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The Adaptive Inverse
Control Concept

INTRODUCTION

Adaptive filtering techniques have been successfully applied to adaptive antenna systems
[1-20]; to communications problerns such as channel equalization [21-30] and echo can-
celation in long-distance telephony [31-39]; to interference canceling [40-46]; to spectral
estimation [47-57]; to speech analysis and synthesis [58-60]; and to many other signal pro-
cessing problems. It is the purpose of this book to show how adaptive filtering algorithms
can be used to achieve adaptive control of unknown and possibly time varying systems.

The system to be controlled, usually called the “plant,” may be noisy, that is, subject
to disturbances, and for the most part it may be unknown in character.! The plant and its
internal disturbances may be time variable in an unknown way. In some cases, the plant
might even be unstable. Adaptive control systems for such plants would be advantageous
over fixed systems since the parameters of adaptive systems can be adjusted or tailored to the
unknown and varying requirements of the plant to be controlled. Adaptivity finds a natural
area of application in the conirol field [88).

In the past two decades or so, many hundreds of papers have been published on adap-
tive control systems in the Transactions of the [EEE Control Systems Society, in Automat-
ica, in the IFAC (International Federation for Automatic Control) journals and conference
proceedings, and elsewhere. At the same time, a very large number of papers on adaptive
signal processing and adaptive array processing have appeared in the Transactions of the
IEEE Signal Processing Society, Antennas and Propagation Society, Communications So-
ciety, Circuits and Systems Society, Aerospace and Electronics Society, the Proceedings
of the IEEE, and elsewhere. Many books have been published on these subjects. The two
schools of thought, adaptive controls ard adaptive signal processing, have developed al-
most independently. The control theorists have by and large studied adaptive control using

Some prior knowledge of the character of the plant and its internal disturbances will be needed in order to
establish proper control. For example, at least a rough idea of the transient response time of the plant would be re-
quired in order to model it adaptively. Some idea of how rapidly the plant characteristics change for plants that vary
over time would be needed. Some knowledge of the plant disturbance would be useful, such as disturbance power
levet at the plant output. Detailed knowledge of the plant and its disturbances would not be required however.
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state variable feedback coupled through variable parameter networks to regulate unknown
plants and to control their disturbances. The signal processing people have been working
on problems that for the most part involve adapting weights of transversal filters by gradient
methods and employing the resultant adaptive filters to systems without feedback (except
for feedback in the adaptive process itself). The signal processing people have found a great
number of practical applications for their work, and so have the adaptive control people.

The goal of this book is not to bridge the gap between these two schools of thought
but to attack certain problems in adaptive control from an alternative point of view using
the methodology of adaptive signal processing. The result is what we call “adaptive inverse
control.”

We begin with a discussion of direct modeling (or identifying) the characteristics of
the unknown plant using simple adaptive filtering methods. Then we show how similar
methods, with some modification but in a different configuration, can be used for inverse
modeling (or equalization or deconvolution). Inverse plant models can be used to control
plant dynamics. Next we show how both direct and inverse models can be used in the same
adaptive process to minimize the effects of plant disturbance. In this development, we as-
sume that the plant is completely controllable and observable, that it can (in a quasistatic
sense} be represented in terms of an input-output transfer function (albeit an unknown one),
and that the plant is stable (if unstable, someone has previously applied stabilization feed-
back). The plant may be either minimum-phase or nonminimum-phase.

The basic ideas of adaptive inverse control have been under development at Stanford
University over the course of many years. The earliest related work is described in a paper
by Widrow on blood pressure regulation {61). Subsequent work is reported in several pa-
pers that were presented at Asilomar conferences [62, 63). A Ph.D. dissertation by Shmuel
Schaffer was concemed with model-reference adaptive inverse control [64]. A tutorial on
the work is given by Widrow and Stearns [65]. The first paper on adaptive inverse control in-
cluding adaptive plant disturbance canceling was presented by Widrow and Walach in 1983
at the First IFAC Workshop in Control and Signal Processing in San Francisco [66]. The sec-
ond presentation was by Widrow in 1986 in a keynote talk at the Second IFAC Workshop
on Adaptive Systems in Control and Signal Processing, University of Lund, Sweden [67].
There have been almost no other publications on inverse control and disturbance canceling
unti! recently. Several recent publications in the neural network literature have appeared
concerming nonlinear adaptive inverse control [95, 96, 97].

INVERSE CONTROL

A conventional control system like the one illustrated in Fig. 1.1 uses feedback, sensing the
response of the plant to be controlled, corparing this response to a desired response, and
using the difference to excite an actuator or controller whose output drives the plant input
to cause the plant output to follow the desired response more closely.

The system of Fig. 1.1 has unity feedback and is often called a follow-up system since
the objective is that the plant output follow the input signal or the command input. Any
difference between the plant output and the command input signal is an error sigral sensed
by the controller which amplifies and filters it to drive the plant to reduce the error.
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Figore 1.1 A conventional feedback controf system.

The use of feedback must be done in a careful way to prevent instability and to achieve
satisfactory dynamic response. When the plant characteristics are time variable or nonsta-
tionary, it is sometimes necessary to design the controller to vary with the plant. A common
objective in doing this would be 1o minimize the mean square of the error. But achieving this
objective is generally difficuit. If one knew the plant characteristics versus time, one might
be able to determine the best controiler versus time. Not knowing the plant, an identification
process could be used to estimate plant characteristics over time, and these characteristics
could be used to determine the controlier over time. Another idea would be to parametize
the controller and vary the parameters to directly minimize mean square error. The diffi-
culty with this approach is that, regardless of how the controller is parametized, the mean
square error versus the parameter values would be a function not having a unique extremum
and one that could easily become infinite if the controller parameters were pushed beyond
the brink of stability.

The objective of the present work is to take an alternative look at the subject of adap-
tive control. The approach to be developed, adaptive inverse control, in some sense involves
open-toop control and it is quite different from the feedback-control approach in Fig. 1.1.
We attempt to develop a form of adaptive control that is simple, robust, and precise. With
some knowledge of the subject of adaptive filtering, adaptive inverse control is easy to un-
derstand and use in practice,

ﬂ Plant

Command input Plant
input | Controller [————— output

Adaptive
atgorithm

Figure 1.2 Basic concept of adaptive inverse control.

