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PREFACE

When confronted with a nonlinear systems engineering problem, the first approach
usually isto linearize; in other words, to try to avoid the nonlinear aspects of the problem.
It isindeed a happy circumstance when a solution can be obtained in this way. When it
cannot, the tendency isto try to avoid the situation altogether, presumably in the hope that
the problem will go away. Those engineers who forge ahead are often viewed as foolish,
or worse. Nonlinear systems engineering is regarded not just as a difficult and confusing
endeavor; it iswidely viewed as dangerous to those who think about it for too long.

This skepticism is to an extent justifiable. When compared with the variety of
techniques available in linear system theory, the tools for analysis and design of nonlinear
systems are limited to some very specia categories. First, there are the relatively simple
techniques, such as phase-plane analysis, which are graphical in nature and thus of limited
generality. Then, there are the rather general (and subtle) techniques based on the theory
of differentia equations, functional analysis, and operator theory. These provide a
language, a framework, and existence/uniqueness proofs, but often little problem-specific
information beyond these basics. Finaly, there is simulation, sometimes ad nauseam, on
the digital computer.

| do not mean to say that these techniques or approaches are useless. Certainly
phase-plane analysis describes nonlinear phenomena such as limit cycles and multiple
equilibria of second-order systems in an efficient manner. The theory of differential
equations has led to a highly developed stability theory for some classes of nonlinear
systems. (Though, of course, an engineer cannot live by stability alone.) Functional
analysis and operator theoretic viewpoints are philosophically appealing, and undoubtedly
will become more applicable in the future. Finally, everyone is aware of the occasional
success story emanating from the local computer center.

What | do mean to say is that atheory is needed that occupies the middle ground in
generality and applicability. Such atheory can be of great importance for it can serve asa
starting point, both for more esoteric mathematical studies and for the development of
engineering techniques. Indeed, it can serve as a bridge or communication link between
these two activities.

In the early 1970s it became clear that the time was ripe for a middle-of-the-road
formulation for nonlinear system theory. It seemed that such a formulation should use
some aspects of differential- (or difference-) equation descriptions, and transform
representations, as well as some aspects of operator-theoretic descriptions. The gquestion
was whether, by making structural assumptions and ruling out pathologies, a reasonably
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simple, reasonably general, nonlinear system theory could be developed. Hand in hand
with this viewpoint was the feeling that many of the approaches useful for linear systems
ought to be extensible to the nonlinear theory. This is a key point if the theory is to be
used by practitioners as well as by researchers.

These considerations led me into what has come to be called the Volterra/Wiener
representation for nonlinear systems. Articles on this topic had been appearing
sporadically in the engineering literature since about 1950, but it seemed to be time for an
investigation that incorporated viewpoints that in recent years proved so successful in
linear system theory. The first problem was to speciaize the topic, both to avoid the
vagueness that characterized some of the literature, and to facilitate the extension of linear
system techniques. My approach was to consider those systems that are composed of
feedback-free interconnections of linear dynamic systems and simple static nonlinear
elements.

Of course, anumber of people recognized the needs outlined above. About the same
time that | began working with Volterra/Wiener representations, others achieved a notable
success in specializing the structure of nonlinear differential equations in a profitable way.
It was shown that bilinear state equations were amenable to analysis using many of the
tools associated with linear state equations. In addition, the Volterra/Wiener representation
corresponding to bilinear state equations turned out to be remarkably simple.

These topics, interconnection-structured systems, bilinear state equations,
Volterra/Wiener representations, and their various interleavings form recurring themes in
this book. | believe that from these themes will be forged many useful engineering tools
for dealing with nonlinear systems in the future. But a note of caution is appropriate.
Nonlinear systems do not yield easily to analysis, especialy in the sense that for a given
analytical method it is not hard to find an inscrutable system. Worsg, it is not aways easy
to ascertain beforehand when methods based on the Volterra/Wiener representation are
appropriate. The folk wisdom is that if the nonlinearities are mild, then the
Volterra/lWiener methods should be tried. Unfortunately, more detailed characterization
tends to destroy this notion before capturing it, at least in a practical sense.

So, in these matters | ask some charity from the reader. My only recommendation is
the merely obvious one to keep al sorts of methods in mind. Stability questions often will
call for application of methods based on the theory of differential equations. Do not forget
the phase plane or the computer center, for they are sure to be useful in their share of
situations. At the sametime | urge the reader to question and reflect upon the possibilities
for application of the VolterralWiener methods discussed herein. The theory is
incomplete, and likely to remain so for sometime. But | hope to convince that, though the
sailing won't be always smooth, the wind is up and the tide fair for this particular passage
into nonlinear system theory - and that the engineering tools to be found will make the trip
worthwhile.

This text represents my first attempt to write down in an organized fashion the
nonlinear system theory alluded to above. As such, the effort has been somewhat
frustrating since the temptation aways isto view gaps in the development as gaps, and not
as research opportunities. In particular the numerous research opportunities have forced

2



certain decisions concerning style and content. Included are topics that appear to be a
good bet to have direct and wide applicability to engineering problems. Others for which
the odds seem longer are mentioned and referenced only. As to style | eschew the
trappings of rigor and adopt a more mellifluous tone. The materia is presented informally,
but in such a way that the reader probably can formalize the treatment relatively easily
once the main features are grasped. As an aid to this process each chapter contains a
Remarks and References section that points the way to the research literature. (Historical
comments that unavoidably have crept into these sections are genera indications, not the
result of serious historical scholarship.)

The search for simple physical examples has proven more enobling than productive.
As aresult, the magjority of examples in the text illustrate calculations or technical features
rather than applications. The same can be said about the problems included in each
chapter. The problems are intended to illuminate and breed familiarity with the subject
matter. Although the concepts involved in the Volterra/Wiener approach are not difficult,
the formulas become quite lengthy and tend to have hidden features. Therefore, |
recommend that consideration of the problems be an integral part of reading the book. For
the most part the problems do not involve extending the presented material in significant
ways. Nor are they designed to be overly difficult or open-ended. My view is that the
diligent reader will be able to pose these kinds of problems with alacrity.

The background required for the materia in this book is relatively light if some
discretion is exercised. For the stationary system case, the presumed knowledge of linear
system theory is not much beyond the typical third- or fourth-year undergraduate course
that covers both state-equation and transfer-function concepts. However, a dose of the
oft-prescribed mathematical maturity will help, particularly in the more abstract material
concerning realization theory. As background for some of the material concerning
nonstationary systems, | recommend that the more-or-less typical materia in a first-year
graduate course in linear system theory be studied, at least concurrently. Finally, some
familiarity with the elements of stochastic processes is needed to appreciate fully the
material on random process inputs.

| would be remiss indeed if severa people have who worked with me in the
nonlinear systems area were not mentioned. Winthrop W. Smith, Stephen L. Baumgartner,
Thurman R. Harper, Edward M. Wysocki, Glenn E. Mitzel, and Steven J. Clancy all
worked on various aspects of the material as graduate students at The Johns Hopkins
University. Elmer G. Gilbert of the University of Michigan contributed much to my
understanding of the theory during his sabbatical visit to The Hopkins, and in numerous
subsequent discussions. Arthur E. Frazho of Purdue University has been most helpful in
clarifying my presentation of his realization theory. William H. Huggins at Johns Hopkins
introduced me to the computer text processor, and guided me through a sometimes stormy
author-computer relationship. It is a pleasure to express my gratitude to these colleagues
for their contributions.
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CHAPTER 1

INPUT/OUTPUT REPRESENTATIONS
IN THE TIME DOMAIN

The Volterra/Wiener representation for nonlinear systems is based on the Volterra
series functional representation from mathematics. Though it is a mathematical tool, the
application to system input/output representation can be discussed without first going
through the mathematical development. | will take this ad hoc approach, with motivation
from familiar linear system representations, and from simple examples of nonlinear
systems. In what will become a familiar pattern, linear systems will be reviewed first.
Then homogeneous nonlinear systems (one-term Volterra series), polynomial systems
(finite Volterra series), and finally Volterra systems (infinite series) will be discussed in
order.

This chapter is devoted largely to terminology, introduction of notation, and basic
mani pulations concerning nonlinear system representations. A number of different ways of
writing the Volterra/Wiener representation will be reviewed, and interrelationships
between them will be established. In particular, there are three specia forms for the
representation that will be treated in detail: the symmetric, triangular, and regular forms.
Each of these has advantages and disadvantages, but all will be used in later portions of
the book. Near the end of the chapter | will discuss the origin and justification of the
Volterra series as applied to system representation. Both the intuitive and the more
mathematical aspects will be reviewed.

1.1 Linear Systems

Consider the input/output behavior of a system that can be described as single-input,
single-output, linear, stationary, and causal. | presume that the reader is familiar with the
convolution representation

y(t)= [ h(o)u(t-o) do (1)

where u(t) is the input signal, and y (t) is the output signal. The impulse response h(t),
1



herein called the kernel, is assumed to satisfy h(t) = Ofort < 0.

There are severa technical assumptions that should go along with (1). Usually it is
assumed that h(t) is a red-valued function defined for t € (—,0), and piecewise
continuous except possibly at t = 0 where an impulse (generalized) function can occur.
Also the input signal is a real-valued function defined for t € (—o0,); usually assumed to
be piecewise continuous, although it also can contain impulses. Finally, the matter of
impulses aside, these conditions imply that the output signal is a continuous, real-valued
function defined for t € (—co,00).

More general settings can be adopted, but they are unnecessary for the purposes
here. In fact, it would be boring beyond the call of duty to repeat these technical
assumptions throughout the sequel. Therefore, | will be casua and leave these issues
understood, except when a particularly cautious note should be sounded.

It probably is worthwhile for the reader to verify that the system descriptors used
above are valid for the representation (1). Of course linearity is obvious from the
properties of the integral. Itisonly dightly less easy to see that the one-sided assumption
on h(t) corresponds to causality; the property that the system output at a given time cannot
depend on future values of the input. Finally, simple inspection shows that the response to
adelayed version of the input u(t) is the delayed version of the response to u(t), and thus
that the system represented by (1) is stationary. Stated more precisely, if the response to
u(t) isy(t), then the response to u(t-T) isy(t-T), for any T = 0, and hence the system is
stationary.

The one-sided assumption on h(t) implies that the infinite lower limit in (1) can be
replaced by 0. Considering only input signals that are zero prior to t = 0, and often this
will be the case, alows the upper limit in (1) to be replaced by t. The advantage in
keeping infinite limits is that in the many changes of integration variables that will be
performed on such expressions, there seldom is a need to change the limits. One of the
disadvantages is that some manipulations are made to appear more subtle than they are.
For example, when the order of multiple integrations is interchanged, | need only remind
that the limits actually are finite to proceed with impunity.

A change of the integration variable shows that (1) can be rewritten as

y(t)= [ h(t-o)u(o) do 2

In this form the one-sided assumption on h(t) implies that the upper limit can be lowered
to t, while a one-sided assumption on u(t) would alow the lower limit to be raised to 0.
The representation (1) will be favored for stationary systems - largely because the kernel is
displayed with unmolested argument, contrary to the formin (2).

To diagram a linear system from the input/output point of view, the labeling shown
in Figure 1.1 will be used. In thisblock diagram the system is denoted by its kernel. If the
kernel isunknown, then Figure 1.1 is equivalent to the famous linear black box.



e h(r)

Figure 1.1. A stationary linear system.

If the assumption that the system is stationary is removed, then the following
input/output representation is appropriate. Corresponding to the real-valued function
h(t,o) defined for t € (—,), 0 € (—o0,0), with h(t,0) = 0if 0 > t, write

y(t)= [ h(t,o)u(o) do 3)

As before, it is easy to check that this represents a linear system, and that the special
assumption on h(t,o) corresponds to causality. Only the delay-invariance property that
corresponds to stationarity has been dropped. Typically h(t,0) is alowed to contain
impulses for o = t, but otherwise is piecewise continuous for t >0 = 0. Of course, the
range of integration in (3) can be narrowed as discussed before.

Comparison of (2) and (3) makes clear the fact that a stationary linear system can be
regarded as a specia case of a nonstationary linear system. Therefore, it is convenient to
call the kernel h(t,o) in (3) stationary if there exists akernel g(t) such that

g(t-0) = h(t,0) (4)

An easy way to check for stationarity of h(t,0) is to check the condition
h(0,0-t) = h(t,0). If this is satisfied, then setting g(t) = h(0,—t) verifies (4) since
g(t-o) = h(0,0-t) = h(t,0).

A (possibly) nonstationary linear system will be diagramed using the representation
(3) asshownin Figure 1.2.

u )

Figure 1.2. A nonstationary linear system.

1.2 Homogeneous Nonlinear Systems

The approach to be taken to the input/output representation of nonlinear systems
involves a simple generalization of the representations discussed in Section 1.1. The more
difficult, somewhat unsettled, and in a sense philosophical questions about the generality
and usefulness of the representation will be postponed. For the moment | will write down
the representation, discuss some of its properties, and give enough examples to permit the
claim that it isinteresting.

Corresponding to the real-valued function of n variables h,(t4, ... ,t,) defined for
tj € (-o0,0), i =1,...,n, and such that h,(ty,...,t;) =0 if any t; <0, consider the
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input/output relation

00

yt)y= [ -+ [ hy(o1,...,0n)u(t-07) - - u(t-o,) doy - - - doy, (5)
The resemblance to the linear system representations of the previous section is clear.
Furthermore the same kinds of technical assumptions that are appropriate for the
convolution representation for linear systems in (1) are appropriate here. Indeed, (5) often
iscalled generalized convolution, although | won't be using that term.

Probably the first question to be asked is concerned with the descriptors that can be
associated to a system represented by (5). It is obvious that the assumption that
h,(t1,...,t,) isone-sided in each variable corresponds to causality. The system is not
linear, but it is a stationary system as a check of the delay invariance property readily
shows.

A system represented by (5) will be caled a degree-n homogeneous system. The
terminology arises because application of the input au(t), where a is a scalar, yields the
output a"y (t), where y (t) is the response to u(t). Note that this terminology includes the
case of a linear system as a degree-1 homogeneous system. Just as in the linear case,
ha(t1,...,t,) will be caled the kernel associated with the system.

For simplicity of notation | will collapse the multiple integration and, when no
confusion is likely to arise, drop the subscript on the kernel to write (5) as

y(t)= _[ h(oq,...,o)u(t-07) - -~ u(t-o,) do; - - - do, (6)

Just as in the linear case, the lower limit(s) can be replaced by 0 because of the one-sided
assumption on the kernel. If it is assumed also that the input signal is one-sided, then all
the upper limit(s) can be replaced by t. Finally, a change of each variable of integration
shows that (6) can be rewritten in the form

y(t)= _[ h(t-oy,...,t-0o,)u(oq) - - -u(o,) do; - - - do, @)

At this point it should be no surprise that a stationary degree-n homogeneous system
will be diagramed as shown in Figure 1.3. Again the system box is labeled with the kernel.

Y
u h(t,,....t)

Figure 1.3. A stationary degree-n homogeneous system.

There are at least two generic ways in which homogeneous systems can arise in
engineering applications. The first involves physical systems that naturally are structured
in terms of interconnections of linear subsystems and simple nonlinearities. In particular |
will consider situations that involve stationary linear subsystems, and nonlinearities that

4



can be represented in terms of multipliers. For so-called interconnection structured
systems such as this, it is often easy to derive the overall system kernel from the subsystem
kernels simply by tracing the input signal through the system diagram. (In this case
subscripts will be used to denote different subsystems since all kernels are single variable.)

Example 1.1 Consider the multiplicative connection

Figure 1.4. An interconnection structured system.

of three linear subsystems, shown in Figure 1.4. The linear subsystems can be described
by

yit)= [ hi(o)ut-0)do, i=123

and thus the overall system is described by
y(®) =yi(Oy20ys®) .
= [ hy(o)u(t-0) do [ hy(o)u(t-o) do [ hs(o)u(t-o) do

00

= [ h1(01)h2(02)h3(03)u (t-07)u (t—05)u (t—03) do;do,dos

Clearly, akernd for this degree-3 homogeneous systemis

h(t1,to,t3) = hy(ty)ha(t2)hs(ts)

A second way in which homogeneous systems can arise begins with a state equation
description of a nonlinear system. To illustrate, consider a compartmental model wherein
each variable x;(t) represents a population, chemical concentration, or other quantity of
interest. If the rate of change of x;(t) depends linearly on other x;(t)’s, but with a scalar
parametric control signal, then x;(t) will contain terms of the form du (t)x;(t). Nonlinear
compartmental models of thistype lead to the study of so-called bilinear state equations

X(t) = Ax(t) + Dx(t)u(t) + bu(t)
y(t) = cx(t), t=0, x(0) = Xq

where x(t) is the n x 1 state vector, and u(t) and y(t) are the scalar input and output
signals. Such state equations will be discussed in detail later on, so for now avery simple
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case will be used to indicate the connection to homogeneous systems.

Example 1.2 Consider anonlinear system described by the differential equation

X(t) = Dx(t)u(t) + bu(t)
y(t)=cx(t), t=0, x(0)=0

where x (t) isa2 x 1 vector, u(t) and y (t) are scalars, and

00 1
o= [1¢g b= [g] ez 01

It can be shown that a differential equation of this general form has a unique solution for
al t = 0 for a piecewise continuous input signal. | leave it as an exercise to verify that this
solution can be written in the form

t

t DJ'u(cl)dc1

x(t)=[e ® bu(o,) do,
0
where, of course, the matrix exponential is given by
DJ'u(cl)dc1 t 1 t
e @ = +DJ’u(gl)dgl+FDZ[Iu(cl)dcl]2+...
0, ) O3

For the particular case at hand, D? = 0 so that
DJ'u(cl)dc1
e @ _ t 1 0
fu(oy)do; 1
O3
Thus the input/output relation can be written in the form

t DJ'u(cl)dc1
y(t)=fce ® bu(o,) do,
0

tt
= [ [ u(oy)u(0y) doyda,

0o,
From this expression it is clear that the system is homogeneous and of degree 2. To put the
input/output representation into a more familiar form, the unit step function

0, t<O0

04(t) =
1, t=20

can be introduced to write



tt
y(®) = [[8.4(01-02)u(01)u(0) doydo,
00

Thus, akernel for the systemis

h(ty,tp) = 0-1(t1-to)

There will be occasion in later chapters to consider homogeneous systems that may
not be stationary. Such a system is represented by the input/output expression

y(t) = I h(t,oq,..., ou(oy) - - -u(o,) doy - - - doy, (8

It is assumed that the kernel satisfies h(t,oq, ..., 0,) = 0 when any g; >t so that the
system is causal. Of course, this permits al the upper limits to be replaced by t. If one-
sided inputs are considered, then the lower limits can be raised to 0.

As asimple example of a nonstationary homogeneous system, the reader can rework
Example 1.1 under the assumption that the linear subsystems are nonstationary. But | will
consider here a case where the nonstationary representation quite naturally arises from a
stationary interconnection structured system.

Example 1.3 The interconnection shown in Figure 1.5 is somewhat more complicated
than that treated in Example 1.1. As suggested earlier, a good way to find a kernel is to
begin with the input signal and find expressions for each labeled signal, working toward
the output. The signal v (t) can be written as

Figure 1.5. The system considered in Example 1.3.

t
v(t)= [ hs(t-o3)u(o3) dog u(t)

Similarly



w(t) = }w ha(t-02)v(03) do U (t)
= }w ha(t-02) 1 ha(0,-03)u(03) dos u(0y) doy u(t)
= }w}m ha(t-02)h3(0,-03)u (03)u (07) dozdo, u (t)
The output signal is given by
y(t) = _j; hi(t-o1)w(01) doy
¢ oo

= [ [ | hi(t-01)h;(01-02)h3(02~03)u (01)u (02)u (03) dozdo,doy

Thus akernel for this degree-3 system can be written in the form
h(t,01,02,03) = h1(t—01)h2(01-02)h3(02-03)0_1(02-03)d-1(01-02)

Because of the usual one-sided assumptions on the linear subsystem kernels, the step
functions might be regarded as superfluous. More importantly, a comparison of Examples
1.1 and 1.3 indicates that different forms of the kernel are more natural for different system
structures.

Comparing the representation (8) for nonstationary systems to the representation (7)
for stationary systems leads to the definition that a kernel h(t,oq, ..., o,) is stationary if
there existsakernd g(t4, ..., t,) such that the relationship

g(t-oy,..., t-o,) =h(t,oq,..., Op) 9
holds for al t,oq, ..., o,. Usualy it is convenient to check for stationarity by checking
the functional relationship

h(0,0:—t,..., o,-t)=h(toq,..., Op) (10)
for if thisis satisfied, then (9) is obtained by setting

o(ty, ..., t,) = h(0,~tq,..., -tn) (11)

yt)= [ gt-oy,..., t-o,)u(oy) - - - u(oy,) doy - - - doy, (12)

Performing this calculation for Example 1.3 gives a stationary kernel for the system in
Figure 1.5:

g(t1,to,t3) = hy(ty)ho(to—ty)ha(ts—t2)d 1 (t3—t2)0-1 (to-t1)



As mentioned in Section 1.1, in the theory of linear systems it is common to allow
impulse (generalized) functions in the kernel. For example, in (1) suppose
h(t) = g(t) + godg(t), where g(t) is a piecewise continuous function and dy(t) is a unit
impulseatt = 0. Then theresponseto aninput u(t) is

y(t) = } h(t-o)u(o) do
= [ g(t-0)u(0) do + [ godo(t-0)u(o) do

= [ g(t-o)u(o) do + gou(t) (13)

That is, the impulse in the kernel corresponds to what might be called a direct
transmission term in the input/output relation. Even taking the input u(t) = dg(t) causes
no problemsin this set-up. The resulting impulse response is

y(t)= [ 9(t-0)8(0) do + [ godo(t-0)3o(0) do

= g(t) + 9odo(t) (14)

Unfortunately these issues are much more devious for homogeneous systems of
degree n > 1. For such systems, impulse inputs cause tremendous problems when a direct
transmission term is present. To see why, notice that such aterm must be of degree n, and
so it leads to undefined objects of the form d§(t) in the response. Since impulsive inputs
must be ruled out when direct transmission terms are present, it seems prudent to display
such terms explicitly. However, there are a number of different kinds of terms that share
similar difficulties in the higher degree cases, and the equations | am presenting are
sufficiently long already. For example, consider a degree-2 system with input/output
relation

yt)= [ [ g(t-0y,t-0,)u(01)u(o,) dojda,
+ [ g1(t-01)u?(0,) doy + gou(t) (15)

Adopting a loose terminology, | will call both of the latter two terms direct transmission
terms. Allowing impulsesin the kernel means that the representation

y(t)= [ h(t-o1t-02)u(o1)u(o) doydo,

suffices with



h(t1,t2) = g(ts,t2) + ga(t1)do(t1—t2) + godo(t1)do(t2) (16)

The dangers not withstanding, impulses will be allowed in the kernel to account for
the various direct transmission terms. But as a matter of convention, akernel is assumed to
be impulse free unless stated otherwise. | should point out that, as indicated by the
degree-2 case, the impulses needed for this purpose occur only for values of the kernel’s
arguments satisfying certain patterns of equalities.

Example 1.4 A simple system for computing the integral-square value of a signal is

shown in Figure 1.6.
Il .

Figure 1.6. Anintegral-sguare computer.

This system is described by

y(t)= [ 84(t-0)u*(c) do

so that a standard-form degree-2 homogeneous representation is

00 00

y(t)= [ [ 8.4(t-01)80(01-02)u(01)u(07) dopdoy

—00 —00

If the input signal is one-sided, then the representation can be simplified to
tt

y(®) = [ [ o(01-02)u(01)u(02) dozdoy
00

On the other hand, a simple system for computing the square-integral of a signal is shown

inFigure 1.7.

Figure 1.7. A square-integral computer.

This system is described by

10



y(t) = [f 84(t-c)u(o) do]®

= [ [ 8.4(t-01)3_1(t-0,)u(01)u(02) doydo,
If the input signal is one-sided, then the representation simplifiesto
tt

y(®) = [Ju(o1)u(o2) doydo;
00

Comparison of these two systems indicates that direct transmission terms (impulsive
kernels) arise from unintegrated input signals in the nonlinear part of the system.

A kernel describing a degree-n homogeneous system will be called separable if it
can be expressed in the form

Aty .. t) = 5 va(tvalts) - vat) (17)
i=1

or

m
h(t,oy,..., On) = 2 Voi(t)vai(01) - -~ Vni(0n) (18)
i=1
where each v;;(.) is a continuous function. It will be called differentiably separable if each
vi(.) is differentiable. Almost al of the kernels of interest herein will be differentiably
separable. Although explicit use of this terminology will not occur until much later, it will
become clear from examples and problems that separability is a routinely occurring
property of kernels.

The reader probably has noticed from the examples that more than one kernel can be
used to describe a given system. For instance, the kernel derived in Example 1.1 can be
rewritten in several ways simply by reordering the variables of integration. This feature
not only is disconcerting at first glance, it also leads to serious difficulties when system
properties are described in terms of properties of the kernel. Therefore, it becomes
important in many situations to impose unigueness by working with special, restricted
formsfor the kernel. Three such special forms will be used in the sequel: the symmetric
kernel, the triangular kernel, and the regular kernel. | now turn to the introduction of these
forms.

A symmetric kernel in the stationary case satisfies

hwm(tl ..... tn) = hwm(tn(l) ..... tT[(n)) (19)
or, in the nonstationary case,
hgym(t, 01, . . ., On) = hgm(t, Omay, - - -, Ontn)) (20)

where 11(.) denotes any permutation of theintegers 1, . . ., n. Itiseasy to show that without
loss of generality the kernel of a homogeneous system can be assumed to be symmetric. In

11



fact any given kernel, say h(tq,..., t,) in (6), can be replaced by a symmetric kernel
simply by setting

1
hwm(tl ..... tn) = F Z h(t-,-[(l) ..... t-,-[(n)) (21)
L)

where the indicated summation isover al n! permutations of the integers 1 through n. To
see that this replacement does not affect the input/output relation, consider the expression

% T% I h(cn(l) ..... O'T[(n))u (t _O-Tt(l)) T U(t—O'T[(n)) dO'T[(]_) T dGT[(n) (22)
Introducing the change of variables (actualy, just arelabeling) 1 = 0y, 1= 1, ..., n, in
every term of the summation in (22) shows that all terms are identical. Thus summing the
n! identical terms on the right side shows that the two kernels yield the same input/output
behavior.

Often akernel of interest is partially symmetric in the sense that not all terms of the
summation in (21) are distinct. In this situation the symmetric version of the kernel can be
obtained by summing over those permutations that give distinct summands, and replacing
the n! by the number of such permutations. A significant reduction in the number of terms
is often the result.

Example 1.5 Consider adegree-3 kernel that has the form

h(ty,to,t3) = g(t1)g(to)g(tz)f (ti+ty)

Incidently, note that thisis not a separable kernel unless f (t1+t5) can be written as a sum
of terms of the form f(t;)f>(t5). To symmetrize this kernel, (21) indicates that six terms
must be added. However, the first three factors in this particular case are symmetric, and
there are only three permutations that will yield distinct forms of the last factor; namely
f(ti+to), f (t1+t3), and f (to+t3). Thus, the symmetric form of the given kernel is

heym(t1,t2,t3) = %g (t1)g(t2)g (ta)[f (tat+to)+f (ty+tg)+f (tatts)]

Again | emphasize that although the symmetric version of a kernel usually contains
more terms than an asymmetric version, it does offer a standard form for the kernel. In
many cases system properties can be related more simply to properties of the symmetric
kernel than to properties of an asymmetric kernel.

The second special form of interest is the triangular kernel. The kernel in (8),
h(t,oy,..., Op), istriangular if it satisfies the additional property that h(t,oq, ..., o,)=0
when g;,j > g; for i,j postive integers. A triangular kernel will be indicated by the
subscript "tri" when convenient. For such a kernel the representation (8) can be written in
the form

12



t O1 On1

y®=[ - [ hito..., op)u(oy) - - u(op) do, - - - doy (23)
Sometimes this special form of the input/output relation will be maintained for triangular
kernels, but often | will raise al the upper limits to « or t and leave triangularity
understood. On some occasions the triangularity of the kernel will be emphasized by
appending unit step functions. In this manner (23) becomes

+++0.1(0n-1=0p)u(0y) - - - u(on) do, - - - doy (24)

Notice that there is no need to use precisely this definition of triangularity. For
example, if hy(t,0q,..., on) =0 when o;>0j,j, then the suitable triangular
representation is

t On- O3
y®)=[ [ [ hito,..., op)u(oy) - - u(op) doy - - - doy (25)
Stated another way, atriangular kernel
htri(tlo-l ----- 0-n) = htri(tlo-l ----- Gn)5_1(0’1—0'2) T 6—1(0-n—1_0-n) (26)
remains triangular for any permutation of the arguments oy, ..., On. A permutation of

arguments simply requires that the integration be performed over the appropriate triangul ar
domain, and this domain can be made clear by the appended step functions. However, |
will stick to the ordering of variables indicated in (23) and (26) most of the time.

Now assume that the triangular kernel in (26) in fact is stationary . Then let

gtri(cl ----- 0-n) = htri(oa_cl ----- _Gn)6—1(02_01) T 6—1(0-n_0-n—1) (27)
so that

Otri (t —01,..., 1:_o-n) = htri (t-cl ----- Gn)5_1(0’1—0'2) T 6—1(0-n—1_0-n) (28)
and the input/output relation in (23) becomes

t 01 On1
y®O=[ [ [ gult-ou..., t-op)u(oy) - - - u(on) do, - - - doy (29)
Or, performing the usual variable change,
t On O3
y®=[ [ [ gnilor, ..., Op)u(t-01) - - - u(t-op) doy - - - doy (30)
an expression that emphasizes that in (27) triangularity implies gy(tq, ..., t,) =0 if

t > t4j. But, again, thisis not the only choice of triangular domain. Infact, for a degree-n
13



kernel there are n! choices for the triangular domain, corresponding to the n!
permutations of variables in the inequality tyq) 2ty > -+ 2ty 20. So there is
flexibility here: pick the domain you like, or like the domain you pick.

To present examples of triangular kernels, 1 need only review some of the earlier
examples. Notice that the nonstationary kernel obtained in Example 1.3 actually isin the
triangular form (24). Also the input/output representation obtained in Example 1.2 can be
written in the form

t O1

y(® = [ [ u(o1)u(oy) doydoy
00

This corresponds to the triangular kernel hy(t,01,0,) = &_1(01—05) in (24), or to the
triangular kernel gy (t1,t2) = 0_1(to—ty) in (29).

The relationship between symmetric and triangular kernels should clarify the
features of both. Assume for the moment that only impulse-free inputs are allowed. To
symmetrize a triangular kernel it is clear that the procedure of summing over all
permutations of the indices applies. However, in this case the summation is merely a
patching process since no two of the terms in the sum will be nonzero at the same point,
except along lines of equal arguments such as ¢; = gj, 0; = 0 = 0y, and so on. And since
the integrations are not affected by changes in integrand values along a line, this aspect
can be ignored. On the other hand, for the symmetric kernel hgm(t, 01, . . ., op) | can write
the input/output relation as a sum of n! n-fold integrations over the n! triangular domains
in the first orthant. Since each of these integrations is identical, the triangular form is
given by

hyi(t, 09, .. ., op)=n'hgm(t, 01, ..., 0n)0-1(01-02)0-1(02—03) * * - 8-1(0-1=0p)
(31)

In the stationary case the symmetric kernel hgm(tq, ..., t,) Yields the triangular kernel
corresponding to (30) as

gtri(tl ----- 1:n) = n!hwm(tl ----- 1:n)é—l(tZ_tl) e 6—1(tn_tn—1) (32)

Of course, these formulas imply that either of these special formsis (essentially) uniquely
specified by the other.

Example 1.6 For the stationary, symmetric degree-2 kernel
hym(ta,t2) =
acorresponding triangular kernel is
i (t,t2) = 26™748 4 (tot1)

It isinstructive to recompute the symmetric form. Following (21),

titt; emin[tLtZ]
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ham(ts to) = 2126™" 8.1 (t=11) + 267" 8.4 (t11,)]

= e [e" 15 (to-t1) + €284 (t1—to)]

Now this is ailmost the symmetric kernel | started with. Almost, because for t1 = t, the
original symmetric kernel is e3t1, while the symmetrized triangular kernel is 2e* Thisis
precisely the point of my earlier remark. To wit, values of the kernel along equal argument
lines can be changed without changing the input/output representation. In fact they must
be changed to make circular calculations yield consistent answers.

Now consider what happens when impulse inputs are allowed, say u(t) = dy(t). In
terms of the (nonstationary) symmetric kernel, the response isy (t) = hg(t, 0, . . ., 0), and
in terms of the triangular kernel, y(t) = hy(t,0, ..., 0). Thus, it is clear that in this
situation (31) is not consistent. Of course, the difficulty is that when impulse inputs are
alowed, the value of a kernel aong lines of equal arguments can affect the input/output
behavior. For a specific example, reconsider the stationary kernels in Example 1.6 with an
impulse input.

Again, the problem here is that the value of the triangular kernel along equal
argument lines is defined to be equal to the value of the symmetric kernel. This can be
fixed by more careful definition of the triangular kernel. Specifically, what must be doneis
to adjust the definition so that the triangular kernel gets precisely its fair share of the value
of the symmetric kernel along equal-argument lines. A rather fancy "step function" can be
defined to do this, but at considerable expense in simplicity. My vote is cast for simplicity,
so impulse inputs henceforth are disallowed in the presence of these issues, and kernel
values along lines will be freely adjusted when necessary. (This luxury is not available in
the discrete-time case discussed in Chapter 6, and a careful definition of the triangular
kernel which involves a fancy step function is used there. The reader inclined to
explicitness isinvited to transcribe those definitions to the continuous-time case at hand.)

The third special form for the kernel actually involves a specia form for the entire
input/output representation. This new form is most easily based on the triangular kernel.
Intuitively speaking, it shifts the discontinuity of the triangular kernel out of the picture
and yields a smooth kernel over all of the first orthant. This so-called regular kernel will
be used only in the stationary system case, and only for one-sided input signals.

Suppose hyi(ty, ..., t,) is a triangular kernel that is zero outside of the domain
t; =2ty = -2t,20. Then the corresponding input/output representation can be written in
the form

y(t) = I hyi (01, .. ., o)u(t-o7) - - u(t-o,) doy - - - do,

where the unit step functions are dropped and the infinite limits are retained just to make
the bookkeeping simpler. Now make the variable change from g, to 11 = 61—05. Then
the input/output representation is
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y(t) = _].;htri(TﬁGz.Gz ..... opu(t-T1,—-0o)u(t—0oy) - - - u(t—o,) drydo, - - - doy,
Now replace 0, by 1, = 0,—03 to obtain
y(t)= _].; hyi (T1+12+03,1,+03,03, . . ., On)
U(t-t1-To—03)u(t-T,—03)u(t—0y) - - - u(t—o,) dt,di,dos - - - dop,
Continuing this process gives
y(t) = _]ihtri(rﬁ C Ty, Tot o H T, L, Th-1+Th,Tn)

u(t-ty— - —TuU(t-To— - - —T,) - - - u(t-1,) dtg - - - d1p

(In continuing the process, each variable change can be viewed as a change of variable in
one of the iterated integrals. Thus the Jacobian of the overall change of variables is unity,
asiseadly verified. Thisisagenera feature of variable changes in the sequel.) Letting

Mreg(ta, ..., t) = hgi(ty+ -+ttt -+t ..o, th) (33
be the regular kernel, | can write
y(t)= Ihreg(rl ..... THUt-T— T JU(t-To— - -T,) - - - u(t-t,)dty - - - d1p
(34)
where hyg(ty, .. ., t,) is zero outside of the first orthant, tq, ..., t, = 0. As mentioned

above, the usual discontinuities encountered along the lines t;_; = t;, and so on, in the
triangular kernel occur along the edgest; = 0 of the domain of the regular kernel.

It should be clear from (33) that the triangular kernel corresponding to a given
regular kernel is

W (CT ty) = hreg(tl_tZ-tZ_t3 ----- th-17thtn)

O_g(t1t2)d-q(t2-t3) - - dq(th-17tn) , ta,..., th=0 (39)

Thus (33) and (35), in conjunction with the earlier discussion of the relationship between
the triangular and symmetric kernels, show how to obtain the symmetric kernel from the
regular kernel, and vice versa.

| noted earlier that particular forms for the kernel often are natural for particular
system structures. Since the regular kernel is closely tied to the triangular kernel, it is not
surprising that when one is convenient, the other probably is also (restricting attention, of
course, to the case of stationary systems with one-sided inputs). This can be illustrated by
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reworking Example 1.3 in adightly different way.

Example 1.7 Using an dternative form of the linear system convolution representation,
the calculations in Example 1.3 proceed as follows. Clearly the system is stationary, and
one-sided input signals are assumed implicitly. First the signal v(t) can be written in the
form

v(t)= [ hz(o3)u(t-o3) dog u(t)

Then
w(t) = ihz(ﬁz)V(t -0,) do, u(t)
= ii h,(02)h3(03)u(t-0,—03)u (t—0,) do,daos u(t)
and

y(®) = I h,(o)w(t-oy) doy

00 00 00

= [ [ | hi(01)h2(02)h3(03)u (t-01~0,~03)u (t—01-05)u (t—07) do;do,doy

—00 —00 —00

Now a simple interchange of the integration variables o, and o3 gives

y(t) = [ h3(01)h(02)h1(03)u(t-01-0,—03)u (t—0,~03)u (t —03) do;do,doy
which isinthe regular form (34).

It is worthwhile to run through the triangular and regular forms for a very specific
case. This will show some of the bookkeeping that so far has been hidden by the often
implicit causality and one-sided input assumptions, and the infinite limits. Also, it will
emphasi ze the special starting point for the derivation of the regular kernel representation.

Example 1.8 A triangular kernel representation for the input/output behavior of the
bilinear state equation in Example 1.2 has been found to be

t O1

y(® = [ [ u(o1)u(oy) doydoy
00

Explicitly incorporating the one-sidedness of the input signal, causality, and triangularity
into the kernel permits rewriting thisin the form
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00 00

y(®) = I I 0-1(t=01)0-1(t=02)d-1(01-02)d-1(01)d-1(02)u (01)u(02) do,doy

This expression can be simplified by removing the redundant step functions. Then replace
the variables of integration 6, and o, by t—o; and t —0o,, respectively, to obtain

00 00

y(®) = I I 0-1(01)0-1(02-01)d-1(t=01)d-1 (t —02)u (t —01)u (t —02) do,doy

—00 —00

Now the kernel clearly is triangular, and nonzero on the domain o, =0, =0.
Interchanging the two integration variables gives an input/output expression in terms of a
triangular kernel with domain o4 =2 0, = 0:

y(®) = I I 0-1(02)0-1(01-02)0-1(t—01)d-1 (t —02)u (t—01)u(t —02) do,do;y
Thisisthe starting point for computing the regular kernel representation. Replace g, with
T, = 01—05, and then g, with T, to obtain

y(®) = I I 0-1(T1)0-1(12)0-1 (t—T1~T2)d-1 (t —T)u (t ~Ty~To)u (t —T2) dTodTy
This input/output representation is in regular form, and if the one-sidedness of the input is
left understood, the regular kernel is

Nreg(ta,t2) = &-9(t1)d-1(t2)

Furthermore, putting together this result and a dlight variation of Example 1.7 shows that
the bilinear state equation in Example 1.2 can be represented by the interconnection of
integrators and multipliers shown in Figure 1.8.

0]

s

Figure 1.8. Interconnection representation for Example 1.2.

Incidently, it is obvious that the triangular, symmetric, and regular forms all collapse
to the same thing for homogeneous systems of degree 1. Therefore, when compared to
linear system problems, it should be expected that a little more foresight and artistic
judgement are needed to pose nonlinear systems problems in a convenient way. Thisis
less an inherited ability than a matter of experience, and by the time you reach the back
cover such judgements will be second-nature.
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1.3 Polynomial and Volterra Systems

A system described by a finite sum of homogeneous terms of the form

N [ee]
yi)= > Ihn(cl ..... ou(t-oq7) - - -u(t-o,) doq - - -do, (36)
n=1-c
will be called a polynomial system of degree N, assuming hy(tq, .. ., ty) #0. If asystemis
described by an infinite sum of homogeneous terms, then it will be called a Volterra
system. Of course, the same terminology is used if the homogeneous terms are
nonstationary. By adding a degree-0 term, say yq(t), systems that have nonzero responses
toidentically zero inputs can be represented.
Note that, as special cases, static nonlinear systems described by a polynomial or
power series in the input:

y®) =agu(t)+ --- + ayu™(t)
y(t)= X aun(t) (37)
n=1

areincluded. Simply take h,(t4, .. ., to) = a,0p(t1) - - - Op(ty) in (36). Further examples of
polynomial systems are easy to generate from interconnection structured systems. The
simplest case is a cascade connection of a linear system followed by a polynomial
nonlinearity. If the nonlinearity is described by an infinite power series, a Volterra system
isthe result.

Since the Volterra system representation is an infinite series, there must be
associated convergence conditions to guarantee that the representation is meaningful.
Usually these conditions involve a bound on the time interval and a bound for u(t) on this
interval. These bounds typicaly depend upon each other in a roughly inverse way. That
is, as the time interval is made larger, the input bound must be made smaller, and vice
versa. The calculations required to find suitable bounds often are difficult.

Example 1.9 Thefollowing is possibly the simplest type of convergence argument for a
Volterra system of the form (36) with N = . Suppose that for all t

lu@)| <K

and

00

[ (o1, ..., 0,)| doy -+ -do, <a,

—00

Then since the absolute value of a sum is bounded by the sum of the absolute values,
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00
00

ly@®)| < > O] hy(oq,..., ou(t-o7) - -u(t-o,) doq - - -do, O

n=1

<3 [ Iha(On.- .00 Ju(t-o1)| - |u(t-0,)| doy - day,
n=1-oo
< 2 akK”
n=1
Convergence of the power series on the right side implies convergence of the series
defining the Volterra system. In this case the time interval is infinite, but of course the
convergence condition is quite restrictive.

In the sequel | will be concerned for the most part with polynomia- or
homogeneous-system representations, thereby leaping over convergence in a single bound.
Of course, convergence is a background issue in that a polynomia system that is a
truncation of a Volterra system may be a good approximation only if the Volterra system
representation converges. When Volterra systems are considered, the infinite series will be
treated informally in that the convergence question will be ignored. All thisis not to slight
the importance of the issue. Indeed, convergence is crucia when the Volterra series
representation is to be used for computation. The view adopted here is more a
consequence of the fact that convergence properties often must be established using
particular features of the problem at hand. A simple example will illustrate the point.

Example 1.10 Consider the Volterra system
t t O1
y(t) = [ cbu(o) do + [ [ cDbu(o;)u(o,) doydo,
0 00
t 01 02

+[ [ [ cD?bu(o1)u(02)u(0s) dogda,day + - -
000

wherec, b,and D are 1 x n, n x 1, and n x n matrices, respectively. Factoring out the ¢ and
b, and using a simple identity to rewrite the triangular integrations gives

t t t
y(t) = c[ Ju(o)do + iD[j’u (0)do]? + iD2[‘|'u (©@)dol®+ ---]b
0 2! 0 3! 0

Now arguments similar to those used to investigate convergence of the matrix exponential
can be applied. The result is that this Volterra system converges uniformly on any finite
timeinterval aslong asthe input is piecewise continuous - a much, in fact infinitely, better
result than would be obtained using the approach in Example 1.9. Incidentally, this
Volterra system representation corresponds to the bilinear state equation

%(t) = Dx(t)u (t) + bu(t)
y(t) = cx(t)

aparticular case of which was discussed in Example 1.2. | suggest that the reader discover
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this by differentiating the vector Volterra system representation for x (t):
t O1

t
x(t) = [bu(o) do + [ [ Dbu(o1)u(o,) doydoy + -+ -
0 00

1.4 Interconnections of Nonlinear Systems

Three basic interconnections of nonlinear systems will be considered: additive and
multiplicative parallel connections, and the cascade connection. Of course, additive
paralel and cascade connections are familiar from linear system theory, since linearity is
preserved. The multiplicative parallel connection probably is unfamiliar, but it should
seem to be a natural thing to do in a nonlinear context. The results will be described in
terms of stationary systems. | leave to the reader the light task of showing that little is
changed when the nonstationary case is considered.

Interconnections of homogeneous systems will be discussed first. No special form
assumptions are made for the kernels because the triangular or symmetric forms are not
preserved under all the interconnections. Furthermore, the regular kernel representation
will be ignored for the moment. To describe interconnections of polynomial or Volterra
systems, a general operator notation will be introduced later in the section. This operator
notation always can be converted back to the usual kernel expressions, but often much ink
is saved by postponing this conversion aslong as possible.

Figure 1.9. An additive parallel connection.

The basic additive connection of two homogeneous systems is shown in Figure 1.9.
The overall system is described by

+ [gm(o1, . . ., onu(t-07) - - -u(t-oy) doy - - - dop, (39)

faty, ..y ty) = ha(ty, ..., t)) + On(ty, .-, th) (39)
And if both kernels hy(ty, ..., t,) and g,(tq, ..., t,) are symmetric (triangular), then the
kernel f,(tq,..., t,) will be symmetric (triangular). When m # n the overall system is a
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polynomial system of degree N = max[n, m].
The second connection of interest is the parallel multiplicative connection shown in
Figure 1.10. The mathematical description of the overal systemis

[[gm(o1, -, omu(t—-o07) -~ u(t—-op) doy - - - doy)
= [[(oy, ..., 0n)Im(On+1, - - - On+m)]u(t-01)
Ut =0pap) Oy - dOhem (40)

Thus the multiplicative connection yields a homogeneous system of degree n + m with
kernel

fn+m(t1 tn+m) (41)

Figure 1.10. A multiplicative parallel connection.

In general, neither symmetry nor triangularity is preserved in this case. Note the
relabeling of variables in this development for it is quite common. Distinct labels for the
variables must be maintained to avoid confusion and preserve sanity.

The cascade connection of two systems is shown in Figure 1.11. The customary,
though usually unstated, assumption is made that the two systems do not interact with each
other. That is, there is no loading effect. To obtain a description for this connection, write

y®) = [gm(O1, ..., OmV(t=01) -+ V(t-0p) doy - - - doyy (42)

where, forj =1, ..., m,
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00

V(t=0j) = [ hy(Ome(-nn+1, - - - » Omajn)U (t=0j=Opme -1yn+1)

—eu(t —Gj _Gm+jn) d0m+(j -Dn+1 """ CIO-m+jn (43)

u h(ty ...t )2 g,(t .t =

Figure 1.11. Cascade connection of two systems.

Of course, | have chosen the labeling of variables in (43) to make the end result ook nice.
Substituting (43) into (42) gives

y(®) = Igm(cll cee 'Gm)[Ihn(0m+1- e+ 1 Omen)U (t=01=0m+1)

“U(t=01=Om+n) Oms1 - * - O]

e [Ihn(0m+(m—l)n+1' cee -0-m+mn)u (t _Gm_0m+(m—1)n+1)
e U(t _Gm_0m+mn) d0m+(m—1)n+1 e d0m+mn] dcl e CIO-m (44)

Now, in the bracketed terms replace each variable of integration Opm.(j-1yn+i by the
variable T(j-pyn+j = Ome(-yn+i + G5, 1= 1,...,n, j=1,...,m Then moving the outer
m-fold integration to the inside gives

y(t) = Io[jligm(cl, e, O (T1-04, ..., Ty—01)
My (Tm-1n+1=Oms - - - » Trm=0m) d0q -+ - Aoy, Ju(t-T4)
Ut -Ty) AT - - - AT (45)
Thus, the cascade connection yields a homogeneous system of dgree mn with kernel

fmn(tll cee -tmn) = Igm(cll cee -Gm)hn(tl_o-ll cee 'tn_cl)

U hn(t(m—l)n+1_o-m' .o+ tm=0m) doy - - - dop, (46)
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It amost is needless to say that symmetry or triangularity usually islost in this connection.
This means that f,(tq,...,ty) Must be symmetrized or triangularized as a separate
operation.

| should pause at this point to comment that double-subscripted integration variables
can be used in derivations such as the above. However, it is usually more convenient in the
long run to work with single-subscripted variables, and the results look better.

When applying the cascade-connection formula, and other convolution-like
formulas to specific systems, some caution must be exercised in order to account properly
for causality. The use of infinite limits and implicit causality assumptions is an invitation
to disaster for the careless. | invite the reader to work the following example in a cavalier
manner just to see what can happen.

Example 1.11 Consider the cascade connection shown in Figure 1.11 with

hi(ts)=e™, ga(ts,t2) = So(tsty)
The kernels can be rewritten in the form

hi(ty) = € #84(t1), galta,tz) = So(ts—t2)8.4(t1)84(t2)

to incorporate explicitly the causality conditions. Then for t1,t> =0, (46) gives the kernel
of the overall system as

00 00

f(tito) = I I 0p(01—05)0_-1(01)d-1(02) e-(trcl)

—00—00

8.4 (t1-01) e 8, (t1,-0,) doydo,

= [ 8.4(01)84(01)e 8.y (t1-0y)e 8 (t,-01) doy

This expression can be simplified by using the integration limits to account for the
constraints impaosed by the unit step functions. Then, fort, t> 20,
min[ty,t,]
f (t1-t2) — J’ e_(tl_(’l)e_(tz_(’l) do-l
min[ty,t,]

=gt | e?* do,
0

_ %e—tl—tz[eZmin[tl,tz]_l]

Another way to write thisresult is

1 _-0-t,0

f(tute) = e e

e , 11,120
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Of course, these same subtleties can arise in linear system theory. They may have
escaped notice in part because only single integrals are involved, and there is little need
for the notational simplicity of infinite limits, and in part because the use of the Laplace
transform takes care of convolution in a neat way. The title of Chapter 2 should be
reassuring in this regard.

When the regular kernel representation is used, the interconnection rules are more
difficult to derive. Of course, the analysis of the additive paralel connection is the
exception. If the two regular representations are of the same degree, then the regular kernel
for the additive connection is simply the sum of the subsystem regular kernels. If they are
not of the same degree, a polynomial system is the result, with the two homogeneous
subsystems given in regular representation. For cascade and multiplicative-parallel
connections, | suggest the following simple but tedious procedure. For each subsystem
compute the triangular kernel from the regular kernel. Then use the rules just derived to
find a kernel for the overall system. Finally, symmetrize this kernel and use the result of
Problem 1.15 to compute the corresponding regular kernel.

For interconnections of polynomial or Volterra systems, a general operator notation
will be used to avoid carrying a plethora of kernels, integration variables, and so forth,
through the calculations. At the end of the calculation, the operator notation can be
replaced by the underlying description in terms of subsystem kernels. However, for some
types of problems this last step need not be performed. For example, to determine if two
block diagrams represent the same input/output behavior it simply must be checked that
the two diagrams are described by the same overal operator. | should note that
convergence issues in the Volterra-system case are discussed in Appendix 1.1, and will be
ignored completely in the following development.

The notation

y(®) = H[u()] (47)

denotes a system H with input u(t) and output y(t). Often the time argument will be
dropped, and (47) will be written ssimply as

y=H[u] (49)

(Though nonstationary systems are being ignored here, notice that for such a system the
time argument probably should be displayed, for example, y(t) = H[t,u(t)].) It is
convenient to have a specia notation for a degree-n homogeneous system, and so a
subscript will be used for this purpose:

y = Hn[u] (49)
Then apolynomia system can be written in the form
N
y=H[u]l= ¥ Hq[u] (50)
n=1

with asimilar notation for Volterra systems. The convenience of this dlightly more explicit
notation is that conversion to the kernel notation is most easily accomplished in a
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homogeneous-term-by-homogeneous-term fashion.

