. For
long control horizons, we noticed that lower p values
resulted in less restrictive control action - allowing abrupt
transitions. For short control horizons the control action
could change faster, so we could excite unstable modes of
the plant. Figure 1 shows the CSTR response for the param-
eters given in Table 2, which produced the best results.

To avoid large offset and control action saturation using the
NARMA-L2 controller, the sampling interval was reduced
to 0.01 seconds. Figure 2 shows the system response for the
NARMA-L2 controller. We notice that saturation and rapid
oscillation of the plant output is avoided. However, the
NARMA L2 controller generally produces more oscillatory
control signals than the other controllers discussed here.
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Figure 1: CSTR response and control action using the Pre-
dictive Controller.
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Figure 2: CSTR response and control action using the Nar-
ma-L2 Controller.

To obtain the model reference controller for the CSTR, the
plant model was trained using a sample time of s = 0.05.
We found that normalization was critical to obtaining a good
controller. Controllers trained without normalized data were
unsuccessful. Another important factor for the accurate
training of the controller was considering the training modi-
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fications suggested in [3]. The model reference controller
requires dynamic training because of its recurrent architec-
ture. The initial training resulted in saturation, oscillation
and bad performance from the controller. As detailed in [3],
the error surface of a recurrent network has spurious minima
that occur in narrow valleys. These valleys can be mitigated
by switching training sequences, using small random initial
conditions and employing regularization[3]. Using these
techniques, we were able to obtain the controller response
shown in Figure 3.
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Figure 3: CSTR response and control action using the Model
Reference Controller.

5.2 Magnetic Levitation System (MagLev)

In the second test problem, the objective is to control the
position of a magnet suspended above an electromagnet,
where the magnet is constrained so that it can only move in
the vertical direction. The equation of motion is:

i My(r) "M dr

where y(¢) is the distance of the magnet above the electro-
magnet, i(t) is the current flowing in the electromagnet, M
is the mass of the magnet, and g is the gravitational con-
stant. The parameter § is a viscous friction coefficient that
is determined by the material in which the magnet moves,
and o is a field strength constant that is determined by the
number of tumms of wire on the electromagnet and the
strength of the magnet.

For the predictive controller, we again found that stability
was strongly influenced by the selection of p. As we
decrease p the control signal tends to change more abruptly,
generating a noisy plant output. However, when we increase



p to much the control action is excessively smooth. Figure
4 shows the system response for the best predictive control-
ler configuration. We noticed less oscillation and saturation
in the control action. We also eliminated the overshoot in the
system response.
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Figure 4: MagLev response using the Predictive Controller.
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Figure 5: MagLev response using model reference control.
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Figure 6: MagLev response using the Narma-L2 controller.

The neural network model of the plant used with the predic-
tive controller was used to train a model reference control-
ler. Figure 5 shows the system response and the control
actions for the system after training. We see that the system
has a steady state error of between 3% and 6%. Figure 6
shows the system response for the NARMA-L2 controller.
The response is very similar to Figure 4. The main differ-
ence between the controllers is the control action. The
NARMA-L2 controller is generally more oscillatory.

5.3 Robot Arm
The objective in this application is to control the movement
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of a simple, single-link robot arm, where the equation of
motion for the arm is:

d:2

where ¢ is the angle of the arm, and « is the torque supplied
by the DC motor.

. do
- lOsmd)—Zdt +u
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Figure 7: Robot arm response.

Figure 7a shows the response of the system using the model
reference controller. The system is able to follow the refer-
ence, and the control actions are smooth. If we compare the
results shown in Figure 7b for the predictive controller with
the model reference controller, we can see that the predictive
controller has a faster response. Figure 7c shows the robot
arm response for the NARMA-L2 controller.

5.4 Simple Diesel Engine Model

The objective of this application is to control the speed of a
diesel engine [2] by adjusting the fueling. The fueling has a
variable time delay as a function of the engine speed. That
delay can vary from 10 to 50 milliseconds and is reduced by
the load applied to the engine. The effect of fueling F,(s) is



modeled by the following equation:

where the engine inertia is / = 2 lb-ft—sec2 , and N(s) is
the engine speed. A constant feedback gain of 0.2 was intro-
duced to simulate viscous friction. The delay in the fuel sys-
tem is d(¢) = 0.003+29.166- N (r), where N (1) is a
saturated engine speea between >uv and 2400 rpm.
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Figure 8: Engine speed using the model reference controller
and Predictive Controller.