The basic idea of adaptive inverse control is to drive the plant with a signal from a
controller whose transfer function is the inverse of that of the plant itself. The idea is illus-
trated with the system of Fig. 1.2. The objective of this system is to cause the plant output to
follow the command input. Since the plant is generally unknown, it is necessary to adapt or
to adjust the parameters of the controller in order to create a true plant inverse. An error sig-
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nal, the difference between the plant output and the command input, is used by an adaptive
algorithm to adjust the controller’s parameters to minimize the mean square of this error.

Referring to Fig. 1.2, the controfler in this diagram can be thought of as a filter hav-
ing an input and an output. This controller has adjustable parameters, and adjustability is
indicated by the arrow going through the box. Control of the adjustable parameters is done
by means of an “adaptive algorithm,” which is driven by the error signal. A usual objective
for the adaptive algorithm would be minimization of mean square error, the error being the
difference between the plant output and the command input.

Comparing the system of Fig. 1.1 with that of Fig. 1.2, minimizing mean square error
is done in the first case by using the error signal divectly in a feedback process for forming
the plant input signal, whereas in the second case the error signal is used in a feedback
process to control the parameters of the controller and is not fed back directly to the plant
input. The first case is feedback control and the second case is feedforward control. In both
cases, feedback is used to ensure precise system responses.

If adapting the controller of Fig. 1.2 were to make the error small, the controller would
have become an inverse of the plant. The cascade of the controller and piant would thereby
have a combined transfer function matching a gain of unity.

We assume that the plant is linear and that it varies slowly so that it is guasistatically
stationary. We assume that the controlier has converged and that it too is linear and qua-
sistatically stationary. The dynamic characteristics of both the plant and controller may be
represented by transfer functions, and the transfer function of the controller would be the
reciprocal of that of the plant.

If the plant has internal delay, the inverse controller may have difficulty in overcoming
it. The controller would need to be a predictor. Furthermore, if the plant is nonminimum-
phase (transfer function zeros in the right half of the s-plane or gutside the unit circle in the
z-plane), then the inverse contreller would want to have poles in the right half of the s-plane
or outside the unit circle in the z-plane. Such an inverse would normally be unstable. Means
for overcoming these difficulties are developed in Chapter 5.

The system of Fig. 1.2 illustrates the basic concept of adaptive inverse control. How
the adaptive algorithm works to control the parameters of the controller is a matter to be
developed below.

Sometimes it ts desired that the plant output track not the command input itself but a
delayed or smoothed version of the command input. The system designer would generally
know the smoothing characteristic to be used. A smoothing model can be readily incor-
porated into the adaptive inverse control concept. How this may be done is illustrated in
Fig. 1.3. The smoothing model is generally designated as the reference model in the control
theory field. Thus, the system of Fig. 1.3 may be called a model-reference adaptive inverse
control system. The model-reference idea is due to Whitaker, and an early reference is [89].
A recent reference 1s [88].

The reference model is chosen to have the same dynamic response that the designer
would like for the entire system. Referring to Fig. 1.3, it is evident that this result would be
obtained by once again adapting the controller to cause the mean square error to be low. In
this case, the cascade of the controiler and the plant after convergence would have a dynamic
response like that of the reference model. The product of the controller and plant transfer
functions would closety approximate the transfer function of the reference model.
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Figure 1.3 Model-reference adaptive inverse control.

Plant noise and disturbance present a problem for the adaptive inverse control ap-
proach. Lack of feedback from the plant output back to the plant input permits internal
plant noise and disturbance to exist unchecked at the plant output. Various signal process-
ing methods for noise canceling have been developed [40-46], and with some modification
they have been applied to the cancelation of plant noise and disturbance. The basic scheme
is shown in Fig. 1.4. Use is made of both a plant model and a plant inverse model. The plant
model has the same transfer function as the plant, while the plant inverse model has a trans-
fer function which is the reciprocal of that of the plant. How these models can be obtained
will be described below. For the present argument, we assume that these models exist.

Plant

disturbance Sensor
noise

Plant
Command input Plank
il'lpl.ll = - olput
+ -—
Noise and
- Plant disturbance at
o model pilant output
Inverse
plant |t
Noise and distuchance rmodel

filteced for cancelling

Figure 1.4 Canceling plant noise and disturbance.

In the conirol literature, plant disturbance is often represented as an additive noise
at the plant input. Sensing the plant output is done with a detector or sensor that may be
noisy. Sensor noise is often represented as an additive noise at the plant output. In the sys-
tem of Fig. 1.4, the plant noise and disturbance are separated from the plant’s dynamic out-
put response. The plant input drives both the plant and its model (which #s free of noise
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and disturbance). The difference between the plant output and the plant model output is the
plant noise and disturbance as they appear at the plant output. The sum of the plant cutput
noise and disturbance is used to drive the inverse plant model to generate filtered noise and
disturbance for subtraction from the plant input, The ultimate effect is o cancel noise and
disturbance at the plant cutput [67].

With almost perfect direct and inverse models, one can show that the transfer func-
tion from the point of injection of the plant sensor noise to the plant output point is close to
zero. This implies that the sum of the plant noise and plant disturbance will be highly atten-
uated at the plant output. One can show furthermore that the dynamic response of the plant
is essentially unchanged even while the plant’s noise and disturbance are canceled by the
disturbance canceling feedback. It is interesting to note that with perfect direct and inverse
models, the system of Fig. 1.4 will be an unusual feedback system. The feedforward link of
the major loop will have zero gain when the dynamics of the plant model perfectly balances
that of the plant itseif.

An adaptive inverse control system inctuding the plant noise and disturbance cancel-
ing features of Fig. 1.4 and the model-reference control features of Fig. 1.3 are shown in
Fig. 1.5. In a practical system of this type, separate adaptive processes would be needed to
obtain the plant model, the inverse plant modeli, and the controller.

Plant

disturbance Sensor
noise

Command * Plant
input outpul
1 Conroller Ej - -
A !
Adaptive
algorithm
i Inversc
plant
model +
+
Error
z
Reference
mexdel

Figure 1.5 Model-reference adaptive inverse control system with plant noise and disturbance canceling.