Considering system interconnections at this level of notation is a simple matter, at
least in the beginning. The additive parallel connection of two systems, H and G, gives the
system H + G, which is described by

y=H[u]+ G[u] = (H + G)[u] (51)

As usual, the addition of mathematical operators (systems) is defined via the addition in
the range space (addition of output signals). In asimilar manner, the multiplicative parallel
connection of the systems H and G gvies the system HG described by

y = H[u]G[u] = (HG)[u] (52)
Notice that both of these operations are commutative and associative. That is,
GH = HG, (FG)H = F(GH)

G+H=H+G, F+G)+H=F+ (G+H) (53)
Furthermore, the multiplication of systemsis distributive with respect to addition:
F(G+H)=FG+FH, (G+H)F=GF+HF (54
In terms of the notation in (50), it is perfectly clear that
H+G=(Hy1+Gy)+ (Hat Gp)+ - (55

Using (54) the multiplication of two systemsis described by
HG=(Hy+Hz+ )G+ Ga+ ---)

=(Hi+Hot =)G1+ (Hi+ Hat =)o+ -

=H1Gy + (H2G1 + H1Gp) + (HaG1 + HGo + H1G3) + -+ (56)
Thetermsin (55) and (56) have been grouped according to degree since

degree (Hp, + G) = m

degree (H,G,)=m+n (57)

Now it is a simple matter to replace the expressions in (55) and (56) by the corresponding
kernel representations.

So far it has been good clean fun, but the cascade connection is a less easy topic. A
system H followed in cascade by a system G yields the overall system G*H, where the *
notation is defined by

y = G[H[u]] = (G*H)[u] (58)

But alittle more technical caution should be exercised at this point. In particular | have not
mentioned the domain and range spaces of the operator representations. For the
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multiplicative and additive parallel connections, these can be chosen both for convenience
and for fidelity to the actual system setting. However, for the composition of operators in
(58) it must be guaranteed that the range space of H is contained in the domain of G.
Having been duly mentioned, this condition and others like it will be assumed.

The cascade operation is not commutative except in specia cases — one being the
case where only degree-1 systems are involved:

Gi1*Hy = H1*G, (59)

The cascade operation is distributive with respect to addition and multiplication only in
the particular orderings

(G + H)*F = G*F + H*F

(GH)*F = (G*F)(H*F) (60)
and in the special case of the alternative ordering:
Fi*(G+H)=F*G+ +F*H (62)

These results can be established easily be resorting to the corresponding kernel
representations, and the rules derived earlier. Also it is obvious from earlier results that

degree (G,*H,) = degree (H,*G,,) = mn (62)

To consider cascade connections of polynomial or Volterra systems in terms of the
notation in (50) requires further development. Using the notations

w = % Wy = % H,[ul
n=1 n=1

Y=2 Y= Gnlw] (63)
n=1 n=1

the objective isto find, for the cascade system G*H in Figure 1.11, an operator expression
of the form

y= S Falu] (64)
n=1

where each homogeneous operator F,, is specified in terms of the H,'s and G,'s. It is
convenient in this regard to consider the input signal au(t), where a is an arbitrary real
number. Then Hy[au] = a"w,, and

w= 3 a'w, (65)
n=1

S0 that
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y= 5 Gl 3 a'w,] (66)
m=1 n=1

The general term of interest is
Gml X a"wp] (67)
n=1

and to analyze this further it is necessary to bring in the kernel representation for Gg,.
Letting Qgm(t1, .- ., tn) be the symmetric kernel corresponding to G, a simple
computation gives

00

GulTa™Wy= 3 -+ 3 o™ TG, Wy )] (68)
n=1 n,=1 n,=1
where the new operator is defined by
Gm[(Wn1 ----- an)] = I gwm(o-l ----- 0-m)Wnl(t_o-l)
Wy (t-0p) dog - - dop, (69)

Note that Gqy[(wy, ..., w,)] is the usual degree-m operator Gp[wy], and that
C [/ Wy )] is symmetric in its arguments by the symmetry of the kernel. These
properties will be used shortly.
Substituting (68) into (66) gives
y= Z Z
m=1n,=1

S oo™t G W, W )] (70)
n,=1

Thus, to determine the operators F,, in (64), coefficients of like powers of a in (70) and in
the expression

y= % Falau]= 3 o"Fy[u] (71)
n=1 n=1
must be equated. Then the various terms involving the notation G,[(wy,, . . ., W, )] must

be broken into their component parts involving the operators G, and H,. This is a
complicated processin general, so | will do just the first few terms. Equating coefficients of
a in(70) and (71) gives

Filu] = Gy[wi] = G1[H4[u]]
Thus the degree-1 portion of the overall cascade connection is described by the operator
F 1= G 1* H 1 (72)

Equating coefficients of a? gives
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Folu] = Gy[w] + Gol(wy,wy)]
= Gy[wy] + Gy[wq]

=G1[Ho[u]] + Go[H4[u]]
Thus,
F2=Gl*H2+Gz*H1 (73)

Kernelsfor F; and F, are easily calculated from kernels for H4, H,, G4, and G, by using
(72) and (73) in conjunction with (46).

More interesting things begin to happen when F 3 is sought. Equating coefficients of
a® gives

Falu] = Gy[ws] + Go[(W1,Wp)] + Go[(Wa,wy)] + Gal(Wy,wy,wy)]

=G[wa] + 2G,[(W1,W,)] + Ga[wy]

But now a simple calculation involving the kernel representation shows that

Go[wi+wy] = Go[w] + Ga[wy] + 2G5[(Wq,W3)] (74)
Thus
Fa[u] = Gy[ws] + Gz[wq] = Go[w4] + Go[wy] + Go[wi+ws] (75)
and the degree-3 operator for the overall systemis
F3=G1*Hz+ G3*Hy —Gy*Hq —Gy*Hy + Gy* (Hi+H)) (76)

On the face of it, it might not be clear that (76) yields a degree-3 operator. Obviously
degree-2 and degree-4 terms are present, but it happens that these add out in the end. See
Problem 1.16.

Though the way to proceed probably is clear by now, | will do one more just for the
experience. Equating coefficients of a* in (70) and (71) gives

Falu] = Gy[wy] + Go[w,] + 2Go[(Wy,w3)] + 3G[(W1,W1,Wo)] + Gulwy]  (77)

Using an expression of the form (74), the term Zéz[(wl,w3)] can be replaced. Alsoitisa
simple calculation using the kernel representation to show that

3IGa[(Wy,w1,W2)] = G3[2w1+Wy] = 2G3[wy+Wy] = 6G3[w1]+G3[w;]
Thus the degree-4 operator for the overal systemis
Fa=G1*Hs+ Go*Ha + Gg*Hy + Go* (Hi+H3) —Go*Hy — Go*Hs

+ %(33* (2H1+H) - G3z* (H1+H) —3G3*H, + %(33”"2 (78)
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Just asin (76), the use of (78) to compute a kernel for F, is straightforward for the G;*H;
terms, but a bit more complicated for the G;* (H;+Hy) terms.

So far in this section the feedback connection has been studiously avoided. The
time-domain analysis of nonlinear feedback systems in term of kernel representations is
quite unenlightening when compared to transform-domain techniques to be discussed later
on. (Thisis similar to the linear case. Who ever analyzes linear feedback systemsin terms
of the impulse response?) However, the situation is far from simple regardiess of the
representation used. Even a cursory look at afeedback system from the operator viewpoint
will point up some of the difficulties; in fact, it will raise some rather deep issues that the
reader may wish to pursue.

The feedback interconnection of nonlinear systems is diagramed in operator
notation in Figure 1.12.

Figure 1.12. A nonlinear feedback system.

The equations describing this system are
y = Gle] (79)

e=u-Hly] (80)

It is of interest to determine first if these equations specify an "error system' operator
e = E[u]. From (79) and (80) it is clear that such an operator must satisfy the equation

Efu] = u-H[G[E[u]]] (81)
or, in operator form
E=|-H*G'E (82)
where | isthe identity operator, | [u] = u. Equation (82) can be rewritten in the form
E+H*G'E= (1 + H*G)*E = | (83)

Thus, a sufficient condition for the existence of a solution E is that (I + H*G)™ exigt, in
which case

E=(+HG)? (84)

(If the inverse does not exist, then it can be shown that (79) and (80) do not have a solution
for e, or that there are multiple solutions for e. Thus the sufficient condition is necessary as
well.)
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Of coure, the reason the operator E is of interest is that (79) then gives an overall
(closed-loop) operator representation of the formy = F[u] for the system according to

y = G[e] = G[E[u]]
Thus
F=GE=G*(l + H*G) (85)

an expression that should have a familiar appearance. It should be noted that for these
developments to be of system-theoretic interest, the indicated inverse must not only exist,
it must also represent a causal system.

To complete the discussion, it rremains to give methods for computing the
homogeneous terms and corresponding kernels for F. The general approach is to combine
the first equality in (85) with (82) to write

F=G*( -H*F) (86)
But from this point on, a simple example might be more enlightening than a general
calculation.
Example 1.12 Consider the feedback system in Figure 1.12 where
G=G;+G3, H=H;4
In this case (86) becomes
F=(Gy+ Gg)* (I —~Hy*F)

Writing F as a sum of homogeneous operators and using distributive properties gives the
eguation

Fi+Fot Fat - =Gy (I - Hy*Fy —Hp*Fp = o)

+ Ga*(I —H *F1 —H *Fy —H *Fz— -+ +)
To find an equation for F 1, the degree-1 terms on both sides are equated:
F1=G;-Gi*H *F;
Thus
(I+G*Hy)*F1 =Gy
and, granting the existence of the operator inverse, F is given by
F1=(+G*H) ™G,

The terms in this development can be rearranged using the commutativity properties of
degree-1 operators to give the equivalent expression
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F1=Gy*(1 + Gy*Hy)™

But either way, the result is of interest only if (I + G;*H ;)™ represents a causal system.
Now, equating degree-2 terms on both sides of the original equation gives

Fy=-G1*H *F,
Since invertibility of | + G;*H ; has been assumed, this equation implies
F,=0
Equating the degree-3 termsin the original equation gives
F3=-G{*H{*F3+ G3* (I —H*F)

The reader might well wonder how to conclude that the degree-3 terms in
Gs*(l -H{*F; —-H{*F, - ---) are those indicated, since the tempting distributive law
does not hold. In fact, the judtification involves retreating to the time-domain
representations using symmetric kernels, and showing that the omitted terms are of degree
greater than 3. Leaving this verification to the reader, the degree-3 terms can be rearranged
togive

(I'+ G1*H1)*F3=Gz* (I —H1*Fy)
Solving yields, again with the operator inverse treated casually,
F3=(+Gy*H)™Gg*(1 ~H*Fy)

This can be rewritten in different ways using commutativity properties, and of course
substitution can be made for F; if desired. The higher-degree terms can be calculated in a
similar fashion.

Inspection of the homogeneous terms computed in this example indicates an
interesting feature of the operator inverse in (85). Namely, only a linear operator inverse
is required to compute the homogeneous terms in the closed-loop operator representation.
Thisisagenera feature, as the following brief development will show.

Suppose H is an operator representation for a nonlinear system. Then G® is called
ap"-degree postinverse of H if

F=GP*H=1+F, +Fp+ (87)

In other words, G can be viewed as a polynomial truncation of H ™, assuming of course
that H™! exists. The expression (87) can be used to determine G® in a homogeneous-
term-by-homogeneous-term fashion by using the cascade formulas developed earlier. That
is, (87) can be written, through degree 3, in the form
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GP*H = (G&p) + G&D) + Ggp) + oY (Hy+ Hop+ Hat + 1)
= (GP*H) + (GP*Hy + GP*Hy)

+ [GP*H1GP*Ha = GPI*Hy = GPI*H, + GP* (Hy + Hp)l + -+
where the terms have been grouped according to degree. Assuming p =3, the first
condition to be satisfied is

GP*H, = |

To solve this operator equation, H; must be invertible, and furthermore H' must
correspond to a causal system for the result to be of interest in system theory. Often these
restrictions are not satisfied, but it is hard to be explicit about conditions in terms of
operator representations. (If H; can be described in terms of a proper rational transfer
function representation H 1(s), the reader is no doubt aware that for causal invertibility it is
necessary and sufficient that Hq(c) # 0.) At any rate, | will assume the restricions are
satisfied, and write

GP = Hy! (88)

with the remark that for feedback applications inverses of the form (I + H;)™ are
required, and invertibility isless of a problem.
The second condition to be satisfied by the p"-degree postinverse of H is

GP*H, + GP*H, =0

Solving for GP) is a simple matter, giving

GP) = —H1'*H,*H1! (89)
Notice that no further assumptions were required to solve for GJ). The final condition that
will be treated explicitly is

GPI*Hy + GP*Hy — G *Hy ~ GP*Ho + GPI* (Hy + Hp) = 0
Regarding G and G¥) as known gives
GP) = [-GPI*Hg + GPI*Hy + GP*Hp — G (Hy + Ho)[*HY!

= —GP*Hg*HI" + GP) + GPI*H *HT! —GP* (1 + Ho*HYY)  (90)

and, again, the only inverse required is Hit. The higher-degree homogeneous terms in a
p"-degree postinverse can be calculated similarly. Furthermore, a p"-degree preinverse
can be defined, and it can be shown that the p™"-degree postinverse also acts as a p''-
degree preinverse. Thisisleft to Problem 1.19. If the inverse of an operator exists, and the
Volterra series representation is convergent, then the p™-degree inverses are polynomial
truncations of the inverse that will be accurate for inputs sufficiently small.
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To conclude this discussion, three comments are pertinent to the topic of feedback
connections. The first is that even a simple feedback connection yields a Volterra system,
with the complexity of the higher-degree terms increasing at a rapid rate. The second is
that the operator inverses will sink of their own weight unless buoyed by an appropriate
amount of rigor. Finally, efficient methods for computing the kernels corresponding to
operator inverses have not been discussed, and in that sense the development here needs to
be completed. | will return to this problem in Chapter 2, and in the meantime the
references given in Remark 1.4 can be consulted for further discussion.

1.5 Heuristic and Mathematical Aspects

One justification or, loosely speaking, derivation of the Volterra series
representation is based on a very intuitive approach to nonlinear system description. It is
natural to view the output y (t) of a nonlinear system at a particular timet as depending (in
a nonlinear way) on all values of the input at times prior to t. That is, y(t) depends on
u(t-o) for al 0=0. It is convenient, though not necessary, to regard t as the present
instant, and then restate this as: the present output depends on al past input values. At any
rate, this viewpoint leads to the following idea. If u(t—o) for al 0=0 can be
characterized by a set of quantities u4(t),u»(t),..., then the output y (t) can be represented
as a nonlinear function of these quantities,

y(®) = f (ua(t),ux(t), ) (91)

The first step in pursuing this line of thought is to find a characterization for the past
of aninput signal. So suppose that t isfixed and the input u(t—0), 0 < 0 < o, isan element
of the Hilbert space of square-integrable functions L2(0,). That is,

Ju?(t-0)do < «
0

Furthermore, suppose that ¢, (0),9,(0), . . ., is an orthonormal basis for this space:
* 1,i=]
Ja@@©)do=1
0 0, 1#]
Then the value of the input signal at any time in the past can be written in the form
u(t-o)= 2 u(t)a(o) (92)
i=1
where
u(t) = [ u(t-o)@ (o) do (93)
0

Although t is considered to be fixed, this development yields a characterization of the past
of u(t) intermsof uy(t),us(t), ..., regardless of t.
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With this characterization in hand, expand the function f (uq(t),us(t), ---) into a
power series so that the output at any timetis

y=a+ S au)+ S 3 a,u,Ou,b)+ - (94)
i=1 i=1i,=1

(Of course, dl the infinite sums are truncated in practice to obtain an approximate
representation.) To see what all this has to do with the Volterra/Wiener representation,
simply substitute (93) into (94) to obtain

y)=a+ [ 5 agoyu(t-oy)do,

0i=1
+Jf % % a,i,®,(01)@,(02)u(t-o)u(t-0z) doydo, + - (95)
00i,=1i,=1

With the obvious definition of the kernels in terms of the orthonormal functions @ (o), this
is precisely the kind of representation that has been discussed.

Though this demonstration is amusing, and somewhat enlightening, it seems
appropriate at least to outline a more rigorous mathematical justification of the Volterra
series representation. The development to be reviewed follows the style of the Weierstrass
Theorem and deals with approximation of stationary nonlinear systems by stationary
polynomia systems. It is assumed at the outset that the input signal space U and the
output signal space Y are contained in normed linear function spaces so that a norm O .0
is available. Then the input/output behavior of a system is viewed as an operator
F:U - Y, and the object is to find a polynomia approximation to F. (The reader
uninterested in mathematics, or unfamiliar with some of the terms just used, can skip
directly to Section 1.6.)

The Weierstrass Theorem states that if f (t) is a continuous, real-valued function on
the closed interval [tq,t5], then given any € > O there exists a real polynomia p(t) such
that |f(t)—p(t)] <€ for al te[ty,to]. A generalization of this result known as the
Stone-Weierstrass Theorem can be stated as follows. Suppose X is a compact space and ©
is an algebra of continuous, real-valued functions on X that separates points of X and that
contains the constant functions. Then for any continuous, real-valued function f on X and
any €> 0 there exists a function p € ® such that |f (X) —p(x)| < ¢ for al xeX. (The
algebra @ separates points if for any two distinct elements x4,X» € X there existsap € ®
such that p(x1) —p(x2) #0.) It is this generalization that leads rather easily to the
representation of interest in the stationary-system case.

The set-up is as follows. One choice for the input space is the set U O L,(0,T) of
functions satisfying: (a) there exists a constant K > 0 such that for all u(t) € U,

T
[lut)|?dt<K
0

(b) for every € > O there existsa d > 0 such that for all u(t) e U and al @0 < d,
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;
[lut+D-u@)|?di<e
0

It can be shown that this is a compact space (see Remark 1.5). A property that follows
easily using these conditionsisthat if u(t) € U, then for any t1 € [0,T], uy(t) € U, where

a2 |0 0ststy
Ui® = | G-ty ty<t<T

This property is important, for the Stone-Weierstrass Theorem then gives results when the
output space is C[0,T]; the space of continuous, real-valued functions on [0,T] with the
maximum absolute value norm. To see how this works, suppose that F is a continuous
operator that is stationary and causad, and F:U - C[0,T]. Suppose aso that
P:U - CJ[0,T] isacontinuous, stationary, causal operator such that for al u(t) € U,

|[Flu] =Plu]|=r<e¢
Then for any u(t) thereisatq € [0,T] such that

OF[u] =P[u]O = max |F[u]-P[u]]|
tg[0,T]

|Flu] =P[ull t=1, = [Flu] =Pus]| t=r<¢

Therefore, F and P can be viewed as real-valued functions by looking at F[u] and P[u]
only at t = T. But the bounds to be obtained will apply for all t € [0,T], that is, will apply
for F[u] and P[u] as elements of C[0,T].

Now the last step is to choose appropriately the algebra @ of stationary, causal, and
continuous operators from U into C[O,T]. For this take the algebra generated by
P1[u] = 1, and al operators of the form

t
P,[u] = [h(o)u(t-0) do
0

via repeated addition, scalar multiplication, and multiplication. Stationarity and causality
of the operatorsin @ isobvious. Itisassumed that each h(t) is such that

!
JIn@)2 dt < o
0

for continuity of the operators. That @ separates pointsin U is atechnical calculation that
will be omitted. The algebra @ therefore consists of operators of the form
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N, t
yt)=Plu®]=ho+ 3 [hyi(0)u(t-0) do

i=10
N, Ns tt
+ 3 3 [[hai(01)hsj(02)u(t-01)u(t-0,) dojdo, + - -
i=1j=100

which, with the obvious kernel definitions, is the set of stationary, causal, polynomial
systems.

Everything is now in a form suitable for the Stone-Weierstrass Theorem. Thus, if a
system input/output behavior can be represented by a continuous, stationary, causal
operator, F:U - CJ[0,T], then given any € > 0 there is a continuous, stationary and causal
operator P such that for all u(t) e U

|[Flu] =Plu]|=r<e¢
or,
OF[u]l-P[ulO <¢

That is, there is a polynomial system that approximates F to within €. Furthermore, it is
clear from the construction of @ that the kernels of the polynomia system will be
separable.

While this is a powerful result, | should point out that the main drawback is in the
restrictive input space U. The compactness requirement rules out many of the more
natural choices of U. For example, the unit ball in L,(0,T), the set of al u(t) such that
Ou((t)O <1, isnot compact. At any rate, further discussion of the mathematical aspects
of the Volterra representation can be found in Appendix 1.2, and the references cited in
Section 1.6.

1.6 Remarks and References

Remark 1.1 The system representations discussed herein were introduced in
mathematics by V. Volterra around the turn of the century in the very beginning of
functional analysis. Volterra used the graphic terminology "function of lines," and the
notation

b
Flfu(®]]

(sometimes with the interval [a,b] left understood) to describe what later came to be called
a functional. He defined the notion of derivatives of a function of lines, and developed
multiple integral representations. Then Volterra extended Taylor's Theorem to obtain
expressions of the form
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b
FIIF@+u®Il=FIIf®1+[F |[f (t),04]|u(oy) dog
bb a
+ [[F|[f (t),01,05] |u(01)u(0y) dogdo, + -+ -

the terms of which were called homogeneous of degree n. An overview of this work can
befoundin

V. Volterra, Theory of Functionals and of Integral and Integro-differential Equations,
Dover, New York, 1958.

Thisis an English trandlation of a book first published in Spanish in 1927. More detailed
accounts can be found in various volumes by Volterra, Frechet, and others in the
Coallection of Monographs on the Theory of Functions, E. Borel editor, published by
Gauthier-Villars, Paris. Volterra's earliest discussion of these ideas apparently resides in
severa notesin R. C. Accademia dei Lincei, in 1887.

Remark 1.2 The first use of Volterra's representation in nonlinear system theory occurs
in the work of N. Wiener in the early 1940s. This work, which deals with the response of a
nonlinear system to white noise inputs, will be discussed in Chapter 5. However, the
heuristic justification of the Volterra series representation given at the beginning of
Section 1.5 follows Wiener's viewpoint. Several technical reports from the Research
Laboratory of Electronics (RLE) at the Massachusetts Institute of Technology (MIT)
contain subsequent work on the Volterra functional representation applied to nonlinear
systems. For the materia introduced in this chapter, the most appropriate of these reports
are the two listed below (with National Technical Information Service order numbers
shown parenthetically).

M. Brilliant, "Theory of the Analysis of Nonlinear Systems,” MIT RLE Technical Report
No. 345, 1958 (AD216-209).

D. George, "Continuous Nonlinear Systems,” MIT RLE Technical Report No. 355, 1959
(AD246-281).

Another early report of interest is from Cambridge University, and is reprinted in

J. Barrett, "The Use of Functionals in the Analysis of Nonlinear Physical Systems,"
Journal of Electronics and Control, Vol. 15, pp. 567-615, 1963.

Scattered through the literature in the 1960s are a number of articles that introduce the
Volterra series representation for nonlinear systems. It is safe to say that many of these
articles redevelop material essentially contained in the reports listed above, undoubtedly
because these early reports were not published in the widely available literature. In recent
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years, two books have appeared dealing with the Volterra/Wiener representation for
nonlinear systems. These are

P. Marmarelis, V. Marmarelis, Analysis of Physiological Systems, Plenum, New York,
1978.

M. Schetzen, The Volterra and Wiener Theories of Nonlinear Systems, John Wiley, New
York, 1980.

The latter book is based on the early MIT work, while the former concentrates on
applications of the Wiener theory in biomedical engineering. Both books contain
introductory material on the Volterra series.

Remark 1.3 The symmetric form for kernels has been used since the beginning of work
in this area. It is very natural from a mathematical point of view, and symmetric
representations were used by Volterra. However, the use of triangular kernels is much
more recent, beginning with the paper

A. Isidori, A. Ruberti, "Realization Theory of Bilinear Systems," in Geometric Methods in
System Theory, D. Mayne and R. Brockett, eds., D. Reidel, Dordrecht, Holland, pp. 83-
130, 1973.

These authors also have used the regular kernel (in an implicit manner) to solve the
realization problem for bilinear state equations, a topic that will be discussed in Chapter 4.
Thefirst explicit discussion of the regular kernel representation appears in

G. Mitzel, S. Clancy, W. Rugh, "On Transfer Function Representations for Homogeneous
Nonlinear Systems," |EEE Transactions on Automatic Control, Vol. AC-24, pp. 242-249,
1979.

While the various forms in which kernels and input/output representations can be written
might seem needlessly confusing, each of them has important properties that will be
encountered in due course. | feel that it is important to become familiar with these forms
early in the program, for the right choice of representation can make a particular topic
much easier.

Remark 1.4 Many, if not most, of the early reports and papers on Volterra series
methods discuss the interconnection of systems. See for example the reports by George
and Brilliant mentioned in Remark 1.1. Discussions of operator representations,
interconnection rules, and the feedback connection in particular can be found in

G. Zames, "Functional Analysis Applied to Nonlinear Feedback Systems" I|IEEE
Transactions on Circuit Theory, Vol. CT-10, pp. 392-404, 1963.
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G. Zames, "Realizability Conditions for Nonlinear Feedback Systems," |EEE Transactions
on Circuit Theory, Vol. CT-11, pp. 186-194, 1964.

and in

J. Willems, The Analysis of Feedback Systems, MIT Press, Cambridge, Massachusetts,
1971.

C. Desoer, M. Vidyasagar, Feedback Systems: Input/Output Properties, Academic Press,
New York, 1975.

A recent review of the difficult and subtle issues surrounding operator inversesisgivenin

W. Porter, "An Overview of Polynomic System Theory," Proceedings of the IEEE, Vol. 64,
pp. 18-23, 1976.

The closely related question of inverses for polynomial or Volterra systemsisdiscussed in

M. Schetzen, "Theory of p™-Order Inverses of Nonlinear Systems," |EEE Transactions on
Circuits and Systems, Vol. CAS-23, pp. 285-291, 1976.

A. Hame, J. Orava, "Generalized Polynomial Operators for Nonlinear Systems Analysis,”
| EEE Transactions on Automatic Control, Vol. AC-17, pp. 226-228, 1972.

All these more complicated issues aside, a warning is appropriate for even the simple
problems involving parallel and cascade connections. The experience that everybody
probably has in linear block diagram manipulation tends to encourage an overexuberant
approach to problems involving interconnections of nonlinear systems. This easily can
lead to wrong answers that are seductive in their simplicity. Sober and serious attention to
the specific commutative and distributive properties of nonlinear interconnections is the
only way to avoid being caught in a compromising position.

Remark 1.5 The Stone-Weierstrass approach to the question of approximate polynomial
system representations dates back at least to the report by Brilliant mentioned in Remark
1.1. The presentation in Section 1.5 follows

P. Gallman, "Representation of Nonlinear Systems via the Stone-Weierstrass Theorem,”
Automatica, Vol. 12, pp. 619-622, 1976.

A proof that the set of inputs U used in that development is a compact space can be found
in

L. Liusternik, V. Sobolev, Elements of Functional Analysis, Unger, New York, 1961.
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A closely related line of work on Weierstrass approaches begins with the paper

P. Prenter, "A Welierstrass Theorem for Real Separable Hilbert Spaces” Journal of
Approximation Theory, Vol. 3, pp.341-351, 1970.

and acquires the causality results so important for system theory in

W. Porter, T. Clark, "Causdlity Structure and the Weierstrass Theorem," Journal of
Mathematical Analysis and Applications, Vol. 52, pp.351-363, 1975.

A constructive approach to the Weierstrass-type system approximation theorems is
developed in

W. Porter, "Approximation by Bernstein Systems," Mathematical Systems Theory, Vol. 11,
pp. 259-274, 1978.

The approximating systems are linear systems followed by polynomia nonlinearities, and
therefore this paper can be viewed as a confirmation of the heuristic discussions in Section
15 and Problem 1.18. Anocther viewpoint toward the approximation properties of
polynomial systemsisdeveloped in

W. Root, "On the Modeling of Systems for Identification, Part |: e-Representations of
Classes of Systems," S AM Journal on Control, Vol. 13, pp. 927-944, 1975.

Finally, references on approximation by systems describable by bilinear state equations
are given in Remark 4.6 of Section 4.6.

Remark 1.6 A somewhat different integral representation for nonlinear systems can be
written in the form

y(t)= [ h[t-o,u(o)] do
for stationary systems. Various properties are discussed in

L. Zadeh, "A Contribution to the Theory of Nonlinear Systems," Journal of the Franklin
Institute, Vol. 255, pp. 387-408, 1953.

A. Gersho, "Nonlinear Systems with a Restricted Additivity Property," |EEE Transactions
on Circuit Theory, Vol CT-16, pp.150-154, 1969.

The basic approximation properties for such a representation and the relationship to the
Volterra type representation are presented in the paper by Gallman cited in Remark 1.5.
Suffice it to say here that the core of the matter is another application of the Stone-
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Weierstrass Theorem.

1.7 Problems

1.1. A system that has the property that the response to au(t) is ay(t) is a degree-1
homogeneous system. Does it follow that the system is linear? In other words, is the
response to a, Uy (t) + a,u,(t) given by a1y (t) + ayyo(t)?

1.2. Find two degree-2, homogeneous, interconnection structured systems that have the
same response to the input u (t) = dq(t), but different responses to the input u(t) = o_4(t).

1.3. Find akernd for the system shown below.
hy(9)

)

1.4. Symmetrize the kernel

h(ty,to,t3) = hy(ty+ta+ta)ho(t+to)hs(ty)

1.5. Write the kernels derived in Examples 1.1 and 1.3 in symmetric form.

1.6. Compute an overall kernel for the cascade connection shown below, and compare
your result with Example 1.11.

“ 0}

1.7. Show that the symmetric kernel for the interconnection structured system shown
below is

O (O e

with symmetric kernel followed by alinear system is "automatically" symmetric.

1.9. Show that the symmetric form of a kernel is separable if and only if the triangular
form is separable (neglecting the unit step functions, of course).
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1.10. List the possible "direct transmission” terms for the degree-3 case. Then show how
these can be represented by introducing impulses into the kernel.
1.11. Compute kernels for the two systems shown below.

8,0 Y

1

80 I '

1.12. Find kernels for the polynomial system representation of the interconnection shown
below.

A

1.13. Suppose that in Example 1.3 each h;(t) can be written as
n; o] 1At
hit)y= 3 3 at'e", t=0
ji=1k=1

Show that the overall system kernel is separable.

1.14. Consider a Volterra system of the form
t

y(t) = E Ihn(t_O']_, . ,t—O'n)U(O'l) ce u(o‘n) dO'n . dO']_
n=10

where hq(t) = d_,(t),and forn > 1,

ha(ts, ... th) = @ndo(t1—t2)d0(t2t3) - * - Sp(tnh-1tn)
Give conditions under which this series converges. Can you devise a simple
interconnection diagram for this system?
1.15. Given the symmetric kernel hgm(ty, - - -,t,), show that the regular kernel on the first
orthant is given by

Mreg(ts, - - - th) = Nlhgm(ty+ - -+t to+ -+t )

1.16. Show that



Gy* (Hy + Hp) —Gy*H1 —Gy*H;

represents a degree-3 homogeneous system.

1.17. Analyze the feedback system diagramed below, and show that awful things happen

for aunit step input.
() =3y(1)3(8y) >

1.18. Use the heurigtic justification of the Volterra series representation given in Section
1.5 to substantiate the following claim. Any (suitably smooth) nonlinear system can be
approximated by alinear system followed by a polynomial nonlinearity.

1.19. Define a p-degree preinverse for a nonlinear system and calculate the
homogeneous terms through degree 3. Show that this system also acts as a 3'%-degree
postinverse. Are the degree-3 pre and post inverses identical ?

APPENDIX 1.1 Convergence Conditions for Interconnections of
Volterra Systems

When Volterra systems are interconnected in the manners discussed in Section 1.4,
some care should be exercised with regard to convergence issues. An analysis of the
situation is most conveniently performed in terms of the convergence argument in
Example 1.9. Although the various bounds that are obtained are very conservative, the
bounds are less important than the fact of convergence.

Suppose y = G[u] and y = H[u] are two stationary Volterra systems, where the
respective kernels are bounded according to

I |On(ty, .-, to)| dty - - dty = gy

—00
00

[ bty ..., t,)] dty -+ dt, = h,

—00

where g, and h,, are finite nonnegative numbers, and n=1,2,.... (I might as well be
conservative in the matter of technicalities, and assume that the kernels are continuous for
nonnegative arguments, and that the input and output signals are continuous.) Permitting
degree-0 terms with absolute values go and hg to be included in the Volterra systems,
suppose that the power series

bo(x)= 3 gnx", bu(x)= 3 hx"
n=0 n=0

have positive radii of convergence rg and ry, respectively. Then the Volterra system
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representation for y = G[u] converges if the input satisfies |u(t)| <rg for al t.
Furthermore, if |u(t)| <r < rg for al t, then as discussed in Example 1.9, |y(t)| < bg(r)
for al t. For this reason bg(x) is called the bound function for the system, and the values
of bg(x) for x = 0 are of interest.

From this formulation a number of conclusions about convergence of
interconnections of Volterra systems and bounds on responses follow from elementary
facts about power series. For the Volterra system representation for F = H + G in (55), the
kernels satisfy

<h,+ 0y
so that the bound function for H + G satisfies
bH+c(X) < by (X) + bg(x), x=0

and the radius of convergence satisfies ry.g =min[ry,rg]. Also, the kernels for the
Volterra system representation for F = HG in (56) satisfy

(o) [o0) n
[ Ifalte, ..., th)| dty - dty =[O hi(ty, ..., )0 (G+1, - - - t)| dty - - dt,
0 0 j=0

<
i

hj O -

iM>

Thus,
bra(X) < br(X)bg(X), x=0

and ryg = minfry,rg]. Stating these results informally: if H and G are Volterra systems
that converge for sufficiently small inputs, then H + G and HG are Volterra systems that
converge for sufficiently small inputs.

The cascade connection F = G*H is less easy to handle in an explicit manner
because the formula for the kernels of G*H in terms of the kernels for G and H is quite
messy. However, an indirect approach can be used to conclude convergence. Suppose
lu(t)] £r <ry,andr > Oissuch that

00
> hyr"<rg
n=0

Then the Volterra system representation for H converges, and the output signal from H has
a bound that is within the radius of convergence of the system G. Thusthe Volterra system
representation for G*H will have a positive radius of convergence, specifically,
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gru 2T

Notice that if the degree-O term hg is too large, it can be impossible to conclude
convergence of the Volterra system representation for G*H from this argument. On the
other hand, if hg = 0, then the argument insures that the Volterra system representation of
the cascade connection G*H will converge for sufficiently small inputs.

For use in the sequel, it is important to consider the bound function for the cascade
system. Assuming that no degree-0 terms are present for simplicity, the development that
leads to (70) in Section 1.4 shows that the degree-k term in the cascade representation is
given by

% % % | gym(01, ..., Om)Wn, (t=01) - - - W, (t=0) doy - - - dop,

m=1n,=1 N,=1 —co
ny+ - +np=k

where

From this expression the kernel of the degree-k term in the cascade connection satisfies

00

[ 1fets, ot d - dieS S 5 S G, o,

—00 m=1n,=1 nn=1

That is,
berH(X) < bg(bH (X)), x=0

When the feedback connection is considered, issues of well-posedness,
convergence, and stability intertwine in a nasty way. The following discussion of
convergence for feedback Volterra systems will illustrate the situation, and at least
partialy unravel it.

The basic feedback connection isshownin Figure A1.1.
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Figure A1.1. The basic feedback system.

If the Volterra system K is the cascade connection K = H*G, and if this feedback system is
followed in cascade by G, then the general feedback system shown in Figure 1.12 is
obtained. Since cascade systems have been considered aready, | will concentrate on the
basic feedback system aone. From another point of view, the basic feedback system is
much like the "error system' described by (81) with K = H*G.

The first assumption to be made is that K represents a Volterra system with no
degree-0 term, and with radius of convergence rx > 0. Writing K = K, + (K -K;) to
exhibit the degree-1 term, the basic feedback system can be redrawn as shown in Figure
Al2.

o
R

Figure A1.2. The basic feedback system with separated degree-1 terms.

Here the degree-l term of the closed-loop representation y = F[u] is given by
Fy= (I +K;)™, and it is assumed that this is a well defined, causal system so that the
procedure discussed in Section 1.4 can be used to compute the higher-degree terms in F.
(Thus, the kinds of problems indicated in Problem 1.17 are avoided.) Furthermore, it is
assumed that the kernel for F; satisfies
J 1@l dt= <o

where f; > 0 is assumed (without loss of generality) to avoid triviaities in the sequel.
Notice that since f(t) is the kernel for a linear feedback system, this boundedness
assumption involves the stability properties of linear feedback systemsin an essential way.

The remainder of the discussion is devoted to computing bounds on the higher-
degree kernels and establishing convergence of the feedback system under the foregoing
assumptions. Using (82) the feedback system in Figure A1.2 is described by the operator
eguation

F=F*[Il -(K-Ky)*F], F1=(+Ky)™
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Writing out the homogeneous termsfor F and (K — K1) gives
FitFo+Fgt - =F -F* (Kot Kg+ - )*(Fi+ Fo+ Fgt --)

=F1+ Q" (Fi+FatFg+ o)
where Q = —-F* (K, + K3 + - --) isacascade Volterra system that contains no degree-0
or degree-1 terms, and that by previous results has a bound function

bo(X) = 3 daX"
n=2

with positive radius of convergence. Now suppose there is a bound function for the
feedback system,

be(x) = ¥ fx"
n=1

where f; is known and f,, =20, n = 2. Then, using the argument in the cascade case, bg(x)
satisfies
be(x) < f1x + bo(be(x))

Writing this equation in power-series form gives

S fx"<fix+ ¥ gn( 3 fx™M", x20

n=1 n=2 m=1
Thus
> X< 3 an( X fx™)"

n=2

n=2 m=1

= Qo + 21115x% + )+ qa(fh+ )+ o, x20

and it is clear from this expression that bounds on the individual coefficients in bg(x) can
be determined sequentially:

fo<qoff, fz<2q,fify + qsfi,

To ascertain the convergence properties of a power series that satisfies the
coefficient bounds recursively constructed above, an indirect approach is needed. Suppose
y(X) isasolution of

y = f1x + bo(y)

Rearranging the equation, and substituting the power series representation for bg gives the
convergent power series expression
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-1

1 00
X= -y~ > ay" lyl<rg
1

fl n=2
Now the theory of inversion of power series can be applied since the linear term on the
right side has nonzero coefficient. This gives y (x) as a power series in X that has a positive
radius of convergence. Furthermore, a recursive computation similar to that above shows
that the coefficients in the power series for y (x) are given by

y(x) = fix+ (@)% + (202f1f2+aaf)x® + -

Therefore be(X) <y (x) for x=0, and it follows that bg(x) has a positive radius of
convergence.

To summarize informally, the Volterra system representation for the feedback
system in Figure A1.1 converges for inputs that are sufficiently small if the Volterra system
representation for K converges for sufficiently small inputs. It should be emphasized again
that this result depends crucially on the existence and boundedness assumptions on the
degree-1 term in the closed-loop system.

APPENDIX 1.2 The Volterra Representation for Functionals

The Volterra series representation originated in the mathematics of functional
analysis. A review of the mathematics therefore is appropriate, and moreover will indicate
the rigorous approach that lies behind the purely symbolic treatment of generalized
functions as impulse functions in the main text. A complete and self-contained exposition
is beyond the scope of an appendix, so | will be more detailed than usual in citing
reference material.

Recalling that a (real) functional is a real-valued function defined on a linear space,
it will be helpful to show first how the representation of functionals is connected to the
representation of systems. Of course, in this case the linear space is assumed to be a linear
space of functions, namely, the input signals. At a particular time t, the output value y (t)
of a system can be viewed as depending on the past history of the input signal,
u(t-o), 0= 0. In other words, the output at a particular time is a real functiona of the
input signal. If the system is stationary, then this functional will be the same regardless of
the particular choice of t, and so the system is completely characterized. If the system is
nonstationary, more care is required in the interpretation of the functional representation,
and so that case will be ignored for simplicity.

It is natural to consider real functionals on the space L,(0,) of rea functions
defined for 0 <t < oo that satisfy

O0f02=[f*0)do< e
0

A functional will be denoted by F:L,(0,0) —» R, and it will be assumed that F isn+ 1
times Frechet differentiable at the point of interest in L,(0,), here taken to be zero for
convenience. Let F®[wy, ..., w,] denote the k" Frechet differential of F at 0 with
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increments wy, .. ., Wy, and recall that F®[wg, ..., w,] is a symmetric, multilinear (k-
linear), continuous mapping from L,(0,00) x - - - x L5(0,00) (k-tuples of functions) into R.
Then Taylor's formula can be applied to yield the following result. For all @& L,(0,) in
some neighborhood of 0,

n

Fld = 3 —F¥l0....0+ R
k=1 "
where O R,[¢]0 < M®O "*1, and F[0] = O is assumed for simplicity. (Alternatively,
stronger hypotheses give the existence of an infinite series that converges in some
neighborhood of 0.)

Since the k™ term in this representation is determined by a k-linear functional, the
Volterra representation involves the integral representation of such functionals. | will
concentrate on the first two terms in the representation, namely, the integral representation
of linear and bilinear functionals. The remaining terms are handled in a manner similar to
the bilinear case. And before proceeding further, it is worthwhile to point out that some
casualy apparent approaches are not sufficiently general, or appropriate, for the class of
functionals (systems) of interest.

Beginning with the first term in the Taylor expansion, it is tempting to apply the
Riesz Theorem for linear functionals on L ,(0,) and write

FO¢l = [ w(o)g(0) do
0

where Y €L,(0,0) is fixed. Unfortunately, this approach to obtaining an integral
representation excludes certain linear functionals that correspond to systems of interest. As
an example, consider the linear functional

FO[gl = ¢0)

which corresponds to the identity system when (o) isidentified with u(t—o). In this case
the Riesz Theorem cannot be applied, and moreover in the space L,(0,) the value of a
function at a point cannot be discussed.

Another example of an approach that fails to be sufficiently general can be
constructed by using a dightly different setting. Let L,(0,T) denote the Hilbert space of
square-integrable functions defined for 0<t < T. Consider a symmetric bilinear functional
F@[oy]:L,(0,T) - R such as the second term in the Taylor expansion given earlier.
Suppose that for all @, € L,(0,T) for which the derivatives @ and ) are also elements of
L,(0,T) the bilinear functional satisfies

1 J. Dieudonne, Foundations of Modern Analysis, Academic Press, New York, 1960, Chapter 8.
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IFA[Y]| < MBIpO

IFA[y]| <MBIpO

Then there exists k (t,t,) € L((0,T)X(0,T)) such that 2
TT
FOleu] = [[k(o1,02)9(01)(02) doyday,
00

Unfortunately, the hypotheses here are too restrictive to allow consideration of a bilinear
functional of the form

.
FOlo.y] = [ @lo)y(o) do
0

which, upon taking ¢(t) = (t), corresponds to a system composed of a squarer followed
by an integrator:

.
FOlo.q] = [ ¢?(0) do
0

Here u(t—o) isidentified with (o), and only finite-length input signals are considered. Of
course, in the main text an integral representation for this kind of system involves an
impulse in the kernel,

TT

FOlo.q = [ [ 8(01-02)0(01)¥(02) doydo,
00

and afew simple rules are used to manipulate impul ses.

From these considerationsit is clear that some of the more readily available integral
representation theorems are not appropriate tools for investigating the Volterra series
representation for nonlinear systems, and that the issue of impulses arises in a basic way.
To consider the matter further involves using a more restricted input space than L,. Let K
be the set of al real functions that are infinitely differentiable and that vanish outside some
finite interval in [0,0). Then K is alinear space, K O L5(0,), and it can be shown that K
isdensein L,(0,). A sequence of functionsin K, say @ (t), ¢(t), - - - issaid to converge
to zero in K if (@) there is some finite interval such that al of the functions vanish outside
the interval, and (b) the sequence converges uniformly to zero on the interval, and for any
positive integer j the sequence of derivatives @{(t), ¢¥’(t), - - - converges uniformly to
zero on theinterval. A functional F:K - Ris called a continuous linear functional on K
if F[] islinear and if for every @y (t), @,(t), - - - converging to zero on K, the sequence

2 |.Gdfand, N. Vilenkin, Generalized Functions, Vol. 4, Academic Press, New York, 1964, pp. 11 - 13.
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Fl@], F[@,], - convergesto zeroin R. 2 It should be noted that it is a purely technical
exercise to show that a continuous linear functional on L,(0,) aso is a continuous linear
functional on K. Thus afunctional of the form

Flgl = [ f (0)¢(o) do
0

where f € L,(0,0), isacontinuous linear functional on K. But

Flol = ¢(0)

aso is a continuous linear functional on K, although there is no corresponding way to
write an integral representation.

The established, though very confusing, terminology isto call any continuous linear
functional on K a generalized function or distribution. It is standard practice, however, to
write generalized functions in integral form. Accordingly, the functional F[¢@] = ¢(0) is
written in the integral form

Fl9l = [ 8(c)¢(o) do = ¢(0)
0

where d(t) is the impulse function, though of course such a "function” doesn't exist, and
the notation is purely symbolic. The fact remains that as long as a simple set of rulesis
followed, such a symbolic integral representation is quite convenient. The cited references
show in detail the correspondence between the special rules for manipulating impulses,
and the corresponding rigorous interpretation in terms of generalized functions
(continuous linear functionals on K).

Now consider bilinear functionals on the space K xK of pairs of infinitely
differentiable functions, each of which vanishes outside some finite interval. Such a
functional F@[e,y] is called continuous in each argument if whenever either @& K or
P eK is fixed, F@[@] is a continuous linear functional on K. It is also necessary to
consider the linear space K, of infinitely differentiable functions of two variables, @(t{,t5)
that vanish outside of a finite region in R x R, The notions of convergence to zero in K,
and of continuity of a linear functional FM:K, — R are the obvious extensions of the
corresponding notions in K. And just as for generalized functions on K, an integra
representation of the form

00 00

FO[o(ts,t2)] = [ [ k(01,02)%(01,02) doydo
00

3 L. Zadeh, C. Desoer, Linear System Theory, McGraw-Hill, New York, 1963, Appendix A; or I. Gelfand, G.
Shilov, Generalized Functions, Vol. 1, Academic Press, New York, 1964, Chapter 1.
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is used for generalized functions on K, although k(tq,t5) is often of a purely symbolic
nature. A celebrated result in the theory of generalized functions now can be stated. 4

The Kernel Theorem  Suppose F@:K xK - R is a hilinear functiona that is
continuous in each of its arguments. Then there exists a generalized function F®M:K, - R
such that

FOlow] = FO[ot)w(t,)]

Of course, this result immediately provides a symbolic integral representation for
bilinear functionals that are continuous in each argument. For (t) = ¢(t), the integral
representation becomes

00 00

FOlo.q = | [ k(01,02)001)¥(02) doydo;
00

and for (o) = u(t—-o) this takes the form of the degree-2 homogeneous system
representation used in the main text.

The symbolic integral representation for higher-degree homogeneous systems
follows in asimilar way using amore general version of the kernel theorem. ° Finally, it is
atechnical matter to extend the symbolic representation to L ,(0,0) using the fact that K is
dense in L,(0,), and the fact that the notions of continuity used in the development are
quite strong. Again, it should be emphasized that these symbolic representations are
convenient because they permit writing a large class of homogeneous systems in a
standard integral form.

4 |. Gelfand, N. Vilenkin, Generalized Functions, Vol. 4, Academic Press, New York, 1964, p. 18.
5 Ibid., p. 20.
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CHAPTER 2

INPUT/OUTPUT REPRESENTATIONS
IN THE TRANSFORM DOMAIN

The generalization of the Laplace transform to functions of several variables yields
atool of considerable importance in stationary nonlinear system theory. Just as for linear
systems, the Laplace transform of a multivariable kernel is called a transfer function. This
representation is useful both for characterizing system properties, and for describing
system input/output behavior. Furthermore, many of the rules for describing
interconnections of systems can be expressed most neatly in terms of transfer functions. A
basic reason for al these features is that certain multivariable convolutions can be
represented in terms of products of Laplace transforms, much as in the single-variable
case.

Corresponding to each of the special formsfor the kernel of a homogeneous system,
there is a special form of the transfer function. Polynomial and Volterra systems can be
described by the collection of transfer functions corresponding to the homogeneous
subsystems. All of these representations will be used extensively in the sequel.

2.1 The Laplace Transform

| begin by reviewing for a moment the definition of the Laplace transform of a one-
sided, real-valued function f (t):

F(s)=L[f(t)]= If te™ dt (1)
0

Of course, acomment should be included about the region of convergence of F (s), that is,
the range of values of the complex variable s for which the integral converges. However,
the reader is probably accustomed to treating convergence considerations for the Laplace
transform in an off-handed manner. The reason is that for the typical functions arising in
linear system theory convergence regions always exist.
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Usually, the functions encountered are exponential forms, in other words, finite
linear combinations of terms of the form tMe*. (Of course A may be complex, but the
terms appear in conjugate pairs so the function is rea.) It is easily verified that for
functions of this type the integral in (1) converges for al s in some haf-plane of the
complex plane, and the resulting transform is a real-coefficient rational function of sthat is
strictly proper (numerator-polynomial degree less than denominator-polynomial degree).
Also, the typical operations on these functions of time (addition, integration, convolution)
yield functions of the same type. One result of these observations is that a strictly
algebraic viewpoint is valid for the Laplace transform in the setting of the limited class of
functions described above. But, for the purposes here, a more relaxed, informal treatment
based on the integral definition will do. (What is called informal here, a mathematician
would call formal!)

For the inverse Laplace transform, the computation of f (t) from F(s), the familiar
line integration formulais

O+ico
FO)=LYFE)] = —= [ F(g)edds @
PAL
where o is chosen within the convergence region of F (s). For rationa Laplace transforms,
of course, the partial fraction expansion method is used, and the calculations are worry-
free as far as convergence issues are concerned.

Given afunction of nvariables f (tq, ..., t,) that is one-sided in each variable, the

Laplace transform is defined in a fashion analogous to (1):

F(s1, .- 8) = Lf (ta, - -+, t)]

= [f(ty, ... t)e ™" e dty -ty ©)

Of course, this definition also is subject to convergence considerations. However, for
reasons similar to those given above, | will proceed in an informal way.

The (perhaps justifiably) nervous reader should investigate the situation further. In
particular, it is easy to show that if f (tq,..., t,) is alinear combination of terms of the
form

Mt
tPehtgfeghte . Mhehb ¢ ¢ >0

that is, an exponential form on the first orthant, then the integral in (2) can be written as a
sum of products of integrals of the form in (1). This indicates that convergence regions
aways exist. Carrying out the integrations shows that Laplace transforms are obtained
that are rational functions in more than one variable (ratios of multivariable polynomials).
Similar investigations for exponential forms on a triangular domain, or for symmetric
exponential forms, lead to similar conclusions, though the convergence regions have more
complicated geometry in general. (See Problem 2.3.)
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Example 2.1 To compute the Laplace transform of
f(ty,tr)=t; -t t5,t,20
the definition in (3) gives

F(s1,52) = [ [ (t1-tie )6 ™" e ™" dtqdt,
0

00 00

0
—Sit; ~Sato —t, —Sit; —Sot,
[[tie™"e™ dtydt, - [ [t 2e ™ e dtydt,
00 00

Lfeta,-Llete a,
ST o ST o

1
sisa(s2+1)

The properties of the multivariable Laplace transform that will be used in the sequel
are rather simple to state, and straightforward to prove. In fact, the proofs of the properties
are left to the reader with the hint that they are quite similar to the corresponding proofsin
the single-variable case. Thisisnhot meant to imply that the calculations involved in using
the multivariable transform are as simple as in the single-variable transform. To the
contrary, it is easy to think of examples where the frequency-domain convolution in
Theorem 2.6 is at best exhausting to carry out, and at worst frightening even to
contempl ate.