Figure 8a shows the engine speed for the model reference
controller. The variable delay in the fueling is noticeable
here. We would expect the engine response to follow the
soft reference more closely. However, each fueling action
required some time to generate a change in the engine speed.

Figure 8b shows the engine response using the predictive
controller. Cost horizon values smaller than 12 resulted in
no real control action. We assume that a cost horizon of 12
steps was able to cover the variable fueling delay of up to 50
milliseconds. The predictive control produces closer track-
ing than the mode! reference control. We may assume that
the predictive controller is able to better “predict” the behav-
ior of systems with variable time delay.

The NARMA-L2 controller for the diesel engine was unsuc-
cessful. From Eq. (1) and Eq. (2) the output of the plant
model is computed by adding the output of the f neural net-
work to the product of the g network output times the plant
input u(k) . When the plant identification was complete, the
weights of the g neural network were very small. So, the
response was provided only by the f network. This was due
to the variable fueling delay. The plant output was generally
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uncorrelated to the plant input applied 10 to 40 milliseconds
before. The engine model is therefore unable to create a use-
ful NARMA-L2 controller. This resulted in a saturated con-
trol action without regulation. NARMA-L2 control will not
work for systems in which the delay is not fixed and well-
defined.

6 Comments on plant identification

The performances of the three controllers discussed in this
paper depend on the accuracy of the plant identification. In
this section we will discuss some of the procedures that can
be used to improve the plant identification.

Controller performance tends to fail in either steady state
operation, or transient operation, or both. When steady state
performance is poor, it is useful to increase the time interval
over which the input signals for the plant identification
remain constant. Unfortunately, within a training data set, if
we have too much data in steady state region, the training
data may not be representative of typical plant behavior.
This is due to the fact that the input and output signals do
not adequately cover the region that is going to be con-
trolled. This will result in poor transient performance. We
need to choose the training data so that we produce adequate
transient and steady state performance. The following exam-
ple will illustrate the performances of three predictive con-
trollers when we use different ranges for the pulse widths of
the input signal to generate the training data.

6.1 Casel

We found that it took about 4.5 seconds for the magnetic
levitation system to reach steady state. Therefore, we first
specified a pulse width range of 0.01 <t<5. After training
the network with the data set shown in Figure 9, the system
was unstable.

Plant input

150
time (s)

250

Plant Output

e (3
Figure 9: Training data with a long pulse width.

6.2 Casell

Based on the poor response of the initial controller, we
determined that the training data did not provide significant
coverage. Therefore, we changed the range of the input
pulse widths to 0.0l <t<1, as shown in Figure 10. From
this figure, it is clear that the training data is more dense and



provides wider coverage of the plant model input space than
the first data set. After training the network using this data
set, the system was stable, although it resulted in larger
steady-state errors.
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Figure 10: Training data with a short pulse width.

6.3 Caselll

In the third test, we combined short pulse width and long
pulse width (steady state) data. The long pulses were con-
centrated only on some ranges of plant outputs. For exam-
ple, we chose to have steady-state data over the ranges
where the tracking errors from case 11 were large, as shown
in Figure 11. Figure 4 shows the system output of the pre-
dictive controller. Steady state errors were decreased, and
the transient performance was adequate in all tested regions.
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Figure 11: Training data with mixed pulse width.

7 Summary

This paper presented three representative neural network
controllers and demonstrated their performance on four
applications. The model predictive controller uses a neural
network model to predict future plant responses to potential
control signals. An optimization algorithm then computes
the control signals that optimize future plant performance.
The controller requires a significant amount of on-line com-
putation, since an optimization algorithm is performed at
each sample time to compute the optimal control input.

The NARMA-L2 controller requires the least computation
of the three architectures described in this paper. The con-
troller is simply a rearrangement of the neural network plant
model, which is trained offline, in batch form. The only
online computation is a forward pass through the neural net-
work controller. The drawback of this method is that the
plant must either be in companion form, or be capable of
approximation by a companion form model.

The online computation of the model reference controller,
like NARMA-L2, is minimal. However, unlike NARMA-
L2, the model reference architecture requires that a separate
neural network controller be trained off-line, in addition to
the neural network plant model. The controller training is
computationally expensive, since it requires the use of
dynamic backpropagation. On the positive side, model refer-

" ence control applies to a larger class of plant than does
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NARMA-L?2 control.
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