With regard to ordinary control systems, like the one shown in Fig. 1.1, control of
plant noise and disturbance is done with feedback. But by incorporating feedback for noise
and disturbance control, the plant dynamics are inevitably aliered. A compromise is gen-
erally required in the design process to obtain good dynamic response and good noise and
disturbance control all at the same time.
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Our approach is a different one in that it involves separate adaptive processes for
(a) the control of plant dynamics and (b) for the control of plant noise and distorbance.
By handling the problems in this way, the corresponding adaptive subsystems are relatively
simple, easy to analyze, and easy to optimize.

The system of Fig. 1.5 represents our approach to adaptive control in an overall way.
In the remainder of this text, we develop a variety of practical adaptive algorithms for im-
plementation of the various subsystems of Fig, 1.5, and we analyze their performance and
study how they interact in the overall control context. Simulation results are presented to
verify theory and to demonstrate workability.

SAMPLE APPLICATIONS OF ADAPTIVE
INVERSE CONTROL

The objective of this section is to illustrate the application of adaptive inverse control to a
variety of control problems. These problems are in some sense classic in nature, and they
will be discussed from many points of view in the chapters to follow. Here we see without
much explanation results of control by adaptive inverse contro! techniques applied to a set
of exemplary problems.

1.2.1 Dynamic Control of a Minimum-Phase Plant

The plant to be controlled has the transfer function
s+ 0.5

(s +Dis — 1y
This plant is minimum-phase and is unstable. The first step is to stabilize it with feedback.
A root-locus diagram is shown in Fig. 1.6. 1t is clear from this diagram that the ptant can
be stabilized by making use of the simple unity feedback system of Fig. 1.7, by setting the
loop gain within the stable range 0o > & > 2. The loop gain was set to & = 4 for this control
experiment. The closed loop transfer function is minimum-phase and has two poles in the
left half of the s-plane.

The plant and its stabilization are continuous {analog) systems. The adaptive inverse
control part, as it would be in the real world. is discrete (digital}. A diagram of the complete
system is shown in Fig. 1.8, including the necessary analog-to-digital conversion (ADC) and
digitai-to-analog conversion (DAC) components. The command input is sampled and is fed
to both the inverse controller and the reference model, The controller output is converted
to analog form, using a zero-order hold, to drive the plant and its stabilization loop. The
error signal used to adapt the inverse controller is discrete. This is the difference between
the reference model output and the sampled plant output. The system of Fig. 1.8 is modeled
after that of Fig. 1.3.

Referring to Fig. 1.8, we define the discretized equivalent plant to be the discrete
transfer function from the digital input to the DAC, to the sampled output of the plant. This
includes the plant and its stabilization loop, shown in Fig. 1.7, and the DAC, and the sam-
pler at the plant output. The impulse response of the discretized equivalent plant is shown
in Fig. 1.9. The chosen sampling rate was |0 samples per second.

(b
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Figure 1.6 Root-locus of mimimum-phase plant with proportional feedback.
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Plant

Figure 1.7 Minimum-phase plant stabilized with proportional feedback, & = 4.

The reference model chosen for this experiment was a one-pole digital fiter with a
one-second time constant. Its impulse response is shown in Fig. 1.10. The objective was to
cause the overall system response, from the samples of the command input to the samples of
the plant output, to be as close to the response of the reference model as possible in the least
squares sense. The sampled command input was a first-order Markov process, generated by
filtering white noise with a one-pole one-second time constant digital filter. The controller
was allowed to have 100 weights, and the theoretically optimal impulse response for that
many weights is shown in Fig. 1.11. The leamed impulse response of the inverse controller
is shown in Fig. 1.12. Notice the similarity that it has to the optimal impulse response.

It is useful to compare the plant output to the reference model output, At the begin-
ning, the inverse controller is learning and not yet performing well. The plant output and
the reference model output are shown over the first 200 samples in Fig. 1.13. They do not
track. It is too early in the process.

The effects of learning can be observed in Fig. 1.14. The plant output begins to track
properly after about 3,000 samples. This corresponds to about 300 seconds in real time. The
entire sequence has 100,000 samples, corresponding to 10,000 seconds in real time. A com-
parison of the two outputs over the last 200 samples of the sequence is shown in Fig. 1.15.
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Figure 1.9  Impulse response of discretized equivalent minimum-phase plant.
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Figure 1.11  Impulse response of optimal 100-weight inverse controller.
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Figure 1.13  Plant output and reference model ouput during first 200 samples with minimum-phase plant,

Tracking can be seen to be essentially perfect. Model-reference inverse control does indeed

work in this case.
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Figure 1.14  Plant cutpit and reference modei output aver sequence of 3,000 samples, demonstrating controlier

learning.
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Figure 1,15 Plant output and referznce model output during last 200 samples of sequence of 100,000 samples.

1.2.2 Dynamic Control of a Nonminimum-Phase Plant

For this experiment, a more challenging one, the plant to be controlled has the transfer func-
tion
{s - 0.5)

s+ D —~1)
Since this plant is unstable, the first step is once again to stabilize it with feedback. This
plant cannot be stabilized with simple proportional feedback, like that of Fig. 1.7, but it can
be stabilized by using feedback with a compensating network. The compensating network
used in this experiment had the transfer function

s+1)

(1.2)

—_— L3
(s+7Ns-2) (-
A root-locus plot is shown in Fig. 1.16, and the stabilization feedback diagram is shown in
Fig. 1.17, The compensating network has a zero at s = —1, and poles at 5 = 2 and —7.

The stable range for the loop gain is 0o > & > 20. For this experiment, k was chosen to be
k = 24. The result is a stabilized piant that remains nonminimum-phase.

1.2.3 Canceling Disturbance in the Minimum-Phase Plant

The stabilized plant was incorporated into an adaptive inverse control system like the one
shown in Fig. 1.8. The sampling rate was chosen to be 10 samples per second. The refer-
ence model was a one-pole digital filter with a one-second time constant, bt in this case
the reference model included an eight-second delay. The impulse response of the reference
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Figure 1.16  Root-locus plot for nonminimum-phase plant with compensating nelwork.
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Figure 1.17  Nonminimum-phase plant with compensating nctwork stabilization. & = 24.

model including the delay is shown in Fig. 1.18. The delay is necessary for inverse control
of a nonminimum-phase plant. This will be explained in Chapter 3.

The impulse response of the discretized stabilized plant, which includes the plant and
its stabilizer (shown in Fig. 1.17), and the DAC and the sampler at the plant output, are
shown in Fig. 1.19. This is the impulse response from the input to the DAC to the sampled
output of the plant.