In the following list of theorems, and throughout the sequel, one-sidedness is
assumed, and the capital letter notation is used for transforms.

Theorem 2.1 The Laplace transform operation is linear:
L[f (tqg,..., t) + gty ..., t)l=F(sq1, ..., s+ G(sq,..., Sh)

Llaf (tq,..., t)]=aF(sq, ..., s,), forscaar a %
Theorem 2.2 Iff(tq,..., t,) can be written as a product of two factors,
f(ty,..., t)=h(tq,..., t)g (tesry - - - s th) (5)
then
F(s1, .-, S)=H(sy, ..., SIG (Sc+1s -+ - ) (6)
Theorem 2.3 If f (t,..., t,) can be written as a convolution of the form
f(ty,..., t) = [h(o)g(t,-o0,..., t,—0) do (7)
0
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then

F(s.., Sh)) = H(si+ - +5)G(sy, - - ., Sh) )
Theorem 2.4 Iff (tq,..., t,) can be written as an n-fold convolution of the form
f(ty,..., t) = [h(t;-o,..., t,—0,)9(01, . . ., 0,) do; - - - do, 9)
0
then
F(si,..., S,) =H(sq,..., $)G(sy, - -, Sh) (10)
Theorem 25 IfTq,..., T,, are nonnegative constants, then
LIf (t2=T1, ... ty=To)] = F(Sp,...,5)e > 7% (12)

Theorem 2.6 If f(t,..., t,) isgiven by the product

f(te .. t)= ity t)g (...t (12)
then
F(sy,..., S, = 1 — [ H(s1wy,..., S—Wn)G (W, . . ., W,) dwy - - dw, (13)
(2Tl]) o—ioo

Example 2.2 For the function

f(ty,ty)=e

—e ™ 41,20
the definition of the Laplace transform in (3) can be applied, or | can write
f(tyty) = e (e —e™h)
and apply Theorem 2.2. Choosing the latter approach, results from the single-variable
case imply that
1 1 1 . 1

F(s1,82) = - =
(51,52) S1+1 [ Sp+2  S;t3 7 595+55+55,5,+65,;+55,+6

It is natural to call arational, multivariable Laplace transform strictly proper if the
degree of the numerator polynomial in s; is less than the denominator-polynomial degree
in's; for each j. The discussion so far might give the impression that in the multivariable
case Laplace transforms that are dtrictly proper rational functions correspond to
exponential forms. Unfortunately, such a degree of similarity to the single-variable case is
too much for which to hope. | will give two examples to show this. The first involves the
unit step function, and the second involves the unit impulse function. Note that the second
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example indicates that the treatment of generalized functions in the multivariable Laplace
transform follows in a natural way from the single-variable case using the sifting property
of the impulse.

Example 2.3 Consider the function
f (tl,tz) = 6_1(t2—2t1), 1,12 0

which clearly is discontinuous along 2t1 = t,. The corresponding Laplace transformis
F(s1,52) = [ [ 8-a(to—2t1)e ™" e ™" ditdlt,

o0

[ e™he™ dtydt,
0

o 8

00

- ij'e—sztz dtz_ij’e‘[(ﬂz)sl"'sz]tz dt,
Sl 0 Sl 0

R S
S2(S1+2s))

Example 2.4 For the impulse function

f(t1,t2) = do(ty-t2)
the Laplace transform can be computed directly from the definition.

F(s1,52) = [ [ So(ta-tz)e ™" e ™" dtydt,
00
= [ [f Bo(ts—to)e " dts]e™™" dt,

0

e Sitzg St it

1
O 30

1
S1t+S)

The basic relationship used to determine the one-sided function f(tq,..., to)
correspondingtoagiven F(sq, . . ., s,) isamultiple line integration of the form

fty, ... t)=LYF(sL,...,S)]

1 1t1 n
= iy I F(sy,. .., s)e e ds, - - - ds, (14)
O—loo

The value of ¢ is different for each integral, in general, and must be suitably chosen to
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avoid convergence difficulties. Under appropriate technical hypotheses, the line integrals
can be replaced by Bromwich contour integrals, and the calculus of residues applied.
Often thiswill be done, but without explicit mention of the technicalities.

Again, for n=1 this is precisely the inverse-transform formula mentioned just
before the method of partial fraction expansion is discussed in detail. That is to say, for
rational, single-variable Laplace transforms, the line integration need never be performed.
Unfortunately, such a nice alternative inversion procedure for multivariable Laplace
transforms is not available. Naive generalization of partial fraction expansion is doomed
since a multivariable polynomial in general cannot be written as a product of simple
factors, each in a single variable. Thus, except for certain special cases to be discussed
later, the line integrals indicated in (14) must be evaluated. In effect, the inverse transform
must be found one variable at atime. But even a simple example should indicate why (14)
can be alot more fun to talk about than to use.

Example 2.5 To compute the inverse Laplace transform of

1

F(sqy,S))= ——————
(S1.52) S1S2(S1+S2)

write

O+ioo

1 1
(211)? 5lie S1S2(S1+S2)

f (tlltZ) 651t1652t2 dsld32

O+ioo O+ioo

1 1 st 1 1 st
o —e?? - e dsq] ds
21 S5 [ 2m 0:[00 S1(S1+5) 1] dss

O—io

The term in brackets can be regarded as a single-variable inverse Laplace transform in s;
with s, aconstant. Thisgives

o+ico
1 1 st,, 1 1 st
= — — e (—0_4(t)) ——e 'O 4(t ds
f(ty,t2) g O:li'w 5 ( S 1(t1) S 1(t1) ) ds;
O+ioo O+ioo
1 1 st 1 1  —spt, st
= - _ezzdSZ 6_1(t1)__. — € 21ezzd32 6_1(1:1)
21i O—io S% 21i o:li’oo S%

The first term is the single-variable inverse Laplace transform of 1/(s3), namely, t,, while
the second term is similar with a time delay of t; units indicated. Thus, inserting step
functions to make the one-sided nature of the function explicit,

f(ty,t2) = 1201 (t1)0-1(t2) — (t2—t1)d-1(t2—t1)d-1(t1)
or, being a bit more clever,
f (tl,tz) = min[tl,tz] , t1,1,=20

In fact | could have been clever at the beginning of this example by noting that Theorem
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2.3 can be applied. Taking

H(sitsz) = 51+5,
G(s1,82) = 515,
corresponding to
h(t) = d.4(t)

g(ty,to) = d-4(t1)0-4(t2)
gives

f(t1,t2) = [h(0)g(t;-0,t,-0) do

0-1(0)3-1(t1~0)d-4(t>—0) do
min[ty,t,]

5.1(t1-0)d_4(t,-0)do= [ do
0

Ot 8 O SO

=min[tq,t,]

The reader might reflect on just how simple this example is. The main feature is that
the denominator of F(sq,S5) is given in terms of a product of simple factors. Thus, the line
integrals are easily evaluated by residue calculations, or partial fraction expansions.
Without this factored form, it generally is impossible to perform the sequence of single-
variable inverse transforms that leads to the multivariable inverse transform. Apparently,
there is no easy way around this dilemma. The good news is that the inverse-transform
operation is required only rarely in the sequel. Even so, the factoring problem will arise in
other contexts, and in the next section | will discuss it further.

2.2 Laplace-Transform Representation of Homogeneous Systems

For a stationary linear system with kernel h(t), the transfer function of the system is
the Laplace transform of h(t):

H(s)= [h(t)e™ dt (15)
0

Restricting attention to one-sided input signals, and using the convolution property of the
Laplace transform, the input/output relation
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0 t
y(t)= [ h(o)u(t-0) do = [h(o)u(t-0) do (16)
—00 0

can be written in the form
Y(s)=H(s)U(s) (17)

where Y(s) and U (s) are the transforms of y (t) and u (t).

If a system transfer function is known, and the input signal of interest has a simple
transform U (s), then the utility of this representation for computing the corresponding
output signa is clear. Another reason for the importance of the transfer function is that
many system properties can be expressed rather simply as properties of H(s). Also the
transfer function of a "linear" interconnection of linear systems is easily computed from
the subsystem transfer functions. In developing a transform representation for
homogeneous systems, these features of the degree-1 case give a preview of the goals.

A degree-n homogeneous system with one-sided input signals can be represented by

=[h(oy,..., o,)u(t-oy) - -u(t-o,) doy - - - do, (18)

Inspection of the list of properties of the multivariable Laplace transform yields no direct
way to write thisin a form similar to (17). Therefore, an indirect approach is adopted by
writing (18) as the pair of equations

ty t,

Yalts, - sta)= [+ Jh(oy,...,00)u(t1—01) -+ U(ty=0p) doy - - do,
0 0

yO) = ynlte, ... ) D= oomgze = Wt - 1) (19)

Now, the first equation in (19) can be written as a relationship between Laplace transforms
by using Theorems 2.4 and 2.2:

Yn(S1s - -+, S)=H(s, ..., $HU(s1) - - U(sn) (20)
| call

H(sy,...,S) = L[ (ta, ..., t)] (21)

a(multivariable) transfer function of the homogeneous system.

At this point the utility of the multivariable transfer function for response
computation is far from clear. Given H(sy, ..., s,) and U(s), it is easy to compute
Yn(S1, - -, s,). However, the inverse Laplace transform must be computed before y (t) can
be found from the second equation in (19), and often thisis not easy.

Before proceeding to a further investigation of response computation, | will discuss
some simple properties of the multivariable transfer function representation with regard to
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the interconnection of systems. In doing so, the transform-domain system diagram shown

in Figure 2.1 will be used.
A y

Figure 2.1. A degree-n homogeneous system.

Perhaps the most obvious feature of the multivariable transfer function
representation involves the additive parallel connection of homogeneous systems of the
same degree. The overall transfer function is the sum of the subsystem transfer functions
by the linearity property of the Laplace transform. On the other hand, the kernel of a
multiplicative parallel connection of homogeneous systems is factorable in the sense of
Theorem 2.2. Therefore, the overal transfer function of this connection also can be
written by inspection of the subsystem transfer functions.

When the cascade connection of two homogeneous systems is considered, the going
gets rougher. Thereis areasonably neat way to write the multivariable Laplace transform
of the overall cascade-system kernel derived in Section 1.4, and this is left as an
exercise.We will focus on two special cases that correspond precisely to Theorems 2.3 and
2.4.

Consider the cascade connection of a degree-n homogeneous system followed by a
linear system as shown in Figure 2.2. From the analysis in Section 1.4, a kernel for the
overal systemis

filty, ..., t) = [ 91(0)hy(ti-o, ..., t,—0) do (22)

Thus, from Theorem 2.3, a system transfer function is
Fn(S1, .-, S) = Hn(sy, - -, S$H)G1(S1t+ - +sn) (23)

”4% H(s,,....s,) H G,(s) }—y’

Figure 2.2. A cascade connection.

Shown in Figure 2.3 is a cascade connection of a linear system followed by a
degree-n homogeneous system. From Section 1.4, an overall system kernel is given by

Application of Theorem 2.4 to this expression shows that an overall system transfer
function is
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Fa(s1, .-, S) = Ha(S1) - - H1($)Gn(S1, - - - Sh) (25)

u4>\ H,(s) M G, (5.8, }—y’

Figure 2.3. A cascade connection.

Example 2.6 Application of these results to the interconnection structured system shown
in Figure 2.4 gives the transfer function

H(s1,S2) = H1(S1)H2(S2)H3(S1+5S2)

(In system diagrams such as that in Figure 2.4, | retain the meaning of the N symbol as a
time-domain multiplication, even though the subsystems are represented in the transform
domain. Also, the notational collision involved in using subscripts to denote different
single-variable transfer functions, rather than the number of variables, will be ignored.)

Hys)| %

Figure 2.4. The system discussed in Example 2.6.

Example 2.7 Computing an overall transfer function of the system shown in Figure 2.5
is a bit more subtle because it must be remembered that a distinct variable should be
reserved for the unity transfer functions as well as the others. The relationship between
the intermediate signal and the input signal can be written from Example 2.4 as

W(s1,S2) = Ha(s1)H2(S1+S2)U (s1)U(S))
Then
Y(S1,S2,S3) = Hz(s1)H2(S1+S2)H 1(S1+S2+53)U (S1)U (S2)U(S3)
and an overall transfer function is

H(S1,52,83) = H1(S1+S2+S3)H 2 (S1+52)H3(S1)

‘ H;(s)

H (s) —

Figure 2.5. The system discussed in Example 2.7.
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Consideration of less elementary interconnections will be postponed until ancther
tool for working with transfer functions is developed in Section 2.4. For the moment, | will
return briefly to the problem of response computation using the multivariable transfer
function. The point to be made is that, the general formulas notwithstanding, sometimes it
is quite easy to compute the response of a nonlinear system.

Example 2.8  Suppose that for the system shown in Figure 2.4 the subsystem transfer
functions are

Hi®)= < Ho(9)= o7 Ha(9= 1

s+1
Then compute the system response to the input signal u(t) = d_4(t) asfollows. First write
1
Y(51,82) = H(s1,52)U(s1)U(S) = 5———
s1S2(s2+1)

Taking the inverse Laplace transform, easy in this case, gives

y(tito) = ty(1-e ™)
Thus, the output signal is

yt)=t(1-e™)

Of course, in a simple case such as this it is just as easy to trace the input signal through
the system. The response of the first subsystem isy4(t) = L™2[1/s?] = t, and the response
of the second isy,(t) = L™ [1/s(s+1)] = 1 - e™t. Multiplying these together givesy (t).

The transform representation and the rules for describing interconnections and
computing the response to given inputs are valid regardless of any special form that the
kernel might take. That is, it doesn't matter whether the transform of the symmetric
kernel, triangular kernel, or just any everyday kernel is used (leaving aside the regular
kernel representation). However, the symmetric transfer function and triangular transfer
function, corresponding, respectively, to the symmetric and triangular kernels, will have
particular applications in the sequel. Thus, it is useful to derive relationships between
these special forms.

It is clear from the definition of the Laplace transform that the symmetric transfer
function is a symmetric function in the variables sq, ..., S,. The triangular transfer
function, on the other hand, possesses no particular feature that by inspection distinguishes
it from any other asymmetric transfer function.

Computing the symmetric transfer function corresponding to a given triangular
transfer function is straightforward, in principle. Choosing the obvious notation, the time-
domain formula

1
hwm(tl ..... tn) = F Z htri(tTt(l) ..... tT[(n)) (26)
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gives, by linearity of the Laplace transform,
1
HW(S]_ ..... Sn) = F Z Htri(STt(l) ..... ST[(n)) (27)
© o)

Obtaining Hyi(sy, - - -, sy) from a given Hgm(sq, .. ., s,) is more difficult because
the time-domain formula

W (CT th) = n! hgm(ty, ..., th)0_1(t1—t2)d 1 (tot3) - - - 01 (th-1-1p) (28)
must be expressed in the transform domain. | should pause to emphasize that the
triangular domain t; =t,= -+ >t,20 is being used here. This particular choice is
nonessential, but a different choice of triangular domain will give a different triangular
transfer function.

Using Theorem 2.6 and the Laplace transform

L[d-1(t1-t2)dq(to—t3) - - O_1(th-1—tn)] =

1

(29)
S1(S1+82)(S1+S2+S3) - (Sy+S2t - +s,)
gives
nt %1% Hym(S1-Wi, ..., Sh—Wh)
Hyi(S1, - -+, S0) = ] dwy - --dw,  (30)

1
L e

Figure 2.6. The system discussed in Example 2.9.

Example 2.9 For the system shown in Figure 2.6, it is clear from the interconnection
rules that

1
S1S2(S1+S2+1)

me(SLSZ) =

To compute the triangular transfer function representation, (30) gives
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O+ico g+ioco

2 J' J' me(sl_WLSZ_WZ)
(2Tl])2 O-ico g—ico Wl(W1+W2)

Hyi(S1,52) = dw,dw

O+ico g+ioco

= 2 .[ L dW2 dWl
(ZTU )2 O-ico g—ic (Sl_Wl)(SZ_WZ)(Sl+SZ_Wl_W2+1)(W1)(W1+W2)

It is convenient to rearrange this expression in the following way to apply the residue
calculus:

Hyi(S1,S2) =
g+ico O+ico
2% 1 1 1 s s
21 ;5 (S1=W1)Wy 210 ;= (So=W3)(Sp—WotS1—Wi+1)(Wotwy)

Now the inner integral can be evaluated by calculating the residue of the integrand
corresponding to the polew, = —w;. Thisresidue is
1 _ 1
ey, =
(s2-W2)(s2-Wats1-Wy+1) (s2+Wy)(syts2+1)

S0 that

O+ioo

2 1 1
S1+Sp+1 2 (s1—Wp)wq(Wq+sy)

Hyi(S1,82) = _
oo

To evaluate the integral using the residue calculus, the sum of the residues of the integrand
at the polesw, = 0 and w4, = —s, must be calculated. This gives

1 1 1
= + [LN -, -
(s1—w1)(Wq+sy) Hu=o0 (S1=Wpwy % si(Sp+5Sp)
and thus
2
Hii (S1, =
w5052 = ) e s7+ )

The alert reader probably has noted that these residue calculations depend upon
knowing the denominator polynomial of the integrand in a factored form. This begs again
the question of factoring multivariable polynomials, and the question of just what the term
"factor" means in this context. These involve nontrivial problems in mathematics, and a
general discussion would be at once lengthy, and not very beneficial for the purposes here.
However, there are a few specia classes of polynomials that can be handled more or less
effectively, and these classes suffice at least to provide examples of typical calculations.
Thus, | will avoid generalities and concentrate on two of these classes, both of which
involve symmetric polynomials.

First, consider the situation where the polynomia P(sq, ..., $,) is known to have
the form
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P(s1, .-+, Sn) = Pa(S1) - - Pa(s)Pa(s1t - +3y)

where P4(s) and P,(s) are (single-variable) polynomials. Furthermore, for simplicity,
assume that P(s) and P»(s) each have distinct (multiplicity-one) roots. Clearly these are
severe restrictions on the form of P(sq, ..., s,) when compared with all possible n-
variable polynomials. Some measure of the system-theoretic importance of this class of
polynomials can be obtained by reviewing the examples so far presented. These
polynomials arise in the symmetric transfer function of a cascade connection of a linear
system followed by an n"-power nonlinearity followed by another linear system.

The nice feature of the special form of P(sq, ..., s,) is that the factoring problem
can be solved by factoring the single-variable polynomia P(s, .. ., s) = P1(s)P,(ns). If
s=aisaroot of P(s,..., s) of multiplicity one, then (s;+ - - -+s,—na) is a factor of
Po(s1+ '+ +s,), and thusof P(sq, ..., s). Ifs=aisarootof P(s, ..., s) of multiplicity
n, then (s—a) isafactor of P4(s), and thus (s;—0) - - - (5,—a) isafactor of P(sq, ..., Sy). If
s=a is a root of P(s,..., s) of multiplicity n+1, then (s;—-a)---(s,—a) and
(s1+ * - -+s5,—na) are factors of P(sq, .. ., $,). That these are the only possibilities should
be clear because of the restricted form of the polynomia. A similar procedure can be
developed for the case where P4 (s) and P, (s) are permitted to have multiple roots, but this
isleft to Section 2.6.

I will also discuss briefly a factoring approach for somewhat more genera
symmetric polynomials. However, for the degree-2 case, this form agrees precisely with
that considered above: P(s1,S5) = P1(S1)P1(S2)P2(s1+S5). For various numerical values
of s,, compute the roots of P(s,s5). A root s = A(S,) that is fixed with respect to different
values of s, gives a candidate for a factor (s1—A)(S>—A) of P(sq,S5). This candidate is
readily checked by performing long division. A root s = A(S,) for which A(s5) + s5 is
constant for various values of s, gives a candidate factor (s;+s,—A) for P(s4,S,). Again,
long division can be used to check and remove such a factor. In this way the factors are
found one at atime.

Now consider 3-variable, symmetric polynomials of the general form

P(s1,82,83) =

P1(S1)P1(s2)P1(S3)P2(S1+52)P2(S1+53)P2(S2+S3)P3(S1+S,+S3)

For various numerical values of s, (= s3), compute the roots of the single-variable
polynomial

P (5,52,52) = P1(S)P%(S2)P3(5+52)P2(257)P3(s+2s))
A root s= A(s,) that is fixed with respect to s, gives a candidate factor of the form
(s1=A)(s2—N)(s3—A) for P(s1,5,,53). A root s= A(s,) for which A(s,) + s, is constant
gives a candidate factor of the form (s1+S,-A)(S1+S3—A)(S,+S3—A). Finaly, a root for

which A(s,) + 2s, is constant gives a candidate factor (s;+S,+S3—A). In all cases, the
factor candidates can be checked and removed by long division.
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In the general case, symmetric polynomials of the form

n

where the products are over all permutations 11 of the integers 1,...,n, can be attacked using
this procedure. However, the complications rapidly increase, and the attack involves a
great deal of artful guessing and single-variable factoring.

Of course, there are many other forms for symmetric polynomials. Even in the 2-
variable case, factors of the form (s1S,+1) or (S1—S5)(S>—S1) have not been considered.
There are a couple of reasons for ignoring these situations. procedures are unknown, and,
more importantly, for the system theory of interest here such factors do not arise. Further
explanation must be postponed until Chapter 4.

2.3 Response Computation and the Associated Transform

Because of the need to perform the multivariable inverse Laplace transform, the
response computation procedure used in Example 2.8 often is unwieldy. There is an
dternative method that is based on the idea of computing the Laplace transform of the
output signa, Y(s), directly from Y,(s4, ..., S,). Then only a single-variable inverse
Laplace transform is required to find y(t). The procedure for computing Y(s) from
Yn(S1, - -, s,) is caled association of variables, and Y(s) is cadled the associated
transform. The notation

Y(8) = An[Yn(S1, - - -, )] (31)

is used to denote the association of variables operation.
| begin with the n = 2 case, for then the general case is an easy extension.

Theorem 2.7 For the Laplace transform Y,(s1,S,), the associated transform
Y (s) = As[Y2(s1,S0)] isgiven by the line integral
O+ico

Y(s) = % [ Ya(s=sz.5) ds; (32)

Proof Writing the inverse Laplace transform
o+ico

tit)=—= [ Ya(s1.s e*e®" gs,ds
ya(tsto) 2ni) o 2(51,52) 1082
and setting t, = t, = tyields

O+ioo O+ioo

1 1 s;t s,t
=2 [ [ [ Ya(sisp)e™ dsile* d
y(t) g OJ;W[ g o:li’w 2(s1,82)e™ ds;i]e™ ds,

68



Changing the variable of integration s; to s = s1+5, gives
1 O+ic 1 O+ico ( )
)= — —— [ Ya(s-s,,5,)e ™ ds]e™ ds
YO= 55 [ I35 J Yalsmszsa) e ds,
Finally, interchanging the order of integration to obtain

1 O+ico 1 O+ico
t)= — — Y, (s-S5,S,) ds,]es ds
y(t) i 0:[00[ ori 0:[00 2(S—S2,S2) ds7]
shows that the bracketed term must be Y(s) = L[y(t)], and the proof is complete.
Note that by reordering the integrations in this proof, another formula for the
association operation is obtained. Namely
B 1 o+ioo
()= S [ Ya(s1,5-s1) ds; (33)
L
In the degree-n case, computations similar to those in the proof of Theorem 2.7 lead
to a number of different formulas for association of variables. These different formulas
arise from different orderings of the integrations when manipulating the inverse-Laplace-
transform expression for y,(t,...,t), (not to mention different variable labelings). Two forms
are shown below, with verification left to Problem 2.12:

O+ico
1
Y()= ——= | Ya(s-S2.5:-Ss, .., Sh-1=Sn,Sn) ds, - -+ dsp (34)
(2Tl]) oo
1 O+ico
Y()= = | Yas-s1So— 1,518, -, Sh-1)dsy - dsh (39)
(2Tl]) 0—ioo

But the details of the calculations that establish (34) and (35) also show that the
association operation can be regarded as a sequence of pairwise associations. Such a
sequence can be written as shown below, where semicolons are used to set off the two
variables to be associated.

Yn-1(S:S3, - - -, Sh) = Az[Yn(s1,S2;83, - - -, )]

Yn-2(SS4, - - -, S) = A2[Yn-1(S53:84, - .., Sh)]

Y(s) = Aol Ya(s.8)] (36)

It is readily demonstrated that this particular sequence of computing the pairwise
associations corresponds to the formula (35) if (32) is used at each step.

Before going further, | should point out one situation in which the associated
transform has a clear system-theoretic interpretation. 1f H,(sq, . . ., s,) isthe multivariable
transfer function of a degree-n homogeneous system, and if u(t) = dq(t), then from (10),
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Yn(S1, - -, Sy = Hp(s1, - - -, s,). Therefore, the Laplace transform of the impul se response
of the systemisY(s) = H(s) = Aj[Hn(S1, - - -, syl

Of course, some caution should be exercised because, as noted in Chapter 1, the
impulse response of a homogeneous system may not exist. This implies that difficulties
can arise with the association operation. As an example, consider the system shown in
Figure 2.4 with H(s) = H»(s) = 1. Inthiscase, the input signal u(t) = dy(t) resultsin the
undefined signal d3(t) at the input to Hg(s). The reader should set up the association
operation for the transfer function of this system, namely Hs(s;+s,), and attempt to
evaluate the line integral to see how this difficulty appears.

To perform the association operation in (32), the line integral usually is replaced by
a Bromwich contour integration and the residue calculus is applied (assuming the requisite
technical hypotheses). However, simpler approaches should not be overlooked. For
instance, there are cases where the time-domain route yields the answer easily.

Example 2.10 If
1
(51-0)*(s2-P)
where a and 3 are real numbers, and k and j are positive integers, then
1

Fo(s1,82) =

— +k=1 0t 1 +1-1 4Btz
fo(ty,tz) = T e =N the
Therefore,
_ _ 1 k+j-2 A(a+B)t
= S p———— L
f(t) = fo(t,t) K=D)!( <) e
and from the single-variable Laplace transform,
1 . 1
F(s)= As[F(s1,80)] = —————(k+j -2 ———————
(6)= AalF (51,52 = (g k 12! e
=
K1 (sma-p)rit

For many commonly occurring types of rationa functions, the association operation
can be accomplished by the application of a few simple properties to a small group of
tabulated associations. The proofs of these involve familiar integral manipulations, so |
leave them to the reader. Note that the notation indicated in (31) is used throughout. Two
tables of simple associated transforms are given at the end of this section. These are not
extensive; just enough transforms are given to facilitate computations in simple examples.

Theorem 2.8 IfF(sq,..., S$,) can be written in the factored form

F(s1, .-, S)=H(sy, ..., SIG (Sc+1s -+ - ) (37)
then
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F(s)= An[F(s1,....s)] = % | H(s=s1)G(s1) dsy (38)

where H(s) = A(H(s1, . . ., sJl and G(s) = Aq«[G(Sc+1 - - - Shl-
For a number of special cases, (38) can be worked out explicitly, as the following
results indicate.

Corollary 21 IfF(sq,..., $,) can be written in the factored form
_ 1
F(sy, .-, S) = o)L G(sy, - -, Sk-1sSk+1s + + - s ) (39)
where a isascalar, then
-1)4 (¢
Fig= L & Gs+a) (40)
q! ds
Corollary 22 IfF(sq,..., S,) can be written in the form
a
F(Sl llll S’l) = 2 2 G(Sl llll Sk-1:SKk+11 -+ s S’l) (41)
Sktd
where a isascalar, then
F(s) = % [G(s-i0) - G(s+ia)] 42)
Corollary 23 IfF(sq,..., S,) can be written in the form
S
F(s1, -, S = =5 G(s1,-., Sk-1rSk+1s + + - s ) (43)
Sktd
then
F(s) = %[G(s—ia) + G(s+ia)] (44)
Theorem 29 IfF(sq,..., S,) can be written in the form
F(sy .., S)) = H(sit - +5) G(sy, - - -, Sh) (45)
then
F(s)=H(s)G(s) (46)

Example 2.11 Theimpulse response of the degree-3 system described by
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1
(51+1)(s5+35,+2)(s3+2)
can be computed as follows. Using Corollary 2.1 to associate the variables s; and s, gives
1 _ 1 _ 1
Aol 2 B 2 T &2
(s1+1)(s5+3s,+2) (s+1)+3(s+1)+2 s“+5s+6
The second step of the procedure again involves Corollary 2.1:

L ]
(57+55+6)(53+2)

H(s1,82,83) =

Az[H (s1,52,83)] = Ag[

" (s+2)%+5(s+2)+6  S2+9s+20
Thus, by partial fraction expansion, the impulse response of the systemis
y(t) - e—4t _ e—5t

A considerably different input/output representation can be obtained in the transform
domain when the regular kernel representation is the starting point in the time domain. If a
system is described by

Y() = [ hreg(O1, - - ., O)U(t—01— - - =0 )u(t—0— - - - =Cp)
0 -+-u(t-op) doy - - - doy, (47)
I will call
Hreg(S1. - - -»5n) = LlMreg(te, - - -, tn)] (48)

the regular transfer function for the system. It is a simple matter to relate the regular
transfer function to the triangular transfer function since

for tq,..., t, = 0. A change of variables in the definition of the Laplace transform of
hreg(te,...tn) gives
Hreg(S1, - - - Sn) = Hyi(S1,52-51,83-S2, . . ., S$h—Sh-1) (49)
Andit isclear from this expression that
Hyi(S1, .. -, Sn) = Hyeg(S1,S1+S2,81+So+S3, .. ., Sit +8y) (50)

It is unfortunate, although perhaps no surprise, that the relationships between the
regular and symmetric transfer functions are much more difficult. In fact, the connection is
made through the triangular transfer function by using (27) and (30) in conjunction with
(49) and (50).

To derive interconnection rules for the regular transfer function is a quite tedious
process using the theory so far developed. Therefore, | will postpone this topic until
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Appendix 4.1, at which point a different approach to the problem is available. But the
computation of input/output behavior in terms of Hygy(s1, . - ., S$,) heed not be delayed.

The transform-domain input/output representation in terms of the regular transfer
function is most easily derived from the association of variables formula involving the
triangular transfer function. Namely, from (35),

O+ioco
1
Y(S)= ——— Hyi(S—S1— " —$h-1,S1, - - -, -
(s) (2L O:li'w wi(S—S1 Sh-1,S1 Sh-1)
U(s—s1— " =$-1)U(S1) - - U(Sh-1) dsy—g - -dsg (51)
Using (50) gives
1 O+ico
Y@FW O:li'w Hreg(S—S1—" " =Sh-1,5=So= " ~Sy-1, - - -, S=%-1,5)

U(s—s1— - =$q-)U(S1) - U(-1) dsy- - dsy (52)

The important fact about this formulais that there is one situation of wide interest wherein
the line integrations can be evaluated in ageneral fashion. The restrictions on the forms of
Hyeg(S1, -+ *,Sy) and U (s) in the following result are to permit application of the residue
calculus. The form of the regular transfer function may seem a bit strange, but in Chapter 4
it will become very familiar.

Theorem 2.10 Suppose that a degree-n homogeneous system is described by a strictly
proper, rational regular transfer function of the form

P(s1,..., Sh)

Heg(S1, - - -, = (53)
ST G Qs
where each Q;(s;) isasingle-variable polynomial. If theinput signal is described by
L&
U(s)= 54
©= 25 (59

=1 ip,=1

Proof Thisresult is proved by evaluating the integrals in (52) one at a time using the
residue calculus. Thefirst integration to be performed is
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O+ioo

I Hreg(s_sl_ T TSH-1,STS T TSy - S—Sh-1,5)
O—lo
U(s=s1— "+ =Sh-1)U (Sh-1) dsh—1

1
21

O+ioco

_ P(s=Ss1— " —Sy—1,-- -, $-%,-1,5)
21 o, Qu(s=S1— " —=Sh-1) ** Qn-1(S=$1-1)Qn(S)

U(s=s1— "+ =Sh-1)U (Sh-1) dsnh—1

A key point here is that 1/Q,(s) can be factored out of the integral, leaving the
denominator of the integrand in the form F (s—s,-1)G (S,-1). Thusthe residue calculus can
be applied, and the sum of the residues of the integrand at the poles of U (s,-1), hamely,
the poles—yq, - - *,—V, gives the result

r
> &  Hiegg(s=S1— " —Si2+Vi ,,S=So— " —Sh-2tYi,

=1
Sty LSU(STS1m —shiety )
Now (52) can be written in the form
o+ico
! 1
YO) = Y &, =05 | Hieg(sS1= —Si2*Vi,, 5 S2—  ~Sia+ Vi,

1 ()P G

St SU(STS1 mshipty U(S1) U (sh2)dsh2 t - dsy
Performing the integrations with respect to s,-, using the residue calculus just as before,
Y(s) = i i ai,ai,.;_c}ereg(S_sl_"""Vi,"'Vi,.
LS ) gt e
TSt SU(STS1 mShatY LY, U(S) U (Shg)dshg - dsy
Continuing to work through the integrations will lead directly to the input/output relation
in (54).

Example 2.12 The triangular transfer function corresponding to the system in Figure 2.6
is

2
S1(S1+S2)(S1+S2+1)

Hyi(S1,82) =

Applying (50) gives the regular transfer function for the system:

2

Hyeg(S1,S2) = Hyi(S1,82-81) = S5 1)
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Now it is a straightforward matter to compute the unit-step response of the system via (55).
In this case

YO = HalsV O = 557

and asimple partial fraction expansion yields
y(t)=2-2t+t>-2e™, t>0
Of coursg, it is easy to verify this answer by tracing the input signal through the system
diagram.
2.4 The Growing Exponential Approach

Another viewpoint towards the transform representation of homogeneous systems is
based upon the following property of linear systems. Consider a system described by

y(t)= [ h(o)u(t-o) do (56)

with the growing exponential input signal u(t) = eM, A > 0, defined for all t. The response
is

y(t)= [ h(o) e’ do
= [h(0)e™ do e (57)
0

where the lower limit has been raised to 0 in view of the one-sidedness of h(t). Thus, if
H(s) is the system transfer function, and if A is in the region of convergence of the
transform,

yt)=HMe", te(-o,) (58)

In particular, if the linear system is stable, then A will be in the region of convergence
since A > 0.

The fact that a growing exponential input signal is simply scaled by alinear system
to produce the output signal is sometimes called the eigenfunction property of linear
systems. In addition, the response of the linear system to a linear combination of growing
exponentials

p
ut)= > o et D VN A\p>0 (59)

isgiven by
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p
yO = ¥ aHM) e™ (60)
i=1
This is sometimes useful since arbitrary two-sided input signals can be approximated by
linear combinations of growing exponentials. In the present context the transfer function
H(s) of a linear system is regarded as that function that characterizes the response to
growing exponentials via (58) or (60).
For a homogeneous system of degree n > 1, | will proceed in an analogous fashion.
Using the representation

y(t) = I ha(oq, ..., ou(t-o7) - - -u(t-o,) doq - - -do, (61)

the reader can see readily that the responseto u(t) = eM, A > 0, t & (~0,), is
y(t) = Hy(), . . ., A)e™ (62)
where H,(s4, - . ., s,) is asystem transfer function. But it should come as no surprise that

the response to a single growing exponential indicates little about the behavior of the
system for other inputs. In other words, it is clear that a complete characterization of the
multivariable function Hy(sq, ..., S,) is not obtained from the single-variable function

Before treating input signals that are arbitrary linear combinations of growing

exponentials, consider the case of "double exponential" inputs
u(t) = o.M + 6™, A Ay > 0, t e (—o0,0) (63)

These will be of particular importance in the sequel. From (63) and (61), write

« 2 2 n n
= [ (01, .,00) T -+ T (Nay) exp[ 3 Ay (t-0p)] doy -+ - doy,
~o0 k=1 k=1 171 j=1
2 2 n
Z e Z (I:I akj )
kn=1 J_l

k=1

@ n n

[hnoy, ..., 0p) exp(=3 A 0j) doy - - - dap, exp( 3 Agt)

0 j=1 j=1
2 2 n n
2 2 (Moog) Ha(y, - -y A exp( 3 Agt) (64)
k=1 k,=1 =1 j=1

Note that many of the termsin this output expression have identical exponents (A, + - - -+
A t). I can write al terms with exponent kA; + (n—K)A,)t asthe single term

af a3 Gy kA A2)expl(khs + (N—k)A)t] (65)
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where

2 2
GinkA1A2) = 2 - 2 HaAg,, -0 A) (66)
k=1 k=1
kot - +k,=2n K

Thus, the response of the system to the input (63) can be written in the form

n _ KA, +(N—K)A,
y®) = 3 of a8 G n(hpAy) el TN (67)
k=0

There are two observations to be made in the context of the double-exponential
case. First, note that if Hy(sq, ..., S,) is the symmetric transfer function of the system,
then (66) can be written as

GunMa.2) = [ Framho, - - Maidz, - Aa) (©8)
Second, if the system is of degree n = 2, then (68) implies that
1
Hogm(A1,A2) = > G11(A1,A2) (69)

That is, for a double-exponential input to a degree-2 system, the symmetric transfer
function is determined by the coefficient of the e® "M tarminthe output.

Example 2.12 To determine the multivariable transfer function of the system shown in
Figure 2.4, the double exponential input method can be applied since the system is of
degree 2. Denoting the input to H3(s) by v (t), and choosing the coefficients oy = 0, = 1
in (63),

v(t)=[H 1(7\1)6)\1t +H 1(7\2)6)\2t][H Z(Al)e)‘lt + Hz()\z)e)‘zt]
= Hi(A)H2(A)e™ + [H1(A)H(02) + Hi(o)H o (A)Je™ ™

+ Hi(A)H2 (e
Thus,
y(®) = Hy(Ay)Ho(A)H3(@A )™

+ [HiO)H2(2) + Hi)H2A)IH3 (g +A)e? ™)

+ Hi(A)H2(A)H3(2Az)e™

and the symmetric transfer function of the systemiis

Hym(S1,S2) = % [Hi(sp)Ha(s2) + Hi(s2)Ha(s1)]Ha(S1+S))
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Itisclear that thisisthe symmetric version of the transfer function derived in Example 2.6.
Now consider the response of a degree-n homogeneous system to an arbitrary linear
combination of growing exponentials such as in (59). My purpose is again twofold: to
present a method for determining the symmetric transfer function of such a system, and to
develop arepresentation for the system response to such an input signal.
Substituting (59) into (61) gives

o n M(t-o A(t-0
YO = ] Pa(or,...00) T [ose o)t 40, ) doy - - do,

|G S A [r| ]

k=1 k=117

exp| Z A (t-0oj)] doy - - -doy
=1

5310 a)

k=1 k=1 =

n
j ha(0q, . . ., On) exp(=3 A 0;j) doy - - - day, exp( z A t)
j=1 j=1

y -3 [r| o THn M -+ M) eXp( 5 Act) (70)
k=1 k=1 1= =

where, as before, certain assumptions have been made concerning the regions of
convergence. Of course, many of the termsin this expression contain identical exponents.
By collecting all those terms with like exponents, a simplified expression can be obtained.
In particular, consider all those terms in (70) with the exponent (mjA{+moA,

p
- +MyAp)t, where each my is an integer satisfying Osm <n with > m =n. | can

i=1

write this collection of terms as

af - ap Gm,,....m, A1, - .+, Ap) eXpl(MAg+ - - +MpAL)t] (71)

where, using an implicit summation in which m; of the n indices take the vaue |,
j=1..p

Gm,,....m@®A1, ..., Ap) = Z Z P (AP Ax.) (72)

my indices = j

Thus, the output signal is expressed in the form
y)=Fai - ap’ Gm, . m A Ap) exp[(MmyAs+ - - +mpAp)t] (73)
m

where 3 indicates a p-fold sum over al integer indicesmg, . . ., m, such that 0<m <n,
m
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andmy+ - -+m, = n.
If the transfer function H,(s1, . . ., S,) issymmetric, then the implicit sumin (72) can

N identical termswith m; of the

be made somewhat more explicit. Since there will be m,

indices 1, then {nmf;h identical termswith m, of the indices 2, and so forth; and since

n-m,
mp

n
my

n—mj;—m,
ms

= ' (74)

(72) can be written in the form
_ n! :
O P o) = S iy m m

Aside from being a neater way to write the exponential coefficients, when p = n the
relationship

Gl """ 1()\1 ..... )\n) = n!HnSym()\l ..... )\n) (76)

isobtained. To rephrase: when alinear combination of n growing exponentials is applied
to a degree-n homogeneous system, the symmetric transfer function of the system is given
by 1/n! times the coefficient of exp[(A1+ - - - +Ay)t]. The utility of this approach will be
demonstrated by the following not quite trivial example. | invite the reader to compute the
transfer function by using the interconnection rules, just to compare the two approaches.

el Hy(s) [ (O [ Hys) e (T

Figure 2.7. A cascade connection of linear
systems and integer-power nonlinearities.

Example 2.13 The system shown in Figure 2.7 is assumed to have stable linear
subsystems (for convergence purposes) and integer-power nonlinearities, with mym, = m.
To find the transfer function, consider the input

It
ut)y=>e", Ag..., An>0
i=1

Tracing this signal through the system diagram gives
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V(t)—[Z Ho(h)e™ ™

MBH

Z [ |'| Ho(Ai))] exp( Z Aib)

1 ip=1 U

i

y®) =1 Z Z [ |'| Ho(A;, )]Hl(ZM) eXIO(Z A HT™

i,=1 |m1-1 =
=[§ Z [ l'l | Ho(hi)IH 1( Z Ai, ) exp( Z Ait) ]
i,=1 im=1 1=
2m1 2m;
[Z ' Z[ M Ho@i)IH( Z Ndexp( 3 A
ime1=1 |2m1-1 =m+ k=m,+1 k=m,+1

m;

=53 g n HoW Il 1 H1<z Ny )] €5 z ALt
i=1

in=1 17

where in the middle equality only the first two factors have been written for simplicity.
The important point isthat distinct variables must be maintained in each factor.

Now collect al those terms that correspond to the exponent (Aq+ - - - +A)t in order
to obtain the symmetric transfer function. There are m! such terms, m choices of which
index is 1, m—1 choices of which index is 2, and so on. However, each of these m! terms
isitself an asymmetric transfer function; the various choices of indices correspond to the
various permutations of the variables. Taking, for instance, i1=1,i,=2,..., im=m, one
system transfer function is obtained:

m; m;

H(S1, ..., Sw) = r|  Ho(s) 11 Ha Z Sk+(j-1ym,)

The properties of growing exponentials just discussed provide another viewpoint
from which the transfer function can be considered. Recall that in the linear case the
transfer function H (s) can be viewed as that function that characterizes the response to a
linear combination of growing exponentials (59), as shown in (60). For a degree-n
homogeneous system, a transfer function H,(sq, . . ., s,) can be viewed as a function that
characterizes the response to (59) via the expression

y(®) = Z Z ( |'| Olk)HnO\k1 ----- M) eXIO(Z?\kt) (77)
k=1 k=1 J= j=1

| emphasize that this characterization of the transfer function is appropriate for both
symmetric and asymmetric forms of the transfer function, although the special features of
(77) in the case of symmetric transfer functions will prove most useful.
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2.5 Polynomial and Volterra Systems

The transform representation of stationary polynomial or Volterra systems basically
involves the collection of homogeneous subsystem transfer functions. Thus, for example,
response calculations are performed by summing the responses of the subsystems as
calculated individually by association of variables or from Theorem 2.10. For Volterra
systems this summation requires consideration of the convergence properties of an infinite
series of time functions. Often, convergence is crucially dependent on properties of the
input, for example, bounds on the amplitude of the input signal.

The growing exponential approach to transfer-function determination can be a very
convenient tool for stationary polynomial and Volterra systems. To determine the first N
symmetric transfer functions, assume that the input signal is a sum of N distinct growing
exponentials. Then if the output is a sum of growing exponentials, either by calculation or
by assumption, the coefficient of e®* ) isnIH (s, . . ., A),n=12 ..., N. For
interconnections of homogeneous systems, this approach obviates the need to explicitly
unravel the various homogeneous subsystems from the structure.

Example 2.14 A quick trace of the input au through the system in Figure 2.8 shows that
itis polynomial of degree 2. Application of the input signal

ut) =M+ ™ AN, >0
yields the output signal
_ At Aot 2\t
y(®) = Hy(A)H2(A)e™ + Hi(A)H ()™ + Hi(A)H3s (e
+ [HiADH3A)+Hi(A)HsA)IM ™ + H (A )H3(A)e?™
+ Ha()e™ + Hu(r)e™
= [Hi(A)H2(A)+Ha(A)]e™ + [HiA)H3A2)+H1 A)Hz A )]e™ ™ + -

Thus, the transfer function of the degree-1 subsystem is

H(s1) = Hi(s1)H2(s1) + Ha(s1)
and the symmetric transfer function of the degree-2 subsystem is

Hagm(51,52) = STH1(s)H3(5) + Ha(s2)Ha(s0)]

Of course, in this simple case the transfer-function interconnection rules produce the same
result more efficiently.
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Figure 2.8. A polynomial system of degree 2.

When a linear or nonlinear feedback loop is closed around a homogeneous,
polynomial, or Volterra system, the result is a Volterra system, in general. This situation
was discussed in Chapter 1 only in terms of a general operator notation, principally
because time-domain analysis of the feedback connection is prohibitively complex. Now
that transform-domain tools are available, | will illustrate the feedback computations for
the three terms for the general feedback system shown in Figure 2.9.

Figure 2.9. A feedback system in operator notation.

Considerable simplification is achieved if the system is redrawn as in Figure 2.10. This
configuration shows that the problem of computing the closed-loop representation can be
viewed as two cascade-connection problems, and a feedback connection of the relatively
simple form shown in Figure 2.11.

) p= )
TH

Figure 2.10. The system in Figure 2.9, redrawn.

The cascade connections are left to the reader (Problem 2.16), while the feedback
connection in Figure 2.11 now will be discussed in detail.

u ;2 Yy

Figure 2.11. The basic feedback system.
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To compute the first three closed-loop symmetric transfer functions, the feedback
system in Figure 2.11 isredrawn using transform-domain notation as shown in Figure 2.12.
It is assumed that the feedback transfer functions are symmetric, and only the first three are
shown, as the higher-degree transfer functions will not enter the calculation.

u ,(2\ Yy

H3sym(sl’s2’ s3)

Figure 2.12. Symmetric transfer function representations
for the basic feedback system.

The procedure for determining the first three symmetric transfer functions is to
assume an input of the form

A

uy=eM + e+ M

and a response in terms of the unknown closed-loop symmetric transfer functions of the
form
Y= Fie™ + F1()e™ + F1(Ag)e™ + 2F pm(h A)e™ !

A+ As)t A2+ A3t

+ 2IF 2gm(A1,A3)e + 2IF 2gm(A2,A3)e

+ 3!stm()\l,)\zJ\s)e(AlMﬁmt + o

The economy of notation obtained by hiding many terms behind the ellipsis in this
expression is required to avoid writer's cramp. At the same time extreme care is required,
for the right answer can be avoided if the economical notation causes contributing terms to
be neglected. Notice also that here is where the assumption that the system can be
described by a Volterra series expression enters the calculation.

Now the strategy is to trace the signals through the system diagram in Figure 2.11 to

through the homogeneous systems in the feedback path involves the previously derived
formulas for the response of homogeneous systems to sums of growing exponentials. Of
course, the majority of terms in these formulas are discarded because they do not
contribute to the end result. Finally, equating coefficients of like exponentials in the two
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output expressions yields a set of equations for the closed-loop symmetric transfer
functions. Proceeding in this manner gives

A

y) =M+ ™+ M —Hi )F1()e™ — Hi(A)F 1(A2)e™

~H1(g)F1(A5)e™" = 2H1 A+ A2)F sgmp,A)e™ ) — .

- 6H 10‘1”‘2”‘3)':3wm(7\1.7\2,)\3)e01”‘2”‘3)t o

~ 2Hpgm(A 1. A2)F 1(A)F 1 (Ap)e™ ) =

= 4[F 1M)F 25m(Ao A)H agm(A Ao+ As) + F1(Ao)F sqm(a,Ao)
Hagm(M2.A1+As) + F1(Aa)F 2(As A2)H 2gm(Aa A+ A,) e e

—6F1(A1)F1(A2)F1(A3)H 3W(A1,A2,A3)e()‘1+)‘2+)‘3)t + o

Equating the coefficients of e in the two expressions for y (t) gives
Fi(A1)=1-Hi(A)F1(A1)
Solving yields the degree-1 closed-loop transfer function

1

Fi(s) = T+ H.(s)

Equating coefficients of e

2F 29ym(A1,A2) = =2H1(A1+A2)F 29m(A1,A2) = 2H 29m(A 1, A2)F 1(A1)F 1(A2)
the solution of which gives

gives the equation

—H 2m(S1,S2)
[1+H 1 (S1+52)][1+H1(s1)][1+H 1 (s2)]
A+ A+ Ag)t

Fogm(S1,S2) =

Equating coefficients of e
BF 3gym(A1,A2,A3) = =6 H1(A1+ A2+ A3)F 39m(A1,A2,A3)

gives

— 6H3gm(A 1,22, A3)F 1(A1)F 1(A2)F 1(A3) = 4[F 1(A1)F 2gym(A2,A3)
HogmA1,A2+A3) + F 1(A2)F 29m(A1,A3)H 2gm(A2,A1+A3)

+ F1(A3)F 29m(A1,A2)H 29m(Az, A1 +A2)]
Thus,



1
[1+H(s1#S2+53)][1+H 1 (s1)][1+H1(S2)][1+H 1 (S3)]

Fagym(S1,S2,S3) =

(2/3)H 2qym(S1,S2+S3)H 29/m(S2,S3)
1+H1(so+S3)

[ -H3gym(S1,S2,S3) +

. (2/3)H 2qym(S2,S1+53)H 29/m(S1,S3)
1+H1(s1+S3)

. (2/3)H 2qym(S3,S1+52)H 29/m(S1,S2)
1+H1(s1+S3)

2.6 Remarks and References

Remark 2.1 An introduction to the multivariable Laplace transform as a mathematical
tool can be foundin

V. Ditkin, A. Prudnikov, Operational Calculus in Two Variables and Its Applications,
Pergamon Press, New York, 1962.

Thisisatrandation of the original volume in Russian published by Fizmatgiz, in Moscow,
in 1958. A very readable treatment of convergence issues, numerous examples, properties,
and extensive tables of the 2-variable transform are provided. These go well beyond the
introduction in Section 2.1. The multivariable Fourier transform is closely related to the
multivariable Laplace transform, and expositions of the Fourier transform that include the
multivariable case are much more numerous. For example, see

D. Champeney, Fourier Transforms and Their Physical Applications, Academic Press,
New York, 1973.

(The multivariable Fourier transform will be used extensively in chapters 5 and 7.)

Remark 2.2 The use of the multivariable Laplace transform in system theory, the
association operation, and interconnection rules are discussed in

D. George, "Continuous Nonlinear Systems,” MIT RLE Technical Report No. 355, 1959
(AD246-281).

More readily available expaositions include

Y. Ku, A. Wolff, "Volterra-Wiener Functionals for the Analysis of Nonlinear Systems,"
Journal of The Franklin Institute, Vol. 281, pp. 9-26, 1966.
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R. Parente, "Nonlinear Differential Equations and Analytic System Theory," SAM Journal
on Applied Mathematics, Vol. 18, pp. 41-66, 1970.

L. Chua, C. Ng, "Frequency-Domain Analysis of Nonlinear Systems. General Theory,
Formulation of Transfer Functions," 1EE Journal on Electronic Circuits and Systems, Vol.
3, pp. 165-185, 257-269, 1979.