The impulse response of the converged inverse controller is shown in Fig. 1.20. This
contreller has 150 weights. It was obtained frorm a learning algorithm. The form and shape
of this impulse response could not be inferred intuitively.

To observe and demonstrate workability, we compare the plant output with the refer-
ence model output when the entire system is driven by a command input. For this exper-
iment, the command input was a first-order Markov process generated by applying white
noise to a one-pole digital filter with a one-second time constant. Figure 1.21 shows plots
of plant output and reference model output for the first 200 samples (the first 20 seconds)
of a training sequence, Figure 1.22 shows 1,000 samples of this sequence. Learning can be
observed with good tracking after about 500 samples, corresponding to 50 seconds of op-
eration. The last 200 samples of the 20,000-sample sequence are shown in Fig, 1.23. The
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Figure 1.20 Converged impulse response of adaptive inverse controlier for ronminimum-phase plant.

tracking is excellent, demonstrating precise control of a nonminimum-phase plant by means
of adaptive inverse control, once learning has taken place.
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Figure 1.21  Plant output and reference model output during first 200 samples with nonminimum-phase plant.
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1.2.4 Canceling Disturbance in the Minimum-Phase Plant

Since both plant disturbance and sensor neise show up at the plant output, it is convenient for
our purposes to lump them together and to simply call the combined effect plant disturbance,
represented as an additive disturbance at the plant output. We shall do this throughout the
book.

The minimum-phase plant described by (1.1) was stabilized in accord with the block
diagram of Fig. 1.7. Noise is now injected into the plant output to simulate plant disturbance.
An adaptive noise canceler fashioned after the one of Fig. 1.4 is used in this experiment to
minimize the disturbance appearing at the plant output. The stabilized plant and its noise
canceler are integrated into a model-reference adaptive inverse control system like the one
diagrammed in Fig. 1.5. The resulting system is shown in Fig. 1.24.

Referring to Fig. 1.24, an adaptive model was made of the equivalent plant, and the
converged impulse response is shown in Fig. 1.25. An adaptive inverse model of the equiv-
alent plant was made for use in the disturbance canceler, and its converged impulse response
is shown in Fig. 1.26.

The inverse controller was adapted, and its converged irnpulse response is shown in
Fig. 1.27. It is useful to note that although this controller was adapted to control a noisy
equivalent plant, and the learning process took place in the presence of plant disturbance,
the converged dynamics of the controller were essentially unaffected by the plant distur-
bance. The controller impulise response of Fig. 1.12 was adapted for the same equivalent
plant, but without plant disturbance and without an adaptive disturbance canceler. Compar-
ison of Figs. 1.12 and 1.27 shows that both impulse responses are almost the same. The
separation of the functions of dynamic contrel and plant disturbance control is a subject to
be discussed in detail in Chapters 8 and 9. This separation is a characteristic of the adaptive
inverse control approach.

The effectiveness of the adaptive disturbance canceler can be assessed from an in-
spection of Fig. 1.28. The plant output disturbance {(which is computed as the difference
between the plant output and what the plant output would be if there were no disturbance)
is squared at each sample time and plotted in Fig. 1.28. There is no averaging in this plot, as
the squared values are plotted over time. The disturbance canceling feedback loop was open
until the five-thousandth sample in the time sequence. During this epoch, there was more
than enough time for adaptive modeling of the equivalent plant and adaptive inverse mod-
eling of this equivalent plant. Both modeis were required by the disturbance canceler. Then
the loop was closed and the immediate noise reduction became apparent. It will be shown
in Chapter B that this form of disturbance canceler is optimal in the least squares sense even
when the plant is under dynamic control.

The response of the overall system is exemplified by the plots of Figs. 1.29-1.32. Fig-
ure }.29 shows a comparison of the outputs of the reference mode] and the plant at the begin-
ning of the learning sequence. The controller has not yet converged, and this causes gverall
error. Also, the disturbance canceler has not been turned on yet. Plant output disturbance
contributes further to the overall error. Figure 1.30 shows the entire sequence of 10,000 er-
ror samples, The controller has learned its function after the first severat hundred samples.
One can see the results of convergence of the controller at the beginning of the plot. Error
persists, however, because of the plant disturbance. The disturbance canceler is turned on
at 5,000 samples, and then the error is reduced to its lowest possible level. In Fig. 1.31, the
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Figure 1.25  Impulse response of converged adaptive model] of equivalent plant (minimum-phase).
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Figure 1.26  Converged impulse response of adaptive inverse modet of equivalent plant (minimum-phase), for
use in plant disturbance canceler.
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Figore 1.27  Convergence of model-reference inverse controller for equivalent plant {minimum-phase), Plant
distarbance was present during learning process.
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Figure 1.28  Square of plant output disturbance versus time. The disturbance canceler was turned on at the five-
thousandih sample.
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square of this error is graphed over time, without averaging. Figure 1.32 shows the model-
reference output and the plant output over the last 200 samples in the sequence. Tracking
between them is almost perfect, except for the small residual of uncanceled plant distur-
bance. The controller has long since converged and provides the proper dynamic control
over the plant, and the disturbance canceler is turned on and doing an optimat job of can-
celing plant disturbance. The plant is under control!

e e+ —e— e ey

Qg7
“w— Plant Output
==== Refercnce Model {Juiput

Amplitude

20 40 50 80 100 120 1460 TG 180
Time (0.1 sec.)

Figure 1.29 Comparisen of reference model output with plant output at the beginning of the learning sequence.
Plant disturbance is present.

AN OUTLINE OR ROAD MAP FOR THIS BOOK

Section 1.1 has provided an overview of the idea of adaptive inverse control. This approach
treats dynamic control of the plant as a separate problem from that of control of plant dis-
turbance:

e Dynamic control is effected to cause the overall system response from command input
signal to plant cutput signal to match that of a selected reference model.

¢ Plant disturbance is controlled to minimize the mean square of the plant output noeise
and disturbance.

Treating these as two separate problems is a very effective approach since the processes of
dynamic control and noise and diswrbance control can be optimized without one compro-
mising the other.

The basic block diagrams of Section 1.2 are highly simplified. There are many details
that need to be considered before one can successfully apply adaptive inverse control to
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Figure 1.30  Entire learning sequence of {0,000 samples. Flot of error, equal to difference between reference
madel output and plani cutput. Disturbance canceler turned on at 5,000 samples.
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Figure 1.31  Square of overall system error plotted without averaging, over entire 10,000-sample learning se-
quence. Disturbance canceler turned on at 5,000 samples.
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Figure 1.32  Comparison of reference modcl output with plant output over last 200 samples of training sequence.
Controller has long ago converged, and plant disturbance is being canceled.

practical problems. QOur goal is to explain some of the many different techniques that are
available for the practical application of adaptive inverse control. The theory behind the
various techniques is also derived and explained.

This book contains 12 chapters and 8 appendices. Since we expect that the subject
will be new to most readers, we thought it appropriate to include in this introductory chapter
a “road map” of the book. We are addressing both signal processing engineers and control
engineers. The methodology taught here, the mathematical techniques and the adaptive sig-
nal processing techniques, will be more familiar to signal processing people. On the other
hand, the problems that are being discussed are more familiar to control people.

We next describe the book and explain how it is organized.

Chapter 1: The Adaptive Inverse Control Concept

Chapter | introduces the idea of adaptive control and explains the need for it. It describes the
more usual approaches to adaptive control and outlines the adaptive inverse control idea and
its history. This chapter explains in an overall way how adaptive inverse control manages to
control plant dynamics, and separately, plant noise or plant disturbances. It briefly reviews
the subject matter of each of the chapters of this book. The objective is to aid the control
engineer and the signal processing engineer in gaining an understanding and a perspective
on adaptive inverse control and its applications.

Chapter 2: Wiener Filters

Wiener filters are best linear least squares filters which are very useful for prediction, estima-
tton, interpolation, signal and noise filtering, and so on. To design them, prior knowledge of
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the appropriate statistical properties of the input signal(s} is required. The theory of Wiener
filtering is also very useful in determining the asymptotic behavior of adaptive filters. For
this reason, we present a brief chapter on the subject.

This chapter is a review of Wiener theory from the discrete point of view. In discrete
form, Wiener theory is appropriate for analyzing digital adaptive filters. Causal and non-
causal Wiener filters are studied. Both forms are used to analyze the behavior of adaptive
filters as inverse controllers and plant disturbance cancelers. A very simple approach to
causal Wiener filtering was devised by Bode and Shannon {68]. Shannon-Bode theory is
explained in detail. This theory is extremely useful in the development of adaptive inverse
control.

Chapter 3: Adaptive LMS Filters

This chapter reviews the theory of adaptive digital filtering, which is essential to the devel-
opment of adaptive inverse control. This subject is discussed in many papers [1-60], among
them several by B. Widrow and co-authors. Adaptive filters are discussed at length in sev-
eral textbooks such as Widrow and Stearns [65], Haykin [69, 70] Cowan and Grant [71],
and Treichler and colleagues {72].

The chapter begins with the idea of an adaptive filter, a tapped delay line with variable
coefficients or tap weights driven by the LMS algorithm of Widrow and Hoff [73-77]. This
is a gradient algorithm based on the method of steepest descent. The use of this algorithm
to adjust the weights to minimize mean square error is described in the context of several
practical applications. An important application is that of plant identification, necessary for
adaptive control. Wiener theory is used to describe asymptotic adaptive behavior. The speed
of convergence and the effects of gradient noise (caused by obtaining gradients with finite
amounts of input-signal data) are analyzed. Fast adaptation causes noisy weights which, in
excess, can result in poor performance.

The efficiency of adaptive algorithms is discussed. Two algorithms operating with
the same level of noise in their weights can be compared. The one that converges faster is
the more efficient. It is shown that when the input of an adaptive filter is stationary and the
eigenvalues are equal or close in value, the LMS algorithm performs at a level of efficiency
close to a theoretical maximum. When the eigenvalues are highly disparate, an algorithm
similar to LMS but based on Newton's method would be needed to approach the theoretical
maximum in efficiency. For nonstationary inputs, the conventional steepest-descent LMS
algorithm performs with close to maximum efficiency [77].

This chapter concludes with a description of adaptive filtering as applied to adaptive
noise canceling. The principles of adaptive noise canceling are derived. Experimental re-
sults are presented tllustrating the effectiveness of noise canceling techniques to problems
in adult electrocardiography (removing 60-Hz interference) and to fetal electrocardiography
(removing interference from the matermal heart to reveal tiny signals from the fetal heart).

Chapter 4: Adaptive Modeling

The idea of LMS adaptive filtering for plant identification was discussed in Chapter 3. This
chapter analyzes the sources of error in adaptive plant modeling, such as the effects of (a)
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weight noise, (b} inadequate input signal or dither signal, (c} plant noise, and so forth, Ex-
pressions are obtained for the covariance of the error or the difference between the plant’s
impulse response and the adaptive model’s impulse response. These expressions are used
in subsequent chapters to analyze the performance of adaptive inverse control systems.

Chapter 5: Inverse Plant Modeling

Direct adaptive modeling or plant identification was discussed in detail in Chapter 4, Chap-
ter 5 discusses inverse adaptive modeling. The direct model has a transfer function similar
to that of the plant being modeled. The inverse model has a transfer function like the recip-
rocal of the plant transfer function.

Forming a stable inverse transfer function is easy when the plant is minimum-phase.
But doing this for a nonminimum-phase plant requires a two-sided Wiener impulse response
which, to be causal, needs to be delayed and truncated. A theoretically optimal solution is
obtained with the help of Shannon-Bode theory. The theory shows how approximate in-
verses can be formed for nonminimum-phase plants. Although such inverses are delayed,
they can be very effective.

Model-reference inverses can be formed in a similar way. The result is that the cas-
cade of the plant and its inverse develops an impulse response equal to that of a selected
reference model. The inverse filter becomes the controller for the plant. The entire con-
trol system then has a dynamic response like that of the reference model. This is model-
reference adaptive inverse control.

If the plant being controlled is subject to disturbance, the plant inverse may be ob-
tained by adapting the inverse filter against a direct model of the plant instead of against the
plant itself. Gradient noise in the weights of both the direct model and the inverse model
affect the accuracy of the inverse model. Expressions are obtained for the variance of the
error at the plant output due to noise in the inverse filter's weights. This knowledge is very
important to the design of the adaptive controller.