Remark 2.3 Simple properties of the association operation and a table of associated
transforms are given in

C. Chen, R. Chiu, "New Theorems of Association of Variables in Multidimensional
Laplace Transforms," International Journal of Systems Science, Vol. 4, pp. 647-664, 1973.

General formulas for performing the association operation in a wide class of Laplace
transforms (with factored denominators) are derived in

L. Crum, J. Heinen, "Simultaneous Reduction and Expansion of Multidimensional Laplace
Transform Kernels," SAM Journal on Applied Mathematics, Vol. 26, pp. 753-771, 1974.

A basic review of the residue caculations that | have used several times to evaluate
complex convolution integrals can be found in

R. Schwartz, B. Friedland, Linear System Theory, McGraw-Hill, New York, 1965.

The proof of Theorem 2.10 touches upon some relatively subtle issues in the residue
method. In particular, the need for the factored form for the denominator of the regular
transfer function can be appreciated more fully by analyzing the residue calculation in
detail for the example

1

Hyeg(S1,S2) = PSSy

Remark 2.4  Many authors have discussed the properties of the response of a
homogeneous system to sums of exponentials. Usually the exponents are considered to be
purely imaginary so there are close ties to the frequency response of the system - atopic to
be considered in Chapter 5. However, the growing exponential viewpoint adopted in
Section 2.4 seems to lead more economicaly to a characterization of the symmetric
transfer function. A more general version of Example 2.13 isconsidered in

W. Smith, W. Rugh, "On the Structure of a Class of Nonlinear Systems |EEE
Transactions on Automatic Control, Vol. AC-19, pp. 701-706, 1974.

In particular, it is shown that the response to two growing exponentials suffices to
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characterize homogeneous systems that are cascades of power nonlinearities and linear
systems.

Remark 2.5 The regular transfer function representation, its relationship to the
triangular and symmetric transfer functions, and the input/output formulain Theorem 2.10
were introduced in

G. Mitzdl, S. Clancy, W. Rugh, "On Transfer Function Representations for Homogeneous
Nonlinear Systems," |EEE Transactions on Automatic Control, Vol. AC-24, pp. 242-249,
1979.

Remark 2.6  Further discussion of the transform-domain analysis of the feedback
connection for nonlinear systems can be found in the report by George cited in Remark
2.1. Seedso

M. Brilliant, "Theory of the Analysis of Nonlinear Systems,” MIT RLE Technical Report
No. 345, 1958 (AD216-209).

and

J. Barrett, "The Use of Functionals in the Analysis of Nonlinear Physical Systems,”
Journal of Electronics and Control, Vol. 15, pp. 567-615, 1963.

Recurrence relations for the closed-loop symmetric transfer function of certain feedback
systems are derived in

E. Bedrosian, S. Rice, "The Output Properties of Volterra Systems (Nonlinear Systems
with Memory) Driven by Harmonic and Gaussian Inputs," Proceedings of the |IEEE, Vol.
59, pp. 1688-1707, 1971.

Remark 2.7 The suggested factoring procedure for symmetric polynomials of the form
P1(s1) - - *P1(sh)Pa(sy+ - - - +sy) isdiscussed in

K. Shanmugam, M. Lal, "Analysis and Synthesis of a Class of Nonlinear Systems," |EEE
Transactions on Circuits and Systems, Vol. CAS-23, pp. 17-25, 1976.

The factoring procedure | have outlined for more general symmetric polynomias was
suggested by E. G. Gilbert.

2.7 Problems

2.1. Compute the Laplace transforms of
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f(t1,t2) = Op(t1)do(t2)

f(t1,t2) = Oo(t1)do(t1-t2)

2.2. Compute the Laplace transforms of the symmetric functions
1 1 1, +t, 1. -t
= =ty + Sty - =tie 2-toe !, ty,t,20
f(tyt2) St St St2 1t2

-t
t;-tie % t; 21,20
gltuty)= + 1 T
th-tre H, t,>1,>0

2.3. Find convergence regions for the Laplace transforms of the one-sided functions

e, t; 21,20

f(tytn) = ™ £ (1)) = 0, otherwise

2.4. Find the inverse Laplace transform of

1
(S1+1)(S2+1)(s1+52+2)

F(s1,82) =

using the line integration formula. Then check your answer using the cascade formula and
cleverness.

2.5. Prove Theorem 2.3.
2.6. Prove Theorem 2.4.
2.7. Prove Theorem 2.5.

2.8. Show that if

L[f(tq,..., t)] =F(sq,..., Sh)
then

LIe ™" "0 (ty, .. )] = F(sp+ay, ..., Sh+ay)

2.9. State and prove a final-value theorem for multivariable Laplace transforms.

2.10. Suppose L[f (t)] = F(s). Find a formula for the 2-variable Laplace transforms
L{f (min[t{,t5])} and L{f (max[ty,t,])}.
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211 If L[f ()] = F(s), find the 2-variable transform L [f (t1+t5)].
2.12. Show that the association formulas (34) and (35) are equivalent.

2.13. Compute atransfer function for the cascade connection shown below.

u e—t l—t2 871 ( t) Yy

2.14. Verify the symmetric transfer function given in Example 2.9 by computing the
Laplace transform of the symmetric kernel given in Problem 1.7.

2.15. Using the kernels found in Example 1.4, compute the symmetric transfer functions
for the integral-square and square-integral computers. Then calculate these transfer
functions using the interconnection rules in Section 2.2.
2.16. Consider the system y (t) = h(u(t)), where h(u) is an analytic function given by
hu)y= 3 hul
i=0
Show that the degree-n symmetric transfer function for the system is given by

Hngm(S1, - - - s)=hy, n=212,---

2.17. Find transfer functions through degree 3 for the polynomia system shown below.

o)

H3sym(sl7s2’ 83)

A

G,(s)

G3sym(sl >825 S3)

2.18. Compute the symmetric transfer function for the system shown below.

e
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2.19. Show that the two systems below have identical responses to all single growing
exponentials. Isthis so for double growing exponential inputs?

— » K 2
s+b ()
2 __ 4K >
¢ s2+4bs+4b?

2.20. If
1
F(sq,s80) =
18 = e a3

compute F(s) = As[F(s1,S0)]. (Be careful!) Can you compute the association for
F(51,572)/5155?

2.21. Consider the system described by

y(t) = u(t) + g[at))? ()

where the dot notation is used for differentiation. Show that the first three symmetric
transfer functions for this system are

H1(s) = 1, Hy(s1,S2) = 0, H3(S1,52,S3) = 2€S1S5S3(S1+S2+S3)

2.22. Show that

L [Boa(t1—t2)0-y (ta—ts) - - - Sy (tyg—t)] = .

S1(S1+S2) - (S1+So+ - +Sy)

2.23. Given a polynomia P(sq, ..., S,), devise a simple test to determine if it can be
written as a product of single-variable polynomials

P(s1,. .., Sh) = P1(s1) - - Pa(sn)
How would you determine the P;(s;)’s?

2.24. For the feedback system shown below, show that the first three closed-loop
symmetric transfer functions are
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F1(s)=G(s)

Fogm(S1,S2) = oG (s1)G(S2)G(S1+S))

2h3
Fagym(S1,S2,S3) = [T [G(s1+82) + G(s1+S3) + G(s2+5S3)]

—h3]G(s1)G(S2)G(83)G(S1+S2+8S3)

hy(P +hy()

2.25. For the feedback system shown below, find the first three closed-loop transfer
functions.

Gy(s)

I_ G3sym(Sl 4 SZ’ S3)

H(s) <
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Azl
Azl

Table2.1
Simple 2-Variable Associated Transforms

Af—N 1 = XK

(s1ta)(s1+h) s+a+b
Adl > ] = -
f<81+a)(81+b)(82+a)(82+b) (S+2a)(8+2b)(852+b)
Aol (s1t+a)(s1+b)(s2+a)(s2+b)[C(S1+5,)+d(S1+S2)+e] b= (cs®+ds+e)(s+a+b)(s+2a)(s+2b)
A K(sitc)(s2tcC) _ K [(c—a)2 _ 2(c-a)(c-b) . (c—b)z]
2L (sy+a)(sitb)(spta)(spth)T T (b-a)? | s+2a s+a+b s+2b
K(s1tc)(s2tcC) _ Kl/(b-a)?® . (c-a)® 2(c-a)c-b) , (c—h)?
Azl 1 = + ]
(s1t+a)(s1+b)(s2+a)(s2+b)[d (S1+52)*+e(S1+S2)+ ] ds’+es+f = s+2a s+a+b s+2b
Table 2.2
Simple 3-Variable Associated Transforms
3 (s1ta)(s,+b)(sz+c) s+a+b+c
K | = KL __ 3 ,_ 38 __1,
(s1ta)(syt+b)(sota)(sst+b)(szta)(sz+b) (a-b)® "s+3b  s+2a+b s+a+2b s+3a
K(syt+c)(sx+c)(s3+C) _ K [(a—c)3 _ 3@=c)(bc) . 3(a—c)(b—)®> _ (c—b)3]
(s1ta)(syt+b)(sota)(sot+b)(szta)(sz+b) - (aélkg)3 s+3a s+2a+b s+a+2b s+3b

N rraliorrafisera) (s+a)*



CHAPTER 3

OBTAINING INPUT/OUTPUT REPRESENTATIONS
FROM DIFFERENTIAL-EQUATION DESCRIPTIONS

Systems often are described in terms of a vector, first-order differential equation
called the state equation. When the input/output behavior of a system described in this
way is of interest, a representation for the solution of the state equation is needed. In this
chapter, several procedures for determining the kernels or transfer functions in a
Volterra/Wiener representation corresponding to a given state equation will be discussed.
In general, an infinite Volterra series is required, and this raises again the issue of
convergence. Although general convergence results will be mentioned, most of the
discussion will be phrased in terms of finding degree-N polynomial-system truncations of
the full Volterra system. (A proof of one general convergence result is given in Appendix
3.1)

A magjor difficulty in dealing with nonlinear differential equations is that existence
and/or uniqueness of solutions, even in a local sense, cannot be taken for granted. The
nasty things that sometimes occur can be demonstrated with very simple, innocent-
appearing examples, and | presume the reader is well aware of the situation. To avoid all
this, it will be assumed that the differential equations under study all have unique solutions
on the time interval of interest, regardiess of the particular initial state or (nominally
assumed to be piecewise-continuous) input signal. This means that well known conditions
on the growth and smoothness properties of the nonlinear functions in a given differential
equation should be checked before methods based on the Volterra/Wiener representation
are used. In fact, they should be checked before any methods are used.

Much of the development in the following pages isin terms of differential equations
with time-variable parameters, that is, the nonstationary case. The reader uninterested in
this case can specialize the development readily. Indeed, not much more is required than
to drop arguments in the right places and replace ®(t, T) by eA¢,
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3.1 Introduction

To ease into the subject, | begin with a review of one technique for determining an
input/output representation corresponding to the linear state equation

X(t)= At)x(t)+ b(tut), t=0

y(®=c®x(),. x(0)=xo )

In this expression x (t) isthe n-dimensiona state vector, u(t) isthe scalar input, and y (t) is
the scalar output. Typical assumptions would be that on some finite time interval [O,T],
A(t), b(t), and c(t) are continuous, and the input signa is bounded and piecewise
continuous. Such assumptions are sufficient to guarantee the existence of a unique
solution of (1) for al t€[0,T]. This standard result usually is derived from successive
approximations, though that will not be demonstrated here. My principal interest is to get
the form of the solution to (1) in a suggestive way with respect to an approach to nonlinear
state equations.

First consider the solution of (1) withu(t) = Ofor al t = 0. In that case, both sides of
the differential equation can be integrated to obtain

t

X(t) = Xo + [ A(01)x(01) doy )
0

Based upon this expression, repeated substitutions can be performed. More specifically,
write

0,

x(01) = X + [ A(02)x(02) do ©)
0

and substitute into (2) to abtain
t t 0,

X(t) = Xo + [ A(01) doyxo + [ A(0y) [ A(02)x(02) dozday 4
0 0 0

Continuing by substituting for x(o5) in (4) using an expression of the form (3), gives
t t 0,

x(t)=[I + [A(o1) doy + [ A(01) [ A(02) dozdos] Xo
0 0 0

t 0, O3

+ [A(01) [ A(02) [ A(03)x(03) dosdo,doy
0 0 0

Repeating this process indefinitely, and showing that the last term approaches 0 (in
norm) in auniform way, gives a solution in the form

x(t) = ®(t,0) xo ©)
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where the transition matrix @®(t,1) is defined on any finite square [0,T] %X [0,T] by the
uniformly convergent series
t 0,

t
@t 1) =1 + [A(0;) doy + [A(0y) [ A(0y) dopdoy

0, Ok-1

t
+-+ [A(E) [ A(G2) -+ [ Ao doy - -doy + -+ (6)

known as the Peano-Baker series.
An important property of the transition matrix that will be used in the sequel without
benefit of derivation isthe multiplication formula

d(t,0)P(0,1) = D(t,1) @)

This formula in conjunction with the fact that ®(t, 1) is invertible at each t and T gives
®71(t,T) = P(t,1). Finally, when A(t) is actually a constant matrix A, it is not difficult to
show that ®(t, 1) is precisely the matrix exponential e,

The solution of (1) for zero input can be used to obtain a representation for the
solution of (1) with an arbitrary input signal u(t). Since ®(t,1) isinvertible for all t and T,
change variables to z(t) = ®~1(t, 0)x (t) and rewrite (1) as

2t) = b(t)u(t), t=0

y(t) = ct)z(t), z(0)=Xo 8
where
b(t) = ®7L(t, 0)b (1)

c(t) = c(t)(t, 0) 9)

In the state equation (8), there is no term of the form A(t)z(t), which was the objective of
the variable change. Integrating both sides of the differential equation in (8) gives

t
z(t) = xo + [ b(o)u(0) do (10)
0
which becomes, in terms of the original variables,
t

X(t) = d(t, 0)xg + I¢(t,0)b(0)u(0) do (11)
0

Thus,
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t
y(t) = c()P(t, O)xg + Ic(t)¢(t,0)b(0)u(0) do (12
0

For the case where X = 0, the degree-1 homogeneous input/output representation
t

y(t) = [h(t,o)u(0) do (13)
0

with kernel
h(t,o0) = c(t)®(t,0)b(0) 14

has been obtained. Furthermore, if A(t), b(t), and c(t) actualy are constant matrices, then
(t,0) = e*-9 and (13) becomes a convolution integral with

h(t,0) = h(t—0) = ce*(t=9p (15)

I will commence consideration of the nonlinear case by taking this same
resubstitution approach to bilinear state equations. This starting point is appropriate in
part because the class of bilinear state equations was the first wide class of nonlinear
equations for which a general form for the kernels was obtained - and in part because the
general form is such a splendid example of mathematical pulchritude. Moreover, it will
become clear in later sections that the treatment of the bilinear case is a precursor to more
general developments.

A bilinear state equation is avector differential equation of the form

X(t) = A(t)x(t) + D (t)x(u(t) + b(t)u(t)

y(t)=c@)x(@), t=0, x(0)=xq (16)

where, as before, x(t) isn x 1, while u(t) and y(t) are scalars. Typical assumptions for
(16) are the same as in the linear case. In Problem 3.9, the reader is invited to mimic a
standard successive approximation proof to show that these assumptions guarantee
existence of a unique solution on any finite timeinterval.

Using the variable change z(t) = ®7X(t, 0)x(t), where d(t, 1) is the transition matrix
corresponding to A(t), yields a simplified form of (16):

2(t) = D(O)z(t)u(t) + b(t)u(t)

y(t) = c(t)z(t), t=0, z(0)=z (17)
where
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b(t) = ®7L(t, 0)b (1)
D(t) = &~1(t, 0)D (t)d(t, 0)

&(t) = c(t)P(t, 0) (18)

Just as in the linear case, the technique to find the form of the input/output representation
is to integrate both sides of the differential equation in (17), and then resubstitute for z(t).
Thefirst step of the procedure gives

t t
z(t) = zo + [ D(01)z(01)u(07) doy + [ b(o1)u(oy) doy (19
0 0

Substituting for z(o;) using an expression of this same form,
t

2(t) = 2o + [ D(01)20u(0y) doy
0

t O1

+ [ [ D(01)D(02)2(0)u(01)u(0,) doyday
00

t O1 t

+ [ [ D(01)b(02)u(01)u(02) do,do; + [ b(ay)u(ay) doy (20)
00 0

Substituting for z(a,) in (20) using an expression of the form (19), and continuing in this
manner yields, after N — 1 steps,

t O1 Ok-1

N - A
z(t)=20+ 3 [ [+ [ D(o1) -+ D(0)Zou(0y) - - U(0y) doy - - - doy
k=100 0
N t O1 Ok-1 R ~ .
+ 3 [[ ] D(61) D(Ok-1)b(Gu(oy) - - - u(gy) doy - - - doy
k=100 0
t O1 ON-1 R ~
+J [+ [ D(01) - -D(on)z(on)u(oy) - - u(on) doy - - - doy 21)
00 0

Actually the notation in (21) israther poor for the k = 1 termsin the summations. A clearer
expression would be
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t ~
z(t) = zo + [ D(01)Zou(01) doy
0

N t O1 Ok1 R
+ 3 [f- [ D(oy)-D(0W)zou(0y) - - - u(gy) doy - - - doy
k=20 0 0
t ~
+ Ib(Gl)U (04) doy
0
N t O1 Ok1 R R
+ > [[- [ D(o1) - D(Gk-1)b(Gi)u(o1) - - - u(gy) doy - - - doy
k=20 0 0
t O1 On-1

+[ [+ [ D(oy) - D(on)z(on)u(oy) - - u(oy) doy - - - doy
00 0

However, for reasons of economy | will continue to use the collapsed version in (21).

Equation (21) is in many ways analogous to (5) in the linear case, and it can be
shown that the last term in (21) approaches 0 in a uniform way on any finite time interval.
Therefore on any finite time interval the solution of the bilinear state equation can be
represented by the uniformly convergent (vector) Volterra series:

o L01 Ok1 ~
z(t)=20+ 3 [ [+ [ D(01) -+ D(0)Zou(0y) - - U(0y) doy - - - doy
k=10 0 0
o L01 Ok1 ~ .
*2z [J- ] D(oy) - D(Ok-1)b(au(oy) - - u(gy) doy - - -doy  (22)
=100 0

(Problems 3.12 and 3.13 show cleverly the convergence property of (22).)
Incorporating the output equation and changing back to the original variables gives
the Volterra system representation

o t O1 Ok-1
Y= cO 0o+ 3 [[- [ c®)®(t,01)D(01)P(01,0,)D (07)
=100 0

-+ D(01)®(0y,0)Xu () - - - u(0) doy - - - doy
o L01 Ok-1
*Z JJ- [ c®®(t,01)D(01)P(01,02)D (02)
=100 0
-+ D(0k-1)®P(0k-1,01)b (0 )u(0y) - - - u(0y) doy - - - doy  (23)

which aso converges uniformly on any finite time interval.
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There are three kinds of terms in (23): those that depend on the initial state alone,
those that depend on the input alone, and those that depend on both. That is, unlike the
linear case, the response is not simply the sum of the forced and unforced responses. If
u(t) = O0for al t =0, the bilinear state equation looks like a linear state equation, and the
response has the corresponding familiar form. If xo = 0, the input/output behavior is
described by a reasonably simple Volterra system. Finally, if xqg#0 is fixed, the
input/output behavior is again described by a Volterra system, but the kernels depend on
the specific value of Xq.

It should not be too surprising that the input/output behavior of a nonlinear system
depends in a somewhat complicated way on the initial state of the system. With fixed
initial state, (23) is aVolterra system representation with a degree-0 term that is a specified
time function, and with the kernels of the higher-degree terms completely specified.
However, it usually is most convenient to introduce a variable change in the bilinear state
equation to allow the choice of zero initia state in the new variables. This will be
discussed more generaly in due course, but for now simple examples will show how
variable-change ideas can be implemented.

Example 3.1 The direct method for generating frequency modulated (FM) signals is to

use a voltage controlled oscillator. That is, the frequency of a harmonic oscillator is
changed in accordance with a message signal u (t). The basic differential equation model is

() + [w? +u@®ly® =0, t20, y(0=0, y0)=1

where y(t) is the generated FM signal. This model can be written in the state equation
form by setting
_ t)
z(t) = ¥(
{y(t) ]

to obtain
2(t) = {_2,2 é] 20+ | & 9] z0uw
yO= 11 920, z0=|]]

Now introduce a new state equation description for which the initia state is 0 by
subtracting the zero input response. For u(t) = 0,
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2()=e%20= | _)din(t)  cos(ot)

cos(wt) %sin(wt) {o]

1 .

— sin(wt
= sin(w)
cos(wt)
so let

L sinwn)
X(t)=2(t)- Of:os(wt)

Writing the differential equation in terms of x (t) gives

. 01 00 0
1) = t tu(t t
20 {_wzolx()"’ | 0] xoum+ EPNLC
w
vy =[1 0]x@)+ %sin(wt), x(0)= 0

Applying the result in (23) to this bilinear state equation yields
t
y(®) = = sin(@) + [h(t,01)u(01) doy
0

t O1
+ [ [ h(t,01,0,)u(01)u(0y) doyday + -+
00

where the first two triangular kernels are

h(t,o1) = ;—% sin[w(t-01)] sin(w0;)3-4(t —01)
h(t,01,07) = ? sin[w(t—01)] sinfw(01~07)] SIN(00,)3-1(t=07)5-1(01-02)

Example 3.2 Asanother illustration of the formulation of bilinear state equation models
and the calculation of kernels, consider the ideal, separately excited, direct-current motor
diagramed in Figure 3.1.

100



L, L, R,
Inductor Inductor ———— 1 Resistor | o+
—
Resistor i(t) +e, (7 i,(%) v, (2)
o+ Vf(t) O

Figure 3.1. Anideal DC motor.
The differential equation descri ption of the field circuit is

— |f(t) -— |f(t) + = Vf(t)

The basic characteristics of the armature circuit require further explanation. The so-called
generated voltage e,(t) is proportional to the product of the field current and the motor
Speed:

€a(t) = K ig(t) w(t)

The magnetic torque generated by the motor is similarly proportiona to the product of the
field and armature currents:

T(t) = Kig(t) ia(t)
Thus, the armature circuit is described by

%ia(t)= R 0- 'f(t) w(t)”—"a(t)

and the mechanical load system is described by
d K. .\ 1
SO0 = Fi0RO- T

where T isthe mechanical load torque, and J is the moment of inertia.

A simple method for speed control in a DC motor is to keep the armature voltage
constant, v4(t) = V5, and control the field current i¢(t) by means of avariable resistor in the
field circuit. To represent this scheme in a particular case, suppose the motor load acts as a
damping device. That is, suppose T, = Bw(t), where B is the viscous damping coefficient.
(For example, the motor might be stirring a fluid.) Then with the input u(t) = i¢(t), output
y (t) = w(t), and state vector

x(t) = [1?)8

the system is described by
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%(t) = {_Rg/La _S/J X(t) + KO/J _KO/La] X(H)u(t) + {VaéLa]
yO=[0 1x0), xO= | &0

This bilinear state equation is not quite in the form of (16) because of the constant term on
the right side. To remove this term, let x.(t) be the solution of the differential equation
withx(0) = Oand u(t) = 0. Thenitisreadily verified that

Now let z(t) = x(t) — x(t), and compute a differential equation for z(t):
z(t) = X(t) = X(t)

[ -R./L, ~K /L,
= | T | 20+ [y o | 20u0
+ 0 “R/L | UQ®)
| (KVa/IR,)(1-e %)
yO=10 1020, 20= | 2o

Thisis abilinear state equation description in the standard form (16), and the calculation
of the solution via (23) is straightforward. For example, if the initial conditions are 0, then
the first three triangular kernels are
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KV, -S(t-o) L 01
a J ! La
e l1-e o_1(t—-o
IR, ( )01 (t—01)

hy(t,01) =

h2(t,01,02) =0

B R - B
K3Va _T(t_cl)e L (01 02)6—7(02‘03)

JZLRae
a

1-e

hs(t,01,02,03) = -

O.

b )8y (t-01)8.1(01-02)3.4(0,-03)

3.2 A Digression on Notation

As more general nonlinear differential equations are considered, notational
complexities begin to appear. These have to do with functions of severa variables and
their power series expansions. The difficulties probably are not unfamiliar, but their
resolution here in terms of Kronecker (tensor) products is somewhat uncommon, hence
this digression.

For matrices A = (&;) and B = (l;), of dimension n, x m, and n, X My, respectively,
the Kronecker product is defined by

alllB almaB

AOB= (24)

1B - anmB

It is clear that AOB has dimension nyhy x mym,, and that any two matrices are
conformable with respect to this product. The Kronecker product is associative so that
AOBDOC is written without ambiguity. The following relationships are easily proved,
assuming conformability with respect to ordinary matrix addition and multiplication.

(A+B)(C+ D)= (AOC)+ (AOD)+ (BOC) + (BOD) (25)

(AB) (CD) = (AT C)(B D) (26)

In fact, these properties can be written in simpler forms since the Kronecker product is
given a higher precedence than matrix addition and multiplication:

(A+B)J(C+D)=AOC+AOD+BOC+B0OD 27)

(AB)O(CD)=AOCBOD (28)
Additional properties that are not hard to prove are listed below.

Property 1 The product AODB=0if andonly if A=0 or B=0.
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Property 2 If A and B ae invertible, then AOB is invertible and
(AOB)t=A"tOB™

Property 3If rank A =ry and rank B = r, thenrank AC B = r,rp,.

The Kronecker product notation will be used for polynomials or power series in
several variables. For example, if f:R" - R™, then the power-series expansion of f (x)
about x = Oiswritten

f(X)=Fg+ Fix+FoxOx+FaxOxOx+ «-- (29)

where each F; is a coefficient matrix of appropriate dimension, to be specific, m x n'.
Usually 1 will simplify the notation somewhat by setting x® = x0 --- Ox (i terms) and
writing
fx)= ¥ Fix® (30)
i=0
Taking a closer ook reveals that there are redundancies hidden in this notation. In
particular x®) is an n' x 1 vector, but only [n+_| _1J entries are distinct. For example,
writing transposes to save space, if
X =[X1X2X3] (31)
then
XA =[x} X1Xa XXz XoX1 X5 XoX3 XgXi XXz X3 ] (32)

The redundancy could be eliminated by deleting the repeated entries and using, say, a
lexicographic ordering for the rest. Adopting a square-bracket notation for the result, this
procedure gives

X3 =[x} X1, XXz X3 XoXz X3 ] (33

For many purposes, this reduced Kronecker product is preferable because the
dimensions are smaller. However, some explicitness is sacrificed for the economy of
dimension when general calculations are performed. For example, suppose Aisn x n and
y = AXx. Then

y®@ =yOy = (Ax) O (Ax)

=AOAxOX

= A@x@ (34)
Whileit is apparent that there exists a (smaller dimension) matrix A[@ such that

y12 = A2 12 (35)
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it is difficult to write Al? in explicit terms of A.
As another example, consider the linear differential equation

%(t) = AX(t), X(0) = xo (36)

again with Aan n x nmatrix. After verifying the product rule

% X (0)] = x(t) Ox (1) + x(t) O X() 37)
adifferential equation for x@(t)can be written in the form
% x@(t) = [ADI, + I, DA]x@ (), x@(0) = x@ (39)

where I, is the n x n identity. Although it can be shown that x/? also satisfies a linear
differential eguation, and one of lower dimension, there is no apparent way to write the
coefficient matrix explicitly intermsof A. (Incidently, the notation x ' (t) is being avoided
for good reason. Notice that (d/dt)[x@(t)] is much different from [(d/dt)x (t)]?, and thus
the dot notation tends to ambiguity.)

This differential equation example is of interest for more than just notational
reasons. What has been shown isthat if x (t) satisfies alinear differential equation, then so
does x(t). Clearly, this argument can be continued to show that x®(t) satisfies a linear
differential equation, k = 3,4, ---. A very similar observation provides the key for the
methods to be discussed in Section 3.3.

The result of these considerations is that | will use the Kronecker product notation
for the genera developments in this chapter. However, it is clear that the more
economical notation can be substituted with a concomitant loss in explicitness. Going
further, in simple examples it probably is profitable to abandon both these special
notations and work freestyle.

3.3 The Carleman Linearization Approach

The Carleman linearization method for computing kernels will be considered first in
the context of state equations of the form

X(t) = a(x(t),t) + b(x(t),t)u(t), t=0

y(®=ckx(®).1), x(0)=xo (40)

where x (1) is the n x 1 state vector and the input u(t) and output y(t) are scalar signals.
One reason for starting with this particular form is that the corresponding kernels do not
contain impulses. Thisis a direct result of the fact that the input in (40) appears linearly.
Toward the end of the section | will remove this restriction and briefly discuss a more
general case.

Another reason for the form in (40) is that the existence of a convergent Volterra
system representation can be guaranteed under general hypotheses. Suppose the functions
a(xt), b(x,t), and c(x,t) are anaytic in x and continuous in t, in which case (40) iscalled a
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linear-analytic state equation. Then various methods can be used to establish the
following, somewhat loosely stated, result. (A proof using the techniques discussed in
Section 3.4 isgiven in Appendix 3.1.)

Theorem 3.1 Suppose a solution to the unforced linear-analytic state equation exists for
t € [0,T]. Then there exists an € > 0 such that for all inputs satisfying |u(t)| < € thereisa
Volterra system representation for the state equation that converges on [0, T].

It is interesting to compare this with the corresponding result for bilinear state
equations. For linear-analytic state equations, the existence of a convergent Volterra
system representation is guaranteed only for sufficiently small input signals, while for
bilinear state equations the input signals need only be bounded.

The first step in actually computing the kernels will be to perform some variable
changes to put the state equation into asimpler form. These are not necessary, but they do
make the subsequent derivation less fussy. Incidently, it is not clear that such variable
changes are always a great idea. When dealing with particular problems or examples,
significant features can be obscured. But | yield to maintaining simplicity of derivations,
with the remark that the form of the Volterra system representation can be derived without
the variable changes.

The first simplification is that the function ¢ (x,t) in (40) can be taken to be linear in
x with little loss of generality. Differentiating the output equation under the assumption
that ¢ (x,t) is continuoudly differentiable in t gives a differential equation for y (t),

(0 = [ IO + o= c(x)

= [56; c(x,t)][a(xt) + b(x,t)u(t)] + % c(x.t) (41)

with y(0) = ¢(Xg,0). Since the right side of (41) has the linear-analytic form, y (t) can be
adjoined to the bottom of x(t) to form a new vector X(t). Then the state equation can be
written in the form

X(t) = A&(),1) + bRE),HU®) , X(0) = Xo

y(t) = c(t)x(t), t=0 (42)

where X(t) isan (n+1) x 1 vector. Inthiscasec(t)= [0 --- 01].

| aso will assume that the solution of the differential equation in (42) with u(t)=0is
X(t) = 0. To show this entails no loss of generality, suppose that the response for u(t) = 0
iSXo(t). Then setting X(t) = X(t) — Xo(t), (42) can be written in the form
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X(t) = X(t) - Xo(t)
= A(X(t),t) + bE(t),H)u (t) - A(xo(t).1)
= AR(O+Xo(0).0) + BER+Xo().Du (D) = 80xo(t).1)
= a(x(t),t) + b(x(t),t)u (t)

y(t) = c(t)X(t) + C(t)Xo(t), X(0)=0,t=0

with the appropriate definitions of a(x,t) and b(x,t). Thus, smplifying the notation, state
equations of the form

X(t) = a(x(t),t) + b(x(t),t)u(t), t=0

y(®) = c(x()+yot), x(0)=0 43

will be considered. Here x(t) is an nx 1 state vector, u(t) = 0 implies x(t) = 0 and
y(t) = yo(t), and a(0,t) = 0 because of the variable change employed.

It should be noted that there is a price to pay for this last variable change. Namely,
the unforced solution xg(t) must be computed in order to obtain the right side of the
simplified differential equation in (43). While this might not be a severe problem when the
unforced system is linear in Xx(t), clearly the computation of Xxq(t) in a more general
situation can be arbitrarily difficult.

The goa now is to determine the terms through degree N of a polynomial
input/output expression for (43). That is, to determine an input/output representation of
the form

N [ee]
YO =Y+ 3 [ oy .00u(Ey) u(@)do; - dox (44
=1 -
Of course, in genera there will be terms of higher degree that have been ignored in (44).
Since the state equation (43) can be represented as a convergent Volterra system (under the
conditions stated earlier), a polynomia truncation of the series will be an accurate
approximation for inputs that are sufficiently small.
Actualy, the method to be considered for determining the polynomia system
representation generates a polynomial representation for x(t). That is, a set of vector
kernels is determined for an expression of the form

N [ee]
x(t) = kZ [wtoy,..., o u(oy) - - - u(oy) doy - - - doy
=1 -

Then, since y (t) is alinear function of x(t), the kernels for the input/output representation
are readily computed.
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The Carleman linearization method begins with the replacement of the right side of
the state equation (43) by power series representations. Adopting the Kronecker-product
notation, write

a(x,t) = Al(t)x + Az(t)X(Z) + -4+ AN(t)X(N) + ..

b(xt) = Bo(t) + By(t)x + -~ + Bya (X" + - (45)

where the terms not shown are of higher degree in x than the terms that are shown. Thus,
(43) iswritten in the form

= 3 AOMO+ S BOMOUD+ -
k=1 k=0

y(t) = c(t)x(t) + yo(t), x(0)=0, t=0 (46)

where | have explicitly retained terms through degree N in the expansion of a(x,t), and
terms through degree N-1 in the expansion of b(x,t). That higher-degree terms in these
expansions will not contribute to the first N kernels will be seen in due course.

The representation in (46) is an appropriate first step because it can be shown that
the output of (46) with the higher-degree terms deleted, call it y(t), for any input u(t),
when compared to the response y (t) of (43) to this same input, satisfies

y(t) -y | sKpN*, t=0 (47)
where K is a constant, and

B=rp§)XIU(t)I

Now consider the responses y(t) and y (t) for inputs of the form au (t), where o is any real
number. In this situation,

(V) -y ()| <K JarN*1pN+1

so that the polynomial representations (truncations) for y(t) and y(t) must be identical
through degree N.

To determine the first N kernels corresponding to (46), a differential equation is
developed for x@(t), dropping from explicit consideration terms of degree greater than N
aong the way.
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%[X(Z) ®] = %[x(l) ) OxD ()] = )-((1) ) OxO)+xD () O ).((1) (®

= % A ()x® (1) + Nz_l B ()x® ®)u )] O xD(t)
k=1 k=0
N N-1
+xOO O T A@x®t) + T Btx©O@u@]+ -
k=1 k=0
N-1
= 3 [A) Oln+ 1, OA®] x**D(t)
k=1

+ Niz [B(®) Oln + 1, OB x®D(tyu) + ---, xP0)=0  (49)
k=0

Thus x@(t) satisfies a differential equation that has the same genera form as the
differential equation for x(t) in (46). _

Continuing in this fashion yields a differential equation for x)(t) to degree N of the
form

d gz et (D 1) 4 S (k+-1)
™ XVl = 2 Akx )+ X Bjk(t)x Qu)y+ -,
k=1 k=0 .
xD©O)=0,j=1,..., N (49
with the notation defined by A; = A, and for j > 1,

Ak =A@ D010 - Ol + 1L, 0AQ 01,0 -+ 01,

+...+|nD DlnDAk(t)

(There are j —1 Kronecker products in each term, and j terms.) A similar notation is used
for B; «(t). Now, the crucial observation isthat by setting

xD(t)
XD(t) = X(Z? (t)

xMN (1)

| can write the collection of differential equations in (49) as the big bilinear state equation
(dropping some arguments) plus higher-degree terms:
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[An Ap - A
d 5 0 Az - Ajna -
R I e
o o0 - Al.\ll
[Byy Byp ~+ Byng O B1o
B Bay -:- Bon-2 O 0
+ O B30 B3,N—3Q x“u + 0O |u+ -
0 0 - By 0 0
yt)=[c(t) 0 -~ O] x"(t)+yo®)+ -+, x”(0)=0 (50)

Upon deleting all the higher-degree terms represented by the ellipses, this state equation is
called a truncated Carleman linearization of the linear-analytic state equation in (43). (It
might also be appropriate to call (50) a bilinearization of (43).)

It is straightforward in principle to find the degree-N polynomial representation for
the input/output behavior of the bilinear state equation (50). Since the input/output
behavior of (50) agrees with that of (43) through terms of degree N, the polynomial
representation of degree N for (50) is precisely the same as that for (43). Note that this
approach gives all N kernels in triangular form via (22) from Section 3.1.

Example 3.3 A phase-locked loop for the demodulation of FM signals is diagramed in
Figure 3.2. Theinputisan FM signal

r(t) = sinfwt + @y (t)]
where

t
@ (1) = [u(o)do
0

and u(t) isthe message (modulating) signal.

r filter v,
8(0), G(s)

L v o Voltage—controlled
oscillator

A

Figure 3.2. A phase-locked loop.

The loop filter is described by the transfer function G(s), and the voltage-controlled
oscillator produces the signal
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v (t) = 2Kcos[wt + @,(1)]

where

t
@(t) = [y(o)do
0
and y (t) is the output of the phase-locked loop. The output of the multiplier then consists

of two terms: ahigh-frequency term

Ksin[2wt + @ (t) + @ (1)]
and alow-frequency term

Ksin[@y(t) - @x(t)]

Assuming that the loop filter removes the high-frequency term, the signal e(t) can be
considered to contain only the low-frequency term. That is,

e(t) = Ksin[gy(t) - gx(t)] = Ksin[x(t)]

where the phase error signa x (t) is given by
t t

X(t) = @ut) — @(t) = Ju(0) do - [ y(0) do
0 0
Then the output of the loop filter, which also is the output of the phase-locked loop, is
t
y(®) = [g(t-1e(r) dt
0

From these relationships a differential-integral equation that describes the phase error is
XM = @) — @) = u®) -y (©)
= u(t) - [ g(t-DKsin[x(1)] dt
0

This equation suggests the model shown in Figure 3.3. When X (t) is zero the loop is said
to belocked, and in this situation @, (t) = @ (t), or y (t) = u(t).

L% sin(.) H g(1), G(s) }7)/4,
S
g

Figure 3.3. A nonlinear model for the phase-locked loop.

The difficulty in analyzing the model depends chiefly on the nature of the loop-filter
transfer function G(s). For simplicity, | will consider only the so-called first-order phase-
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locked loop, wherein G(s) = 1 (or g(t) = dp(t)). Then the differential equation description
for the phase error smplifies to

%(t) = -K sin[x ()] + u(t)

and if the loop is locked, x (0) = 0. To compute the kernels in this simple case, there is no
need to use the general notation. The differential equation can be replaced by the equation

X(t) = -Kx(t) + %x3(t) +ult)+ -

where only those terms that contribute to the first three kernels have been retained
explicitly. Since xW(t) = xJ(t) for scalar x(t), let

X(t)
xHU(t)= | x3(t)
x3(t)
Then (50) becomes
d [-K 0 KI/6
—[x"®]=1 0 -2k 0 |x"()
dt |0 0 -3

(000 1
+ ZOO]xD(t)u(t)+ {O]u(t)+
1030 0

x(t)=[10 0]x"(t)

where the phase-error signal is taken to be the output of the state equation. A short
calculation yields

e—Kt 0 (e—Kt _e—3Kt)/12
eAt - 0 e—2Kt 0
0 0 e

and from (23) the first three triangular kernels are
h(t,07) = e 5 (t-ay)
h(t,0,,0,) =0
—Kte_KcleKcz

Ko. = Ko, Ko, Ko;
3_e3Kt 10"0%2¢q 3]

h(t,0,,0,,03) = %[e e e
0_1(t-01)0-1(01-02)0-1(02—03)

(The unit step functions are there just to emphasize that these are triangular kernels.)
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Extending the approach of this section to state equations of the form
x(t) = f (x(t),u(t),t), x(0)=0

y(®) =h(x()t), t=0 (51)

where u(t) and y(t) are scalar signals is not hard. It is messy, to be sure, especially when
worked out in detail, but the mechanics are familiar. A power series form of the equation
is obtained, and then a set of vector kernels describing x (t) is calculated in much the same
way as was done for bilinear state equations. But now the nonlinear dependence of
f (x,u,t) upon u means that the kernels must contain impulses. A transparent case will
show why.

Example 3.4 For the scalar state equation
X(t) = u?(t), x(0)=0

y() =x3(t)
integration directly yields

t
x(t) = [u?(0) do
0

Writing this as a degree-2 homogeneous term
tt

x(t) = [[h(t,01,02)u(01)u(07) dopdoy
00

requires the impulsive kernel
h(t,01,02) = dy(01-02)

Thus, the output is given by
t

y(t) = [ 80(01-02)8(03-04)80(05~0g)u (01) - - - U(Tg) AT - - - doy
0

which clearly showsthat the system is homogeneous of degree 6.

Returning to the differential equation in (51), | assume that f (0,0,t) = 0, and, as
usual, that f (x,u,t) has properties that suffice to remove worries about existence and
uniqueness of solutions for t = 0. Differentiability sufficient to carry out the following
development will be assumed, and the argument t will be dropped in part because the
calculations are essentially the same for the stationary and nonstationary cases. Using the
Kronecker product notation, the expansion of f (x,u) about x = 0, u = 0 through degree N
can be written in the form
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f (x,U) = Fouu + Fou? + Fgu® + F1ox® + F 13 x@u + FpxWu?

+ FZOX(Z) + F21x(2)u + F22X(2)u2 + -

This provides a differential equation for x of the form

N N o
x=3 5 FixOul+ --- (52)
=0 =0
where Foo = 0. The procedure for developing differential equations for x@, . . ., xMN) is

just as before. Now, however, the equation for

®
xt= | X

x ™)
will have a number of additional terms;

%XD = FxY + GyxPu+ GoxPu? + -+ GuxPuN T+ guu+ -+ guuN + (53

From this point, the idea is to mimic the development in the bilinear case. Using a change
of variables involving the transition matrix for F, and then integrating both sides of the
resulting state equation sets up the iterative resubstitution procedure. Of course, there are
many more terms here, but, at this level of notation, applying the procedure and inserting
impul ses to write the homogeneous terms in the right form is straightforward in principle.
Once this has been done, expanding the output equation to degree N,

h(x) = yo(t) + hyx + hox@ + -+ -+ hyx™ + -+

= yo(t) + I+ - (54

leads to a polynomial input/output representation upon deletion of the ellipses. Notice that
this last step requires nothing more complicated than using properties of the Kronecker
product. In particular no additional impulses need be inserted.

Example 3.5 The nonlinear feedback system shown in Figure 3.4 is described by
X(t) = AX(t) + b[u(t)-y (t)]

yt)=cx(t), t=0, x(0)=0
where the scalar nonlinearity is a polynomial (or power series)

(@) = o+ gpa® + e + -
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% )—% w () Hcemb}iy;’

Figure 3.4. Nonlinear system for Example 3.4

Using the approach just outlined, | will compute the first- and second-degree kernels for
the closed-loop system. Corresponding to (53), the terms needed for the first two kernels
involve setting

X

xH =

x(@
and replacing the given state equation by a state equation of the form
—x" = Fx" + GxPu+ gu+ gout+ -
y = hx"

It should be clear that higher-degree terms in x" and u will not be needed. Moreover, it

will turn out that the general notation being employed in the differential equation for x"

carries along terms that are superfluous as far as the first two kernels are concerned. In

particular, the equation for x™ contains terms involving x, x@, xu, x®u, u, and u?. The

x@u terms are not needed and arbitrarily setting the coefficients to 0 can simplify matters.
The differential equation for x can be written out in the form

X = AX+ b[(u=cx) + Pa(u—cx)? + Pa(u—cx)® + - -]

= (A—bc)x + bu + P,bu? — 2y,bexu + Wob(ex)? + 3Psb(cx)?u + - - -
Using the Kronecker product notation to write
(cx)? = (ex) O (ex) = c O ex@
and dropping into the dots terms that do not enter into the x™ equation, gives
X = (A-bc)x + bu + Y,bu? - 2y,bexu + Yobe O cx@ + 3ypzbc DexPu + - - -
To develop adifferential equation for x(@, the product rule gives
%[x(z)] =x0Ox+x0Ox
=[(A-bc)O1 + | O (A-bc)]x@ + [bO1 + | Ob]xu
+ Yo[b Ol + 1 Ob]xu? —2y,[bc Ol + 1 Obc]xPu + ---

Again terms that will not contribute to the final result have been dropped. Thus the state
equation (53) interms of x is
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d [ A-bc WobcOc o
ot 0 [(A-bc)O1 +10(A-be) | *

—2,bc 3YysbcOc b Wb
[bDI+2IDb] —2qJ2[(bc)3DI+ID(bc)]]XDU+ [o}”* { 0 ]”2

y=[c 0]x”, x70=0

Now the resubstitution procedure can be applied just as was done for bilinear state
equations, with the exception that impulses must be inserted to obtain terms of the correct
form. It is easy to show that in the general notation the first two triangular kernels are
given by

h(t,0) = heF(~9g,

h(t,01,02) = he™ ™G 16" ¥g, + he™ ") g,80(01-0)
To complete the calculation, these kernels can be expressed in terms of the given
state equation by showing that
t
e(A—bc)t J’e(A—bc)(t—cr)llszC 0 Ce[(A—bc) gr+10 (A—bc)]odo.
0

oFt =
= 0 el(A-bc) O1+1 0 (A-be)]t

Then the first two triangular kernels are
h(t,0) = ceA)-9p5_, (t-0)

h(t’o'l’o-z) — [_sze(A_bC)(t_01)bce(A—bC)(O'1—02)b
t-o,

+ lIJZ J’ Ce(A_bC)(t_cl_y)bC 0 Ce[(A—bc) O1+10(A-bc)ly dy (b O1+10 b)e(A_bC)(cl_GZ)b
0

+ Ppce AP p50(01-02)18.4 (t-01)81(01-0)

As mentioned at the outset, the terms involving x®@u, in other words, the terms in the
second block column of G4, do not enter the result, and could have been set to zero for
simplicity.

3.4 The Variational Equation Approach

In the variational equation approach, a state-equation description is obtained for
each degree-k homogeneous subsystem in the input/output representation. It turns out that,
athough the equation for the degree-k subsystem is coupled nonlinearly to the equations
for the lower-degree subsystems, each of the equations has identical first-degree (linear)
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terms. Thus the various kernels can be computed using the linear-state-equation solution
reviewed in Section 3.1.
Asin the previous section, | begin by considering the linear-analytic state equation

X(t) = a(x(t),t) + b(x(t),t)u(t), t=0

y(®) = c(x()+yot), x(0)=0 (55

where a(0,t) = 0 so that the response to u(t) = 0isx(t) = 0, y(t) = yo(t). The analyticity
assumption can be weakened since only afinite number of kernels will be computed, but it
is retained here for simplicity. More general state equations without the special
assumptions on the unforced response are discussed later in the section.

The homogeneous-subsystem state equations are derived by considering the
response of the differential equation in (55) to inputs of the form au(t), where a is an
arbitrary scalar. The response can be written as an expansion in the parameter a of the
form (In the present context, subscripts do not indicate components of a vector.)

X(t) = axg(t) + o®xp(t) + -+ aNxy(t) + - (56)

where the dots contain terms of degree greater than N in a. Viewing the analytic functions
a(x,t) and b(x,t) in terms of power series, substituting (56) into (55), and equating
coefficients of like powers of a leads to a differential equation for each x,(t), the degree-k
component of x (t).

Just as in the Carleman linearization approach, the first step isto replace the termsin
(55) by power series representations. For ease of exposition, only the calculation of the
first three kernels will be treated. Thus the state equation

X(t) = AL XD () + Axt)xA(t) + Az(t)xP(t)
+ Bo(®u(t) + BL®xW(®u(t) + BoOxPQu(t) + -

y(t) = c)xD) + yot), xP@©)=0, t=0 (57)

will be considered. Both the assumed input au(t) and the assumed response in (56) are
substituted into (57). Note that from the rules of calculation for Kronecker products,

xA(t) = [oxy () + 0®X,(t) + -] O [axy(t) + a? xo(t) + - -]
= a?xP (1) + o3[x1(t) O xo(t) + Xo(t) Oxq (O] + - -

x®Ow)= a3xP )+ - - (58)

where, again, only terms of degree 3 or less are explicitly retained. The terms of higher
degree in x that have been dropped from (58) would not contribute lower-degree termsin
a. That is, substituting (56) into a degree-k function of x yields terms of degree k and
higher in a. Now, (57) can be written in the form
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axq(t) + a?x,(t) + adkg(t) + - - -
= aA (D)X (t) + 02[Aq ()Xo (t)+A ()X (1)]
+ o3[A L ()X3(t)+Ax(t) (X1 (1) O Xo(t)+Xo(t) O x1 (1)+As )X (t)]
+ aBg(t)u(t) + oB(t)x1()u(t) + a’[B(t)xa(t)+Bo(t)x2 (]u(t) + - - -,

ax(0) + a®x,(0) + a®x3(0)+ -+ =0 (59)

Since this differential equation and the equation for the initial state must hold for al a,
coefficients of like powers of a can be equated. This gives the first three variational
eguations:

X1(t) = Ag(t)X1(t) + Bo(t)u(t), x1(0)=0
X2(t) = Ag(O)X2(t) + Ax(t)XP (1) + B1(t)xa(tu(t), x2(0) = 0
X3(t) = Ar(t)Xa(t) + Ax(t)[X1(t) O X2(t) + Xa(t) O x4 (t)]

+ Az (t) + B1(®x2(t)u () + Bot)xP (hu(t), x3(0)=0 (60)

Thefirst equation in (60) is the linearized version of the differential equation in (55).
Defining the vector kernel

w(t,0) = ®(t,0)Bo(0)d-1(t—0) (61)
where ®(t, 1) isthe transition matrix for A4(t), yields the representation
t
X1(t) = [w(t,0) u(o) do (62)
0

Proceeding to the second equation in (60), the term x§? (t) can be written in the form

t t
x@ (t) = [ [w(t,o)u(o) do] O[ [ w(t,0)u(o) do]
0 0

t
Jw(t,01) Dw(t, 02)u(01)u(0y) dopdoy (63)
0

Ot— ~

Substituting (62) and (63) into the second equation in (60), it is found that thisis a linear
differential equation in X5(t). (It should be clear that this linearity feature is the key to the
method.) Thus

118



[oNe)

t
Xa(t) = [ d(t,0)[A(0) [ [ w(g,01) Dw(0,02)u(01)u (o) doday
0 00
+ Bl(G)IW(G,Gl)u(Gl)dclu(G)] do (64)
0

Using the fact that w(t,o) = 0if o > t, (64) can be written in the form
ttt

Xo(t) = [ [ [ ®(t,0)Az(0)w (0,01) Ow(0,0,)u(07)u(0,) dodo,doy
000

tt
+ [ [ @(t,0)B1(0)w(0,01)u(07)u(0) dodo, (65)
00

Thus the degree-2 component of x (t) is given by
tt

Xa(t) = [ [ w(t,01,02)u(01)u(02) dopdoy (66)
00

where
t
w(t,01,0,) = [ ®(t,0)Az(0)w(0,01) Dw(0,0,) do
0

+ @(t,0,)B1(02)W(02,01)
t
= [ ®t0)Ay(0)P(0,0,) B (0,0,) doBo(01) O Bo(02)

max[0;,07]
+ ®(t,02)B1(02)®(02,01)Bo(01)0-1(02-01), 0< 01,02 <t (67)
Of course, the same procedure is used to derive a degree-3 vector kernel that
describes x3(t). This straightforward but messy calculation is left to the reader. To

determine the degree-3 polynomial representation for the input/output behavior, it is clear
that each of the vector kernels should be multiplied by c(t).