Chapter 6: Adaptive Inverse Control

Schemes for adaptive inverse control were first presented in Chapter 1, but as shown there,
they lack sufficient detail to be used in practice.

Practical model-reference control systems are shown in Chapter 6 for both distur-
bance-free plants and for plants with enough disturbance to interfere with the inverse mod-
eling process. To alleviate the effects of plant disturbance, direct modeling is done first, and
the inverse modeling process is done offtine using a disturbance-free plant model to form
the inverse. The idea of a dither signal, used in the direct modeling process, is introduced
here.

If the dither is strong, good direct and inverse modeling is the result. But the dither
adds to the plant output disturbance. A theory is developed o optimize the power of the
dither to minimize the summed effects of the controt error and plant disturbance at the plant
output.

_ Adapiive control of blood pressure in experimentat animals is reported. Successful
experiments were performed regulating a dog’s blood pressure in real time. The animal
was in an induced state of shock. Under computer control, life-sustaining administration
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of therapeutic drugs took place. Dynamic control of blood pressure was accorplished by
adaptive inverse control.

Chapter 7: Other Configurations for Adaptive Inverse Control

Two other algorithms for finding the inverse controller when plant disturbance is present are
described in Chapter 7. These algorithms and variations on them are called fiitered-X and
filtered-e LMS algorithms. Their advantages and disadvantages relative to each other and
to the algorithms of Chapter 6 are discussed in detail. Conditions for stability are derived.
Learning rates are obtained, as are expressions for weight noise variance. All of this can be
used to predict the performance of adaptive inverse control systems.

A practical problem, canceling noise that leaks through earphones in a high-noise en-
vironment, illustrates application of both the filtered-X algorithm and the filtered-¢ algo-
rithm. This signal processing problem is very much like a control problem.

Chapter 8: Plant Disturbance Canceling

In the previous chapters a variety of techniques were developed for achieving precise dy-
namic coatrol, even for plants subject to disturbance. These methods control plant dynamics
but do nothing to control, reduce, or eliminate plant disturbance, however. An optimal adap-
tive scheme for reducing or eliminating plant disturbance is described and analyzed in this
chapter. Its learning rate is determined. Shannon-Bede theory [68] is used to prove opti-
mality and to derive expressions for the power of the residual plant output disturbance after
adaptive cancelation. It is proven for linear systems that no ether method can reduce the
mean square of the plant output disturbance to a lower level. Expressions are derived for
overall system output mean square error for simultaneous application of adaptive inverse
control and adaptive plant disturbance canceling.

A simulation of an adaptive disturbance canceling system is reported. Application
of this system to real-time aircraft ride control is illustrated. Fast control of the airplane’s
ailerons could reduce the vertical component of disturbance due to random updrafts and
downdrafts.

Chapter 9: System Integration

An eatire control system consisting of an inverse controller, a plant to be controlled, and an
adaptive disturbance canceler for the plant is described and analyzed in Chapter 9. A sur-
prising result develops from the analysis. If the plant model P{(z), which is used to obtain
both the controller C(z} and the noise-canceling feedback filter Q(z), does not perfectly rep-
resent the plant P(z), the errors in P(z) and the resulting errors in C{z) and Q(z) combine
in such a way that the overall system transfer function from command input to plant output
is unaffected by the errors in P(z) In other words, smatl ETTOrS | in P(z) cause small errors
in the design of the controller C(z). In addition, small errors in P (z) cause small changes in
the transfer function of the plant P (z) in feedback connection with its disturbance canceler.
The effects of these two transfer function errors cancel, leaving the overall system transfer
function unaffected by small errors in the plant modet P(z).



28 The Adaptive inverse Control Concept Chap. t

The effect of small errors in P(z) upon the disturbance canceler’s ability to cancel
plant disturbance is small. This result was obtained in Chapter 8. The effectiveness of the
adaptive disturbance cancclcr is therefore not significantly impaired by small errors in P (z).

Once the plant model P (z) has been obtained, the rest of the system falls into place.
Offline processes can be used to compute Q(z) for the plant disturbance canceler, and to
compute the controller C (2). P (z) is also used in the plant disturbance canceler.

The determination of P(z) is not critical, however. Small errors in P(z) only slightly
degrade the performance of the disturbance canceler and have no effect on the precision of
the dynamic control of the plant. This is an important result. Although the plant is being
controlled by an open-loop controller, feedback in the adaptive algorithms and interactions
among them result in precise dynamic control and close to optimal disturbance canceling.

Chapter 10: Muitiple-input Multiple-Output (MIMO) Adaptive
Inverse Control Systems

MIMO systems are used when a physical plant 1o be controlled has multiple actuators, all
of which have interacting effects on the process, and multiple sensors. Modeling and con-
trolling MIMO systems are much more complicated than doing the same with SISO (single-
input single-output systems).

This chapter begins with a review of digital signal processing for MIMO systems.
The review section introduces notation used throughout the chapter, MIMO systems may
be represented with block diagrams and flow graphs. Each signal line carries a bundle of
signals, that is, a signal vector. Transfer functions are matrices. The rules of matrix algebra
apply, and transfer functions are not commutable. This has a considerable effect on the de-
sign of adaptive algorithms to do plant modeling, inverse modeling, and plant disturbance
canceling, all of which are described for MIMO systems.

Two methods for devising MIMO inverse controllers are presented in Chapter 10.
One is an algebraic technique, and the other is based on the filtered-¢ algorithm. Methods
for adaptive plant disturbance canceling are also described.

Integrated MIMO systems incorporating inverse dynamic controt and plant distur-
bance canceling in a single control system are shown. There are many ways to do this, sev-
eral of which are illustrated in Chapter 10.

An apptication is described concerning the problem of reducing noise in a volume of
space by using several loudspeakers and several sensing microphones in a MIMO controller
configuration. Control of noise in an airplane cabin is illustrated here as an example. These
are signal processing problems which are mathematically identical to control problems.

Chapter 11: Nonlinear Adaptive Inverse Control

The purpose of this chapter is to show how to do adaptive “inverse control” with nonlinear
plants of both the S1SO and MIMO types. Although nonlinear dynamic plants generally do
not have inverses, techniques like inverse control can still be used.