Example 3.6  Revisiting the first-order phase-locked loop in Example 3.3 using the
variational equation approach will indicate the mechanics in a more detailed fashion, as
well as contrast the two methods discussed so far. To compute the first three kernels, the
starting point is the state equation for the phase error in power series form:

X(t) = —Kx (t) + %x%) fu@)+--, x(0)=0

Substituting the expansion
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X (t) = axy(t) + a®x,(t) + adxg(t) + - - -

into the state equation with the assumed input au(t) gives the first three variational
eguations:

X1 (t) = —Kxy(t) + u(t), x1(0)=0 -

X2(t) = -Kx2(t), x2(0)=0

: K
X3(t) = —Kxs(t) + FX%) , X3(0)=0
Solving the first variational equation is a simple matter:
t
x1(t) = [e™ (o) do
0

Thus, the degree-1 kernel for the systemis
h(t,0) = e Kt-95_, (t-0)

The second variational equation is even simpler, giving X»(t) = 0 for al t = 0. Thus the
degree-2 kerndl isidentically 0. The third variational equation gives
t
_ [aK(t-0) K 3 d
X3(t) '(|)'e 5 X3 (0) do

Writing this in the standard degree-3 homogeneous form is going to take a little more
work. Thefirst step isto write

x3(0)=[[e™ " u(0y) doy 3
0

-K(o-0,) e—K (0-0,) e—K (0-03)

e u(oq)u(o,)u(os) dodo,dos

o Qa

e K070 K(O7%)5 | (0-01)8.1(0-02)5.1(0-0T3)

Ot— ~

u(oq)u(oz)u(os) dojdo,dog

Substituting this expression into the expression for x3(t), and rearranging the order of
integration, gives
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t t
X3(t) = I %e_Kt [I e—2K0'6_1(0_0-1)6_1(0_0.2)6_1(0_0.3) dG]eK(01+02+03)
0 0
u(o1)u(oz)u(os) dojdo,dos

t

:J' -1 [e—3KteK(01+02+03) _ e—Kt _2Kmax(01:02:03)eK(01"'02"'03)]
)12

e
u(oq)u(oz)u(os) dojdo,dog

Now a degree-3 kernel for the system is apparent. Notice, however, that it is not
immediately apparent that this result agrees with that in Example 3.3.

The mechanics of the variational equation approach change little when the most
general state equations are considered. In fact, the special assumptions on the linearity of
the output and on the zero-input response can be relaxed without causing distress. To
illustrate thisin some detail, consider the general state equation

x(t) = f(x@)u®).t), x(0)=xo

y() = h(x@®),u(®),t), t=0 (68)

where u(t) and y (t) are scalars. Suppose that with the fixed initial state and the input G(t),
the response is X(t), y(t). In this setting it is of interest to find a polynomial input/output
representation that describes the deviation of the output from y(t), y5(t) = y(t) - y(t), in
terms of the deviation of the input from u(t), us(t) = u(t) - u(t). This means | am
abandoning al the changes of variables previously used to clean up notations. Through
degree N, the right side of the differential equation in (68) can be replaced by (dropping
most t's)

f(x,ut) = f (x+x5,0+uz,t)

= f (},0,1) +
i

Mz

% Fijtx§u + -+, Fpo=0
0j=0

via a Taylor series about X, U. Now consider deviation inputs of the form au;(t), where a
is an arbitrary scalar, and assume that the resulting deviation response is expanded in
termsof a:

X5 = OXy5+ A%Xp5 + « -

(Note that the o term is missing since a = 0 implies the input is U, which implies the
response isX.)
Substituting into the differential equation gives, through degree 3 (again)
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OX 15 + 0%Xp5 + 03Xg5 + -+ = Fyp(t)[0X 15 + 0PX o5 + 03X 35]
+ Foo(t)[0X15 + 0%X25]@ + Fap(t)[ox15] D+ aF g (t)us
+ 0%F gp(t)us + 03Fga(t)u3 + Faa(t)[oxy5 + 0PXps]0U

+ Fp(t)[axys]o®ud + Foy(t)[oxas] Pous + - - -

Equating coefficients of like powers of a gives the first three variational equations listed
below.

X15 = F1o(t)X15 + For(t)us, X15(0)=0
X25 = F10(t)Xa5 + Fao(t)Xi3 + Foa(t)ug + F1a(D)X15Us, X25(0) =0
X35 = F1o(t)Xss + Foo(t)[X15 0 X25 + X25 0 X15]
+ Fao(X + Fog(t)ud + F 1 (D)XosUs + F12(t)X15U%
30 03(Du3 + F11(DX2sUs + F12(t)X15U5

+ Fy(t)xBus, x35(0)=0

But now the computation of vector kernels for each variation proceeds just as before,
except that an occasional impulse must be inserted to obtain the standard form of a
homogeneous term. Then the process is completed by expanding the output equation,
substituting into that expansion, and regathering terms of like degree with perhaps some
insertion of more impulses since the output map in (68) is permitted to depend on the
input.

Example 3.7 The variationa equation approach will be applied to the nonlinear
feedback system of Example 3.5:
X(t) = AX(t) + byu(t)-y(®)], x(0)=0

y(t)=cx(t), t=0
where
B(@) = o + Po0® + Pga + -

and where U(t) = 0, x(t) = 0, and y(t) = O for al t>0. To compute the kernels through
degree 2, the system is written as

X(t) = Ax(t) + b[u(t)-y ()] + Wab[u(®)-y (O + - -

It is appropriate to drop the general notation for this example since it offers no particular
advantage. Assuming the input au (t) and response
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X(t) = axa(t) + a®xa(t) + -+
substituting, and equating coefficients of like powers of a gives the variational equations
X1(t) = [A =bc]x4(t) + bu(t), x;(0)=0

Xa(t) = [A = bc]xa(t) + Wab[u(t)-cx1(1)]?, x2(0)=0
From the first equation,

t
xa(t) = [ e py(gy) doy
0

and since the output equation is linear, the degree-1 kernel in the polynomial input/output
mapis
h(t-0,) = ce’* ™15 (t-0y)

The second equation is solved in a similar fashion, although the terms involved are more
complicated.
0,

t
xa(t) = [ 1Dy blu(oy) - [ h(oy-0,)u(oy) doy)? doy
0 0
t
= [ [ woe ™ p5i(01-02)u(0)u(0,) doydoy
00

+ { { —20,eA (6. —6,)u (01)u(0,) do,doy

t 01 Oy
+ [ [ [ w1 ph (0,-0,)h (01-05)u (02)u (03) dodosdo;
00O

Thus the degree-2 term of the input/output map is
tt

JIht.01,02)u(o1)u(02) dozdo;
00

where, with alittle relabeling of variables in the last term,
h(t,01,02) = Wzh(t=01)30(01-02)3-1(01-02) — 2Y;h(t —01)h (01-03)
t
+ [ Woh (t-03)h (03-0,)h (03-07) dog
0
This degree-2 kernel can be written in terms of the given system parameters in the obvious
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way.

3.5 The Growing Exponential Approach

The properties of growing exponentials discussed in Chapter 2 can be adapted
readily to the problem of finding transfer function descriptions from constant-parameter
(stationary) state egquations. Consider the general form

X(t) = a(x(t),u(t)), x(@=0

y(t)=cx(t) + yot), t=0 (69)

where a(0,0) = 0 and a(x,u) is anaytic in x and u. Briefly stated, the first N symmetric
transfer functions corresponding to (69) are computed as follows. First replace a(x,u) by a
power seriesin x and u. Then assume an input of the form

At

u)=eM'+ - +e (70)
and assume a solution of the form
X(t)= 3 Gy, ..o Ag)eMA T m (71)
m

where the notation is precisely that of Chapter 2, and the vector coefficients are
undetermined. Substituting into the differential equation, solve for

G1o,...,0A1), G11,0,...,0A1,A2), . .., CTRNET (P An)

by equating coefficients of like exponentials. Then since the output is a linear function of
Xl

H1(s) = cGyp,...,0(8)

1
Hogm(S1,S2) = o cGy10,...,0(51,52)
Hngm(S1, - - - S\) = - CGy, (S SN) (72)

| should note that considerable savings in labor is realized if exponentials that obviously
will not contribute to the terms of interest are dropped at each stage of the calculation. For
example, notermin (71) with m; > 1 for at least one j need be carried.

Example 3.8 To find the first three symmetric transfer functions corresponding to the
now familiar state equation description

%(t) = —Kx (t) + %x3(t) Fu)+ -

assume an input of the form
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A Ast

u(t)=e)‘1t+e '+e

and, dropping arguments for simplicity, a solution of the form
X(t) = Gioo €' + Goyoe™ + Gogre™' + Gogoe™

Mt Dt A AL
+ Gooe”™ + Goee™! + Gype™ ™

e()\1+)\3)t e()\z"')\3)t e()\1+)\2+)\3)t + ..

+ Gqp1 + Gop + Gy

Of course, in this scalar case with the output identical to the state, the G notation could be
replaced by symmetric transfer function notation. Also note that the Gogg, Gaoo, Goo2
terms are included just to show in the context of an example that they are superfluous. At
any rate, an easy calculation gives

x3(t) = 6G 100G 010G 001 €
Substituting into the differential equation, and equating the coefficients of

e)\lt ' e()\1+)\2)t ' e()\1+)\2+)\3)t

A+ A+ At + ..

respectively, yields the equations
A1 Gioo + KGygo =1

(A1+A2) Gig0 + KG190=0

(A1+A2+A3) Gia1 + KG191 = KG9 Go1o Gom

Solving these in turn gives

1
Gioo(A1) = MK
G110(A1,A2) =0
_ KG100G010G001
Using the obvious facts:
1 1
Go1o(A2) = Goo1(A3) =

Ar+K ' A3tK

the first three symmetric transfer functions are
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1

H1(s) = otk

Hogm(S1,82) = 0

K/6
(s1+s2+53+K)(S1+K)(S2+K)(S3+K)

H3qm(S1,S2,S3) =

Example 3.9 Consider again the simplest general nonlinear equation of the form (69);
the bilinear state equation

X(t) = Ax(t) + Dx(t)u(t) + bu(t)

y(t)=cx(t), x(0)=0

To find the first two symmetric transfer functions, let
ut) =M+ ™ AN, >0
and assume that
x(t) = Gl,oe)\1t + Go,le)\2t + Gl,le()\1+)\2)t + o
Substituting into the differential equation and equating the coefficients if e gives
AMG19o=AGip+hb
Solving this linear equation yields
Gio=(MI-A)"b
so that the degree-1 transfer function is
H(s)=c(sl-A)*b

The coefficients of ™"

are equated in asimilar fashion to yield the equation
(A1+A2) G113 =AG11+ DG+ DGy
Substituting G1 o = (A1l —A) b and Gg ; = (Aol ~A) ™ b and solving gives
G11 = [(A1+A)I -A] ™ DAl -A) b + (A2l —A)'b]

Thus the degree-2 symmetric transfer function is
Hagm(s1,52) = %C[(SﬁSz)l —A]™ D[(s11 -A) b + (s,1 -A)'b]
Note that asimpler asymmetric version can be written by inspection, namely
H2(51,82) = c[(S1+82)I -A] ™ D (s11-A) b

| leave it to the reader to show that a degree-3 asymmetric transfer function can be written
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H3(S1,52,53) = C[(S1+52+S3)l ~A] " D[(51+52)I ~A] ™ D(s11 -A) b

From this, a pattern for the higher-degree transfer functions should be clear.

3.6 Systems Described by N"-Order Differential Equations

Various versions of the methods that have been discussed have appeared in the
literature from time to time. Mostly these have been set up for N"-order, nonlinear,
differential equations in the older literature. Since some problems are described quite
naturally in these terms, | will review the variational expansion method for the equation

K
yM (@) + ano Q)yN D) + -+ agt)y () + kz bi(t)y () = u(t) (73)
=2
where
y@=yP0)= - =yNDO=0 (74)

so that the solution for u(t) = 0Oisy(t) = 0. Of course, thisis a specia case, but the ideas
generaize in atransparent fashion.
Consider the response to the input au (t), where a isa scalar, and write

M
yt) = X alym(t)+ - (75)

m=1

where only the terms of degree M or less have been explicitly retained. Substituting into
the differential equation gives

M N K M
S o™y ayPM)+ I kO X aMym®)]+ - = au(t) (76)

m=1 n=0 k=2 m=1
where ay(t) = 1, and the initial conditions are
y®©) =0, n=01,...,N-1, m=12,...,M

Equating coefficients of a on both sides gives
S a Oy ®=u®, ¥(©=0, n=0,... N1 (77)
n=0
and the solution of this linear differential equation can be written in the form
t
ya(t) = ,cl;hl(t-(fl)u (01) doy (78)

Equating coefficients of a? gives
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N
> anyS (1) + bty (1) =0, ¥iV(0)=0, n=0,..., N-1 (79)
n=0

The solution of this differential equation can be written in the form

t
ya(t) = [ h1(t, 01)b2(01)yZ (01) doy (80)
0

To write thisin the usual degree-2 homogeneous form requires a substitution for y4 (o, ):

0, 0,

t
y2(t) = [ h1(t,01)b2(01) [ h1(01,02)u(02) doy | h1(01,05)u(03) dosdoy
0 0 0

t 0101

= [ [ [ hi(t,01)b2(02)h1(01,02)h1(01,03)u(02)u (03) do,dosdo;
000

Inserting unit step functions so the limits of integration can be raised to t, and relabeling
variables, gives
tt

y2(t) = [ [ ha(t,01,02)u(01)u(02) doydo, (81)
00

where

t
ha(t,01,02) = [ h1(t,0)b2(0)h1(0,01)h1(0,02)8.4(0-01)3-4(0-0z) do (82)
0

| can proceed in a similar way to compute the higher-degree kernels in the
(truncated) polynomial input/output representation. The only obstacle to a general
formulation lies in the nonlinear term in (76). This can be handled by writing

M M
[ 3 aMym®)] = de‘yj,k(t) (83)
m=1 j=

and deriving arecursion for the termsy; i (t), j = k.
Let

M
fa)= 3 afym(t)

m=1
M
g(@)=[ 3 amyn1** (84)
m=1

Then, g (a) can be written as
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My

g@= 3 alyjea(t) (85)
j=k-1
and
M
f (o)g(a) = _Zk aly; k() (86)
=

Toisolate theal, j = k, terms on both sides of this equation, differentiate both sides j times
with respect to o and set a = 0. Using the product rule

—[f(a)g(a)] Z(J)[ f(Ol)][

=y g(@) (87)
gives

'z (Y- 2 ®) = Vi (89)

But the lower limit on the sum can be raised to 1 since yq(t) = 0. Since j 2k, and since
nonzero summands correspond to j —i = k-1, the upper limit on the sum can be replaced by
j-k+1. Thus,

j—k+1
Yi, k(t) - Z Yi (t)y] -i,k- 1(t) (89)
i=1
where, for k = 1, y; 1(t) = y;(t).
Returning now to the problem at hand, equate the coefficients of a® on both sides of
the equation

K M
Z a Z an (YR () + kZ bi(t) Zkﬂ‘yj,k(t) + o= au®), RO = (90)
n=0 =2 j:
Thisgives
N
> an (YY) (t) + ba(t)ys2(t) + bs(t)yss(t) = O (91)
n=0

where dl initial conditions are zero. The solution can be written in the form
t

ya(t) = [h1(t,01)[b2(01)y32(01) + b3(01)ys,3(01)] doy (92)
0
The recursions just developed yield
¥32(01) = Y1(01)y2,1(01) + Y2(01)y1,1(01) = 2y1(01)y2(01)
Y33(01) = Y1(01)y2,2(01) = y3(01) (93)
S0 that
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t
ys(t) = Ih1(t-01)[2b2(01)Y1(01)Y2(01) + b3(01)y3(01)] doy (94)
0

Now it is just a matter of substitution for yi(o1), y2(o,) from (78), (80), and some
manipulation of integrals to put thisinto the form of a degree-3 homogeneous subsystem.

| should also point out that the growing exponential method can be adapted quite
easily to N"-order differential equations, as the following example shows.

Example 3.10 The simple pendulum consists of a mass m suspended on a massless rod
of length L. The input torque at the pivot is u(t), the damping coefficient at the pivot is a,
and the output y (t) is the angle from the vertical. The well known differential equation
describing this system is

. . 1
—SY0+ Lsinly®)] = —

and it is assumed that the initial conditions are zero. To compute the first three symmetric
transfer functions by the growing exponential method, the first step is to replace sin[y (t)]
by its power series expansion. Of course, only terms through order three need be retained
explicitly, so the differential equation of interest is

y() + u(t)

0+ 2550 + Ly -5y 0 + - = — 0

mL 2 3L m
The growing exponential method can be simplified in this case by arguing, either
from the physics of the situation or from the differential equation, that y (t) will contain no
homogeneous terms of even degree. That is, if the input signal u(t) produces the output
signal y (t), then the input signal —u(t) produces -y (t), and it follows that only odd-degree
terms can be present.
To calculate the symmetric transfer functions through degree three, assume an input
signal of the form
Mty M N AN > 0, tE (~00,00)
Since all degree-2 terms are known to be zero, assume the response

y(®) = Hy(A)eM + Hy(A)e™ + Hy(Ag)e™

u(t) = M+ e

+ 3IHggm(Ap Ap Ag)e® M 4

where, as usual, only terms contributing to the final result have been retained. (Notice that
the symmetric transfer function notation, rather than the G-notation, has been used, since
the calculations involve the output directly.) Substituting into the differential equation
gives, again with many terms dropped,
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AHIOE™ + Ot Azt A BHzom(ha Ao Ao+ —oh i (e

At

+ S A A3 H g A AaJe T+ LHi (e
m

+ %3!H3W(A1,A2,A3)e“1”2”3’t

= ZHIADHI (oH 1 (e ™7 4 -

mL2 mL2 mL2
Equating coefficients of et gives
1/(mL?)
A+ a/(mL?A, + g/L

Hi(A1) =

Thus, the degree-1 transfer function is
1/(mL?)
s? + a/(mL?)s + g/L

Hi(s) =

Equating coefficients of ") yiglds

_ g/L
3'H A, Ao, A3) = Hi(A)DH1(A)H (A
3gym(A1,A2,A3) et ht )Pt (L2 et At Ay r gL 1AD)H1(A)H1(A3)

or, in more compact form,

L
Hasm(S1,:52,53) = T2 —H1(S1+S2+So)H1(S1)H1(S2)H (S0)

3.7 Remarks and References

Remark 3.1 Theidea of using resubstitution (sometimes called Peano-Baker) techniques
or successive approximations (often called Picard iterations) iswell known in the theory of
differential equations. Perhaps the first suggestion that successive approximations be used
to compute kernels was made by J. Barrett in a published discussion appended to the paper

R. Fake, "Volterra Series Representations of Time-Varying Nonlinear Systems,”
Proceedings of the Second International Congress of IFAC, Butterworths, London, pp.
91-97, 1963.

The possibilities for the successive approximation approach in a more general setting were
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first realized much later in

C. Bruni, G. DiFillo, G. Koch, "On the Mathematica Models of Bilinear Systems,"
Ricerche di Automatica, Vol. 2, pp. 11-26, 1971.

where the general form for the kernels corresponding to a bilinear state vector equation
was first derived. The linear-analytic system case was first considered in

R. Brockett, "Volterra Series and Geometric Control Theory," Automatica Vol. 12, pp.
167-176, 1976 (addendum with E. Gilbert, p. 635).

The conditions for existence of a uniformly convergent Volterra system representation are
derived by combining the successive approximation technique with power series
expansion of the analytic functions in the state equation. A crucial step in computing the
form of the kernels is the use of the Carleman linearization idea to obtain a bilinear state
vector equation that approximates the linear-analytic differential equation. This technique
isdiscussed in

A. Krener, "Linearization and Bilinearization of Control Systems," Proceedings of the
1974 Allerton Conference, Electrical Engineering Department, University of Illinois,
Urbana-Champaign, lllinois, pp. 834-843, 1974.

This paper contains arguments that justify the bound indicated in (47). For differential
equations that have nonlinear termsin the input, the calculation of the kernels is discussed
in

R. Brockett, "Functional Expansions and Higher Order Necessary Conditions in Optimal
Control," in Mathematical System Theory, G. Marchesini, S. Mitter eds., Lecture Notes in
Economics and Mathematical Systems, Vol. 131, Springer-Verlag, New York, pp. 111-121,
1976.

In these latter three references, the reduced Kronecker product representation is used. The
relationship between successive approximation and the computation of Volterra series is
discussed further in

B. Leon, D. Schaefer, "Volterra Series and Picard lteration for Nonlinear Circuits and
Systems," |EEE Transactions on Circuits and Systems, Vol. CAS-25, pp. 789-793, 1978.

Remark 3.2 An extensive compilation of properties of the Kronecker product along with
some applications in system theory can be found in

J. Brewer, "Kronecker Products and Matrix Calculus in System Theory," |EEE
Transactions on Circuits and Systems, Vol. CAS-25, pp. 772-781, 1978.

132



Remark 3.3 The variational expansion method has a long and gloried history in the
mathematics of differential equations that are analytic in a parameter. The method was
used by Euler, clarified by Cauchy, and made completely rigorous by the convergence
proofs of Poincare. A detailed treatment of this theory with convergence proofs for results
much like Theorem 3.1 isgivenin

F. Moulton, Differential Equations, Macmillan, New York, 1930.

Another approach to the variational expansion method for nonlinear systems is discussed
in

E. Gilbert, "Functional Expansions for the Response of Nonlinear Differential Systems,”
| EEE Transactions on Automatic Control, Vol. AC-22, pp. 909-921, 1977.

Therein functional expansions involving homogeneous terms are discussed in general and
compared with functional expansions involving the Frechet differential. Then the
homogeneous functional expansion is used to obtain the variationa eguations
corresponding to a given state equation, and these variational equations are solved to
obtain the kernels much as | have done. My use of the Kronecker product notation is an
attempt to make the mechanics of the approach more explicit. But for rigor and
completeness, consult these references.

Remark 3.4 A number of methods for computing kernels or transfer functions
corresponding to given differential equations have been omitted from this chapter. One
example is the method for computing kernels given in the paper by R. Flake mentioned in
Remark 3.1. Another example is the procedure for computing triangular kernels given in

C. Lesiak, A. Krener, "The Existence and Uniqueness of Volterra Series for Nonlinear
Systems," |EEE Transactions on Automatic Control, Vol. AC-23, pp. 1090-1095, 1978.

A method for calculating transfer functions which is much different from the growing
exponential approach is discussed in

R. Parente, "Nonlinear Differential Equations and Analytic System Theory," SAM Journal
on Applied Mathematics, Vol. 18, pp. 41-66, 1970.

Remark 3.5 While the methods that have been discussed all solve more or less the same
problem, there are important differences. A notable feature of the Carleman linearization
approach for linear-analytic systems is that the kernels are prescribed in terms of a simple
general form. That this general form involves quantities of very high dimension is clear,
and it seems fair to say that the Carleman linearization method trades dimensionality for
simplicity. Another feature is that the kernels are found in triangular form. This means, for
example, that the Carleman linearization method can be used to find the regular kernels via
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asimple variable change.

An appealing feature of the variational equation method is that the various degree
subsystems are displayed in terms of interlocking differential equations. Also the
dimensions of the quantities involved are much lower than in the Carleman linearization
method. The biggest difficulty is the lack of a general form for the kernels. Not only can
the kernels be difficult to compute, they are not triangular, symmetric, or regular.

The growing exponential approach is somewhat different from the others in that the
symmetric transfer functions are obtained. Whether this is an advantage or disadvantage
depends largely on the purpose of computing the input/output representation. The main
advantage of the method seems to be that it is subtlety-free. The computations become
lengthy, perhaps unwieldy, but they are of an extremely simple nature.

Remark 3.6 Elementary discussions of frequency-modulation techniques and the
phase-locked loop demodulation method can be found in many books on communications.
See for example

S. Haykin, Communication Systems, John Wiley, New York, 1978.

Volterra series analysis of the phase-locked loop using, incidentally, the variational
equation method, isdiscussed in

H. Van Trees, "Functional Techniques for the Analysis of the Nonlinear Behavior of
Phase-Locked Loops," Proceedings of the |EEE, Vol. 52, pp. 894-911, 1964.

The pendulum example is discussed in

R. Parente, "Functional Analysis of Systems Characterized by Nonlinear Differential
Equations," MIT RLE Technical Report No. 444, 1966.

and in Chapter 8 of

M. Schetzen, The Volterra and Wiener Theories of Nonlinear Systems, John Wiley, New
York, 1980.

The basic theory of ideal DC machines is developed in many texts. See for example A.
Fitzgerald, C. Kingsly, Electric Machinery, 2™ ed., McGraw-Hill, New York, 1961.

The report by Parente mentioned above also contains Volterra series analyses of series-

and shunt-wound DC motors. Nonlinear Differential Equations,” MIT RLE Technical
Report No. 444, 1966.

134



3.8 Problems

3.1. If Aisa3x 3 matrix, show how to compute A2 from A®.

3.2. Find the first three kernels corresponding to the scalar state equation
X(t) = cos[x(t)] + u(t)
y(t) = x(t), x(0) = g t>0

by both the Carleman linearization method, and the variational equation method. Find the
first three symmetric transfer functions using the growing exponential method.

3.3. Suppose x (t) satisfies the differential equation

0 1

x(®)= —ap —a

x(®), x(0)=xo

Find linear differential equations that are satisfied by x@(t) and x[3 (t).

3.4. Write the system described by

X(t) = u(), y)=x()
as abilinear state equation of the form (16).

3.5. Use the growing exponential method to find the first three symmetric transfer
functions corresponding to the N™-order differential equation:

yOR) + ayy™ (M) + - +agy®+ 3 byk®) = u(t)
k=2

3.6. Show that for a stationary state equation, the variational equation method implies that
the system can be represented as an interconnection structured system.

3.7. Derive an expression for the kernels of the bilinear state equation using the
variational equation method.

3.8. Consider the bilinear state equation with polynomial output,
X(t) = Ax(t) + Dx(t)u(t) + bu(t)

y(t) = cIx(t) + cox@() + - + cuxM(t)

Show how to rewrite this as a bilinear state equation in the form (16).
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3.9. Locate a proof of the existence of solutions for linear state equations using the
method of successive approximations. Using the successive approximations defined for
the bilinear state equation,

Xo(t) = A(t)Xo(t) + b(t)u(t), xo(0)=0

Xj(t) = A(t)x;(t) + D (t)x;—1(t)u(t) + b(t)u(t), x(0)=0,j>0
rewrite the proof to show existence of solutions for the bilinear case.
3.10. Verify the Volterra system representation for bilinear state equations by

differentiating the expression for z(t) in (22) and substituting into the differential equation
in (17).

3.11. Show uniform convergence of the resubstitution procedure in the linear case (see
(5)) by filling in the following outline. Assume A(t) is continuous on [0,T], and assume
the existence of a unique, continuous solution x (t) on [0, T]. Conclude that O A(t)O < K4,
Ox(@®)d <K, forte[0,T]. Show that

t o1 On-1 KIK,T"
OfA(01) [ A(G2) -+ [ A(n)x(0n) doy, - - - doy [k —
0 0 0 :

Conclude uniform convergence of the Peano-Baker series for ®(t, 0) on [0, T].
3.12. Show that the bilinear state equation (16) can be written in the form
X1(t) = A1(OX1(t) + D1(O)x1(Ou(t)

y() = ca®)x1(t), X1(0) = X10
by defining the state vector according to

0= | ]
Then show that (16) also can be written in the form

z(t) = Do()z(Bu(t)

y(®)=co(t)z®), z(0)=2o

3.13. Use Problem 3.12 to establish the form of the Volterra system representation, and the
relevant convergence conditions, for a bilinear state equation using the following device.
Let d(t,T) be the transition matrix for u(t)D,(t) and then write the solution of the system
in terms of the Peano-Baker series for d(t, 1).

3.14. Compute the degree-5 symmetric transfer function for the pendulum system in
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Example 3.8 using the growing exponential method.
3.15. Show that a degree-5 transfer function for the first-order phase-locked loop is

M1, 186) = Hafsrt - +85)[ 5 H1(60H1(52)Hagm(Ss,54:5)

- M) - Hi(s9)

3.16. From the general expression for the Volterra system representation of a bilinear state
equation with constant coefficient matrices, derive a closed-form expression for the
solution when A and D commute.

APPENDIX 3.1 Convergence of the Volterra Series
Representation for Linear-Analytic State Equations

A sufficient condition for the existence of a convergent Volterra system
representation for a system described by a linear-analytic state equation is stated in
Theorem 3.1 at the beginning of Section 3.3. The purpose of this appendix is to give a
detailed sketch of a proof of that theorem, and to point out that the proof also yields an
interesting alternative statement of the convergence conditions. The proof uses the
variational equation approach given in Section 3.4, although this is known in mathematics
as the Poincare expansion. !

I will begin by considering an anaytic differential equation containing a red
parameter o

x(t) = f(x(t),t) + ag(x(t),t), t=0, x(0)=xg D

The assumptions are that f (x,t) and g(x,t) are n x 1 analytic functions of x and continuous
functions of t on R" x [0,»). (Local versions of these assumptions can be used with no
essential complications, but with some loss in simplicity of exposition. Specificaly, it can
be assumed that f (x,t) and g(x,t) are analytic for x in some neighborhood of the solution
of (1) when a = 0.) Assume that for a = 0 the differential equation has a solution defined
for t € [0, T]. Then the variable-change argument at the beginning of Section 3.3 can be
applied, and it suffices to consider the case where x(0) = 0, and where the solution for
o =0isx(t)=0foralte[0,T]. Thusit can be assumed that

1 A very detailed, rigorous, and complete treatment of the Poincare expansion is given in Chapter 3 of the
book: F. Moulton, Differential Equations, Macmillan, New York, 1930. A somewhat less detailed
exposition is given in Chapter 5 of the book: T. Davies, E. James, Nonlinear Differential Equations,
Addison-Wed ey, New York, 1966.

137



fO)=0, te[0,T] @)

Following the method in Section 3.4, an expansion in terms of the parameter a (the
parenthetical subscripts are used here to distinguish terms in the expansion from
components of avector),

X(t) = axgy(t) + a®xp ) + - (3)

can be computed for the solution of the differential equation. The mgor part of this
appendix is devoted to establishing the convergence of such an expansion. From this
convergence result, the existence of a convergent Volterra series representation for x(t)
will follow in a straightforward fashion.

Suppose that the n component functions f;(x,t) of f (x,t) and g;(x,t) of g(xt) are
represented by their power series expansions in x about x=0. Then each scalar
component of the right side of the vector differential equation (1) can be viewed as a
power series in x and a, athough only terms in a® and a occur, that converges for
@b <K, |x0<r, j=12,...,n. Here K is any positive number, and r is some
sufficiently small positive number that is taken to be independent of j without loss of
generality. Furthermore, a number M can be found such that whenever |x0<r,
i=1..., n,andt €[0,T],
< M :

K
This implies, by the Cauchy bounds for analytic functions, that the various partial

derivatives of f;(x,t) and gj(x,t) a x = O are bounded as follows. Using the superscript
(ig,..., in) to denote

Ifix D[ <M, |gj(xt)] i=1..., n (4)

ail"' g

c?xil1 N ©
n
then, fort € [0, T],
- ; i -ig!M
|f1(|1 ..... '”)(O,t)|s 1i+---rli i+ +i,=01,2 -
rl n
- ; i ig!M/K
|gj(l1 ,,,,, |n)(0,t)| < 1|1+—n+|’ i1+ ...+in =012, - (6)
r n

where each i; is anonnegative integer.
The bounds (6) can be used to select a dominating function as follows. Consider the
real-valued function

M (Kixg+ o +KyXg+r10) (rK+Kgxqg+ - - +KXp+110)
11 (riK1=Kqixq—- - =KX, =1 10)

g0 = ©

wherer < r and K4 < K are positive numbers. Thisisan analytic function of x and a that
can be represented by its Taylor series expansion about x = 0, a = 0. The series will
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converge for, say, |xjO<rq/2n, j=1,..., n, and @O <K;. Moreover, a simple
calculation using (6) shows

¢ 0,02 | o)), te[0,T]

——g® 002 g Moy, te[oT] ®

Thus every coefficient in the power series expansion of @(x,a) about x = 0, = Oisho less
than the absolute value of the corresponding coefficient in the power series expansion of
f(x,t) + ag;(xt), fort € [0, T].

Now consider the n x 1 vector differential equation

. {cp(z(;),a)
9(z(0).)

and suppose the solution can be expressed as a convergent Taylor series in a. Then, going

through the procedure in Section 3.4 gives a method for caculating the terms in the
expansion

2(0)=0 )

z(t) = azgy(t) + o’z (t) + -+ (10)

The coefficients in the differential equations for each component of z;(t) in (10) are given
by the coefficients in the power series expansion of @(z,a), while the coefficients in the
differential equations for each component of X;(t) in (3) are given by the coefficients in
the power series expansions of fj(x,t) and g;(x,t). It is straightforward to show from a
comparison of these differential equations using (8) that each component of xg)(t) is
bounded in absolute value by the corresponding component of z;(t) for t € [0, T]. © Thus,
convergence of (10) for some range of a implies convergence of (3) for the same range of
a.

To find the radius of convergence of (10), | will carry through the details concerning
the solution of (9) and then consider the expansion of this solution in a power seriesin a.
The solution z(t) will have all components identical so that the change of variables

! a
zM) ==z =— W -] (11)
n 1
can be performed. That is,

W(t)Z%Zj(t)+ Kil' i=1,..., n (22

Then the new variable w (t) satisfies the scalar differential equation

2 Thisisshown in detail for the case N = 2 in Davies and James s Nonlinear Differential Equations.
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w(t) = %W(t)[1+ w(OI[L-w®]™, w(0) = Kil (13)

The scalar equation can be solved by separation of variables, and the solution is given by
ﬂt M t

o oo 4o _roqe
[1+ K, [(1+K1) Kle 1741 (14)

This solution can be expanded in a power series in o about a = 0, and the radius of
convergence is determined by the requirement that

4a nM t
a o ry
1+—)-—¢e >0 (15)
K1 K1
Adding
20M ALY
de rv_ de ry
to both sides gives
nM 20M ALY

[1+-2 -2 " 1224e " -4 "
Ky
fromwhich
™, 2m, M,
L <1420 -2 -e™ )R
Ky
Further manipulation yields
-nM t
1-(1-e ™ )
-nM
1+(1-e ™ )
This condition gives that the solution of the scalar differential equation (13), and thus the

solution of the vector differential equation (9), can be expanded in a power seriesin o that
converges for

(16)

I
Ky

-nM t
1-[1-e "™ ]
@0 < K, =T (17)
1+[1-e ™ ]
Of course, since the series expansion of the solution is unique, (17) gives a condition for
convergence of (10).

The condition (17) for convergence of the variational expansion can be viewed in
two ways. For the specified time interval [0,T], (17) gives that the expansion (3) will
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converge if a is sufficiently small. On the other hand, for a specified value of a, (17) gives
that the expansion will converge for T sufficiently small. These two interpretations can be
carried through the following application to linear-analytic state equations, although |
shall explicitly deal only with the first.

Now consider alinear-analytic state equation

X(t) = a(x(t),t) + b(x(t),t)u(t), x(0)=Xxq (18)

Suppose that the class of input signals is composed of continuous functions u(t) for
t €[0,T], that satisfy |u(t)| < a. For any such input, setting

f(x,t) = a(xt), ag(xt)=b(xt)u(t) (19

permits application of the convergence result to conclude that the variational expansion
for (18) converges for t € [0,T] so long as a is sufficiently small. Following the process
given in Section 3.4 for replacing the k™ term in the variational expansion by a degree-k
homogeneous integral representation completes the argument needed to prove:

Theorem A3.1 Suppose a solution to the unforced linear-analytic state equation (18)
exists for t €[0,T]. Then there exists an a > 0 such that for all continuous input signals
satisfying |u(t)| < a, t €[0,T], there is a Volterra series representation for the solution of
the state equation
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CHAPTER 4

REALIZATION THEORY

Therealization problem for a given input/output representation can be viewed as the
reverse of the problem considered in Chapter 3. That is, realization theory deals with
computing and characterizing the properties of state-equation representations that
correspond to a specified homogeneous, polynomial, or Volterra system. Of course, the
specified system is assumed to be described in terms of a set of kernels or transfer
functions. In particular, most of the discussion here will be for stationary systems
described by the regular kernel or regular transfer function representation.

After a review of linear realization theory, realizability conditions and procedures
for computing bilinear state equation realizations will be discussed for stationary
homogeneous systems. Then stationary polynomial and Volterra systems will be
addressed. Following a discussion of structural properties of bilinear state equations,
realizability conditions for nonstationary systems in terms of (nonstationary) bilinear state
equations are considered. Throughout the development, only finite-dimensional
realizations are of interest - infinite-dimensional redizations are ruled out of bounds.
Furthermore, emphasis is placed on the construction and properties of minimal-dimension
bilinear realizations.

4.1 Linear Realization Theory

The basic redization problem in linear system theory can be stated as follows.
Given a linear-system transfer function H(s), find a finite-dimensional linear state
equation, called alinear realization in this context, that has H (s) as its transfer function.
Thelinear state equations of interest take the form

%(t) = AX(t) + but), t>0

y®=cx(®), x(0=0 )
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where x (t) is the m x 1 state vector, for each t an element of the state space R™, and u(t)
and y(t) are scalars. A direct transmission term, du (t), can be added to the output equation
without changing the basic development, but that will not be done here. For economy, the
linear state equation (1) will be denoted by (A,b,c,R™).

Itisnatural to consider the realization problem in two parts. First, find necessary and
sufficient conditions on H(s) for linear realizability. That is, find conditions such that a
linear redization (finite dimension) exists for the given system. Second, for a linear
realizable system find a method for computing A, b, and c. Usually it is of interest to find a
minimal linear realization; arealization with dimension mas small as possible.

The linear-realizability question is very simple, as the reader is no doubt aware. Itis
clear that strictly-proper rationality of the transfer function H(s) is a necessary condition
for linear realizability of the system, since the transfer function for (1) is the strictly proper
rational function c(sl — A)™b. This condition also is sufficient, as can be shown by using
well known forms of the state equation (1), which can be written by inspection from the
coefficients of H(s). While this familiar development could be pursued to the construction
of minimal linear realizations, | will review a different approach, one that extends more
easily to the nonlinear case. In fact, because of the similarity of ideas in the linear and
nonlinear realization theories, the review of the linear case will be more detailed than
usual.

Using the well known series expansion

(sl -A)1=Ist+As2+ A3+ ... @
the transfer function of the linear state equation (1) can be written as a negative power
series

c(sl —A) b= cbs + cAbs? + cA%bs 3 + - - 3

(For simplicity of notation, | leave the dimension of identity matrices to be fixed by
conformability requirements) This makes clear the fact that for linear realizability it
suffices to consider only those transfer functions H(s) that can be represented by a
negative power series of the form

H(s)=host+his?+hysS+ - 4)

In other words, only transfer functions that are analytic at infinity and that have a zero at
infinity need be considered. Comparison of (3) and (4) shows that, from the series
viewpoint, the basic mathematical problem in linear realization theory involves finding
matrices A, b, and ¢, of dimensionsm x m, m x 1, and 1 x m such that

cAlb=h;, j=012 - ©)

The first step in solving this basic problem will be to construct a particularly simple
abstract realization. That is, a realization wherein A, b, and ¢ are specified as linear
operators involving a specially chosen linear space as the state space. Then matrix
representations can be computed for these linear operators when the state space is replaced
by R™.
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Suppose V (s) is any negative power series of the form
V(S) = VoSt +viS2Hvps 4 - (6)
A shift operator Sisdefined according to
SV(S)=ViSTt+ Vs P+ vgsTS 4 - @

In words, the action of the shift operator is to dide the coefficients of the series one
position to the left while dropping the origina left-most coefficient. Clearly SV (s) is a
negative power series so that the shift operator can be applied repeatedly. The usual
notation SV (s) is used to denote j applications of S.

Using the shift operator and a given transfer function H(s), a linear space of
negative power series over the rea field, with the usual definitions of addition and scalar
multiplication, can be specified asfollows. Let

U = span { H(s), SH(s), S’H(s), - } )

Clearly the shift operator is a linear operator on U, S:U - U. Now define the
initialization operator L:R — U to be the linear operator specified by the given transfer
function (viewed as a series), so that for any real number r,

Lr = H(s)r 9
Finally, define the evaluation operator E:U - Rby
EV(S)= E(vos ™t + vyS2+ -+ )= v, (10)

where V (s) is any element of U.

| should point out that when H (s) is viewed as the function given by the sum of the
negative power series, the shift operator and the space U can be reinterpreted. Indeed,
when V (s) is afunction corresponding to a negative power seriesin s,

SV(s) = V(s) ~ [sV(8)]Ls=oo

EV(s) = [sV(S)]Ds=oo (11)

and U becomes a linear space of functions of s. Although the negative power series
representation is often most convenient to demonstrate properties and prove results, the
interpretation in (11) is usually better for the examples and problemsin the sequel.

It is very simple to demonstrate that the linear operators S, L, and E form an abstract
realization on the linear space U. This is called the shift realization, and it is written as
(SL,E,U). The verification of the redlization involves nothing more than the calculations:
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ES’L = EH(s)= E(hgs™ + hys™?+--)=hg
ESL = ESH(s)= E(h;s ™t + hpys™+---)=h,
ES?L = ES(hyst + hys2+ -+ +)

= E(th_l + h3S_2 +:--)=h, (12

and so on. The appropriate interpretation here is that each constant h; represents a linear
operator, hj:R — R, whichis given by the composition of linear operatorsE, S, and L.

To find a concrete (unabstract) realization of the form (1), it remains to replace U by
a linear space R™, and to find matrix representations for the operators S, L, and E with
respect to this replacement. There are many ways to do this, each of which gives a
different matrix structure for the realization. But central to the replacement is the following
result, the proof of which exhibits one particular construction of arealization.

Theorem 4.1 A linear system described by the transfer function H (s) is linear realizable
if and only if U is finite dimensional. Furthermore, if the system is linear realizable, then
(SL,E,U) isaminimal linear realization.

Proof Suppose H (s) is linear realizable, and that (A,b,c,R™) is any linear realization
of H(s). Letting W be the linear space of all negative power series, define alinear operator
®:R™ -, Waccording to

D(X)= cxs ™t + cAxs 2 + CAZXs S + - - -
Clearly H(s) € R[®] since
P(b) = chs™ + cAbs™ + cA%bs 3 + - -
Also, from
PD(Alb) = cAlbs™ + cAl*1ps2 + cAl*2ps 3 + - -

= SIH(s)

it is clear that S'H (s) € R[®]. Thus U O R[®], and it follows that dimension U < m since
@ isalinear operator on an m-dimensiona space. Moreover, this argument shows that the
dimension of U is less than or equal to the state-space dimension of any linear realization
of H(s). Thus (SL,E,U) isaminimal-dimension linear realization.

Now suppose that U has finite dimension m. Then Problem 4.3 shows that

H(s), SH(s), SPH(9),. .., S™1H (s)

isabasis for U, and thus U can be replaced by R™ by choosing the standard ordered basis
vectors g € R™ according to
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e, = H(s), eo=SH(9),..., en=S™H(s)
Writing SH (s) as alinear combination of H(s), SH(s), - - -, S"H(s), say
m-1 .
STH(s)= 3 rm-1-jS'H(s)
j=0
the shift operator can be represented on R™ by the m x m matrix
00 - 0ryg
10 ---0 fm-2
A= |01 Orng
00 -1 r
Viewing the initialization operator as L:R — R™, it is clear that L can be represented by
the m x 1 vector corresponding to H (s):

b= €=
0
Finally, the evaluation operator can be viewed as E:R™ - R, and a matrix representation

can be computed as follows. By the correspondence between U and R™, it is clear that
Ee+1=h;forj=0,1,2,...,m-1, and thus E isrepresented by

c=[hohy -+ hyp]

This construction of arealization completes the proof.

Before presenting an example, it is appropriate to use the shift realization
formulation to recover the well known result on rationality mentioned at the beginning of
this section. There are more direct proofs, but the one given here should clarify the nature
of the linear space U.

Theorem 4.2 A linear system described by the transfer function H (s) is linear realizable
if and only if H (s) isastrictly proper rational function.

Proof If H(s) isthe strictly proper rational function

m—lsm_:L + bm—ZSm_2 + -+ by

b
H(s) =
() sm+am_1sm‘1+---+ao

then, from (11),
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bp-1S™ + bm—ZSm_l + -+ bgs
H(s) = — by
m m-1 m-1
s™+ans" T+ - + A

- (bm—2_bm—lalm—l)sm_:L + (bm—3_bm—1a'm—2)sm_2 ot (_bm—lao)
s+ ans" 1+ - +ag

Similarly,

(bm—3_bm—1a'm—2_bm—Zam—l"'bm—laﬁkl)sm_:L ot (_bm—ZaO"'bm—lam—laO)

S?H(s) = =)
S+ apgs"h+ o+ ag

It should be clear from just these two calculations that for any j =0, S'H(s) is a strictly
proper rational function with the same denominator as H(s). Only the numerator
polynomial changes with application of the shift operator. Thus every element in U can be
viewed as arational function which is strictly proper with the same denominator. Only the
numerator polynomial can differ from element to element. Since polynomials of degree at
most m — 1 form a linear space of dimension at most m, it follows that dimension U <m,
and thus that H(s) is linear reaizable. The proof of the converse, as mentioned at the
beginning of the section, follows by calculation of the transfer function for a linear state
eguation.

Example 4.1 For the strictly proper rational transfer function

4s?+7s+3
HS)= ——F——
) $3+452+55+2

simple calculations give
3472 —0c2_17a—
SH(s) = L;s +Zs +3s 4= 39s 217s 8
S°+4s°+5s+2 S°+4s°+5s5+2

and
-9s53-17s2-8s + 9= 19s2+37s+18
s3+4s2+55+2 s3+4s2+55+2

It is clear that H(s) and SH(s) are linearly independent in U, but one more calculation
shows that

S?H(s) =

S?H(s) = —3SH (s) - 2H (s)

Thus U can be replaced by R? by choosing the standard ordered basis elements according
to

3w [2]-s10

A matrix representation for the initialization operator on this basis clearly is
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=3

Also, since the matrix representation for the shift operator must satisfy
11_710 0]_ [-2
alo)=[2] A 2= 5]

0-2
1-3

Finally, since EH(s) = 4 and ESH (s) = -9, a matrix representation for the evaluation
operator is

it follows that
A= [

c=[4 -9]

That a dimension-2 realization has been obtained for a degree-3 transfer function can be
explained by factoring the numerator and denominator of H(s) to write

H(s) = (4s+3)(s+1)
(s+2)(s+1)?

The linear independence calculations involved in constructing the shift realization
"automatically" canceled the common factor in the numerator and denominator.

The redization theory just presented can be rephrased to yield a well known rank
condition test for realizability. Viewing U as alinear space of negative power series, each
element

SH(s)=hs™+ hjus2+ hjps™+ -, =012 (13)
can be replaced by the corresponding sequence of coefficients
(hy hyea, My, =), 12012, (14)

Then it is clear that U is finite dimensional if and only if only a finite number of these
sequences are linearly independent. Arranging this idea in an orderly fashion, and
including the fact that the dimension of U is the dimension of the minimal linear
realizations of H (s), gives afamiliar result in linear system theory.

Theorem 4.3 A linear system described by the transfer function H(s) in (4) is linear
realizable if and only if the Behavior matrix

ha s hy - &

has finite rank. Furthermore, for a linear-realizable system the rank of By is the dimension
of the minimal linear realizations of H (s).
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| could go on from here to outline the construction of minimal realizations directly
from the Behavior matrix. But this is intended to be a brief review, so al of that will be
left to the references. | will also omit reviewing the equivalence properties of minimal
linear redlizations of a given H(s), and the connections with the concepts of reachability
and observability. These topics will arise in Section 4.4 in conjunction with bilinear
realizations, and taking D = 0 in that material captures most of the linear theory here being
skipped.

However, before leaving the topic of stationary linear realization theory, | should
point out that little changes if the starting point is a given kernel, instead of a given
transfer function. Since a strictly proper rational transfer function corresponds precisely to
akernel of the exponentia form

m Gi

hity=3 3 a;tite™, t20 (16)
i=1j=1

itisclear that h(t) isrealizable by alinear state equation if and only if it has the form (16).
To proceed via the shift realization approach, note that a given kernel can be assumed to
be analytic for t = O, for otherwise it is clear that it cannot be realizable by a linear state
equation. Expanding h(t) in a power series about t = 0, the Laplace transform of h(t) can
be written in the form

LIh(t)] = [h(t)e™ dt
0
~ [ee] _ [o0) t _ [ee] t2 _
= h(0)£e gt + h(l)(O)gﬁe S dt + h(z)(O)‘([Ee Sat+ -
=h()st+hD(0)s2+h@@QO)s2+ --- (17)

where
. di
h®(0) = — h(t)-
(0= —5 "=

Thus, the entries in (4) are specified by the derivatives of the kernel evaluated at O,
hj = h()(0). From this point, construction of the shift realization proceeds just as before.
For multi-input, multi-output linear systems, the theory of realization becomes more
subtle. Although only single-input, single-output systems are under consideration in this
book, the basic linear realizability result for the multivariable case will arise as atechnical
consideration in Section 4.2. Therefore, abrief comment is appropriate.
Consider the linear state equation

%(t) = AX(t) + Bu(t), t>0

y(t)=Cx(), x(@)=0 (18)

where x(t) is mx 1, the input u(t) is an r x 1 vector, and y(t) is a q x 1 vector. The
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corresponding transfer function isthe q x r matrix
H(s)=C(sl -A)™'B (19)

Theorem 4.4 Suppose alinear system is described by the g x r transfer function matrix
H (s). Then the system is redizable by a finite-dimensional linear state equation of the
form (18) if and only if H(s) isastrictly proper rational matrix. That is, if and only if each
element H;j(s) of H (s) isastrictly proper rational function.

The necessity portion of Theorem 4.4 is clear upon writing (sl —A)™ in the classical
adjoint over determinant form. Sufficiency is equally easy: each strictly proper, rational
H;; (s) can be realized by a state equation of the form (1), and then all these state equations
can be combined to give an r-input, g-output state equation of the form (18). It isin the
guestion of minimal-dimension realizations that things get more difficult, but these issues
will not arise in the sequel and so they will be ignored here.

The question of realizability is of interest for nonstationary systems also. Recalling
the definitions of stationarity and separability in Chapter 1, the results will be stated in
terms of the input/output representation

y(t)= [ h(t,o)u(o) do (20)
In the nonstationary case, alinear state equation realization with time-variable coefficients
will be of interest,
X(t) = A(t)x(t) + b(t)u(t)
y(t) = c(t)x(t) (21)

It is convenient for technical reasons to require that A(t), b(t), and c(t) be continuous
matrix functions. That is, each entry in these coefficient matrices is a continuous function.

Theorem 4.5 Thekernd h(t, o) isreaizable by afinite-dimensional, time-variable linear
state equation if and only if it is separable.

Proof If the kernel islinear realizable, and (21) isaredlization of h(t,o), then
h(t,0) = c(t)®(t,0)b(0)
Writing
v11(0)
c(t)®(t,0) = [Vor(t) -~ von(t)], ®(0,0)b(0) = ;
Vln(G)

showsthat h(t, o) is of the separable form
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n
h(t,0) = 3 voi(t)v1i(0) (22)
i=1
The continuity required by separability is furnished by the continuity assumptions on the
linear state equation.
Now suppose h(t,o) is separable and, in fact, is given by (22). (Since h(t,0) is
real-valued, it can be assumed that each vji(.) isreal.) Then setting

v (t)
A(t)=0, b(t)= : , () =[vor(t) -~ Von(t)]
Vin t

in (21) gives aredlization for h(t,a). Notice that this realization has continuous coefficient
matrices since separability implies that v (t) and v4;(0) in (22) are continuous.

An obvious question, and the one of most interest here, deals with when a kernel
h(t,o) can be realized by a constant-parameter linear state equation. In other words, when

is an input/output representation written in nonstationary form actually reaizable by a
stationary system?

Theorem 4.6 The kernél h(t,0) isrealizable by a finite-dimensional, constant-parameter
linear state equation if and only if it is stationary and differentiably separable.

Proof Necessity of the conditions follows directly from the form of h(t,o) given by a
constant-parameter realization. The sufficiency proof is more subtle, and so | will begin by
considering the specia case where the kerndl is stationary, differentiably separable, and of
the form

h(t,0) = vo(t)va(o)

where vg(t) and v1(0) are (necessarily) real, differentiable functions. The first step is to
pick T > 0 so that

.
g1 = Jv§®)dt>0
-T

Of course, it can be assumed that such T exists, for otherwise h(t,0) = 0 and the theorem is
uninteresting. Now, by stationarity, h(t,o) = h(0,0-t) so that

d d _
E h(t,O') + E h(t,O') =0
or
Vo(t)V1(0) + Vo(t)va(0) = O

Multiplying this equation by v(t) and integrating with respect tot from-Tto T gives

151



q1V1(0) + ryvy(o) =0

where
T

ri= [ vo(t)vo(t) ot
-T

But g4 > 0 so that the differential equation is nontrivial, and thus v4(o) is the exponential
v1(0) = v4(0)e ™"
Then the stationarity condition gives
Vo(t) = vo(0)e"
from which it follows that
h(t,0) = Vo(O)v1 (0)e" ™

In other words, if a kernel is stationary, differentiably separable, and single-term, then it
must be a simple exponential. Clearly this kernel is realizable by a linear state equation.
To complete the proof, the case where the kernel takes the more general form in (22) must
be considered. If each vg(t) and v4;(t) is real-valued, this is easy since an additive
parallel connection of linear state equations can be represented by a linear state equation.
If some of the functions in (22) are complex-valued, then it is left to the reader to show
that, since conjugates must be included, a linear state equation realization with real
coefficient matrices can be found.

4.2 Realization of Stationary Homogeneous Systems

For a specified homogeneous nonlinear system, the problem that will be discussed
here is the prablem of finding realizations in the form of bilinear state equations. That is,
state equations of the form

X(t) = Ax(t) + Dx(t)u(t) + bu(t)

y(t)=cx(t), t=0, x(0)=0 (23)

where x(t) is the m x 1 state vector, for each t an element of the state space R™, and the
input and output are scalars. (Again, much of the theory generalizes neatly to the multi-
input, multi-output case.) The choice of zero initial state reflects an interest in the simplest
kind of input/output behavior, although the x(0) # O case can be developed in a similar
manner if X (0) isan equilibrium state.

Of course, a hilinear state equation in general does not have a homogeneous
input/output representation. Thus, the results in this section involve rather specialized
bilinear state equations. Also, the bilinear realization problem for homogeneous systems
is subsumed by the theory of Section 4.3 for polynomial and Volterra systems. The intent
of the discussion here is to provide a leisurely introduction to the ideas, and to establish
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notation.

The input/output representation to be used in conjunction with (23) is derived in
Chapter 3. There it is shown that the bilinear state equation (23) can be described by a
Volterra system representation in which the degree-n subsystem can be written in the
(nonstationary) triangular form

t O1 On1

Ya® =[]+ [ ht.oy,...,00)u(o1) - u(o,) do, - - - doy (24)
00 0

where the kernel is given by

h(t,oq,...,0,) = CeA(t—ol)DeA(cl-oz)D . DeA(cn,l—on)b ’
t20;2---20,20 (25

For the purposes of developing a bilinear redlization theory, the main emphasis will be on
the regular kernel and regular transfer function. To obtain the regular kernel from (25), the
first step is to impose stationarity as prescribed in Section 1.2. This gives a stationary
triangular kernel:

Ori(01,...,0n) = h(0,-04,...,-0p)

— CeAcl DeA(Uz_C‘l)D . DeA(Un_Un—l)b '
Op20p12'20,20 (26)

Rewriting (26) as atriangular kernel over the "first" triangular domain gives

htl’i(tll e ;tn) = CeAtnDeA(tnfl_tn)D e DeA(tl_tz)b '
ty=t,>-->t, 20 (27)

Thus, the regular kernel for the degree-n homogeneous subsystem corresponding to the
bilinear state equation (23) is of the form

hreg(ts, - - - ty) = ce”"De™™ D - -+ De™'b (28)

Of course, when written out in scalar terms the form of h,g(ty, ... t;) is much
messier. Indeed, taking into account the kinds of terms that can appear in a matrix
exponential shows that the regular kernel corresponding to a bilinear state equation can be
written in the form

m M, Hn [
hreg(tl-----tn)zz Z Z Zaij...in”
i;=1j,=1 in=1j,=1
tjf_l . ,th‘l
(J2=D! - (ja~1)!

The various coefficients and exponents in this expression can be complex, but since the
regular kernel isreal, well known conjugacy conditions must be satisfied.

—)\iltl . e_)\intn (29)
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Clearly the regular kernels for a bilinear state equation are of a particularly simple
form. And taking the Laplace transform of (28) shows that the regular transfer functions
aso have asimple form, namely

Hreg(S1, - - - Sy) = ¢(syl —A) D (5,11 -A) D -+ D(s;1-A)'b (30)

Writing each (sl -A)! as the classical adjoint over the determinant shows that each
regular transfer function for a bilinear state equation is a strictly proper rational function
in that the numerator polynomia degree in each variable is (strictly) less than the
denominator polynomial degree in that variable. Furthermore, Hyg(S1, .. ., s,) has the
very specia property that the denominator polynomia can be expressed as a product of
(real-coefficient) single-variable polynomias, so that the regular transfer functions for a
bilinear state equation can be written in the form

Q5D Qu(s) 31
A rational function of this form will be called a recognizable function, following the
terminology of automata theory. (Of course, a recognizable function can be made to
appear unrecognizable by the insertion of a common factor, for example (s; + s5), in the
numerator and denominator polynomials. However, | will use the terminology in a manner
that implicitly assumes such silliness is removed.)

The bilinear realization problem will be discussed here in terms of a given degree-n
homogeneous system described by the regular transfer function. It is left understood that
al the regular transfer functions of degree #n are zero.

What has been shown to this point is that for a stationary, degree-n homogeneous
system to be bilinear realizable, it is necessary that the regular transfer function be a
strictly proper, recognizable function. That is, it is necessary that the regular kernel have
the exponential form (28) or, equivalently, (29). The following argument shows that the
condition on the regular transfer function also is sufficient for bilinear realizability of the
system. In terms of the time-domain representation, this means that the exponential form
of the regular kernel is necessary and sufficient for bilinear realizability of the system.

So, suppose that a degree-n homogeneous system is described by a strictly proper,
recognizable, regular transfer function of the form (31), where

m;—1 m,—1 i i
P(s1, ..., S=2 2 Piyi ST Sy (32)
i,=0  i,=0
and where Q;(s;) isamonic polynomial of degree m;, j = 1, - - -,n. In order to construct a

corresponding bilinear realization, it is convenient to write the numerator in a matrix
factored form

P(s1 ..., $H=SH S-S P (33)
where each § isamatrix with entries that involve only the variable s;, and P is a vector of
coefficients from P(sq, ..., s,). This corresponds in the n=1 case to writing a

polynomial as a product of arow vector of variables[1ss? - - - sml_l] and a column vector
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of coefficients [pg Py - * - Pm,-1] - Before giving the somewhat messy prescription for (33)
in the general case, an example will show just how simple the construction is.

Example 4.2 For the polynomial
P(S1,52,53) = S1S2S3 + S1S2 + S1S3 + SpSg+ S + 1
it isasimple matter to factor out the dependence on s; by writing
_ S1S,+ S+ 1
Now, the s, dependence in each polynomia on the right side of this expression can be
factored out in asimilar way:
1

1s,00 S1+1

P(51,52,53) = [1 s3] {o : 132] s

Sl+1

Thelast step should be obvious, yielding

e
0
150000007 |4
~ 1s,00||001s,0000]| |1
P(s1,52,83) = [1 sg] {o 0 132] 00001s;,001] 10
000000 1s %
1

The general prescription for (33) in terms of (32) goes as follows. Let

S=ls s (34)
andforj=1,..., n-1, define § to be the (my, - - - my.q) x (M, - - - m;) matrix with i ™ row
[Otxm-m) 1S~ S| Oy - m-im) ] (35)

Then P isthe column vector specified by

P"= [po.-.0P10---0" " " Pm,~1,0---0 Po10---0 P110---0

The result of this numerator factorization procedure is that the regular transfer
function can be written in the factored form

Hreg(S1s - - - Sh) = Gn(sn) - Ga(sy) (37
where
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S,P S,
Qusy) | Q) T

are strictly proper, matrix rational functions. Thus each G;(s;) has alinear redization, and
can be written in the form

Ga(s1) = Gi(s) = n (38)

Gj (Sj) = Cj (Sjl - Aj)_lBj (39)
Now consider the bilinear state equation specified by
-Al 0O --- 0 B,
A= QR 0 o
0 0 I A, 0
0 o - 0O O
B,C;, 0 - 0O O
D=| 0 BsC, =~ 0 0, c=[0-0C,] (40)
0 0 i By 0

The regular transfer functions for this bilinear state equation can be computed via (30).
Due to the block-diagonal form of A,

(sl-Ap)™* - 0
@-At=| 0 0
0 e (S| _An)—l

so a straightforward computation gives
Hreg(S1, - - - s)=0, k=1,..., n-1L,n+1n+2, ---

Hreg(sl ----- Sh) = Cp(snl _An)_anCn—l(Sn—ll _An—l)_an—lcn—Z
+++BoCy(s11-A1) By

= Gn(sn) -+ Galsa) (41)
Thus (40) is a degree-n homogeneous bilinear realization for the given regular transfer
function. This development can be summarized as follows.

Theorem 4.7 A degree-n homogeneous system described by the regular transfer function
Hreg(S1, - - -, Sn) is bilinear realizable if and only if Hgy(sq, .. ., S,) is a strictly proper,
recognizable function.
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In addition to the realizability condition in Theorem 4.7, the development above
indicates that the bilinear realization problem for a degree-n homogeneous system
essentialy involves a sequence of n linear redization problems. But the simple
factorization procedure used to obtain (37) usually leads to a bilinear realization of quite
high dimension, even if minimal linear realizations of each G;(s;) are used. To construct a
minimal-dimension bilinear realization, a more sophisticated factorization procedure can
be used, but | will not pursue that approach further. (See Remark 4.5.)

An alternative approach to bilinear realization theory for a given regular transfer
function of the form (31) involves the notion of an abstract shift realization similar to that
in the linear case. | will present this approach in detail since it directly provides minimal-
dimension bilinear realizations, and since it will be the main tool for polynomial and
Volterra systems. The shift realization approach is most easily introduced in terms of a

negative power series representation of Hyey(sy, . - ., s,) of the form
Hreg(S1, - - - )= S S hilminsi(lﬁl) .. _S;(ln+1) (42)
i,=0  i,=0

For strictly proper, recognizable transfer functions of the form (30), the validity of this
series representation is clear upon repeated use of the expansion (2). The genera setting
for the shift realization approach can be taken to be the class of regular transfer functions
that are analytic at infinity, and have zeros at infinity in each variable; though it is clear
from Theorem 4.7 that this generality will not be needed here. At any rate, comparing (42)
with the series form for (30) shows that the basic mathematical problem can be stated as
follows. Find matrices A, D, b, and ¢, of dimensionsm xm, mxm, mx 1, and 1 x m, such
that for all nonnegative integersj1,j2,j3r - - -,

o . hj,...j,,» k=n
cA*DA'D --- DA"b= (43)
0, k#n

Similar to the linear casg, it is convenient to use the notation (A,D,b,c,R™) to indicate an
m-dimensional bilinear realization corresponding to the given regular transfer function.
For any negative power seriesin k variables,

Vist.n8)= 3 o 3 v s g (44)

00

SV(s1, ..., =2 2 Vi1+1,i2---ik31(l gl (45)
i1=0 ik=0

Notice that the shift involves only the s; variable, and that for k = 1 it reduces to the shift
operator defined in Section 4.1. Clearly Sis a linear operator, and SV (s) is a negative
power series in k variables so that S'V (s) iswell defined.
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Also needed is an index operator T that isdefinedonV(sq, .. ., S¢) in (44) by

TV(s1,.-,8)= 3 0 3 VoSt st (46)
i,=0  i,4=0
for the case k > 1, and by TV (s1) = O for the k = 1 case. Note that T is a linear operator
and TV(sy, ..., S¢) is a negative power series in k — 1 variables. Thus T can be repeatedly
applied, though O will be obtained after at most k steps. Throughout the following
development the symbols S and T will be used regardless of the particular domain of
negative power series, in particular, regardless of the number of variables.

Now suppose a given degree-n homogeneous system is described by a regular
transfer function Hyegy(S1, - - -, S,) in the negative power series form. Define alinear space
of negative power series according to

U1 = span { Hreg(sl ----- Sh), S"reg(sl ----- Sh)s 82Hreg(sl ----- CHRERRN (47)
Using the notation TU ; for the image of U, under T, let
U, =span{ TU,, STU4, S?TU,, --- }

U, = span { TU -1, STU,-1, SzTUn—ll o} (48)
Then U; is alinear space of negative power series in n+1-j variables, j =1, ..., n, and
Ui n U; =0. Furthermore U; is invariant with respect to S that is, SU; O U;, and
TU; O Uj41.
Now consider the linear space
U=gpan{Uq,..., Uy} (49)

The elements of U are negative power series in n variables or less, and both Sand T then
can be viewed as linear operators from U into U. Define the initialization operator
L:R - U interms of the given regular transfer function by

Lr = Higg(S1, .- -, SOr (50)
and define the evaluation operator E:U - Rby

0, k>1
EV(sy,..., S) = (51)
EV(sy), k=1

where EV (s;) isthe evaluation operator defined in (10) for the linear case.

The spiritual similarity of this setup to that for linear systems should be apparent.
Also, since regular transfer functions that are not necessarily in power series form will be
of most interest, it is convenient to interpret the linear operators defined above directly in
terms of functions of k variables corresponding to negative power series. Indeed, the
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easily derived formulas are:
SV(s1,---,S) = S1V(S1,---»8) —[81V(S1, - - - 1 S)] s =

Sy =00
TV(sy,..,80 = [$1V(Sy, - ., 8] =
'Sk=skﬂ
0, k>1
EV(sy,...,&) = (52)

[$1V(S1)]Ckze, k=1

These interpretations are very important for calculations since the negative power series
representations are not at all pleasant to actually manipulate.

To show that (ST,L,E,U) is an abstract realization for the given regular transfer
function is remarkably simple. The identity

ES"TS™T .- TS"L=h .. (53)
is verified in the following sequence of calculations.
S = Slereg(sl, oSy

e - - —(i1+1) _—(i,+1 —(i,+1
- Z Z Z hi1+j1,i2---in51(|1+ )82('2+ ) "'Sn(l +1)
i i,=0

i,=0i,=0
. 00 00
jip — ~(i1+1) ~(in-1+1)
TS'L = Z Z hjlil"'in,lsll R
i1=0 in-1=0

00 00 00

o DD
ST =3 T 5 Misgai st s Y gl

i,=0i,=0i,,=0
. . (o) (o)
j j _ —(i,+1) —(in+1)
TS?TS"'L = Z Z hj1jzi1"'infzsl ! "'Sn_nzz
i,=0 ino=0

SjnTSjn—lT . TSJlL - Z hjl"'jn71i1+jn81(i1+1)
i,=0

ES" TS T TShL=h,...;,

It is easy to show that the remaining terms in (43) indeed are 0. If k< n, then the E
operator does the job since its argument will have more than one variable. If k > n, then
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the T's will give 0. Now the redlization procedure involves determining if U is finite
dimensional, and if so finding matrix representations for the linear operators S, T, E, and L
when U is replaced by R™. The following result and its proof are reminiscent of Theorem
4.1, though the proof is postponed until Section 4.3.

Theorem 4.8 A degree-n homogeneous system described by the regular transfer function
Hreg(S1, - - -, s,) is bilinear realizable if and only if U isfinite dimensional. Furthermore, if
the system is bilinear realizable, then (ST,L,E,U) isaminimal bilinear realization.

| should remark that it is not hard to show that U is finite dimensiona if
Hreg(S1, - -+, s,) is astrictly proper, recognizable function. It might be worthwhile for the
reader to work this out following the spirit of the proof of Theorem 4.2, just to gain some
familiarity with the linear operators S and T when applied to strictly proper, recognizable
functions.

To find a matrix realization when U is finite dimensional, it is convenient to replace
U in the following way. If dimension U = m, choose the standard ordered basis for R™ so

that eq,..., €n, represents the linearly independent elements of U4, €n41,..., €m,
represents the linearly independent elements of U,, and so on. Then from the fact that
Ug,..., U,, are digoint, and from the invariance properties mentioned earlier, matrix
representations for Sand T will have the form
All O e O
a=| 9 Az 0
o o0 - A;‘m
o o0 -+ 0 O
D,y O -~ 0 O
D= 0 D_32 N O O (54)
0 0 i Dyps O

Also, from the special form of the image of L and the null space of E, the respective matrix
representations will have the form

by
b= |9, c=[00 ¢ (55)
0

(Actually, the casual basis picker invariably ends up with b = e;.) The dimension of each
Ajj ism; xm;, and D, b, and c are partitioned accordingly. Note that this is precisely the
type of block-form realization used to derive Theorem 4.7.

Example 4.3 Given the bilinear-realizable regular transfer function
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1 _ 1
(51+2)(Sp+3)  S1Sy+35,+25,+6

Hreg(SLSZ) =

the first step in constructing arealization isto compute the spaces U, and U,. Since

S1 1
H,y(S1,S0) = -
reg(S1,52) S1S,+351+25,+6  S,+3
-2
= = —2H,¢4(S1,S
S1S,+35,+25,+6 reg(S1,52)
itisclear that
1
U, = span
1= [ S$1S,+35,+25,+6 }
To compute U », note that
S1 _ 1
THeq(S1,S2) = [Fi=2 =
reg(S1,52) [slsz+331+232+6] s;7s;  $;+3
S1 -3
= -1=
STHreg(S1,52) s1+3 s1+3

Thus,

_ 1
U, = span [ 31+3}

and making the replacement
o= [ [3] | veen [ [3]]

the matrix representations for S T, L, and E can be obtained as follows. If A is the matrix
representation for S, then

Thus,

If D isthe matrix representation of T, then

o [o]=[2] o [2]=]

S0 that
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o= [19]

10
Itisclear that the matrix representation of L is
= [o]
and, finally, since
1 _ 1 _ 1
S1Sp+351+25,#6 = $1+3
the matrix representation for Eis
c=[0 1]

It should be clear that the two approaches to the redization problem for
homogeneous systems that have been discussed are analogous to the two main approaches
to linear redlization theory. The shift redlization approach is based mainly on series
representations of rational functions, while the other approach is based more on direct
manipulations of the polynomials in the rational transfer function. In addition, the shift
realization approach for nonlinear systems can be rephrased in terms of a Behavior matrix
not too unlike that in the linear case. This formulation will be demonstrated in Section 4.3.

There is a particular form of interconnection structured realization that corresponds
to the block-form bilinear state equation specified by (54) and (55), or by (40).
Partitioning the state vector x (t) in the form

X(t)
x(t) = ; (56)
Xn(t)

where x;(t) is m; x 1, the block-form realization can be described by the set of state
eguations:

X1(t) = Apax4(t) + byu(t)
Xo(t) = ApXo(t) + Dogxa(tu(t)
Xn(t) = AnnXn(t) + Dn,n—lxn—l(t)u (t)

y () = caXn(t) (57)

Then the realization corresponds to the cascade connection of multi-input, multi-output
linear systems, and vector multipliers shown in Figure 4.1. (A vector quantity, in general,
deserves adouble line, while scalar quantities get asingle line.)
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X, _
I(sI—4,)"'b, @‘ I(s]—A4y)"! D21 .:L?:% c(sl-A4,)'D,, .

Figure 4.1. Aninterconnection structured realization.

4.3 Realization of Stationary Polynomial and Volterra Systems

The polynomial system case will be discussed first, and in most detail, though the
notation will be chosen in away that will facilitate consideration of Volterra systems later.
Again, finite-dimensional bilinear state equation realizations are of interest, particularly
those of minimal dimension. It will be seen that the shift approach extends to this setting
in avery simple fashion.

Suppose a degree-N polynomial system of is described by the sequence of regular
transfer functions

(H(s1), Hreg(SLSZ) ----- Hreg(sl ----- N, 0, o) (58)

where the transfer functions of degree greater than N are al indicated as zeros. The first
result shows that the basic realizability condition for polynomial systems follows directly

Theorem 4.9 The polynomial system specified in (58) is bilinear redizable if and only if
each regular transfer function is a strictly proper, recognizable function.

Proof Supposg, first, that each transfer function H,gy(s1, . - ., s;) is strictly proper and
recognizable. Then from Section 4.2 it is clear that each can be redlized by a degree-j
homogeneous bilinear state equation

Xj(t) = Ajx;(t) + Djx;(t)u(t) + byu(t)

yi(t) = ¢jx;(t) (59)

where j=1,..,N, and D, =0. (The degree-1 redlization, of course, is a linear state
equation.) Now, consider the additive parallel connection of these state equations. Such a
connection can be described by the "block diagonal” bilinear state equation (A,D,b,c,R™)
given by

AL O --- 0 D, 0 --- 0 b,

. 0 A, --- ..

xt)=| : X(t) + 2 xu® + | 22 [u)
o o6 .- AN o o0 --. D'N b.N

y(t)=[cy - cnIx(®)
Using the block diagonal form for A and D, it is straightforward to compute the degree-k
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transfer function for this realization:

N
c(s=A)™D -~ D(s1l-A)tb= 3 (s =A)™D; - - - Dj(sal —A)) b
i=1
But the fact that the j™ bilinear state equation is homogeneous of degree j implies that all
the summands on the right side are 0 except for when j = k. Thus

c(sd =A)'D - - D(s11 —A) b = cy(sl —A) Dk - - - Di(s1l =A) by

Hreg(S1, - - - s), k=1,..., N

0, k>N

and (A,D,b,c,R™M) isabilinear realization for the given polynomial system.

Now suppose the polynomia system is bilinear realizable, and furthermore that
(A,D,b,c,R™ is such a realization. Then by calculation each degree-n regular transfer
function isthe strictly proper, recognizable function

c(s) —A)D - -D(s;l -A) b, n=1,..., N

Thus the proof is complete.

The analog of Theorem 4.9 in the time domain should be obvious. A degree-N
polynomia system is bilinear realizable if and only if each regular kernel has the
exponential form given in (28) or (29).

The basic bilinear realizability result for polynomia systems also can be devel oped
via a shift realization approach, based on the assumption that each regular transfer
function in (58) can be written as a negative power series of the form

Higg(sy, .80 = 3 - 3 iy s g™ k=1 N (60)
i1=0 ik=0

Of course, this assumption can be made with no loss of generality as far as bilinear

realizations are concerned. It isclear from the formulation in Section 4.2 that constructing

abilinear redlization involves finding matrices A, D, b, and ¢ such that for all nonnegative

integersj1,jo, ...,
o . hj, o
cA*DA'D ---DA'*b = (61)
0, k>N

As has become usua in this chapter, the first step is to construct an abstract shift
realization.
Given any finite sequence of negative power series
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(V1(s1), Va(s1,S2), V3(S1,52,83), ") (62)
define the shift operator Sbhy

S(V1(s1), V2(s1,82), V3(S1,52,83), ")

= (SV1(s1), SV2(s1,82), SV3(81,52,83), * ") (63)

where SV, (s1, - . ., s¢) is the shift operator defined in (44) and (45). Similarly, define the
index operator T by

T(Vi(s1), Va(s1,82), V3(51,82,83), ")

= (TV2(S1,S2), TV3(81,52,83), * ") (64)

where TV, (s1,...,S) isthe index operator defined in (46). (Of course, if (62) isviewed as a
sequence of functions defined by negative power series, then the shift and index operators
can be interpreted as per (52).)
In order to proceed further, it is convenient to use the notation
H(s1, - -~ ,sv) = (H(S1), Hreg(S1,52), - - - Hreg(S1, - - - SNAURERD (65)

to indicate the given degree-N polynomial system. Then define the following linear spaces
of finite sequences of negative power series.

Uy =span {H(sy,...,s), SH(S, - s0) SPH(Sy, -+ usw), + )

Uy = span {TUy-1, STUy-g, S*TUy-g, -+ -} (66)

Lr = H(sq, ..., SI (67)
and the evaluation operator E:U - Rby
E(Vi(s1), Va(s1,52), V3(S1,52,83), ) = EVy(s1) (68)

where EV((s1) is defined asin the linear case.

Now the calculations to show that (ST,L,E,U) is an abstract bilinear realization for
the given H(sy, .. ., sy) follow directly from the calculations in the homogeneous case.
For instance,
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ESIL = E(S'H(s1), S'Hreg(S1,52), - - - S'Hreg(S1, - - - s\, 0, - °)
=ES'H(s))=hj, j=012,---
ES* TS = E(S2 TS H (s1,8)), . . . , S TS Hygy(ss

= ES"*TS " H,(s1,82) = hyj,, j1,i2=012,--" (69)

Theorem 4.10 A degree-N polynomial system described by the sequence of regular
transfer functions H(sy, . . ., sy) is bilinear realizable if and only if U isfinite dimensional.
Furthermore, if the system is bilinear realizable, then (ST,L,E,U) is a minimal bilinear
realization. .

Proof Suppose that the polynomial system described by H(sq, .. ., sy) is bilinear
realizable, that (A,D,b,c,R™) isany bilinear realization of the system, and that (ST,L,E,U)
isthe shift realization of the system. Let W be the linear space of all sequences of negative
power series such as (62). Then define alinear operator ®:R™ - W by

D(X) = (c(s11-A)1x, c(S,1 —A) 2D (511 -A) X,

c(s3l ~A) D (sl A D (s11-A) 1, -+ +)

where for brevity | have written the right side as a sequence of drictly proper,
recognizable functions instead of the corresponding negative power series. Notice that

d(b) = H(syq, ..., sy). Furthermore, using the definition of the shift operator in the
homogeneous case,

c(sd —A)ID - D(s;1 —A)tAb

— Z . Z CAIkD . DAi1+leI(i1+l) . SE(ik+1)

Extending this calculation to the sequence of regular transfer functions I:|(sl ..... SN)
shows that

®(Ab) = SH(S1, .., S)

Using the definition of Tin asimilar way,
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c(sc-1l —A)D - -D (s, -A)Db

.S cA™D - DA"Dbs; Y ... gD
0 ix-1=0

1
'Mg

I1

TS -+ 3 cA"D -+ DA"bsy* ... gt D)
i1=0 ik=0

=THreg(31.-...SK), k=2,...,N

Again, this calculation, when extended to I:|(sl, -+ ,8\), implies that
®(Db) = TH(Sy, . . ., Sy)
Combining these results gives
®A™D - DA*b)= ST TS H(sy,...,s), N=1,...,N

which shows that U O R[®]. Since @ is a linear map on an m-dimensional space, it
follows that dimension U <m. Thus U is finite dimensional, and furthermore the abstract
shift realization is minimal since the dimension of U is no greater than the state space
dimension of any other bilinear realization of H(sq, ... ,S\)-

Assuming now that U has finite dimension m, the following construction yields a
minimal bilinear realization (A,D,b,c,R™) of H(s4, . ..,s\). Replacing the space U by R™
with the standard ordered basis choices eq, . . . ,&y, for the linearly independent elements
of Uy, €n,+1, ... ,€m, for the additional linearly independent elements of U,, and so on,
gives aredization as follows. Since SU; O span {U4, ... ,U; }, itisclear that the matrix
representation for Swill have the block-triangular form

A A - Ay
0 Az i+ A
o o0 - AI\}IM

where Ajj is m; xm;. Also TU; Ospan{U4,...,U;j.q1 }, which implies that the matrix

representation for T will have the block (almost triangular) form

A= (70)

D11 Do *+* Dym-1 Dy
D21 Dy -+ Dam-1 Doy

D= O D.32 D3“|v|_1 D3|\/| (71)
0 0 - Dym-1 Dum

where the blocks are partitioned according to those in A. (Notice that M (< N) blocks are
indicated, rather than N. The reason is that a particular U; may be contained in
span {U, ...,Uj_1 }.) The matrix representation for L clearly will have the block form

167



b= | ¢ (72)

and a matrix representation for E is found by computing the action of E on each U; to
obtain

c=[cu " cm] (73)
where each c4; is1xm;.

Example 4.6 Consider the degree-2 polynomial system described by the regular transfer
functions

1 1

~ _ .0, -
H(s1,82) = ( s1+1 " (51+2)(S,+3) )
To find U 1, compute
. -1 —2
_ , O' P
SH(s1,5,) = ( s1+1 " (51+2)(5,+3) )
. 1 4 0-..
S?H(s1,s,) = ( s1+1 " (51+2)(sp*+3) ' )
= ~2H(s1,52) ~ 35H(s1.52)
Thus,
o _ ( ) 1 ) ( -1 -2 O)
1= 5P sl (:1t2)(s2*3) T

1 1 O' )
S1+l  (S1+2)(s2+3)

To find U, the image of these basis elements for U, under T must be computed, and then
the subsequent image under repeated shifts must be computed.
1 1 1

sl oy T

1 2 2
, , O' TR :
s+l (5:+2(5+9) )=
= —2TH(s1,S5)
1 3
0, )= 0, -
Sl+3 ) (Sl+3

TSI:|(sl,sz)= T( 0, )

Sl+3 ’ ’

STH(s1,52) = S(

= —3TI:| (s1,S2)
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Thus,

Uzzspan [( 31];.3 ’O' )}

Now replace U = span {U;,U, } by R® and choose the standard ordered basis elements
according to

£ B S
0 S;+1 7 (s1+2)(sp*+3) T
01 ) )
1|=( 1 ’ 2 L0, 1)
0 S1+1  (S1+2)(s2+3)
0]
1
0l = .0, -
0= (573 )
Thisyields the matrix representations
0-20 000
A=|1-30|,D=|000
00 -3 1-20

The calculations
EH(s1,5,) = 1, ESH(s1,5,) = -1, ETH(S;,5,) = 1
give
c=[1 -1 1]

-

Now consider the bilinear redlization problem for a given Volterra system. It is
assumed that the system is specified in terms of a sequence of regular transfer functions
written in the notation

H(S1, . .1 Sw) = (H(S1), Hreg(51,52), Hreg(S1,52,53), ) (74)

Asusual, H(sq, ..., S.) Will be viewed as a sequence of negative power series, each of
which takes the formin (60). From this perspective, it is clear that the bilinear realization
problem for a Volterra system involves finding matrices A, D, b, and ¢ such that for all
k=12, ---,andal nonnegative integersj, .. ., Tk

cA*D ---DA*b=h;, ..., (75)

and, finally,
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The construction of an abstract shift realization for I:|(sl ..... S.) proceeds along
the same lines as in the polynomial system case, so only a brief review of the mechanicsis
needed. The shift and index operators are defined, as in the polynomial case, according to

SV(sy, .-, Seo) = (SV1(81), SV2(s81,82), )

TV(Sy, .., Seo) = (TV2(S1,S2), TV3(S1,52,83), " *) (76)

In terms of these operators and the given Volterra system, a set of linear spaces is defined
by
U, = span {I:|(sl ..... Seo), S:|(sl ..... Seo), SZI:|(31 ..... Sw), * '}

U, = span {TU4, STU,, S?TU,, -}
Uz = span {TU,, STU,, S*TU,, -} (77)
and, finally,

U=span{U, U, Ug, ---} (78)

Itisclear that Sand T are linear operators from U into U. Define the initialization operator
L:R - U interms of the given system by

Lr = H(sq, ..., Soo )l (79)
and the evaluation operator E:U — Rby
E(Vi(s1), Va(s1,82), )= EVi(s1) (80)

The demonstration that (ST,L,E,U) is an abstract bilinear realization for the given
Volterra system follows from by now standard calculations. Also, one answer to the
bilinear realizability and minimality questions is easily obtained. If U has finite
dimension, then it is clear by the replacement construction that the given system is bilinear
realizable. On the other hand, a simple argument using a @ operator similar to that in the
proof of Theorem 4.10 shows that if the given system is bilinear realizable, then U has
finite dimension. (And in this case the shift realization is a minimal bilinear realization for
the system.) Thus bilinear realizability of a Volterra system is equivaent to finite
dimensionality of the linear space U. The search for a more direct characterization begins
in the direction of Theorem 4.9.

Theorem 4.11 If the Volterra system specified by H(sq, ..., S,) in (74) is bhilinear
realizable, then each regular transfer function He(Sq, ..., s is a strictly proper,
recognizable function.

_ A proof of Theorem 4.11 consists of nothing more than taking a bilinear realization
of H(sy, ..., S,) and observing that by calculation each Hyg(S1, ..., s is a strictly
proper, recognizable function. This observation, together with Theorem 4.9, aso yields the
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following interesting fact.

Corollary 4.1 If a Volterra system is hilinear realizable, then any polynomial system
formed by truncation of the Volterra system is also bilinear realizable.

Unfortunately, the search for a more direct characterization of bilinear realizability
for Volterra systems appears to end with the failure of the converse of Theorem 4.11.

Example 4.5 Consider the Volterra system
" 1 12! Un!

s S = (T e D 7 D) - 5 )
Applying the index operator repeatedly gives
s _ U +1)! 1(j+2)! U(n+j+1)!
J - ey I et
THGL )= (5 T o)D) 7 Eat D) (e D) )
for j = 1,2, - - -. The denominators of the subsystem transfer functions all behave in the
expected way. But since the collection of sequences (of numerators)
1 1 1 :
ey ————, 1), =01,
(GrDr Gear 0 Ganeny )

is infinite dimensional, it is clear without even calculating the action of the shift operator
that U =gpan{U, Uy, -} will be infinite dimensional. Thus H(sq, ..., S,) IS Nnot
bilinear realizable.

Suppose a Volterra system is given wherein every subsystem regular transfer
function is strictly proper and recognizable. To check for bilinear realizability, Example
4.7 indicates that there is no choice but to work through the calculation of the dimension of
U. Of course, this raises the issue of having a general form for the sequence of regular
transfer functions. When such a general form is available, the calculation of a bilinear
realization can be easy if the dimensions are small.

Example 4.6 For the Volterra system

\ 1 1 1 .
s1+1l " (s1+1)(sp+1) (51+1) - (sa+D)

aquick calculation shows that
SIH(SL, . .. 1Se) = (“1IH(SY, ..., 8e), j= 1,2, -
and
TIH(sy, . .., Sw) = H(sq, ..., Sw), j=1,2 -
Therefore dimension U = 1, and another easy calculation shows that a minimal bilinear
realization is
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X(t) = =x(t) + x()u(t) + u(t)

y(®) = x(t)

In addition to illustrating a sort of easiest-possible Volterra system realization
problem, this example in conjunction with Example 4.5 shows that the interrel ationships of
the subsystem "gains' plays a crucia role in finite-dimensional realizability. That is,
bilinear realizability can be created or destroyed simply by changing constants in the
numerators of the regular transfer functions in a Volterra system. Another interesting
observation can be made by considering the degree-2 polynomial truncation of the system
in Example 4.6, namely,

A(s1.82) = (— 1

1 1 O' )
S1+l  (S1+1)(s2+1])

The minimal-dimension bilinear realization for this polynomial system has dimension 2.
Thus truncation can increase the dimension of the minimal bilinear realization. See
Problem 4.7.

A perhaps cleaner statement of the condition for bilinear realizability of a given
Volterra system (or, for that matter, polynomia or homogeneous system) can be devel oped
from the shift-realization viewpoint. The approach involves replacing negative power
series with sequences so that U is viewed as a linear space of sequences of sequences,
arranging these sequences into a matrix, and then noting that rank finiteness of the matrix
is equivalent to finite dimensionality of U. Again, thisis al very similar in style to the
linear case.

Viewing a sequence of regular transfer functions I:|(sl, ...,Ss) &S a sequence of
negative power series
Hisy - 08a) = ( S hs Y, 5 5 by st 0500, o (81)
i,=0 i,=0i,=0

any expression of the form
TS T TS (s, . . ., S0) (82)

can be viewed in the same way. For example,

00

SH(SL - 080) = (T hpeast ™™, 5 5 s Y,

i,=0 i,=0i,=0
TH(SL, - . ,5w) = (3 ha, s, 5 5 hg st 95020y (83)
i,=0 i,=0i,=0

Each of these sequences of negative power series can be viewed as a sequence of
sequences. For example,

172



Sw) = ((ho,hq,h2, -+ +), (hoo,hoa,hoz, - . -, hig,h11,h1p, =+ +), )
Sd(sy, ..., Sw) = ((hq,ho,hg, -+ +), (hyp,h19,h10, .. ., hoo,ho1,hop, =+ ), )
Se) = ((hoo,ho1,ho2, = - ), (Nooo:hoo1:hoo2, - - - ho10.Mo11,No12, ==+ ), =)

Of course, there are many ways to systematically list the multi-index sequences, but the
particular arrangement isimmateria aslong asall are listed in the same way.

From this viewpoint, each U; in (77) and U in (78) can be considered as a linear
space of sequences of sequences. The shift and index operators are interpreted as above,
and the operators L and E are similarly modified for the sequence interpretation. Then a
Behavior matrix for the given system is defined in terms of the sequence interpretation by

H(sq,..., So)

H(sq, ..., So)

S?H(sy, . . ., Seo)

. Tl:|(sl ..... So)
Bj = ~

STH(s4, ..., So)

h0 hl hoo h01
h.l h.2 L h_10 hys

ol I (84)
hoo hox - hegy hgoy -

And now the following realizability condition should be an obvious restatement of the
finite-dimensionality condition on the linear space U.

Theorem 4.12 The Volterra system described by H(sq, ..., S.) IS bilinear realizable if
and only if the corresponding Behavior matrix By has finite rank. Furthermore, for a
bilinear-realizable system, the rank of By is the dimension of the minimal bilinear
realizations.

4.4 Properties of Bilinear State Equations

Having focused attention on the bilinear realization question, it is appropriate to
discuss some of the features of such state equations. As | have mentioned previoudly,
bilinear state equations have many structural features that are strikingly similar to well
known features of linear state equations. These features will be demonstrated in the
general situation where the bilinear state equation represents a Volterra system. There is
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no reason to consider separately the special cases of homogeneous or polynomial systems.

A question that often arises is whether a given bilinear state equation is minimal.
That is, whether the state equation is a minimal bilinear realization of its input/output
description. A convenient way to address this question is through the appropriate concepts
of reachability and observability. These concepts will be developed and related to
minimality. Also, certain equivalence properties of minimal bilinear realizations will be
discussed.

The appropriate definition of reachability for the bilinear state equation

X(t) = Ax(t) + Dx(t)u(t) + bu(t)

y(t)=cx(t), t=0, x(0)=0 (85)

begins with the notion of a reachable state. As usual, x(t) € R™, and u(t) and y(t) are
scalars.

Definition 4.1 A state x; of the bilinear state equation (85) is called reachable (from
x(0) = 0) if there exists a piecewise continuous input signa such that for somet; < o,
X(t 1) = X1.

| should note that the specification of piecewise continuity for the input signal is
more or less a matter of convenience. Both more general and more restrictive classes of
inputs can be chosen without changing the results. (But not to specify the class of
admissible inputs would be in poor taste.)

It would be nice if the set of reachable states for a bilinear state equation formed a
linear subspace of the state space R™. Unfortunately this is not the case; linear
combinations of reachable states may not be reachable. Thus, a somewhat weaker notion
of reachability isused so that the techniques of linear algebra can be applied.

Definition 4.2 The bilinear state equation (A,D,b,c,R™) is called span reachable if the
set of reachable states spans R™.

The first step in establishing a criterion for span reachability of a given system is to
characterize the span of the reachable states. To this end, let Ly p(b) denote the least
dimension subspace of R™ containing b and invariant under A and D.

Lemma 4.1 The subspace Xy [ R™ spanned by the reachable states of (A,D,b,c,R™) is
given by Xg = Lap(b).

Proof Suppose x; is a reachable state, so that for some input u(t) and some t; < oo,
X(t1) = X;1. Then x4 can be written using the expression derived in Chapter 3 for the
solution x (t) of a bilinear state equation. For the case of x(0) = 0 and constant coefficient
matrices, the first few terms are
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ty
Xy = J’eA(tl_o)bu (o) do
Lo

+ [ [ PG Wpet %y (y)u(0y,) dogdoy + - (86)
00

Expressing the matrix exponentials as power series, and using the uniform convergence of
these series to interchange summation and integration, a messier expression is obtained,
the first few terms of which are

ty ty t; 0y

x1 = bfu(o) do + Ab[(t-0)u(o) do + Db [u(o1)u(o,) doydoy + -+ (87)
0 0 00

This expression shows that x; is alinear combination of products of A and D times b, so
that X1 € Lap(b). Thus Xg O Lap(b) since there is a set of reachable states that forms a
basis for X .

To obtain the reverse containment, it is not hard to show that if x(t) is contained in a
subspace for al t =0, then x(t) is contained in the same subspace for all t = 0. Thus, for
any constant input u(t) = u, and any reachable state x4,

(A + Du)xq + bu € Xg

In particular, x; = Ois reachable, and thus b € X,,. Therefore, if u is any real number, and
X1 isany reachable state,

(A + Du)xq € Xg

Since there is a set of reachable states that spans X, for any u the image of Xy under
(A + Du) satisfies

(A + Du)Xg O Xg

It isleft to Problem 4.14 to show that thisimplies that X is invariant under both A and D.
Since Xg contains b and is invariant under A and D, Lap(b) O Xg. This completes the
proof.

A characterization of L p(b) can be obtained by recursively defining

and letting
Pi=[p1p2 - pil (89)

Lemma 4.2 Thelinear subspaces Lp p(b) and R[Py,] are identical.

Proof The linear subspace R[P,] is the subspace spanned by the columns of P,. The
columns of P, contain those of Py_;, and the additional columns are generated by
multiplication by A and D. Therefore,
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R[P{]OR[P,JO---ORM
In particular, there exists ak—1 < msuch that
RIP1J OR[P2] O---OR[Pk-1] = R[P] = -+ = R[Py] OR™

and therefore R[Py-1] = R[P,] is invariant under A and D and contains b. It remains to
show that R[P,,] is the least-dimension such subspace. So suppose X 0 R™ is any
subspace that contains b and that is invariant under A and D. But X must contain b, Ab,
Db, ..., that is X O R[P,,]. Consequently R[P,,)] isof least dimension.

This result leads directly to a criterion for span reachability because rank P, is
precisely the dimension of R[P,].

Theorem 4.13 The m-dimensiona bilinear state equation (85) is span reachable if and
only if rank P, = m.

| now turn to the problem of developing a suitable observability property for bilinear
state equations. Again, the concept to be used will be defined in a somewhat weaker
fashion than observability for linear state equations.

Definition 4.3 A date xo#0 of the bilinear state equation (85) is called
indistinguishable (from 0) if the response y (t) with x(0) = X is identical to the response
with x (0) = O for every piecewise continuous input signal.

Here, as before, piecewise continuity is specified just for definiteness. Notice that
the definition implies nothing about the ability to compute a distinguishable initial state
from knowledge of the response y(t). This issue will be regarded as extraneous to the
structure theory under discussion.

Definition 4.4  The bilinear state equation (85) is called observable if there are no
indistinguishabl e states.

To characterize the concept of observability for the bilinear state equation
(A,D,b,c,R™), it is convenient to let G p(c) O R™ be the largest subspace contained in
N[c] that isinvariant under A and D.

Lemma 4.3 The subset of al indistinguishable states of (A,D,b,c,R™) is a linear
subspace that is given by X; = Gp p(C).

Proof (Sketch) Using the representation derived in Chapter 3, the response of the

bilinear system to arbitrary initial state X and input u (t) can be written as a series, the first
few terms of which are
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t t
y(t) = ce’xg + [ ce®"9De”%,u (o) do + [ ce*tDbu(o) do + ---
0 0

Expanding the matrix exponentials yields terms of the form
t
y(t) = cXq + CAXot + cDXof u(0) do
0
t

t
+ cbf u(o) do + cAbf (t-o)u(c) do + - -- (90)
0 0

It should be clear from this expression that the set of indistinguishable states forms a linear
subspace. Also it is easy to see that if Xg € G p(C), then X, is indistinguishable. In other
words, Gap(c) O X;. The reverse containment is obtained by showing that for all real
numbers u,

(A + Du)X; OX;
and that
X ON[c]

The details are not hard tofill in, and thus are omitted.
To characterize X; now involves characterizing Ga p(c). Let

_ | GaA| .
gqi1=¢, g = G_iD |’ i =23, (91)
and
ax
a2 o
Q=" =12 - (92
of

Then the following result is proved in a manner similar to Lemma4.2.
Lemma 4.4 Thelinear subspaces X; and N[Q,,] are identical.
Now the obvious application of linear algebra gives an observability criterion.

Theorem 4.14 The mdimensional bilinear state equation (85) is observable if and only
if rank Qp = m.

While these concepts are of interest in themselves, the intent here is to use them in

conjunction with the theory of minimal bilinear realizations. To this end there is one more
fact about the matrices P, and Q; that iscrucial.
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Lemma 45 For any j,k=12,..., the product Q;Py is the same for al bilinear
realizations of agiven system.

Proof Suppose that (A,D,b,c,R™) and (A,Iﬁ,B,é,Rﬁ‘) both are bilinear realizations of a
given system. Thenforn = 1,2, ..., theregular kernels of the two systems give

AG, ~ _AG,_ A A AGR AGLA A Aoy
ce”"De" "D - - - De" b = ce""De""'D - - - De"%'b

for dl oq,...,0,=0. Replacing every matrix exponential by its power series expansion
and equating coefficients of like arguments shows that
cA'D ---DAl"b= EA"D ---DA"b

forevery n=1,2, - -+, and every i; 2 0. This completes the proof since every element of
the product Q; Py has precisely this form.

At this point, amost al the tools needed to characterize minimality for bilinear
realizations are at hand. The one remaining calculation involves showing that if
(A,D,b,c,RM is aredlization for a given system, then for any invertible, m x m matrix T,

(TAT L, TDT 1, Th,cT™1,R™) also is a redization for the system. This is left as an easy
exercise.

Theorem 4.15 A bilinear redlization of a specified Volterra system is minimal if and
only if it is span reachable and observable.

Proof Suppose (85) is a hilinear redization of dimension m for the given Volterra
system, but that it is not span reachable. | will show how to construct another bilinear
realization of dimension < m. Since (A,D,b,c,R™) is not span reachable, R[P,,] O R™ and
| can write R™ = R[P,,] OV, where [J denotes direct sum, and V is a linear subspace of
dimension at least 1. Pick abasis for R™ that isthe union of abasiswy, ... ,w, for R[Py]
and abasisW, 1, . .. ,Wp, for V. Letting T™* be the m x m matrix with i " column w;, then
(TAT L, TDT L, Th,cT™1,R™) aso is an m-dimensiona bilinear realization of the given
Volterra system. Furthermore, since R[P,,,] contains b and is invariant under A and D, this
new realization isin the partitioned form

(AL A Dy D
-1 11 12 -1 _ 11 12
TAT - = 0 Ayl TDT = 0 Dy
_[bs 1
Tb=| o5 |, cT=[c; ¢ (93)

The 0 blocks in TAT ™! and TDT ™ are (m-r) x r, the 0 block in Tbis (m—r) x 1, and ¢ is
r x 1. Now itisan easy calculation to show that forn=1,2, --- and 04, ...,0,20,

ce”De”D - - - De"%p = ¢, D, Dy, - - - Db,
Thus (A11,D11,b1,¢4,R") is a bilinear redlization of dimension r < m. In a very similar
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fashion it can be shown that if a bilinear realization is not observable, then it is not
minimal. o
Now suppose (A,D,b,c,R™ and (A,D,b,c,R™ are span-reachable and observable
bilinear realizations of dimension m and m, respectively, for the given Volterra system.
Letting M = max[m,m], Lemma4.4 gives
QmPwm = QuPwm (94)

But the m rows of Py and m columns of Qy are linearly independent, and the m rows of
Py and m columns of Qy are linearly independent. Thus, leaving the details to the reader,
(94) implies m=m. That is, al span-reachable and observable redizations of a given
Volterra system have the same dimension. In the first part of the proof it was shown that a
minimal bilinear realization is span reachable and observable. Thus all span-reachable
and observable realizations of a given Volterra system are minimal.

The last step in the characterization of minimal bilinear realizations will be to show
that all such realizations of a given Volterra system are related by a change of variables.

Theorem 4,16 Suppose (A,D,b,c,R™) isaminimal bilinear realization of a given system.
Then (A,D,b,c,R™) also isaminimal bilinear realization of the system if and only if there
isan invertible matrix Tsuchthat A= TAT 2, D = TDT %, b= Th,c = cT 1.

Proof If such a T exists, then sufficiency follows from an easy exercise suggested
earlier. For necessity, suppose that both state equations are minimal bilinear realizations
of the given system. Then by Lemma4.4,

Qkpj = Qkpj , k,J = 1, 2, e (95)

and, by Theorem 4.15, Qp, ém, P, and ISm al have rank m. In particular, this implies that
(Qm’Qm) isinvertible, so if

T = (Qn' Q)™ Qm Qm
then
Qm QnT = Q' Qn
and
Qn QPP = Qm QPP = Qny QPP
Since PP isinvertible, this givesthat T isinvertible and
T = PPy’ (PrPr’) ™
Now (95) withk = 1, j = mimpliescP,, = élsm, which implies
PP’ = PPy
or, ¢ = &T2. Similarly, withk = m, j = 1, (95) becomes Qb = Qy,b, which gives b = Tb.

179



Now note that the columns of AP, are contained in the columns of P,,+1, and the columns
of DP,, are contained in the columns of P,+1. Thus (95) implies

A A A

QmAPm = QmAP, QmDPrm = QmDPy,
Taking, for example, the first of these equalities,

A A A

Qm QnAPmPm = Qn QmAPHPy
or

A= (Qm,Qm)_lQm,QmAPum,(Pum,)_l = TAT
The similar calculation for the second equality completes the proof.

4.5 The Nonstationary Case

The transform-domain tools that have been used so extensively in the preceding
sections cannot be used fruitfully for nonstationary systems. Also, the regular kernel has
been developed only for stationary systems, so this leaves the choice of using either
triangular or symmetric kernels in the input/output representation of nonstationary
systems. Since bilinear readizations are of interest, the triangular kernel developed in
Chapter 3 for such state equations will be used, though the results could be rephrased
rather easily in terms of symmetric kernels.

A nonstationary bilinear state equation takes the form

X(t) = A(t)x(t) + D (t)x(u(t) + b(t)u(t)

y () = c(Ox(t) (96)

where all the dimensions are as usual, and the coefficient matrices are nominaly assumed
to be continuous functions of t. In Chapter 3 it was shown that such a state equation with
x(0) = Oyields a Volterra system representation

o t 01 Op-1
yty=>[[--- [ hitoy,..., o,)u(oy) - - - u(oy) doy, - - - doy (97)
n=100 0

where the n™" triangular kernel is given by

h(t,oy, ..., Op) = ¢(t)®(t,01)D (01)P(01,02)D (02)P(02,03)
D (Gn—1)¢(0n—1-0n)b(0n) (98)

and where ®(t, 0) isthe transition matrix for A(t).