Many of the rules of MIMO systems apply to nonlinear systems, such as noncom-
mutability of filtering operations. An additional rule for nonlinear systems is that plant be-
havior should be modeled only with input signal character and power level corresponding
to those of the actual plant input. Scaling and linearity do not work,
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[nverse contrel of nonlinear planis and plant noise and disturbance canceling reguire
the use of nonlinear adaptive filters. This chapter shows how to make nonlinear filters as
tapped delay lines with Volterra networks (93], [94] connecting the tap signals to the vari-
able weights, or with neural networks connected to the tap signals. Both of these methods
process input signals nonlinearly to make output signals. A Volterra filter may be adapted by
the LMS algorithm. A neural network fiiter would generally be adapted by the backprop-
agation algorithm of Werbos [78], and Rumelhart and colleagues [79], [80]. Backpropa-
gation is the most widely used training algorithm for neural networks worldwide, It is an
outgrowth of and a substantial generalization of the LMS algorithm.

How to do nonlinear plant modeling, with and without dither, is described in this chap-
ter. When using dither, the superposed natural plant command signals, which could be non-
stationary and which sometimes could be larger or sometimes smaller than the dither, mix
nonlinearly in the plant. Simple direct modeling is not so simple. Means of dealing with
this interaction are explained. :

Once the plant model has been obtained, an inverse controlier can be devised. Do-
ing this with the filtered-¢ LMS algorithm is iflustrated. Care is exercised to ensure that all
adaptive filters during training have input signals that have the right amplitude Jevels and
the right signal characteristics.

Nonlinear plant noise canceling is demonstrated next. Online and offline processes
for obtaining P s P =1, Q, and € are shown. The chapter ends with a block diagram for an
integrated nonlinear control system which could be SISO or MIMO. The system incorpo-
rates both plant disturbance canceling and nonlinear inverse dynamic control.

Chapter 12: Pleasant Surprises

This chapter summarizes the principal theoretical results of adaptive inverse control. So
many of these results were unexpected and worked out so nicely that we called the chapter
“Pleasant Surpnses.”

Appendix A: Stability and Misadjustment of the LMS Adaptive
Filter

This appendix summarizes learning theory for adaptive transversal filters based on the LMS
adaptive aigorithm. Key issues are learning rate, stability, and effects of noise in the weights
{misadjustment). Most of this work has been published elsewhere by Widrow and
colleagues [73-77]. More precise stability conditions and forntulas for misadjustment has
been reported by Horowitz and Senne [81]. Simplified derivations are given here that pro-
vide substantially the same resulis as those of Horowitz and Senne.

The work presented in this appendix is used throughout the book and is brought to-
gether here for the convenience of the reader.

Appendix B: Comparative Analyses of Dither Modeling Schemes
A, B,and C
Basically, there are four ways of doing plant modeling which are illustrated in this book.

The first method uses the natural plant input signals encountered during normal system op-
eration te do the modeling. The second method, scheme A, adds a dither signal to the natural
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plant input to augment this signal and cause the combination to be “persistently exciting”
[82]. The objective is to ensure that all frequency components are present in the modeling
signal. The third method, scheme B, addresses an issue that could arise from nonstationarity
of the natural plant input signal or if this signal has a highly nonuniform spectral character.
Modeling might in some cases be done better with the dither alone, without the natural sig-
nal. With scheme B, the input signal to the adaptive modeling filter is pure dither. Carrying
the idea one step further, the fourth method, scheme C, removes the natural plant output
compenent {due to the natural plant input) from the “desired response” or training signal
of the adaptive modeling filter. Scheme C uses only dither for the input and for the desired
response of the adaptive plant model.

All four of these methods are used throughout the book. They have advantages and
disadvantages relative to each other. This appendix develops ranges of stable operating con-
ditions, learning rates, and misadjustment for all of the methods.

Appendix C: A Comparison of the Self-Tuning Regulator of Astrém
and Wittenmark with the Techniques of Adaptive Inverse Control

Some of the finest work in adaptive control has been done by Astrém and Wittenmark. Their
self-tuning regulator [82-88] is known worldwide for its simplicity, elegance, and utility. It
can be used to control plant disturbance and plant dynamics, but it does not control them in-
dependently like adaptive inverse control. The purpose of Appendix C is to compare these
two approaches to adaptive control in order to appraise their relative strengths and weak-
nesses.

The self-tuning regulator can be represented as a system consisting of a plant, a feed-
back controller, and a feedforward controller. The feedback controller can be designed to
minimize plant output noise and disturbance power. But the feedback changes the dynam-
ics. Compensation can be made for this, and at the same time, the overall response can be
made to match a model response M(z) by properly choosing the feedforward input con-
trolfer.

It is shown in this appendix that an optimal feedback controller for a self-tuning reg-
ulator can always be chosen, and the resulting feedback portion of the system will always
be stable. The requirements on the feedforward controller may turn out to make it unstable,
however. (This is unstable in the sense of having poles outside the unit circle in the z-plane.)
When this happens, one can design a stable feedforward controller that can approximately
realize the required transfer function with a delayed response. The self-tuning regulator is
indeed a general methodology.

Adaptive inverse control can always realize the optimal plant noise canceler without
experiencing instability due to feedback. Furthermore, the ideal inverse controller will be
stable, with its poles inside the unit circle if the plant is minimum-phase. This ideal con-
troller can be realized approximately by a transversal filter without delay. A delayed re-
sponse is only required when the plant is nonminimum-phase. Adaptive inverse control is
a general methodology.

Adaptive inverse control and the self-tuning regulator are two completely different ap-
proaches to the problem of adaptive control of plant dynamics and plant disturbance, Their
methods of adaptation differ, their adaptive filters are of different structure, their errors in
dynamic response are different, but their abilities to cancel plant disturbance should be
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equal. Which approach is better, more robust, faster to converge, easier to implement, easier
to design and debug, and easier to understand? The answers are probably problem depen-
dent,

Appendix D: Adaptive Inverse Control for Unstable Linear SISO
Plants

If the plant to be controlled is unstable, it is impossible to control it with adaptive inverse
centrol, The reason for this is that a feedforward controller, even though it is adaptive, will
leave the plant unstable.

The first step in the utilization of adaptive inverse control for an unstable piant is sta-
bilization with feedback. This appendix shows that the choice of stabilization feedback is
not critical as long as the unstable plant is stabilized. The plant together with its feedback
stabilizer should be treated as a unit, as a stable equivalent plant. The equivalent plant can
be outfitted with an adaptive disturbance canceler and with an inverse controller, just like
an ordinary stable plant.