To consider the bilinear realization problem for a general Volterra system of the
form (97) is adifficult task. About all that can be said at present isthat the Volterra system
is bilinear realizable if and only if there exist appropriately dimensioned, continuous
matrix functions A(t), D (t), b(t), and c(t) such that the kernels can be written in the form
(98); rather like saying it is bilinear realizable if and only if it is bilinear realizable. The
difficulty is similar in nature to the difficulties that arise in the stationary case. Bilinear
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realizability of a Volterra system depends both on properties of the individual kernels, and
on the way the kernels interrelate. However, the outlook is brighter for homogeneous and
polynomial systems, and | will concentrate on these cases.

Theorem 4.17 A degree-n homogeneous system described by

t O1 On1

yty=[]- [ htoy,..., opu(oy) - - - u(op) doy, - - - doy (99)
00 0
isbilinear realizable if and only if the kernel h(t,o4, - - -,0,) is separable.

Proof If the system is bilinear realizable, then the kernel can be written in the form
(98). From properties of the transition matrix, it follows that the kernel is separable. (Just
asin the linear case, the continuity required by separability is furnished by the continuity
assumptions on the bilinear state equation.)

Now suppose that the kerndl is separable,

(O ....00)= 5 Va(®OVE(OL) - - Ve (Op)
i=1

For the case of m = 1, it is easy to show that the bilinear state equation

Ovyy() O - 0 0
0 0 wop(t) -:+ 0 0

= |- ) : : ;

X(t) 56 O v x(tu(t) + 5 u(t)
0 0 0o - 0 Vam(t)

y(t) = [vom(t) O --- O] x(t)
is a degree-n homogeneous system with kernel

h(t,oq,..., On) = Vom(t)V1m(0O1) - * Vam(On)

The proof is now amost complete since an additive parallel connection of these simple
bilinear state egquations can be used in the general case. The reason the proof is not
complete is that when m = 1 the v;;(.) must be real functions, but for m > 1 they might be
complex. Consideration of these details isleft to the reader.

It also is interesting to characterize those homogeneous systems that, although
represented in terms of a nonstationary triangular kernel, actually are realizable by a
constant-parameter bilinear state eguation. Once again, the results are similar to the
linear-system results.

Theorem 4.18 A degree-n homogeneous system of the form (99) is realizable by a
constant-parameter bilinear state equation if and only if the kernel h(t,o4, ..., op) is
stationary and differentiably separable.
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Proof If the degree-n homogeneous system has a constant-parameter bilinear
realization, then stationarity and differentiable separability follow easily from the familiar
general form of the kernel.

Now suppose the triangular kernel is stationary and differentiably separable. For
simplicity | will consider the special case

h(t,01,...,0n) = Vo(t)v(01) * - Vn(On)

where each v;(.) is ared function. (Just as in the linear case, the generalization of the
proof is easy except when complex-valued functions are involved. Then more fussy
arguments are required to show that a real-coefficient realization can be obtained.) The
main part of the proof will be devoted to showing that the kernel can be written in the form

h(t,Gl ..... O-n) — Cleal(t_cl)eaz(cl_cz) . ean(cn—l_cn)

for real numberscq,ay, .. ., a,. Oncethisisestablished, abilinear redlization is given by

a10 0
08 -0
0

X(t) = X(t) + x(tu(t) + u(t)

oo --OoR
oR- 00

0O O
PO 00

0 0 - a,

y®=[c.10--- 0] x(t)

as is readily verified by the usual calculation. The basic approach involves proving that
each vj(.) satisfies a constant-coefficient linear differential equation of first order. To show
thisfor, say, v4(04), let

;
q1= [+ [VB(WV3(0y) - - VA(On) dt do, - - da,
-T -T

where T has been chosen so that g4 > 0. Note that if no such T exists, then the kerndl is
identically 0, atrivial case. By stationarity
so that
—h{,oq,..., o,)=0
Computing the derivatives using the separable form gives
Vo(t)V1(01)V2(02) - - - Va(Tn) + Vo(t)V1(01)V2(02)V3(03) - - - Va(Op)

+ o+ Vo(tVe(01) *  * Vn-1(01)Vn(0y) + Vo(t)Ve(01) - - - Vn(0n) = O

Multiplying this equation by vq(t)v,(05) - - - v, (0,) and rearranging gives
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[VE(t)V5(02) - - - VA(0n)IV1(01) + [VE(1)V2(02)V2(02)VE(03) - - - VA(Cn)

+ o HVG(VE(02) * + Va(On)Vn(On) + Vo(tWVo(t)VE(2) * - - VA(On)IV1(01) = O
Both sides of this expression can be integrated with respect to t, o, . . ., O, to obtain

q1Vv1(01) + r1vai(o) =0
with the obvious definition of rq. Thus v,(0;) satisfies a constant-parameter linear
differential equation (nontrivial since q; # 0). This means that

vi(01) = Clealc1

for suitable a; and c;. A similar development can be carried out to show that
vj(o;) = cjeajoj forj =2,3,...,n. Now the stationarity condition can be written as

-t -t
Vo(t)Clealcl . Cneancn — Vo(o)cleal(cl ). Cnean(cn )

— vo(O)e(a1+ ---+an)(-t)clea101 . Cneancn
which gives
Vo(t) = vo(0)e T

Thus, with the appropriate redefinition of ¢,

—(a;+ et ai01 | @0,
1 e

‘e

— Cle-(a1+ ---+an)(t-01)e-(az+ e tag)(00m0y) | e-an(cnfl-cn)
and the proof is complete.

These results for homogeneous systems directly provide bilinear realizability results
for polynomial systems. That is, bilinear realizability for a polynomial system depends on
bilinear realizability of each and every homogeneous subsystem. The easy proof of the
following formalization is left to Section 4.7, with the hint that the proof of Theorem 4.9
merits imitation.

Theorem 4.19 A degree-N polynomial system has a (constant parameter) bilinear
realization if and only if each of the N triangular kernels is (stationary, and differentiably)
separable.

4.6 Remarks and References

Remark 4.1 There is an abundance of material on the linear redization problem, and
only a few references will be listed here. An elementary review for stationary systems,
including the multi-input, multi-output case, can be found in
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C. Chen, Introduction to Linear System Theory, Holt, Rinehart, and Winston, New York,
1970.

An edementary treatment that emphasizes Hankel (Behavior) matrices and connections
with algebraic properties of rational functions is given in a book that modesty almost
prevents me from mentioning:

W. Rugh, Mathematical Description of Linear Systems, Marcel Dekker, New York, 1975.

A more research-oriented review of the Hankel matrix approach, along with an interesting
discussion of perspectives and open problemsisgivenin

R. Kalman, "Realization Theory of Linear Dynamical Systems," in Control Theory and
Topics in Functional Analysis, Vol. 2, International Atomic Energy Agency, Vienna, pp.
235-256, 1976.

The abstract shift realization used in Section 4.1 is devel oped from the approach in

E. Gilbert, "Redlization Algorithms for Linear Systems and the Role of the Restricted
Backward Shift Realization,” Proceedings of the 1978 Conference on Information
Sciences and Systems, Electrical Engineering Department, The Johns Hopkins University,
Baltimore, pp. 145-151, 1978.

Finally, the realization problem for nonstationary linear systemsis discussed in

L. Silverman, "Redlization of Linear Dynamical Systems" IEEE Transactions on
Automatic Control, Vol. AC-16, pp. 554-568, 1971.

R. Brockett, Finite Dimensional Linear Systems, John Wiley, New York, 1970.

Remark 4.2 An early treatment of the nonlinear realization problem in terms of
interconnections of linear systems and multipliersis given in

M. Schetzen, "Synthesis of a Class of Nonlinear Systems," International Journal of
Contral, Val. 1, pp. 401-414, 1965.

In the degree-2 case, the basic interconnection structure is a cascade connection of alinear
system following a multiplicative paralel connection of two linear systems. Additive
paralel connections of these basic structures also are used. Realizability tests and
realization procedures are developed based on the structural form for the transfer function,
H1(s1)H>(s2)H3(s1+S5), which arises naturally from interconnection results. The issue of
realizability in terms of a standard form for the transfer function (say, the symmetric
transfer function) is not discussed.
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Further development of realization ideas based on structural features of symmetric
transfer functions of particular kinds of interconnections of linear systems and multipliers
can be found in the following papers.

W. Smith, W. Rugh, "On the Structure of a Class of Nonlinear Systems |EEE
Transactions on Automatic Control, Vol. AC-19, pp. 701-706, 1974.

K. Shanmugam, M. Lal, "Analysis and Synthesis of a Class of Nonlinear Systems," |EEE
Transactions on Circuits and Systems, Vol. CAS-23, pp. 17-25, 1976.

T. Harper, W. Rugh, "Structural Features of Factorable Volterra Systems |EEE
Transactions on Automatic Control, Vol. AC-21, pp. 822-832, 1976.

Treatments of the interconnection realization problem that are not based on particular
interconnection structures are given for degree-2 homogeneous systemsin

G. Mitzel, W. Rugh, "On a Multidimensional S-Transform and the Realization Problem for
Homogeneous Nonlinear Systems," IEEE Transactions on Automatic Control, Vol. AC-22,
pp. 825-830, 1977.

E. Gilbert, "Bilinear and 2-Power Input-Output Maps: Finite Dimensional Realizations and
the Role of Functional Series," |IEEE Transactions on Automatic Control, Vol. AC-23, pp.
418-425, 1978.

In the first of these papers, an algebraic approach to the Laplace transform is devel oped
based on forma series representations. Using the recognizability property,
interconnection realizations are developed from a partial fraction expansion of the given
transfer function. The second paper uses a specialization of an interconnection structure
for so-caled bilinear input/output maps (to be discussed in Chapter 6) to arrive at
realizations in the homogeneous case.

Remark 4.3 There are many names in the literature for what are called here bilinear
state equations, including "regular systems," "internally bilinear systems," and "internally
bi-affine systems." There are good reasons for any of these, and the reader is urged to
switch rather than fight. On more substantive matters, an early treatment of the bilinear

realization problem for a given Volterra system appeared in

A. Isidori, A. Ruberti, "Realization Theory of Bilinear Systems," in Geometric Methods in
System Theory, D. Mayne, R. Brockett eds., D. Reidel, Dordrecht, Holland, pp. 81-130,
1973.

Two approaches to the problem are presented. The first is a (nonconstructive) factorization
approach for the sequence of triangular kernels, while the second involves a so-called
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generalized Hankel matrix essentialy the same as the Behavior matrix in Section 4.3. Itis
interesting to note the implicit use of the regular kernel in this development. The concepts
of span reachability and observability are introduced, and are essential tools in the
realization theory. Much of the basic content of this paper also can be found in the papers

P. D’Alessandro, A. Isidori, A. Ruberti, "Realization and Structure Theory of Bilinear
Dynamica Systems," SAM Journal on Control, Vol. 12, pp. 517-535, 1974.

A. Isidori, "Direct Construction of Minimal Bilinear Realizations,” |EEE Transactions on
Automatic Control, Vol. AC-18, pp. 626-631, 1973.

Another early paper dealing with bilinear realization is

R. Brockett, "On the Algebraic Structure of Bilinear Systems," in Theory and Application
of Variable Sructure Systems, R. Mohler, A. Ruberti eds., Academic Press, New York, pp.
153-168, 1972. Equivalences for various forms of bilinear state equations and the notions
of span reachability and observability are emphasized in this paper.

Remark 4.4 A much different approach to the bilinear realization problem isgivenin

M. Fliess, "Sur la Redlization des Systemes Dynamiques Bilineaires," C. R. Academie
Science, Paris, Series A, Vol. 277, pp. 923-926, 1973. though | recommend the less terse
account in

M. Fliess, "Un Outil Algebrique: les Series Formelles Noncommutatives," in Mathematical
System Theory, G. Marchesini, S. Mitter, eds., Lecture Notes in Economics and
Mathematical Systems, Vol. 131, Springer-Verlag, New-York, pp. 122-148, 1976.

This approach involves representing input/output behavior in terms of formal series in
noncommuting variables. To indicate in simple terms the nature of the formulation,
consider a Volterra system representation in triangular form:

t 02

t
y(£) = ho(t) + [ ha(t.01)u(o1) doy + [ [ hy(t,01,02)u(o1)u(02) doydo, + -+
0 00

Suppose that hg(t) is anaytic for t 20, and that each of the kernels is analytic on its
respective domaint 20, = - -+ =04 2 0. Then power series representations of the form

186



ho(t) = hj -
j=0 J

0 (t_o-l)jl(fjio

hito)= 3 3 hyj, =7
j0=0j,=0 Jo'J1t .
o o o t-o J2 fo s 110_10
ho(t,01,02)= 3 3 3 hij, (t-0p)*(02-01) " 03

j0=0j,=0j,=0 JOIJ1IJ2I

can be used. These kernel representations provide a means of associating to the system a
noncommutative formal series in two variables (or, a formal series in two noncommuting
variables),
W= 3 hwh+ 3 3 hywiwwd + 3 5 5 by whwawbwowh + -

j=0 jo=0j,=0 j0=0j;=0j,=0
The correspondence between the Volterra system representation and the noncommutative
series representation should be clear from just these first "few" terms. Notice that the
noncommutativity is crucial, for if wy and w, commute, then it isimpossible to distinguish
between terms. For example, commutativity would imply

WoW 1 WoW WG = WEWE = whwiwiwwh
Now, input/output properties of the system can be interpreted as properties of the series.
For example, W represents linear input/output behavior if and only if each nonzero term
contains precisely one occurrence of the variable w,. Also, simple manipulations show
that the system represented by W is stationary if and only if each nonzero term in W ends

with the variable w1, except for the constant term. In other words, if and only if W has the
form

— J J J
W= hO + Z hoj1W01W1 + Z Z h0j1j2 W02W1W01W1 + -
j1=0 j1=0j,=0

The bilinear realization problem for a system described by W is set up most naturally in
terms of bilinear state equations of the form

%(t) = AX(t) + Dx(t)u(t)

y(®) =cx(), x(0)=xo

(Recall Problem 3.12.) Applying the resubstitution method to this state equation yields a
series expression that can be written in the form
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t t t 01 t 01

y(t) = c[l + Af do + Df u(0) do + A?[ [ do,do; + ADf [u(o,) dopdoy
0 0 00 00

t 0, t 0,

+ DA[ u(oy) [ dopday + D[ u(ay) [u(o,) doydoy
0 0 0 0

t 01 02

+ A¥[ [ [ dogdo,do; + -+ - 1xo
000

Notice that the coefficient matrix products correspond in a natural way to the order of the
iterated integrals of either 1 or u(t). These iterated integrals can be denoted by a monomial
in two variables, wgy and w1, to yield a noncommutative series representation for the
response of the bilinear system,

Y = CXg + CAXgWq + CDXW; + CA?XoW3 + CADXoWow; + CDAXqW1Wq
+ cD?xoW5 + cA3xowg + - -

Of course, thisis a noncommutative series because

t O1 t 0

[ [ u(o,) doydoy #[u(oy) [ doydoy
00 0 0

that is, Wowq #W{Wg.

Now a bilinear-realizability result can be stated immediately. A system represented
by Wis bilinear realizable if and only if there exist two m x mmatrices Aand D, anm x 1
vector X, and a 1 x m vector ¢ such that the coefficient of wiw,wl™ -+ wiwy in W is
given by cA’DA'* - - - DA°x,. This condition is equivalent to a rationality condition in
the algebraic theory of noncommutative series, and a quick glance at the references will
show that this is only the beginning of the story. The concepts of minimality, span
reachability, observability, and even a Behavior matrix, al can be formulated from the
theory. In fact the regular transfer function representation for stationary Volterra systems
can be defined as a commutative series that can be obtained by associating the k-variable
commutative monomial SI(“+1) - -s;('”l) to the 2-variable noncommutative monomial
wWEw; - - -Wg'w;. This connection is discussed in

M. Fliess, "A Remark on Transfer Functions and the Readlization of Homogeneous
Continuous-Time Systems," |EEE Transactions on Automatic Control, Vol. AC-24, pp.
507-508, 1979.

Remark 4.5 The shift realization approach to bilinear realization theory that | have used
so extensively isbased on

A. Frazho, "A Shift Operator Approach to Bilinear System Theory," SAM Journal on
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Control and Optimization, Vol. 18, pp. 640-658, 1980.
The polynomial factorization approach for homogeneous systems is taken from

G. Mitzdl, S. Clancy, W. Rugh, "On Transfer Function Representations for Homogeneous
Nonlinear Systems," |EEE Transactions on Automatic Control, Vol. AC-24, pp. 242-249,
1979.

Remark 4.6 The importance of bilinear systems can be further substantiated by
considering the approximation result established in

H. Sussman, "Semigroup Representations, Bilinear Approximation of Input-Output Maps,
and Generalized Inputs," in Mathematical System Theory, G. Marchesini, S. Mitter, eds.,
Lecture Notes in Economics and Mathematical Systems, Vol. 131, Springer-Verlag, New
York, 1976.

For single-input, single-output systems, the result can be outlined as follows. The input
space U consists of all measurable functions u(t) defined on [0,T] and satisfying
lu(t)] <M for al te[0,T], where T and M are fixed. The output signal is given in
operator notation by y = F[u]. Itisassumed that F is causal, and continuous in the sense
that the sequence of output signals F[u,], k=0,1,..., converges uniformly to F[u]
whenever the sequence of input signals converges weakly to the input u. Then for every
€> 0 there is a hilinear realization whose operator representation y = B[u] satisfies
|[F[u] -B[u]| <efordlte[0,T]andal ueU.

Similar results have been obtained using the noncommutative series representations
discussed in Remark 4.4. See

M. Fliess, "Series de Volterra et Series Formelles Non Commutatives," C. R. Academie
Science, Paris, Series A, Vol. 280, pp. 965-967, 1975.

M. Fliess, "Topologies pour Certaines Functions de Lignes Non Lineaires; Application aux
Asservissements," C. R. Academie Science, Paris, Series A, Vol. 282, pp. 321-324, 1976.

Remark 4.7 Of course, other kinds of realizations can be discussed in addition to
bilinear realizations. Linear-analytic state equations have been studied in this regard,
though not nearly to the extent of bilinear state equations. See

R. Brockett, "Volterra Series and Geometric Control Theory," Automatica, Vol. 12, pp.
167-176, 1976 (addendum with E. Gilbert, Vol. 12, p. 635).

It is not hard to show that a homogeneous or polynomia system is linear-analytic
realizable if and only if it isbilinear realizable. The point isthat a minimal linear-analytic
realization can be of lower dimension than a minima bilinear redization. For the
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homogeneous case, a procedure for computing a minimal linear-analytic realization for a
bilinear-realizable system isgivenin

M. Evans, "Minimal Realizations of k-Powers," Proceedings of the 1980 Conference on
Information Sciences and Systems, Department of Electrical Engineering and Computer
Science, Princeton University, Princeton, New Jersey, pp. 241-245, 1980.

For polynomial systems, the minimal linear-analytic realization problem is discussed in

P. Crouch, "Dynamical Realizations of Finite Volterra Series," SSAM Journal on Control
and Optimization, Val. 19, pp. 177-202, 1981.

In the Volterra system case, much remains to be done. The kinds of things that happen
when considering linear-analytic realizations are indicated by a rather simple example.
Consider the system with input/output behavior

t
y(t) = tanh [[u(o) do]
0

Using the power series expansion of the hyperbolic tangent about O gives a Volterra
system representation of the form

w ¢ tO(n
y(t) = ZI---IFU(Gl)---U(Gn)dcl---dGn
n=10 o

where alphas are used because the actual coefficients are rather complicated. In triangular
form, the Volterra system can be reresented by

o [01 On1
y)= > [[- [ aqu(oy) - -u(on)doy, - doy
n=10 0 0

This Volterra system has a scalar linear-analytic realization, namely,

X(t) = [1-x*(®)]u(t)

y®=x(®), x(0=0

but no finite-dimensional bilinear realization. In addition to showing that linear-analytic
realizability and bilinear realizability for Volterra systems are not equivaent, this example
shows why infinite-dimensional bilinear realizations might be of interest. For a simple
calculation of triangular kernels shows that the Volterra system has a realization of the
form
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X1(t)

a [%0|_[200 t) :
2 _ 0o - X
dt [ xst)| T [010 x;(t) u(t) + 8 u(t)
X1(t)
Xo(t)

y)=[osaz03 -] X3(t)

Infinite-dimensional bilinear realizations are discussed in the paper by Frazho mentioned
in Remark 4.5, and in

G. Koch, "A Realization Theorem for Infinite Dimensional Bilinear Systems," Ricerche di
Automatica, Vol. 3, 1972.

R. Brockett, "Finite and Infinite Dimensional Bilinear Realization,” Journal of the
Franklin Institute, Vol. 301, pp. 509-520, 1976.

W. Wong, "Volterra Series, Universal Bilinear Systems, and Fock Representations,”
Proceedings of the 1979 Conference on Information Sciences and Systems, Electrical
Engineering Department, The Johns Hopkins University, Baltimore, pp. 207-213, 1979.

Of course, redlizations in terms of state equations more general than linear-analytic also
can be considered. A transform-domain characterization of realizability and minimality for
degree-2 homogeneous systems in terms of very general state equationsisgivenin

E. Gilbert, "Minimal Realizations for Nonlinear 1-O Maps.The Continuous-Time 2-Power
Case" Proceedings of the 1978 Conference on Information Sciences and Systems,
Electrical Engineering Department, The Johns Hopkins University, Baltimore, pp. 308-
316, 1978.

Further results, including a canonical form for minimal realizations and the fact that the
state spaces of minimal realizations are related by a particular type of homeomorphism,
are to appear in

E. Gilbert, "Minimal Redlizations for Continuous-Time 2-Power |nput-Output Maps,"
| EEE Transactions on Automatic Control, Vol. AC-26, 1981.

4.7 Problems

4.1. Suppose the Behavior matrix By in (15) for a given linear system has rank n. Show
that the first n columns of By are linearly independent.
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4.2. If the Behavior matrix By in (15) for agiven linear system has rank n, let

ho hy -+ hyy hy hy - hy
Ap= h:1 h:2 h:n , Ap= h:2 h:3 hn:+1
hn—l hn h2r.1—2 h.n hn.+1 X h2r.1—1
Show that
ho
A Al o | M _
A=AAL, b= | |, c=[10 - ]
hn.—l

isaminimal realization of the system. (Note that A7* exists by Problem 4.1.)

43. If H(s) is a drictly proper rational function, and the linear space
U = span {H(s), SH(s), S?H(s), --- } has dimension m, show that H(s), SH(s),
-+, S™1H(s) isabasis for U.

4.4. Suppose a degree-2 homogeneous system is described by the strictly proper regular
transfer function

1

Hyeg(S1,S2) = PSSy

Compute the dimension of the linear space U defined in (48) and (49).

4.5. Find a minimal bilinear realization for the square-integral computer discussed
in Example 1.4. Give another state-equation realization that has lower dimension than the
minimal bilinear realization.

4.6. Compute aminimal bilinear realization for the degree-2 polynomial system

¥ - 1 1 e
v = (55T o

4.7. Show that a degree-N truncation of the Volterra system in Example 4.6 has a minimal
bilinear realization of dimension N.

4.8. For the Volterra system
k1 ko ks N
s1tl " (s1+1)(s2+1) T (s1t1)(s2+1)(sa+)

suppose the numerator coefficients are such that

©)
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kiSt+ kys2+ kgs S+ -

corresponds to a strictly proper rational function. Show that the system is bilinear
realizable.

4.9. Does the shift redlization approach yield a simple, block-partitioned structure for
bilinear reaizations in the Volterra system case?

4.10. Show that the system described by

1
© Qu(s1)Q2(S2) -+ Qn(sn)

isrealized by the interconnection structured system shown below.

u 1 1 %%H%%H I 5
0,(5) % 0y(5) 0,(s)

4.11. For the case where the numerator of the regular transfer function in (31) is a
constant, show that the bilinear realization in (40) is minimal if and only if every linear
realization in (39) is minimal.

4.12. For the bilinear state equation
X(t) = Ax(t) + Dx(t)u(t) + bu(t)

y(B) = cx(t)

suppose that the state vector is changed according to z(t) = Tx(t), where T isan n x n,
invertible matrix. Find the state equation in terms of z(t).

4.13. Show that the bilinear state equation (A,D,b,c,R™) is span reachable if and only if
(TAT L, TDT L, Th,cT™1,R™) is span reachable.

4.14. Suppose A and D are m x m matrices, and X is alinear space that is invariant under
(A + Du) for al real numbers u. Show that X isinvariant under both A and D.

4.15 Prove Theorem 4.19.

4.16. Suppose a degree-n homogeneous system is described by a strictly proper,
recognizable regular transfer function wherein all the roots of the denominator
polynomials have negative real parts. Show that if (A,D,b,c,R™) is a minima bilinear
realization of the system, then all the eigenvalues of A will have negative real parts. Show
aso that the system is bounded-input, bounded-output stable.
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4.17. Suppose a bilinear-realizable system is connected in cascade with alinear-realizable
system. Show that the overall system is bilinear realizable, regardless of the ordering of
the two systems in the cascade. (Do not peek at Appendix 4.1.)

4.18 Polynomial systems of certain types can be represented by the sum of the regular
transfer functions of the homogeneous subsystems. Show how this works by redoing
Example 4.6 beginning with

1 N 1 _ S1Sp+4S1+25,+7
s+l (51+2)(S2+3)  (S1+1)(s1+2)(52+3)
and dightly modifying the realization procedure.

H(s1,82) =

4.19 This problem considers further the representation suggested in Problem 4.18. Show
that a degree-N polynomia system is bilinear realizable if and only if the sum of the
subsystem regular transfer functions is a recognizable function which is strictly proper in
s1 and properins,, ..., SN-

APPENDIX 4.1 Interconnection Rules for the Regular Transfer
Function

The derivation of interconnection rules for the regular transfer function
representation apparently best proceeds in a manner closely tied to the structure of bilinear
state equations. This approach isin contrast to the development of interconnection rules
for the other transfer function representations . At any rate, Chapters 3 and 4 have
provided the theory needed to generate a table of regular transfer functions, and it is the
purpose of this appendix to present such atable, and to show how it is derived.

The types of systems to be considered are interconnections of linear systems and
homogeneous bilinear systems (all finite dimensional). The linear systems will be
described in terms of a state equation

z(t) = Fz(t) + gu(t)
y(t) = hz(t)
or a(strictly proper, rational) transfer function
H(s)=h(s -F) g
The homogeneous bilinear systems will be described in terms of a state equation
X(t) = Ax(t) + Dx(t)u(t) + bu(t)

y(t) = cx(t)
or a(strictly proper, recognizable) regular transfer function as given in (30) of Section 4.2:
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Hreg(S1, - - - S) = ¢(sy1-A) D (5,11 —A) D - - - (511 -A) b

(Asusual, the dimension of identity matrices will be fixed by conformability requirements,
and will not beindicated by notation.)

The fact that a degree-n homogeneous bilinear state equation can be assumed to be
in the block partitioned form (40) will be important. This block form is repeated below for
convenience.

Xo(t 0 A 0 1
x(t) = 2:() A= | o " D=0 D, 0 0
X (t 0 0 -+ A ;
) il 0 0 - Dy 0
by
c=[0---0cy, b= |
0

In terms of this block form, the regular transfer function can be written as

Hreg(S1, - - - $h) = Cn(Snl =An) ™ Dn-1(Sh-1l=Aq-1) *Dp— - - - (511 =A1) by

To generate a table of interconnection formulas, the basic idea is similar to
Carleman linearization. The first step is to write a composite state equation for the overall
system in terms of subsystem state equations. The second step is to derive a differential
equation for the new "Kronecker product variables' that appear in the composite state
equation. Finaly, if all these equations can be written as a big bilinear state egquation, then
the regular transfer function of the overall system is easy to compute, in principle.

To illustrate this procedure, consider the next-to-last entry in Table 4.1; the
multiplicative parallel connection of alinear system and a degree-2 homogeneous bilinear
system. Making use of the block form of the homogeneous bilinear state equation, the
overall system can be described by:

z(t) = Fz(t) + gu(t)
X1(t) = Agxq(t) + byu(t)
Xo(t) = AXo(t) + Daxq(t)u(t)

y(t) = hz(t)coxa(t)
Using the Kronecker product, the (scalar) output equation can be written in the form

y(t) = [hz(t)] O [coxo(t)] = [h O co]z(t) O xo(t)]
Now, abilinear equation for z(t) O X»(t) is easily computed:
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% [z(t) Dx2(t)] = 2(t) D xa(t) + z(t) O x(t)
=[FOI+10A][z(t) Oxo(t)] + [g O 1]x(t)u(t)
+ [1 ODq][z(t) O x1(t)]u(t)
For the new term z(t) O x4 (t), asimilar calculation gives a bilinear equation
% [z®)Oxo@)] = [FOI+ 10A][z(t) Ox1(t)] + [ DO 1]x1(t)u(t)
+ [ Obg]z(t)u(t)

Coallecting al the state equations, and letting

z(t)
R x1(t)
x(t) = Xo(t)
z(t) O x(t)
z(t) O xq(t)

gives a bilinear state equation description of the multiplicative connection in block
partitioned form:

FOO 0 0
d. 0A; O 0 0 X
—X(t)= 10 0 A, 0 0 X(t)
dt 00 0 [FOI+I0A] 0

00O 0 [FOI+I 0A,]

0 0 O 0 0 g

0O 0 0O 0 O0f._ by

+ 0 D; O 0 O|x(u@)+ [ 0 [u()
I0by; gOI 0O 0 O 0
0 0 gOlI10D, 0 0

Finally, a simple calculation gives the regular transfer function corresponding to this
block-partitioned bilinear state equation, as shownin Table 4.1.

The remaining entries in Table 4.1 are derived in the same way. In each case, a
bilinear state equation is derived for the overall system, and then the regular transfer
function is computed from the state equation. Of course, the reader will recall from
Chapter 3 that the reduced Kronecker product can be used to obtain interconnection
formulas that are more economical of dimension, but less explicit.
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Interconnection Table for Regular Transfer Functions*

c,(sI—A,)"b,

Table4.1

cy(sI—A,)'b,

s

c,(sI—A4,)"b,

e

Hreg(sl, ..

,S0) = ca(s1l = Ag)Hbica(sal —=Az) by -

Cn (Sn | - An)_:L bn

7% cy(s/ —A4,) "' Dy (s,/—4)) " b, ’—b@ h(sl—F)'g—»

Hreg(S1,52,53) = h(ssl = F)™gca(sal —A2)™Dy(s1l —Ag) by

Hreg(sl .....

S4) = Co(sql —A) D, Oh)(s3l —A, 01 -10F)™?

EETECr s S R e

[(1 Dg)(sal =A™ tbih+ (b h)OD(s,l —FOI-10F)™
(@O1+10g)(s:! -F)™'g

(5,0~ A) ' D, (5, ]~ A, ) D, o (s,] A by > h(sI - F)1g|—>

Hreg(sl, .

-.2Sn) = h(syl = F)™gcn (sl = An) ™ Dn-1(Sn-1! = An-1) "Dp
--Dy(s1 — A1) by

h(sI - F)' g

Hreg(S1,52) = Ca(S2l =A2) 1 (D1 Oh)(sol A O1 -1 0F)™
[(1 Dg)(s1l = Ay tbih+ (b h) O (s, —FOI-10F)™
(@O1+10g)(s:! -F)™'g

4% )8,/ =Ay) "' Dy (s, /- 4,)"! bl}—>

197



c(sI—A)y'b

Hreg(S1,52) = (cOh)(sol ~ADT =1 OF) (1 Dg)(sil —A) b
+ (bO1)(s1l -F)g]

¥ eyl — A) Dy (5,1 - A, by

Hreg(51,52,53) = (hOco)(sal —FO1 =10A) H(gOl)(s2l =A2)™Dy(s1l —Ag) by
+ (1OD)(s,l —FOI=10A)™( Oby)(s1l -F) g
+(gO1)(s1l —A7) ™ be]}

—>c(sI-A)"b %‘ )" H h(sl — F)! g}—»

Hreg(S1, - - - 1) = h(sal = F)™ge(shl = An) ™ bn(Sh-1! = An-1) tbyog -+ (S11 = A1) by
where
c=cOcO -+ Oc (n factors)

A=10--0I0A+10-- OI0ADI
+ o+ ADID - O (j terms)

=10 010b+10-- 010b0Ol
+ -+ b0O10 -0l (j terms)

* 1 denotes time-domain multiplication, O denotes Kronecker product.
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CHAPTER 5

RESPONSE CHARACTERISTICS OF STATIONARY SYSTEMS

Methods for computing the response of a homogeneous system to a specified input
signal have been discussed in previous chapters. The integrations can be carried out in the
time-domain representation, or the association of variables method can be used in the
transform domain. In terms of the regular transfer function, a more explicit approach can
be used when the input is a sum of exponentials. Response computation for a polynomial
system is simply a matter of adding the homogeneous-subsystem responses, though a
convenient notation can be hard to find. The same is true of Volterra systems, with the
additional complication of convergence issues.

For specific types of input signals, the response of a homogeneous system has
specia features that generalize well known properties of linear systems. Thisis especially
true in the stationary system case, and thus | will discuss only that situation. The response
to impulse inputs, the steady-state response to sinusoidal inputs, and properties of the
response to stochastic inputs will be considered. Most of the discussion will be in terms of
the symmetric kernel or symmetric transfer function. Thisis both a matter of tradition, and
a result of the fact that the formulas usually appear in a ssimple form when expressed in
terms of symmetric representations. The material in this chapter will be useful in
connection with the identification problem to be discussed in Chapter 7.

5.1 Response to Impulse Inputs

In this section the response of homogeneous systems to inputs composed of impulse
functions will be computed. For the polynomial or Volterra system cases, not much can be
done other than to add up the homogeneous-subsystem responses. The symmetric kernel
representation will be used throughout this section. Of course, these kernels are assumed
to be impulse free, so that the impul se response is guaranteed to be defined.

Surely | will bore the reader by reminding that for the linear system

t
y(t) = [h(t-o)u(o) do (1)
0

the input u(t) = dg(t) yields the response y (t) = h(t), t = 0. That is, the impulse response
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of alinear system traces out the kernel. For adegree-n (> 1) homogeneous system

t
y(t) = Ihwm(t -0, ..., t-o,)u(oy) - - -u(o,) doy - - - do, 2
0

the input &y(t) yields the response hgm(t, . . ., t),t=0.
More interesting calculations arise when inputs composed of sums of impulses are
considered. For example, suppose the input to (2) is

u(t) = do(t) + So(t-T), T>0 (©)
One way to compute the response is to multiply out the expression
u(oq) - - u(on) = [0p(01) + 8p(01=T)] - - - [3(Tn) + So(0n=T)] 4

and integrate over each term. This is not difficult because symmetry and some simple
combinatorics come to the rescue. The indices can be permuted so that the general term
arising in the product in (4) takes the form

80(01) * * * 80(Gm)B0(Om+1~T) - * - 8p(0n—T)

without changing the outcome of the integrations. In fact, there will be [m terms from
(4) that can be written in this particular form. Thus, the response is
n n]
t)= hym(t, ..., tt-T,..., t- 5
YO= 3 [ homto 6T D) ©

m=0
Now consider the general case where the input to the degree-n system (2) is
u(t) = Oo(t) + So(t=Tq) + -~ + do(t—Tp-1) (6)

where Tq,..., To-1 is a set of digtinct positive numbers. (Portions of the following
analysis should be reminiscent of Section 2.4.) Again, the procedure is to expand the
product

u(o1) *+ - U(0n) = [8g(01)+ - +8p(01=Tp-1)] - * * [B0(Tn)+ - - +80(On=Tp-1)]

and then perform the integration over each term. But permutation of indices does not
affect these integrations, and so the general term in the product can be written in the form

00(01) * * * 60(Om,)B0(Om,+1~T1)  * * B0(Om,+m,~T1) =" B0(On-m,+1~Tp-1) " * * Bo(On~Tp-1)

Counting the number of terms that can be written in this way for a particular mq, . . ., m,
yields multinomial coefficients, and the response is given by
_ n! e _
y(t) = % m1! - ITb' hwm(t, ml 1 it Tp—ll mp 1 Tp—l) (7)
where 3 is a p-fold summation over all integer indices my, ..., m, such that 0sm <n

m
andmy+ - -+m, = n.
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5.2 Steady-State Response to Sinusoidal Inputs

For the remainder of this chapter, steady-state response properties will be the subject
of principal interest. Thus consideration of input/output stability properties is needed to
insure that the steady-state response is bounded. In the time domain, it is apparent from
bounding calculations in Section 1.3 that a sufficient condition for bounded input, bounded
output stability of a degree-n homogeneous system is

| Ihgm(te, ... ty)] dty -~ dty < oo

But in terms of transform representations, conditions are more difficult to find. A well
known condition for linear systems described by reduced rational transfer functions is that
a system is bounded input, bounded output stable if and only if all the poles of the transfer
function have negative rea parts. In the degree-n case (n > 1), a sufficient condition of
similar type can be given for systems described by strictly proper, recognizable, regular
transfer functions (Problem 4.16). Unfortunately, this result is much less simple to state in
terms of the symmetric transfer function. Furthermore, the difficulty in factoring general
symmetric polynomials makes conditions on the factors very hard to check. Thus the
stability properties needed for avalid steady-state analysis will smply be assumed.

For a stationary linear system described by

t

y(t) = [h(o)u(t-o) do )
0
consider the response to the one-sided input signal
u(t) = 2Acos(wt), t =0 9

It is more convenient to write this input in the complex exponential form

u(t) = Ae'“* + AeT! (10)
for then
t t
y(t)= Afh(0)e' " do + A [h(0)e? ™9 do (11)
0 0
or
t t
y(t) = A[ [ h(o)e®? da]e'™* + A[ [ h(o)e'®° doje ™' (12)
0 0

Assuming the system is stable, as t — o the integrals converge to H(iw) and
H (—i w), respectively, where
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H(s) = [ h(0)e™ do (13)
0

is the system transfer function. Thus, by picking T large enough, it can be guaranteed that
for al t = T the system response is within a specified tolerance of the so-called steady-state
response

Ves(t) = AH(iw)e' ™ + AH (- w)e '™ (14)

Of course using standard identities this steady-state response can be rewritten in the forms

Vss(t) = 2A Re[H (i w)] cos(wt) — 2A Im[H (i w)] sin(cwt) (15)
or
Vss(t) = 2A|H (iw) |coqwt + OH (iw)] (16)

where standard notations have been used for real part, imaginary part, magnitude, and
angle. These calculations simply make explicit the well known fact that the steady-state
response of alinear system to a sinusoidal input of frequency w is a sinusoid of the same
frequency, with amplitude and phase determined by the magnitude and angle of the
transfer function evaluated at s = w. (I should point out that there is another way to view
the steady state. The input can be considered to begin at t = —co, and then the response at
any finite t is the steady-state response.)

Now consider the generalization of these results to homogeneous systems described
by

t
y(t) = Ihw(cl ..... ou(t-o7) - - -u(t-o,) doq - - -do, 17
0

But before | begin, it seems wise to point out a common pitfall in discussing the response
of a nonlinear system to sinusoidal inputs. When working with linear systems, it is
common to consider the input (9) as the real part of the phasor 2Ae'®*. Then the response
of the system to this complex input is calculated, and the response of the system to (9) is
found simply by taking the real part of the response to the phasor. However, this shortcut
depends crucially on the assumption of linearity, as the following example shows.

Example 51 To compute the response of the system y(t) = u?(t) to the input (9),
application of the input uy(t) = 2Ae'“™ gives the response y;(t) = 4A%e' 2, Then an
erroneous conclusion is that the system response to (9) is y(t) = 4A%cos(2wt). It is
erroneous because direct application of (9) gives y(t) = 4A%cosP(wt) =
2A2 + 2Acos(2ut).

With the one-sided input signal (10) the response of (17) can be computed from
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t n . .
y(®) = [hym(01, .- -, on M [Ae' X a9 g, - - d, (18)
0

To put this expression in more useful form, | will mimic the double-exponential-input
development of Section 2.4. Letting A1 = iwand A, = —i w facilitates this development, for
then
t 2 2 n
y(t)= A" [ hym(01, .. ., On) 3 0 Y e[ A (t-0)]doy - - - day,
0 k=1 j=1

2 2 t n n
=A" S -3 | [hym(on, ..., On) exp(=3 A 0j) doy - --dan | exp( ¥ Act)
k1=1 kn=1 0 ]=1 ]=1
(19)

In a manner similar to the linear case, consider the response for large values of t.
Assuming stability of the system, the bracketed term in (19) approaches Hgm(Ay,, - - - Ax.)
ast - oo, Thusy(t) in (19) becomes arbitrarily close to the steady-state response defined
by

2 2 n
Vo) = A" T - 5 HymAs - Ai) exp( 3 Agt) (20)
k=1 k=1 j=1
an expression that clearly is analogous to (14). Collecting together those terms with
identical exponents [kA1 + (n—k)A,], and recalling the definitions of A; and A,, (20) can
be written as

n .
Yss(t) = A" 3 Gy (i w, =i co)e’ ket (21)
k=0
where
2 2
GunkA1,A2)= ¥+ ¥ Hgmx,-- -, M)
k=1 k=1

Kyt - +k,=2n—k

- [E] Hem1, - - - Az Azs -1 A) (22)
k k

One useful identity that follows from (22) is
Gin-k(10,=100) = Gy k(-1 w,1 W)

It is convenient to rearrange the termsin (21) asfollows. First write
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Vs(t) = An[Gn,o(i W, w)einwt + Go,n(i w,—i w)e—inwt]

+ AMGp-1 1 (10,1 w)e! MDY + G (100,—i w)e™ (7AW

A"Gponp(iw,-iw), neven
+ P + - -
AN[G.n+L n-1 (i, —iw)e' P+ GHT-l n;f_l(i w,-iw)e ], nodd
2 2 ’

= An[Gn,o(i w,—i w)einwt + Gn,O(_i (;,),i(;,))e_i”wt]

+ A"G, -1 1(iw-iw)e MY + Gy 4 (-iw,iw)eT 17N

AnGn/Z,n/Z(i w,—iw), neven

ot . . (23)
AN[G.n+L n-1 (i, —iw)e' P+ an;l nz;l(—i wiw)e ™, nodd
2 2 ’

Now, using standard identities,

Yss(t) = 2A" |G, o(i w,—i w) [cos[nwt + TGy, o(i w,—i w)]

+ 2A"0G, -1 1 (1w, —1w) |cos[(N—2)wt + OG_1 1 (1w, w)]

A"Gponp(iw,-iw), neven
+ o+ (24)
2A" |G+l n-1 (j,—iw)|coswt + Dan;l nz;l(iw,—iw)] , nodd
2 2 ’

Thus the steady-state response of a degree-n homogeneous system to a cosinusoidal input
of frequency w is composed of cosinusoidal components at frequencies nw, (N-2)w, . . ., 0
(neven) or w (n odd).

Now consider a degree-N polynomial system

N [ee]
yi)= > I Phgym(01, - - -, ou(t-o7) - -u(t-o,) doq - - -do, (25)

n=1-c
with the input signal u(t) = 2Acos(wt). The steady-state response is obtained by adding
the contributions of each homogeneous subsystem. Each degree-n subsystem where nis
odd contributes terms at frequencies w, 3w, . . ., nw. Each degree-n subsystem where nis
even contributes a constant term and terms at frequencies 2w, 4w, . . ., nw. From (23) the
contribution of the degree-n subsystem to frequency kow, assuming k < n and k and n have

the same parity, is
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A" Gtk ok (i, )e™ ™ + AT GRtk nk (Hwiw) e ket (26)
22 ’

(It is useful to observe that the sum of the subscripts on G indicates the degree of the
subsystem, and the difference of the subscripts the harmonic.) Thus letting N, be the
greatest integer < N with the same parity as k, the steady-state response of (25) can be
written as

Ves(t) = fo(Ajiw) + % [ fi(Aiw) ek + f (A, —iw) e Kt ] (27)
k=1
where
fo(Aiw) = A% G 1(iw,-iw) + A% G, (i w,—iw)

+ o+ AN G%,%(iw,—iw) (28)
f1(Aiw) = AGyoio-iw) + A% Gy (i0,-iw)

+ oo+ AN G%’%(iw,—iw) (29)
fa (Ai) = A% Gy o(iw,—iw) + A* G 1 (iw,~iw)

+ oo+ AN GNzT*fZ’NzT‘Z(iw,—iw) (30)

and so on. The general terms can be written in the forms
fol(Aiw) = szlz AAG;;(iw,~iw)
j=1
(N =k)/2
flAiw) = 3 A 3G, (w-iw), k=12,..., N (31)
j=0
Asis by now usual, (27) can be written as

N
Yss(t) = fo(Ajiw) + 2 3 |f(Aiw) |cogkwt + Of(A,iw)] (32)
k=1
which makes explicit in real terms the fact that the steady-state response of a polynomial
system to sinusoidal inputs can be expressed as a finite Fourier series. Furthermore, the
Fourier coefficients are polynomials in the input amplitude A with coefficients that are
functions of the input frequency .

Example 5.2 Consider the pendulum system in Example 3.8. Using the symmetric

transfer functions through degree 3 caculated there, the steady-state response to
u(t) = 2Acos(wt) is given by
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VYss(t) = 2|AH (iw) + 3A3H3W(iw,iw,—iw) + -+ [cos[wt + @ (w)]

+ 2|A3H ggmliwiwiw) + - - - [Ocos [3ut + @z(w)] + - -
Itisconvenient to let
g/L
s? + (a/mL?)s + g/L
and write the transfer functions computed in Example 3.8 in the form

W(s) =

H(s) = FéTW(S)

Hagm(S1,52,85) = WW<s1)W<s2)W<s3)W<s1+s2+s3)
Then

Yss(t) = 2|LW(iw) + A—3W3(iw)W(—iw) + -+ [cos[wt + @ (w)]

mgL 2(mgL)®

A3

+2|l———
3(mgL)

W33 w)W(i 3w) + - - - Ocos[3uwt + @z(w)] + - -

A simple analysis of this formula can be used to show the possibility of resonance
phenomena in the pendulum system at frequencies higher than the input frequency w. This
phenomenon can occur even for very small input amplitudes A, but it is not predicted by
the usua linearized model of the pendulum. To be specific, suppose that the damping
coefficient a is very small in relation to (g/L)Y?. Then the poles of W(s) are very close to
the undamped natural frequency w, = (g/L)Y2. In this situation, if w= w/3, then
|W (i 3w) | can be very large in comparison to |W(iw) | so that the dominant term in y(t)
is the third harmonic. Of course, both the third harmonic term and the fundamental terms
in the output depend on higher-degree transfer functions that have been ignored. But it can
be shown that these missing terms do not eliminate the possibility of resonance. In fact,
the higher-degree terms indicate the possibility of harmonic resonance at many other
choices of input frequency.

Although the discussion so far has been in terms of the symmetric transfer function,
similar results can be derived for the triangular and regular transfer functions. One way to
do this is to use the relationships between the various transfer functions that were derived
in Chapter 2. However, it is interesting to take a direct approach in the case of bilinear-
realizable regular transfer functions because the required stability property can be
explicitly stated.

Suppose

206



P(s1,..., Sh)

(33)

is a strictly proper, recognizable, regular transfer function. With the input signal
u(t) = 2Acos(wt), Theorem 2.10 in Section 2.3 with y; = iw, Y, = —iw gives the response
formula
2 2
Y(s)=A" _Zl s Zl Hieg(StVi,* - +Vi e StV ,.S)
1= In1=
[ 1 + 1
S+y;, + ---+yin71+i(,,) S+y;, + ---+yin71—i(,,)

1 (34

Since each term in (34) isa gtrictly proper, rational function in s, the steady-state response
can be computed via partial fraction expansion. If it is assumed that al poles of
Hreg(S1, - -+, Sn) have negative real parts, that is, all roots of each Q;(s;) have negative real
parts, then the pole factors contributed by the transfer function can be ignored as far as
steady-state response is concerned. Furthermore, since the poles contributed by the input
termsin (34) occur at

s=tinw ti(n-2w,..., ioiwn' gvgﬂd
it is clear that the steady-state response is bounded.

To compute the steady-state response, let A"K, (i w) be the partial fraction expansion
coefficient corresponding to the factor (s—ikw) on the right side of (34). Then, discarding
al the termsthat will yield zero,

AK(iw) = (s-1k)Y(s) Ds=ika

2 2
=A" 2 2 Hieg(SHYi, " +Vi v - S+Yi ,»S) Lk=ike
=1 a1

Vit o Y =i (Kt Dw

2 2
+A" 22 Hreg(S*+Vi,* " +Vi, - s S+Yi ,»S) Lk=ike (35)
=1 =1

Vit o Y =i (K Dw

This expression can be simplified by combining the two constrained, multiple summations
into one implicit sum, and then replacing s by ikw. This gives
Ke(iw) = > Hrgg(ikKoty + - - +Yqg, ..o, ikotyn-1,ikw)  (36)

Yoo Yo =t iw
Vit Y= (ke Do

While the general term in (36) is messy, note that for small n it is not hard to write out.
And, in general,
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Kn(iw) = Hrgg(i 0,1 20, . . ., inw)
Thelast step isto take the inverse Laplace transform of each term
Ky (iw)
(s —ikw)
in the partia fraction expansion. Using standard trigonometric identities, the steady-state
response is given by

Ys(t) = 2A" | K, (iw)Ocog nwt + 0K, (i w)]

+ 2A" | Koo (iw)Ocog (n—2)wt + 0K, —o(i w)]

A"Kp(iw), neven
+ 0+ (37)
2A" |K 1 (iw)dcogwt + OK 4 (iw)], nodd

For polynomial systems, the contributions of the various homogeneous subsystems can be
added together just as discussed earlier.

5.3 Steady-State Response to Multi-Tone Inputs

When a sum of sinusoids is applied to a homogeneous system of degree greater than
1, the response is complicated by the nonlinear interactions between terms of different
frequencies. Tointroduce thistopic, | will begin with the so-called two-tone input:

u(t) = 2A1cos(wyt) + 2A,cos(wot), t =0

= Ae' 4 Aje T+ AL 4 ALe ! (39)

Again, the growing exponential development in Chapter 2 can be used, this time for the
case of four exponentials:

}\1 = i(),)]_, )\2 = _i(.L)l, }\3= |(.L)2, }\4= _|(.L)2

For a degree-n system with symmetric transfer function Hygm(s1, . . ., S$y), copying (73) of
Section 2.4 with the appropriate changes gives

Yss(©) = 3 AT AT ™G L (A Az Ag A ) @AM (39)
m

where
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n!
Hnsym()\l, . ,}\1; T ;)\4, . ,)\4) (40)

G A A2A3,A,) =
m1m2m3m4( 1,A2:A3 4) m1!m2!m3!m4! . .

and > is a four-fold summation over mg,...,m; such that O<m <n and
m
mi+ - - -+my, = n. Substituting for the A’s gives

Ys(©) = 3 AT AT ™G e mm, (160,71 g 16, =i aap)e! (MM Mammaeelt 4
SRRLVARRCIRRZS
m

Example 5.3 It is perhaps instructive to catalog the terms in (41) for the case n = 2.
There are ten terms in the summation, and these are shown in Table 5.1. To write the
output in terms of real quantities, properties of Gy, m,m.m, With regard to complex
conjugation can be used. For example,

Go110(i 001, =1 01,102, =102) = 2H pgym(=1 0011 0)
and

G 1001 (101, =101, 6, =T10) = 2H pgm(i 01, =i Gp)
so it is clear that (dropping arguments) Ggqig = 61001, where the overbar indicates
complex conjugate. Similarly,

G110 = Goro1, Gaooo = Gozoos Goozo = Goooe
Thus standard trigonometric identities yield the expression

Yss(t) = AZG 1300 + A5G 011 + 2A1A; | Gorao0c0s] (W=t )t + OGog10]
+ 2A1A; | G 101000 (003 + )t + OG1030] + 2A%F | G 2000 cos[ 2wt + 0G p000]

+ 2A3 | G gooocos[ 2wyt + 0Gooz0]

Note that all these frequency components need not occur at distinct frequencies. For
example, consider the case w, = 3wy .