If two different feedback filters can stabilize the plant, it is shown in this appendix that
the minimal plant cutput disturbance (after adaptive disturbance cancelation) is the same
for both stabilizing filters. Since no one stabilizer does better than any other, the choice of
stabilizer is not critical. All one needs is some form of feedback filter that will stabilize the
plaat, and the adaptive disturbance canceler will deliver optimal performance.

The same is true for the design of the inverse controller. The choice of feedback stabi-
lization is immaterial. One can always design an inverse controller for the stabilized plant.
If the inverse controller needs delay for its proper realization, the required delay will not de-
pend on the choice of the stabilization filter. Also, the length of the inverse controller will
not depend on this choice.

The conclusion of Appendix [ is that plant instability is no impediment to the use of
adaptive inverse control. One needs to know only enough about the plant to design a feed-
back stabilizer for it. The design couid be accomplished by experimentation. The design
is not at all critical as long as the plant is stabilized. Once stabilized, the plant and its sta-
bilizer should be treated as a stable equivalent plant, and adaptive inverse control should
be applied in the usual way. Although a wide variety of stabilizer designs would generally
be acceptable, forming any ope design would not always be a straightforward process and
indeed may require some effort, particularly if the unstable plant is nonlinear and/or MIMO.

Appendix E: Orthogonalizing Adaptive Algorithms: RLS,
DFT/LMS, and DCT/LMS

This appendix was prepared by Dr. Francgise Beaufays, based on her Ph.D, dissertation re-
search in the Department of Electrical Engineering at Stanford University. Extreme eigen-
value spread of the autocorrelation matrix of the input to an adaptive filter causes conver-
gence problems for the LMS algorithm. To speed up convergence and maintain siability,
she proposes a new adaptive algorithm, the DCT/LMS.

She begins with a brief discussion of the RLS {recursive least squares) algorithm. This
algorithm is most often very effective, but it is complicated and has its own stability prob-
lems.
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The next algorithm discussed is the DFT/LMS. This algorithm first Fourier transforms
the signals at the taps of a filler’s tapped delay line. The purpose is 1o achieve orthogonal-
ization, which the DFT does well, except for the phenomenon of leakage. Once the tap
signals are orthogonalized (approximately) and power normalized, they are weighted and
summed to produce the filter output. The weights are adapted by conventional LMS. Al-
though adaptation 1s done simply with steepest descent, the behavior is similar to adaptation
with Newton's method.,

Finally, the DCT/L.MS algorithm is discussed. Structorally, this algorithm is very
similar to DFT/LMS, with the DCT (digital cosine transform) substituted for the DFT. Ms.
Beaufays shows that the DCT/LMS algorithm performs significantly better than the DFT/
LLMS algorithm when the adaptive filter input is first-order Markov, a type of signal that is
common in signal processing and controls. This type of signal comes from applying white
noise to a one-pole filter.

The DFT/LMS and DCT/LMS aigorithms are easy to implement and are computa-
tionally robust. All of their parts, DFT or DCT, power normalization (like AGC in a radio
or TV), and LMS algorithm are “bulletproof.” These algorithms should enjoy greater ac-
ceptance and application in the future,

Appendix F: A MIMO Application: An Adaptive Noise Canceling
System Used for Beam Control at the Stanford Linear Accelerator
Center

This appendix was prepared by Dr. Tom Himel, a research physicist at the Stanford Lin-
ear Accelerator Center (SLAC). It is based on his experience with control of the beam of a
two-mile long linear accelerator on the Stanford campus whose output drives positrons and
electrons in opposite directions along the arcs of a circular collider. To achieve collisions
suitable for physics research, the electron and positron beams must be controlled in position
to within several microns of each other after each travels distances of about three miles.

Control of the beam is critical. The U.S. Department of Energy, the sponsor, spends
millions of dollars a year operating the accelerator and has spent many hundreds of millions
building it over the past 25 years. Physicists from all over the world depend on this machine
for their research.

Until recently, the beam was controlled by many servo loops positioned aleng it, with
manual control of set points. Intercoupling between stages has always been a problem for
overall control. The beam output of one stage is the beam input for the next. Adaptive tech-
nigues are now used to obtain precise local beam positioning and at the same time, to obtain
decoupling between stages.

The corrective methodology is based on adaptive noise canceling. The adaptive dis-
turbance canceler at each stage is an eight-input, eight-output MIMO system.

The adaptive system (implemented in software) has been installed and working for
more than a year, 24 hours a day, 7 days a week. The result is much better accelerator oper-
ation. Itis automatic, without the need of human operator intervention, and the frequency of
collision events has increased. This is an operational system, no longer a laboratory demon-
stration.
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Appendix G: Thirty Years of Adaptive Neural Networks:
Perceptron, Madaline, and Backpropagation

This appendix is a reprint of a paper by Widrow and Lehr that was published in the Septem-
ber 1990 issue of the Proceedings of the IEEE. For the reader who is Familiar with the LMS
algorithm and adaptive filters, this paper introduces the subject of neural networks. It shows
how the LMS algorithim can be extended to form the backpropagation algorithm, the most
widely used learning procedure for neural networks,

Appendix H: Neural Control Systems

This appendix shows how to construct nonlinear adaptive inverse control systems by mak-
ing use of neural netwerks and the backpropagation algorithm. It also describes applications
of neural control systems.

~ One such application is the truck backer-upper. A simulated trailer truck is steered
by a neural controller while backing to a loading platform. After many backing runs from
many different initial conditions, the controller learns to steer the truck by making many
mistakes and learning what not to do. Once learning is complete, the truck can be placed in
almost any initial state, states not previously encountered, and the controller steers the truck
while driving backward to the loading dock. The truck backer-upper is an example of how
a nonlinear controller can learn and, in a real sense, design itself.

Principtes of inverse neural control similar to those incorporated in the truck back-
ing system have been used to control the functioning of electric furnaces and for chemical
process control. These applications are described in some detail and are not laboratory ex-
ercises. They are industrial applications of high commercial significance and are examples
of what is currently being called “intelligent control systems.”

This completes the road map of the book. We now invite you to travel down the road
with us. We wish you a productive journey.
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