When higher-degree homogeneous systems are considered, the number of terms in
the steady-state response increases dramatically. Therefore, it seems more useful to derive
an expression that gives the coefficient of a particular complex exponential term in the
output. As many or as few terms as desired then can be considered, and conjugate
exponential terms can be combined easily if the real formiswanted.
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Table5.1
Frequency-Response Terms for Example 5.3
Summation Indices  Summand
1 1 0 0 AiGup

0 1 1 0 AAGuye Heme)t
0 0 1 1 AGgny

1 0 0 1 AAGye @
1 0 1 0 AA,Gygee @t
0 1 0 1 AAGoge (o)t
2 0 0 O Aleoooe ot

0 2 0 0 AGyye ™

0 0 2 0 A3Gge ™

O 0 0 2

The terms in (41) corresponding to the exponential €' M®*N®It M >0 N >0, can
be written as follows:

D om,+M 2 +N . o _
Z Z Z Z Am+ e Gm2+M,m2,m4+N,m4(|w1'_|w1-|w2'_|w2)

m;=0 m,=0 m;=0 m,=0
m;+my+ms+m,=n
my;=my+M, my=m,+N

But now the four-fold summation can be simplified by replacing m; and ms using the
indicated constraints to obtain

n
2 2 4 i i [ [
3 Z AZM +MA2m +N G, +M,my,m,+N,m, (11,1 01,100, =1 6p) (42)
m,=0 m,=0
-M-N
2

n
m,+m,=

With this notation there are several relationships in the subscripts of G that are
convenient for checking. The sum of the subscripts is the degree of the system and the
difference of the first two (last two) is the associated harmonic of w (wz) Although |
have assumed M, N = 0, to obtain the coefficient of the term e Mo+ ReaJt simply change
the sign of every frequency argument in every G. To obtain the coefficient of, say,

e M ™Ne change the sign of every argument o, in every G. Note that changing the sign
of thefrequency does not change the input sgnal so that (42) remains valid.

Of course, the coefficient of e'M®*NI' can be expressed directly in terms of the
symmetric transfer function Hpgm(S1, - . .,S,) using (40). This gives, using a collapsed
notation for the arguments of the transfer function,
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2m,+M

non n!Az; A%m“N ( ) 43)
H 10 ;=i 10y =Wy 43
m§0m§0 (m2+M)!m2!(m4+N)!m4! e m2+%/| mz:L m;+N m,
M+ m,= n-M-N

2

The same rule is used in (43) as in (42) to obtain the coefficient when M and/or N is
negative. | should emphasize that the exponential frequency terms e’ M@ NI may not be
distinct. For example, if w; = 2wy, then [w;+2w,] = 204 so that the coefficients of these
two terms can be combined.

Example 5.4 The contribution of a degree-5 homogeneous system to the (assumed

distinct) frequency component ' *?“I* will be computed. In this case (43) specializes
to
5 5 5IA§m2+ 1A2m4+2
> 2 Hsgm(10; —1wy; 10 =i )
m,=0 m,=0 (m2+1)!m2!(m4+2)!m4! my+l m, m+2 m,
my+m,=1

There are two terms in the summation, corresponding to the index pairs 0,1 and 1,0. Thus
the summation gives

SIAAS L SIATAS
3 Hsgm(i 00,100,100, 100, =1 00p) + — o)

It isinstructive also to compute the coefficient of the frequency component e , for
there are two ways to proceed. The easiest is that mentioned above: take the coefficient
just derived and replace every w, by —u, to obtain

SIALAS o BIAIAS
3l H5wm(|031._|032.—lw2,—|0,)2,|(,,)2) + W

A straightforward application of (43) also works, although terms with negative factorials,
negative powers, and negative subscripts, which arise because of the implicit nature of the
formula, must be deleted. Specificaly, (43) becomes, withM = 1, N = -2,

H 5qym(i 01,1007, =1 1,1 0,1 0)

i [0, —200,]t

H 5qym(i 01,1 01, =1 0y, =1 0y, =1 Gp)

3 SATA (o0 —icor: i6n: i)

5 1Wy; —10; 1W; —1Wy
m,=0 m,=0 (M2+1)Ima!(my=2)!my! Wmm2+1 m, m;~2 m,
m,+m,=3

The index pairs contributing to the summation are: 0,3; 1,2; 2,1; and 3,0. But the last two
pairs can be dropped as extraneous so that the coefficient of e' Le=20]t §

IS
51ALA7 o SIAIA3
3l H5wm(|031.|032.—lw2,—lw2,—|(,32)+ W

which agrees with the earlier result.

H 5qym(i 01,1 01, =1 0y, =1 0y, =i Gp)
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For polynomial or Volterra systems, it should be clear that the analysis just
completed can be applied readily. To obtain the coefficient of &' M®* NI i the steady-
state response, the coefficients in (43) must be added together for n = 1,2, - - -. Thus, the
coefficient can be written for a Volterra system in terms of the symmetric transfer functions
as

© o (2My+2my+M +N)IATEMaIMN

méo ma=0 (my+M)Imy!(my+N)Imy!

H 2m,+2m,+m+nygym( T 5 —Ton; ioy § —Tay) (44)
my+*M  m, my+N m,
where n has been replaced by the appropriate sum of subscripts, and the constraints on the
summations have been removed.

Example 5.5 Asanillustration of the use of (44), | will list the termsin the response of a
degree-3 polynomial system to the input (38). The complex conjugate terms will be
omitted since they add no information. The contribution of the degree-1 subsystem is
found by imposing the restriction 2m,+2m,+M+N = 1in (44). In this case, there are no
negative-frequency terms other than complex-conjugate terms, so the list with nonnegative
M and N is complete as shown in Table 5.2.

Table5.2
Frequency-Response Terms: Degree-1 Subsystem*
Summation Indices Frequency

m, my M N Term _
0 0 1 0 AlH 1(i(.01)e?w1t
0 0 0 1 AHq(wy)e'™

* (plus complex —conjugate frequency terms)

The contribution of the degree-2 subsystem involves essentially repeating Table 5.1. But
the notation is different in the present context, so | will go ahead. Imposing the constraint
2my+2my+M+N = 2 in (44) gives the list in Table 5.3. Notice in this case there is only
one distinct frequency component generated by allowing M and/or N to become negative
(ignoring complex conjugates). Such aterm will be called a sign switch to indicate how it
is obtained from previously computed terms.
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Table5.3
Frequency-Response Terms: Degree-2 Subsystem*
Summation Indices Frequency

m, my M N Tem
1 0 0 O 2'A1H 2gym(i Q1,1 Wy)
0 1 0O O 2|A2H2$,m(|wz |wz
0 0 2 0 AfHpgmioyioy)e "™
0 0 0 2 AHpgmliwsicp)e ™™
0 0 1 1 2AAHgmiwicg)e @ )
sign switch 21A1 A H pm(i oy, =i wp)e’ @)

* (plus complex —conjugate frequency terms)

In a similar manner, setting 2m,+2m,+M +N = 3 gives the contribution of the degree-3
subsystem as shown in Table 5.4.

Table 5.4
Frequency-Response Terms: Degree-3 Subsystem*
Summation Indices Frequency
m, my M N Tem
3!
1 0 1 0 o =A3H 3gym(i Wy, 107, = wl)e
1 0 0 1 3|A1A2H3$,m(|w1, 0y, |w2)e
0 1 1 0 3A;AH 3gym(i Q1 @y, =i wy)e'
!
0 1 0 1 3 “A3H agmli 03,1 005, |(;32)e"‘)2t
3! 2
o 0 2 1 - 2 AZA,H 3m(i 0y, @y i ap)e! P
o o0 1 2 gl A1ABH gqym(i @y, g )’ 2
0 0 3 0 AlH agm(i Wy, iy, |(;31)e'3‘”1t
0 0 0 3 AdHzgmliwioygiwy)e ™™
. . ! 20—
sign switch o 2 AZA,H 3m(i 0y i @y, =i Gp)e! P!
| -
sign switch g A1AZH gqym(i 01,1 @y, - c3p)e’ 72

* (plus complex —conjugate frequency terms)

Of course, to complete this example, all these terms should be combined - atask | leave to
the reader.

To consider inputs that are sums of more than two sinusoidal terms, the same
approach is followed. For example, it is straightforward although tedious to verify the
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following fact. For the input
u(t) = 2A1cos(wqt) + 2A5c08(wot) + 2A3c08(wst) (45)

to a Volterra system, the coefficient of the exponential e' " M@™NeIt | v N> 0, in the
steady-state response is

(2My+ 2my+ 2mg+ L +M +N)IAZTE L pZMeAM p2me N
(my+L)Imy!(my+M)Imy! (mg+N)!mg!

H (2m,+2m,+2mg+ L+ M +Nysym(1 01, =1 01,1 6y, =1 0y, 1 3,1 03) (46)

where the various numbers of arguments are entered into the transfer function the obvious
number of times - to be pedantic, m,+L, m,, my+M, my, mg+N, mg, respectively. When
L, M, or N are negative, the coefficient is found by changing the sign of the corresponding
frequency arguments, just as before. Also just as before, the frequency components may
not be distinct, depending on the relative values of wy, w,, and ws. | should emphasize
that (46) gives the coefficient of just one complex exponential. So, what can be said about
the total steady-state response? Not much more than that it is a jungle into which the
prudent venture only with inkwell full.

5.4 Response to Random Inputs

Just as in the preceding sections, the linear theory to be generalized will be reviewed
first. Suppose the input to the system

y(t)= [ h(o)u(t-o) do (47)
is a sample function from a real stochastic process with expected value E[u(t)] and

autocorrelation

Ru(ta,tz) = E[u(tyu(tz)] (48)

Then the output is a sample function from areal stochastic process, and it is of interest to
find the expected value of the output, E[y (t)], the input/output cross-correlation

Ryu(ty.t2) = E[y(ty)u(t2)] (49)

and the output autocorrelation

Ry(t1,t2) = Efy (t2)y(t2)] (50)

Proceeding by direct caculation, it is clear that since expectation can be
interchanged with integration,
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Ely(®)] = [ h(o)E[u(t-0)] do (51)

Furthermore,

y(t)u(tz) = [ h(o)u(ti-o)u(ty) do

so that taking expected values on both sides gives

Ru(tytz) = };, h(0)Ru(t1-0,t5) do (52)
Similarly,
y(ty)y(ts) = };}; h(o1)h(02)u(t1~01)u(t,~05) doyda,
and thus
Ry(ty,tz) = };}; h(01)h (02)Ru(t1-01,t,-0) doda, (53)

Notice that a number of technical matters again are being ignored. For example, it is
assumed implicitly that E[u(t)] and R, (t1,t>) are sufficiently well behaved to permit the
integrations indicated above. Such considerations are not too difficult to fill in, and that
task isleft to the reader, as usual.

The correlation relationships often are expressed in terms of a multivariable Fourier
transform. In strict analogy to the usual single-variable Fourier transform

F=F[f®]= [ ft)e ™ d (54)
the multivariable Fourier transform of afunction f (tq, ..., t,) is defined by
Flop . o) = [ fty, ... t)e” @ e de, -ty (55)

Of course, thisis no surprise, given the discussion of the multivariable Laplace transform
in Chapter 2. Furthermore, the multivariable Fourier transform exhibits al the properties
that might reasonably be expected after areview of the properties of the Laplace transform
in Chapter 2. The inverse Fourier transform is given by
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ity |

[ Flw, ..., wy)e e dey - - dooy (56)

For the purposes of this chapter, the Fourier transform of h(t) is called the system
function, and it is written as H (w). In this context, perhaps | should remind the reader of
the common notational collision between Laplace and Fourier transforms. If a (Laplace)
transfer function H(s) exists for Re[s] = 0, then the system function is given by
H(S) s=i, = H(iw). However, Laplace aside, it is more convenient to use the notation
H(w) for the system function. Since the Laplace transform will be set aside for the
material dealing with random input signals, | will use the H (w) notation for the system
function, and for al single- or multi-variable Fourier transforms. Incidentally, the
hypotheses needed to insure the existence of Fourier transforms will be assumed. For
example, the system stability property corresponding to

[ Ih®dt<e

can be assumed to guarantee the existence of the system function H (w).

Letting

St(wr, ) = F[Ru(t1,t2)] (57)

with similar definitions for the transforms of the other correlation functions, a
straightforward calculation shows that (52) and (53) can be represented by

Spu(@1,6%) = H(w)Su(wr,wy)

Spy(021,002) = H (w1)H (02) Sy (001, 0,) (58)

These concepts are of most interest in the case where the real random process u(t) is
(strict-sense) stationary. For then, assuming the input signal was applied at t = —, the
output also is areal, stationary random process. In other words, the steady-state output is a
real, stationary random process. Of course, there is an implicit stability assumption here.
(The astute reader will notice that the stationarity condition is stronger than necessary for
the linear case, and that only wide-sense stationarity is needed. However, in the nonlinear
case strict-sense stationarity is required.)

In the case of stationary input, E[u(t)] is a constant, so that

Ely(®)] = [ h(c) do E[u(t)] (59)

Also, the autocorrelation function Ry, (t1,t>) depends only on the difference t; —t».
Following the usual notation by changing to the variables t,=t,t;=t+ 1, the
autocorrelation Ry, (t+t,t) is a function of T only, and thus is written as R, (t). To
determine the input/output cross-correlation in terms of the new variables, (52) can be
written as
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Rut+1,t) = [ h(0)Ry(t+1-0,t) do

and since the right side is independent of t, thisiswritten in the form

Ru(® = [ h(0)Ry(1-0) do (60)
Similarly, the output autocorrelation can be written as
Ry(M= | [ h(o1)h(02)Ry(1-01+0>) doydo; (61)

These relationships can be expressed in the frequency domain using the single-
variable Fourier transform. This can be accomplished directly in an easy fashion.
However, to warm up for later developments, | will derive the expressions from the 2-
variable Fourier transform formulasin (58). Using the new variables introduced above,

00 00

Sw(@1,0) = [ [ Rty t)e” " e™ ™ dtydt,

—00 —00

00 00

= [ [ Ru(t+t,ne e ! grar

—00 —00

= [ [ Ru(e” @Te @) gr gt

—00 —00

Integrating with respect to T gives the Fourier transform S,,(w;) = F[R,,(1)], which is the
power spectral density of the stationary random process. Then using the well known
transform

00

[ et dt = 2ng(w)

—00

leads to

Suu(0or,002) = 21§, (001)dp(w1 +w3)
Integrating both sides with respect to w, gives

1 [ee]
Sw(@n) = 3= [ Sw(or,wp) dw, (62)
This formula expresses the power spectral density of a stationary random process in
terms of the 2-variable Fourier transform of the general autocorrelation function of that

process. Of course asimilar relationship is obtained for the cross-spectral density Sy, (w,)
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interms of Sy (w;,wy) givenin (58). Thusthe first equation in (58) becomes

Spu(W1,0) = 2MmH (7)) Sy (w1)dp (W +wy)

so that the input/output cross-spectral density is given in terms of the input power spectral
density by

Su(@1) = 5 | 2H (@S (@n)(wr+ey) doy

= H () S (1) (63)

Proceeding in asimilar fashion for the second relation in (58) gives the output power
spectral density in terms of the input power spectral density as

Spy(1) = H (1)H (-1)Suu(wn)

= [H (1) [?Siu(wn) (64)

| should note at this point that under appropriate ergodicity assumptions, the various
correlations and spectral densities in the stationary case can be expressed as time
averages. This fact will be crucia in Chapter 7, when identification techniques are
discussed. Also note that, in terms of the system function, the expected value of the output
given in (59) can be written in the form

Ely(®]=H(OQE[u()] (65)

Now consider the generalization of the ideas just reviewed to nonlinear systems
described by

y(t) = I h(oy, ..., ou(t-o7) - --u(t-o,) doq - - -do, (66)

The discussion of polynomial or Volterra systems will be postponed until this
homogeneous case is treated, as usual.
When u (t) isareal random process, direct calculation gives

= [ h(oy, ..., o,)RM(t-ay,..., t-o,) do; - - - do, (67)

where the n'"-order autocorrelation function of the input is defined by

RW(t1, ... ,t) = E[u(ty) - - u(ty)]

In a similar fashion the input/output cross-correlation, and the output autocorrelation can
be written in the forms
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Rultit) = [ h(og, ..., 00)RE (-0, . .. ,t1=0p,t,p) doy - - - do, (68)

Ry(ty,t2) = I h(oy,...,00)N(On+1, ..., 02)
R@(t,—0q, ..., t1=0ntp=0ns1, . .. ,t2=0n) dOy - Ooy  (69)

For n= 1 these expressions are just those discussed previously. But for n> 1 the
expected value of the output and the (order-2) output correlations depend on higher-order
input autocorrelations. In other words, as n increases more statistical information about the
input is needed to characterize, for example, the output autocorrelation.

The expressions (67), (68), and (69) can be written in the form of convolutions
followed by variable associations, a form that is reminiscent of the convolutions and
variable associations that arise in considering the input/output representation of a
homogeneous system using the multivariable Laplace transform. Since it is of interest to
express (68) and (69) in terms of Fourier transforms, it is convenient to separate the
convolution aspect from the association aspect, as was done in Chapter 2. To do this,
define the multivariable input/output cross-correlation by

Rulty, - tns1) = [h(01, ..., 0)RE D (104, ..., ty=On,tye1) doy -+ oy, (70)

s0 that

Ru(ts.tz) = Rty toen) 1 LT (71)

In asimilar manner, the multivariable output autocorrelation is defined by

Ry(tr, ... o) =

[h(o1,....00)N(Ons1, ..., 02)REV(t1=01, . .. ,tyn=0pn) doy - - - dO (72)
s0 that
_ R ==t
Ry(t1,t2) = Ry(ta, ..., to) Dt = =tty (73)

These intermediate multivariable quantities have no significance other than to
facilitate the representation via Fourier transforms. Let the Fourier transform of the order-
n autocorrelation function of the input be

S (@i, -+ wn) = FIRQ (s, - -, t)] (74)
and the Fourier transforms of the multivariable cross- and autocorrelations of the output be
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Su(@1, - .. 6n+1) = FIRu(t1, - - - tnra)]

Sy(@1, -+ - W) = F[Ry(t1, - . -, ton)] (75)

These will be called multivariable spectral densities, though they have little or nothing to
do with spectral density. It follows from the readily established convolution property of
Fourier transformsthat in terms of the system function,

Syu((*)l ----- Wn+1) = H(wy, ..., wn)qﬂf 2 (..., Wn+1) (76)

SS/y(("~)1 ----- Gpn) = H(wy, ..., wn)H (Wn+1, - - -, (*)Zn)qj%n)(wl ----- Won) (77)

For n = 1 the circumflexes can be removed from the left side, and then these expressions
agree with those in (58). The problem of interest now is to express Sy (w;,w,) and
Spu(wy,6x) in terms of the multivariable spectral densities for n > 1. That is, to express
the variable associations in (71) and (73) in terms of Fourier transforms. It takes a little bit
of maneuvering to accomplish this, but the maneuvers should be familiar from the proof of
the association-of-variables formulain Chapter 2.

The inverse Fourier transform relationship can be written for the multivariable
cross-correlation as

Ryu(tl ----- 1:n+1)

fromwhich

(2t )n+1 I Syu(yl ----- yn+1)eiy1t1 T eiynﬂtnﬂ dyy - dyne

Ryu(tl-tz) (2t )n+1 I Syu(yl -Vn+1)ei(y1+ ---+yn)tleiyn+1t2 dy; - - dyh41

Taking the Fourier transform of both sides gives

I %’U(yl y +1)e_l (wl_yl_ o _yn)tle_i (U)Z_Vn+1)t2
..... n

dyr - - - dyn4q dtadts

Spu(oog, ) = 2 )n+1

and integrating with respect tot; and t,,

ISS/u(yl ----- Yn+1)00(W1=Y1i— """ ~Yn)
Oo(Wo=Yn+1) dy1 ** * d¥n+1
I (Y1r - - Y Sy, - - - Yn+1)00(W1=Y1=" " ~Yn)

O0(W2=Yn+1)dy1 * - d¥n+1 (78)
Repeating this procedure for the output autocorrelation gives

S0y, 0) = @2 )n 1

(2 )nl
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Sy(wy,07) = )Zn_z ISw(vl ----- Yan)Bo(W1 =1~ " * " ~Yh)

. B0(W2=Yn+17 " " ~Yan)dya - - dyan
1
= —=— [HYn - . YOH Ve - Vo) SEV (Ve - -2 Yon)

(2t
Bo(1=Y1— " ~Yn)Bo(Wo=Yn+1— " * - —Yon)dyy - - dyon  (79)

The similarities here with the association-of-variables formulas in Chapter 2 may not be
apparent yet, but | will discuss that shortly.

There is no question that these expressions for the output spectral density and
cross-spectral density are formidable when actual computations or applications are
contemplated. But they can be simplified somewhat by the process of imposing further
assumptions on the input random process. Just as in the linear case, the first of these is
(strict-sense) stationarity. When a stationary input is applied at t = —oo to a stationary
homogeneous system, the usual and rather simple time-shift argument shows that the
output random process is stationary. Thus, the output autocorrelation (and power spectral
density) and the input/output cross-correlation (and cross-spectral density) can be
expressed as functions of a single variable using techniques reviewed earlier. | will do the
calculations for the spectral densities and leave the correlations to the Problems.

For the cross-spectral density, arelationship of the form (62) can be written, giving

@n

Su(@1) = 5 J Su(@1,0) do

1 ~
= G - ISyu(vl ----- Yn+1)B0(@1 Y1~ ~VYn)Bo(@2—Yn+1) dvz * * - dyn+1ded, (80)
Integrating first with respect to w, yields

Su(wy) = 2n )n I Syu(Vl ----- Yn+1)00(Wi=Y1— """ —Yn) dyy " - d¥n4q (81)
or, in terms of the system function and input spectral density of order n+1,
Su(wy) = o )n I Hy, -, Y S (v, - Yn+1)

Oo(Wr=Y1= " =Yn) dy1 - - d¥n+1 (82)
Notice that integrating with respect to y; in (81) gives

Su(wy) = 2 )n

an expression that is very much like an association-of-variables formula in Section 2.3.
However, the unintegrated formin (82) will be more efficient for further devel opments.

ISyu( 1Yo~ =YYz, " oYne1) AYa © o - AYnaa (83)
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A similar calculation for the output power spectral density gives

Syl = (2 )2n ! I Syy(yl ----- Y2n)Bo (W11~ " ~Yn)dyy - - - dYan
= (Zn]én—l I Hye, .-y Yo)H (Yn+1, - -+, y2n)Sﬁ%”)(y1 ..... Yon)

Oo(Wr—Y1— " ~Yn) dyy - -dysy  (84)

Again, this can beinterpreted as an association-of-variables formula.

To achieve further simplification, it is assumed that the real, stationary, random-
process input is zero-mean and Gaussian. For in this case the higher-order
autocorrelations (spectral densities) of the input process can be expressed in terms of the
order-2 autocorrelation (power spectral density). The derivation of this fact will not be
given, rather, | simply will present the formulas.

The order-n autocorrelation function of a stationary, zero-mean, Gaussian random
process u (t) can be written as

n
ZJ_I'Ik Ru(tj—t), neven
o b

RM(t,,. .., t) = (85)
0, nodd

n
where _I'Ik isaproduct over aset of n/2 (unordered) pairs of integers from 1,2, ...,n,and ¥
i

p
isasum over al

(n-1)(n-3)(n-5)--- (1) = W

such products. While a more explicit notation can be adopted, it is so complicated that |
will use (85) and further explain with examples.

Example 5.6 For n = 2thereisonly one pair, namely (1,2). Thus

R@(t1,t2) = Ruu(ti—to)

that is, the usua order-2 autocorrelation. For n = 4 there are three sets of two pairs,
namely (1,2),(3,4); (1,3),(2,4); and (1,4),(2,3). Thus

R (t1,t2,t3,t4) = Ru(ti—t2)Ruu(tz—ts)

+ Ruu(tl_t3)Ruu(t2_t4) + Ruu(tl_t4)Ruu(t2_t3) (86)

In asimilar fashion the higher-order spectral densities can be expressed in terms of
the order-2 power spectral density. Taking the n-variable Fourier transform of (85) gives
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@en?y J_|D|kSJu((JJj)50(031'+03k) , neven
g

SI(MT wy) = 87
0, nodd

Example 5.7 Forn = 2thisformulagives

S (w1,0) = 218 (1) 8o (007 + )

an expression that was derived at the beginning of this section. For n= 4 | leave the
calculation as an exercise and provide the result:

S (w1, 002,3,00) = (21 S (021) S (@3) B (w1 +022) 0 (003+ 003)
+ (21 Sy (001) S (002) B (w1 + 003) g (00 + ()

+ (21 Sy (001) S (002) B (W1 + 004) 3o (00 + 1g) (88)

Example 5.8 Toillustrate the use of these formulas, the expected value of the output will
be computed for the case where the input random process is real, stationary, zero-mean,
Gaussian and white with unit intensity. That is, R,,(T) = d(T). Also, it will be assumed
that the system is described in terms of the symmetric kernel or symmetric system
function. In this case substitution of (85) into (67) gives, forn=1, E[y(t)] = Owhen nis
odd, and

* n
Elyt)] = [ hym(01, ..., o) Y J_|‘|k 50(0-0;) doy - - - do,
—00 p ’
* n
=3 [ hym(@1,..0n) 1 86(0ic-0j) doy -+~ do, , N even
p I

Now in each term of the sum, the n/2 impulses can be integrated out, and this will leave
the kernel with only n/2 distinct arguments. By symmetry of the kernel, the like
arguments can be arranged in pairs, and since they are just variables of integration, they
can be labeled in the form hgm(04,04, ..., On/2,0n/2). There will be (n-1)(n-3) - - - (1)
terms of thistype, so theresult is

[o0)
[ hym(01,01, .. ., On/2,0n/2) doy -+ - dopn2, Neven

Using (82), the cross-spectral density and output power spectral density will now be
computed for a degree-n system described by the symmetric transfer function with areal,
stationary, zero-mean, Gaussian-random-process input. For the cross-spectral density, itis
clear from (87) that S,(w;) = 0 for n + 1 odd, that is, for a homogeneous system of even
degree. Whenn + 1iseven, asimple substitution gives
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1 00
Sulen) = oz J Homl - )Bo(01¥s= )
- n+1
Z 1 S(¥)3o(y; +¥id) dva -~ Yoy
o p b
1
= - Z I me(yl ..... Vi) Oo (W1 =Y1— " * - —Vh)
(21'[)(” 1)/2 o o

n+1

,-”k S (Yj)do(Yj*+ Vi) dya - - - dyn+1 (89)

Before working on this expression in the general case, an example is instructive. And, of
course, then+1 = 2 case istoo simple, giving just what was derived for linear systems.

Example 5.9 Forn+1=4,(89)yields
Su(wy) =

1 00
> | Hom(Y1,Y2,3)B0(w1=Y1=Yo=Y3)Suu (Y1) Suu(Y2) 8o Y1+ Y2)o(Y3+Va) dyzdyodysdys
1 00
t o | Hom(Y1,Y2.3)B0(w1=Y1=Yo=Y3)Suu (Y1) Suu(Y2) 8o (Y1 +Y3)o(Y2+Va) dydyodysdys
1 00
t o | Hom(Y1,Y2.3)B0(w1=Y1=Yo=Y3)Suu (Y1) Suu(Y2) 8o (Y1 +Ya)Bo (Y2 +Ys) dydyodysdys
Integrating with respect to y, in each of these terms gives
1 00
Su(wy) = g  Hoym(Y1,Y2,3)B0(W1=Y1 =2 =Y3)Suu (Y1) Suu(Y2)o (Y1 + Y2) dysdy,dys
1 00
t o | Hom(Y1,Y2,3)B0(W1=Y1=Y2=Y3)Suu (Y1) Suu(Y2)o Y1+ Y3) dysdyadys
1 00
t o | Ham(Y1,Y2.3)B0(W1=Y1=Y2=Y)Y2)8o(Y2+Y3) dy;dy,dys

Now integrate the first term with respect to yz, the second term with respect to y,, and the
third term with respect to y; to obtain

1 00

Su(wy) = g | Hom(Y1,Y2,01=V1=Y2) Suu (V1) Suu (001 -Y1=¥2) 8o (Y1 + Y2) dysdy,
1 00

*on | Hom(Y1, 01=Y1Y5,Y3)Suu (V1) Suu (001 ~Y1=Y3)Bo (V1 +Y3) dy1dys

00

1
t o | Hom(001=Ya=Y3,Y2,Y3) Suu(@1=Y2=Y5) S (Y2)Bo (V2 + Y3) dy20lys
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Finally, integrating with respect to y, in the first term and y; in the remaining two terms
gives

Su(@1) = 5= | Hom(V1,~¥1,00Sw(1)Su(w1) dys
# 2= | Hm(2,001, ) Sus(V2)Sur)

# 2 | Hm(@1Yo:10)S(@0)Su(¥2) dvs

But from this expression it is clear that since Hgym(w;,0,03) is symmetric, the
input/output cross-spectral density is

Su(6) = 2 Sw(®@) [ Hom(@ - dy (90)

This example illustrates the fact that all terms in the summation in (89) are identical
since Hgm(wy, . . ., wy) is symmetric. Thus to get the general expression for the cross-
spectral density when n+1 is even, it is necessary to work only with a single term and
multiply the result by the number of terms in the summation. Choosing the term
corresponding to the set of pairs (1,2),(3,4), . . ., (n,n+1) gives

Su(en) = % [ HomV - ¥)Bo@1—a= - ~¥o) S ()
SuY3) *+ Suu(Yn)Bo(Yi+Y2)0(Ya+Va) = - * Oo(YntYn+1) dY1 - - d¥n+1

Integrating with respect to y», then y,, and so on, gives, with arelabeling of variables,

_nn=-2)(n-4) -
- (Zn)(n -1)/2

SJu(vl)SJu(Vz)---SJu(v“z;l) dvl---dvnz;l. n+leven  (91)

Su(w)

. 1 b
D 5, | Hogm(@y1,V1.¥2, Yo, - . ., yn-l, -yn-l)

while S§,(w) = O, for n+1 odd.

Now | begin what starts out appearing to be a similar calculation for the output
power spectral density for a homogeneous system with real, stationary, zero-mean,
Gaussian input. Again the symmetric kernel and transfer function representations are used
for the system. Substituting (87) into (84) gives
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Sy (@)= —=—5 [ HomVi - -+ Yo)Hem Vst - - - +Vzn)

(ZT[)n_l 0
2n
So(w-y—- - —vn)jl'lk SuY))o(Yj+Vi) dys - -dyan  (92)

But this situation is considerably more complex than the cross-spectral density case
because Hym(Y1, - - -, Yn)Hsym(Yn+1, - - -, Yon) IS in general not symmetric for a symmetric
system function. Thus, different types of terms will arise in the summation. Indeed, the
general form for Sy (w) is extremely complicated. | will derive the result for n = 2 and
state the result for n = 3, leaving further considerations to the assiduous reader, or to the
literature.

Example 5.10 For n = 2, (92) becomes

1 00
Sy(@) = —= | Hom(Y1,Y2)Hgym(Y3,Y4)30 (00—~ =Y2) Suu (Y1) Suu (¥3)
. Bo(Y1+Y2)00(Ya+Va) dyadyadysdys
1
o | Hom(Y1,Y2)Hsym(Y3,Y4)30 (0= =Y2) Suu (Y1) Suu (¥2)
. Bo(Y1+Y3)00(Y2+Va) dyadyadysdys
1
o | Hom(Y1,Y2)Hgym(Y3,Y4)30 (0= =Y2) Suu (Y1) Suu (Y2)
Oo(Y1+Ya)do(Yo+Ys3) dyrdy,dysdy,

Integrating each term with respect to y, gives

Sy(©) = 5= | HomV1:¥2)Hym(45,¥6)30(0-%~6)Sua (V1) S5
Bo(y+Y2) dysdlyadys

# o [ Hom1:¥2) Ham(43,¥2)B0(0-%~6)Sua (1) S )
(v +¥s) dysdlyadlys

e T Hom0 12 Hom(Y - )Bo(0-% ) S (1) (1)

do(Y2+Ys) dy;dyodys

It should be fairly clear how to proceed. Integrating the first term with respect to y, and
the last two terms with respect to both y, and y; gives
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Spy(w) = 2—1n 80() [ Heym(Y1,~¥1)Hsm(V,~V5)Su(¥2)Suu(¥a) dy1dys
# 2 [ om0~ Hym(-¥1,~0H V)88 (@) dys

# 2= [ om0~ Hym(-00 V1, “) S (1) S (©-1) ds

Using the symmetry of the system function to combine the last two terms allows the output
power spectral density for the n = 2 case to be written in the form

Sy(w) = 2—1n 30(09) [ Heym(Y1,=Y1)Heym(Y2,~¥2) S (Y1) Suu(V2) dys dys

+ = [ Hym(@-¥y)Hom(-60+ Y-S )8 (w09 dy (99)

This example illustrates the different types of terms that can arise in the general
formula. For the record, | also list the result for degree-3 homogeneous systems.
Syw=— o )2 I Hoym(W=¥1—Y2, Y1, Y2)Heym(—0o+ Y1+ Y2, ~Y1,Y2)
S (@=¥1=Y2)Suu(Y1)Su(Y2) dys dy2
(2 )2 SJu(w)I Haym(®,Y1,~Y1)Heym(=00,Y2,~Y2) Suu(Y1) S (Y2) dy1 dy2 (94)

Example 5.11  Suppose that the input to the system shown in Figure 5.1 is a redl,
stationary, zero-mean, Gaussian random process with power spectral density
2

Sw(w) =

w+0?

O > 2
s+/)’

Yy

Figure5.1. A degree-2 homogeneous system.

To find the power spectral density of the output, first note that the symmetric system
function inthiscaseis

_ B
Thus
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A4
Sy (w) = —50( )I I

dy,dy,
—00 —00 Bz (V1+0(2)(V +02)

lj’ At
T, (Iw+B)( iw+B) (YP+a?)[(w- 92+a2]

_ B2A%/m ]'i 1 q
2 B2 W+p% o (V+ad)[(w-y*+a?]
Performing the integrations (tabl& are allowed) gives

dy]? +

Tt
'[ y2+o( "o

dy=
o (Pradlyirod] | wPraa?
Thus the output power spectral density is
A*B?nt 4TA*B?
W w) +
= nge T (gt

Now consider the case of Volterra and polynomia systems with random inputs.
Since the expressions are formidable, the results will be given only for the first few terms -

at least in the output power spectral density calculation.
It will be convenient to use the notation

y() = f Yn() (95)
n=1

]'i 1 4

where y,,(t) isthe output of the degree-n homogeneous term. And to be absolutely specific,
a subscript will be added to the kernels and transfer functions to indicate the degree. When
the input is a sample function from an arbitrary, real random process, the input/output
cross-correlation can be written as

Ru(tit2) = Ey(tu(t)] = 5 ER)u)] = 3 Ryu(tuts) (96)
n=1 n=1

where R, (t1,t5) denotes the cross-correlation for the degree-n homogeneous case just
considered. Thus the cross-correlation and cross-spectral density expressions for
polynomia or Volterra systems are found simply by summing the previously derived
expressions over n, the subsystem degree. For example, when the input is real, stationary,
zero-mean, and Gaussian, the input/output cross-spectral density is given by
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Su@=Su(@ 3 OBl [y @y, vt oy

odd n=1 (Zn)(n Dl 2

Swlva) - Suu(vnz;l) dy; - - d\/”z;1 97

Returning to the case of an arbitrary real random input, the calculation of the output
autocorrelation or power spectral density is considerably more complex. To see why, note
that

Ryltit2) = EVEY(] = 5 5 Elalt)ym(®2)] (%)

n=1m=1

This expression can be written in the notation

Ry(tit2) = 3 3 Ryy, (toto) (99)
n=1m=1
where Ry y (t1,t2) = E[ya(t1)ym(t2)] is caled the partial output autocorrelation. The
computation of this term is only dlightly different from the computations considered
earlier, and the tools are quite familiar by now.
Performing the obvious calculations gives an expression for the partia output
autocorrelation,

Rynym(tlltZ) = I hnsym(cl ----- 0-n)hrmym(o-n+1 ----- On+m)
ROFM(t,-0q, ..., t1-0n,t2=COns1, - * " t2=Onsm) o7 * - - dOp+m (100)

Just as before when faced with expressions of this form, it is convenient to define a
multivariable partial output autocorrelation by

00

Ryyn(tas s them) = I hngm(01, - - -, On)Nmsym(On+1s - - - On+m)
REF™(t1=01, ..., thsm=On+m) Oy - - - AOp4m (101)
o that
(tit) =R, (t t,yos Tl (102)
Ranm 1.t2) — Ranm 1y n+m Dtn+1: e :tn+m:t2

Again, the advantage of this notation is that the convolution properties of the Fourier
transform can be applied in a direct fashion, and the variable associations can be handled
separately. Letting

229



Sy (1,02) = F[Ryy, (t1,t2)]

Sy (@1, - @nem) = FIRyy (t1r - -+ tyim)]

S ™ (@, - Wnem) = FIRG ™ (g, - tyem)] (103)

and using the system function defined previously gives

A

SS’nym ((.01 ----- Wn + m) =H nsym(wl ----- wn) H mbvm(wn +1s e Wn + m) %Tf m ((.01 ----- Wn + m)
(104)

Repeating the derivation leading to (79) gives, in the present setting

%’nYm(wlle) )n+m o anim—2 I %/nym(yl ..... Yn+m)Oo(1=Y1— " * =Vn)

(2t
60((*)2_Vn+1_ e _Vn+m) dyl e dyn+m(105)

Furthermore, for stationary random process inputs, the partial output power spectral
density isgiven by

Synym(w) = I Synym(yl ----- Yn+m)o(W=Y1— " =Yn) dy1 - - - d¥p+m (106)

(2 )n+m 1

Of course, this formula checks with (84) for the case m = n.
Now assume that the input is real, stationary, zero-mean, Gaussian, and with power
spectral density §,,(w). Substituting (87) and (104) into (106) gives

Sy, (@=0, n+rmodd (107)

and

00

1
SS’nYm(w)z (21'[)(n+m_2)/2 Z I Hnwm(yl ----- Vn)Hmbym(Vnﬂ ----- Vn+m)
p -

n+m

So(W=¥i—"" " ~Yn) ,-”k Su(Y))do(Yj*+¥i) dya - - - d¥n+m, N+meven (108)

The reduction of this expression to more explicit form is a combinatorial problem of some
complexity because the integrand lacks symmetry. | will be content to work out the terms
that give the output power spectral density for polynomial systems of degree 3.
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Example 5.12 To compute Sy(w) for the case of a degree-3 polynomia system, the
terms §, y, (w) must be computed for n,m = 1,2,3. But it isevident that

%’1)’2 (0‘)) = %’2)’1 (0‘)) = %’2)’3 (0‘)) = %’3)’2 (0‘)) =0

For n=m=1,2,3 the partial output power spectral densities have been calculated
previoudly, and are given in (64), (93), and (94). Forn = 1 and m = 3, (108) gives

S (= 57 J Ha(y)Hsqm(¥2: Yo ¥a)30(w 1)
flk Su(¥i)Bo(Vi+ Vi) dva - - - dva
= J H (/1) H sqrm(¥o.¥3.Va)Bo(0—1) S (V) S (¥5)
Bo(Y1+V2)B0(Ys*Ya) dya - - - dya
.o J H (/1) H sqm(¥o:¥3.Va)Bo(0-1) S, (V) S (¥2)
Bo(Y1+V3)B0(Y2+Ya) dya - - - dVa
.o J H (/1) H sqm(¥o:¥3.Va)Bo(0-1) S, (V) S (¥2)

Oo(Y1+Ya)do(Yo+Yy3) dyy - - - dyy

Performing the integrations gives
3 [ee]
Syly3 (W) = H 1 () Su(w) I H 3wm(_(*)'y' -Y)Sw(y) dy
21

In a similar fashion S, (w) can be computed. Alternatively, the easily proved fact that
Sy, (W) = §,,y,(-w) can be used to obtain

S (@) = o H1(0I8(0) [ Hagm(@ %98 () oy

Now, collecting together all the terms gives the expression
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Spy(w) = Hy(w)H 1 (-0) Sy (w) + % Hl(w)SJu(w):[ Hagm(=w,Y,~Y)Suu(Y) dy

+ Zi H 1 (~0)Si(w) j H3gm(@,Y,~Y)Su(y) dy

+ —6o(w)I I H 2ym(Y1, =Y1)H 25ym(Y2,~Y2) S (Y1) S (Y2) dyadyo

—00 —00

+ = I H 2gym(W=YY)H 25/m(= 00+ Y, =) S (¥) S (@0 -y) dy

+ (211)2 .[ .[ Hagym(@=¥1=Y2,Y1,Y2)H 3gm(~= W+ Y1+ Y2, ~Y1,~Y2)

Su(@=¥1-¥2)Suu (Y1) Suu(Y2) dya dys

+

on )2 Sw(w )I I H 3gm(@,Y1,~Y1)H agym(=0,Y2,~Y>)

Su(Y1)Suu(Yz2) dyidys, (109)

Example 5.13 For the phase-locked loop introduced in Example 3.3, the first three
symmetric transfer functions are shown in Example 3.8 to be

HE) =

TR Hogm(S1,82) = 0

K/6
(s1+s2+53+K)(s1+K)(S2+K)(S3+K)

H3qm(S1,S2,S3) =

Suppose the message signal is real, stationary, zero-mean, Gaussian white noise with
intensity A. Thus,

Ru(®) = Ad(1), Su(w) =A

Then it is straightforward to verify that, through degree 3, the loop error signal x (t) aso is
zero mean. In particular, from (65) the degree-1 component of x (t) is zero mean, and from
Example 5.8 the degree-2 and degree-3 components are al so.

To illustrate the calculation of the power spectral density for x(t), | will evaluate the
termsin (109) that are of degree <2 in the noise intensity A. These terms give

Sod®) = AH (WH (- w)+2—H(w) IHgs,m( wy,~y) dy

38 L w)JHgs,m(wv ~y) dy
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Clearly,
A
AH(WH(~w) = ——
(OH(0)= ———

and asimple calculation gives
3A2

o H (w) _J; Hagm(-w,y,—y) dy=

KAZ/4mt } 1
(@P+K)(-w+K) o Y+K?
_ A?/4

T (P+KY)(-iw+K)
Since the third term can be obtained form the second by replacing w by —w, the power
spectral density of the loop error is, through degree 2in A,

A KA2/2
W) = +
S<X( ) (.02+ K2 ((.02"‘ K2)2

dy

5.5 The Wiener Orthogonal Representation

A magor difficulty in computing the output power spectral density, or
autocorrelation, for a polynomia or Volterra system is the profusion of partial output
spectral densities or autocorrelations (cross-terms). For this reason, and for other reasons
that will be discussed in Chapter 7, | will now consider a series representation that has
certain orthogonality properties with respect to the statistical characterization of the
response. Under appropriate convergence conditions, this Wiener series representation
can be viewed as a rearrangement of the terms in a Volterra series representation.
However, this viewpoint can be confusing, and it probably is best to regard the Wiener
representation as a separate topic, at least at the outset.

Throughout this section it is assumed that the input signal is a sample function from
a real, stationary, zero-mean, white Gaussian random process with intensity A. The
exposition will be in terms of infinite series, with the usual avoidance of convergence
issues. Actually, the convergence properties of the Wiener representation are naturally
addressed in the mean sguare sense, and it can be shown that the resulting conditions are
less restrictive than those for the Volterra series. These issues will be left to the literature
cited in Section 5.6.

The Wiener representation for a system takes the form

Y= 5 Golknu(®)] (110)
n=0

where each Wiener operator G,[k,,u(t)] is a degree-n polynomia operator that is
specified (in a yet to be determined, and at this point nonobvious, manner) by a symmetric
Wiener kernel Kky(tq, ..., t,). Notice that the operator notation from Chapter 1 has been
changed dightly in that the subscript indicates now the polynomial degree of the operator,
and the dependence on k,, is displayed. Also there is no subscript "syni' on the Wiener
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kernel, even though it is symmetric. This conforms with the traditional notation, and helps
to distinguish the Wiener kernel from the symmetric Volterra series kernel
Pngym(t, - - -, th).

The important condition to be imposed is that what might be called the partial output
autocorrelations in this new representation satisfy

E[G,[Ky,ut+T)]Gu[kn,u(®)]] =0, foradl T, m#n (111)
Of course, when this condition is satisfied, the output autocorrelation is given by
Ry (1) = 2 E[Gn[kn,u(t+T)]Gn[kn,u(t)]] (112)
n=0

Although the Wiener representation can be determined through an elegant, general
argument, it is instructive to begin in an elementary fashion. (A more elegant derivation
will be used for the discrete-time case in Chapter 6.) The approach isto find G, [k,,u(t)]
by requiring that it be a degree-n polynomial operator that satisfies

E[Gn[kn,u(t+D)]F;[u®)]] =0, foralt, j=0,1,..., n-1 (113)

where F;[u(t)] is any homogeneous operator of degree j. Of course this condition
guarantees that G, [k,,u(t)] is orthogonal to any polynomia operator of degree n-1 or
less. In the following development, the symmetric kernel corresponding to F;[u (t)] will be
denoted by figm(tq, ..., t;), except that the "sym" is superfluous when j = 0,1.

The degree-0 Wiener operator is defined to be simply Ggl[kg,u(t)] = kg. The
degree-1 Wiener operator is assumed to take the general form

Glky,u(t)] = I Ki(o)u(t—-0)do + kq (114)

where K (t) isthe degree-1 Wiener kernel, and k ¢ is a constant that remains to be chosen.
This operator must be orthogona to any degree-0 homogeneous operator Fo[u(t)] = fo,
thatis

0= E[Gq[kq,u(t+T1)]Fo[u(®)]

= I fok1(0)E[u(t+1-0)] do + foky o, foralt

for any fo. And since the expected value in the first term is O, this condition can be
satisfied by taking kq o = 0. Thus the degree-1 Wiener operator takes the (familiar) form

Gylkp,u®)] = [ ky(o)u(t-o) do (115)

So far the Wiener representation |ooks just like a Volterra series representation, except that
the kernels may be different.
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Now | proceed to degree 2, where more interesting things begin to happen. The
genera formof Go[k,,u(t)] is

00

Gaolka,uM®] = [ ka(01,02)u(t-01)u(t-0,) dojdo,

—00
00

+ [ Kpa(o1)u(t-07) dog + Kag (116)

where ks (t1,t5) is symmetric, and where the conditions to be satisfied are
E[Galkz,ut+1)]F1[u®)]] =0

E[Galkz,u(t+1)]Fo[u(®)]] = 0 (117)
for all 1. Thefirst condition gives

0= I ko(01,0,)f1(0)E[u(t+T1-0¢)u(t+1-0,)u(t—-0)] do;do,do

—00
00

+ [ ka1(01)f1(0)E[u(t+1-01)u(t-0)] dodoy

—00
00

+ [ Kaof1(0)E[u(t-0)] do

= A [ kp1(0+1)f1(0) do
To guarantee that this is satisfied regardiess of f(t), take k, 1(t) = 0. Now the second
condition in (117) gives

00

0= I K2(01,02)foE[u(t+1-07)u(t+1-05)] doido, + Kk, ofp
=A } ko(0,0)fo do + Ky ofo
This can be satisfied by taking
Koo=-A } ko(o,0) do
so that the degree-2 Wiener operator is

Gaolka,u®] = [ka(01,02)u(t-01)u(t-0z)dordo, —A [ kp(o,0)do (118)

This is the first illustration of how the Wiener polynomial operators are specified by a
single kernel. Also, natice that there is an implicit technical assumption here, namely, that
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theintegral of k,(t,t) isfinite.
I will work out one more just to show that nothing surprising happens. The degree-3
Wiener operator will take the general form

00

Galks,u(®] = [ k3(01,02,03)u(t-01)u(t-0,)u(t-03) doydo,dog

—00
[o0)

+ [ Kq2(01,02)u(t-07)u(t-03) doydoy,

—00
00

+ [ Kg1(01)u(t-07) dog + kg (119)

—00

where the degree-3 Wiener kernel kj(tq,to,t3) is symmetric. Imposing the condition of
orthogonality to degree-0 homogeneous operators gives that

A } k32(0,0)fgdo + k3pfp=0
must hold for al fy. To satisfy this condition, set
K3o=-A } ks2(0,0)do
Orthogonality with respect to degree-1 homogeneous operators gives the condition
0= :«’»AZ].i ks(01,01,0+7)f1(0) dojdo + A } ks1(o+1)f1(0) do
foral fq(t). Tosatisfy this, set
kzi(t) = -3A } ks(o,0,t) do

Up to this point the degree-3 Wiener operator has been specialized to the form

Galks,u®] = [ k3(01,02,03)u(t-01)u(t-0,)u(t-03) doydo,dog

—00
00

+ [ Kg2(01,02)u(t-07)u(t-03) doydoy,

—00
00 00

~3A [ k3(01,01,0)u(t-0) dojdo - A [ k3,(0,0) do (120)

Imposing the (final) condition that (120) be orthogona to al degree-2 homogeneous
operators leads, after some calculation, to the choice k3 (tq,tp) = 0. Thus the degree-3
Wiener operator in (110) is
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00

Galks,u®] = [ k3(01,02,03)u(t-01)u(t-0,)u(t-03) doydo,dog

—00

- 3A [ k3(01,01,0)u(t-0) doydo (121)
The general result can be stated as follows.

Theorem 5.1 The degree-n Wiener operator is given by

3 [n/2] (_1)in |AI @
Gn[kn'u(t)] - i§0 2i(n—2i)!i | :[Okn(cl

dty - - drju(t—0q) - - - u(t—0,—5) doq - - - Aoy, 5 (122)

where [n/2] indicates the greatest integer <n/2, the Wiener kernel k,(t4, ..., t,) is
symmetric, and where A is the intensity of the real, stationary, zero-mean, Gaussian-
white-noise input.

Proof (Sketch) Suppose nis an even integer for definiteness. (The proof for odd nis
similar.) Then the square brackets can be erased from the upper limit of the summation
sign. Also, retaining the notation F;[u(t)] for an arbitrary degree-j homogeneous operator
with symmetric kernel figm(ty, ..., t),

E[Gnlkn,u(t+1)]F;[u(t)]] =0, oddj<n
Thisis because al terms will involve the expected value of a product of an odd number of
zero-mean Gaussian random variables. Thus, it remains to show that
n-2
2
For j = O this condition reduces to showing that E[G,[k,,u(t)]] = 0 for n> 0. Direct
calculation using (85) gives

E[Gn[kn,u(t+1)]F[u(®)]]=0, j=0,1,...,

n/2 i
E[Galknu@®]]= S é—lgij ..... Ot T 1y -+ T
i= 0 |)| g

. n-2i
dry -+ dg ACEE S T 8o(0j-01) doy +++ don
p b

For each fixed i, integrating out the (n—2i)/2 impulses in each product will yield identical
results because of the symmetry of the Wiener kernel. Furthermore, from (85) there are

(h-2i)  _ _ (n-2i)
(%Zi)! o(n-20)/2 (% iy

products in the summation in the i term. Therefore, with considerable relabeling of
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variables, | can write

n/i2 n —1)i ot
ElCrlk il = M 5~ k0101, Oy G doy o
=0 (D iyt e
2
But
n/2 (_1)i B 1 n/2 i (n/2 _
2 i =y &Y "?]=0

sotheresult is
E[Gh[kn,u()]]=0, n=12,---
For j = 1 it must be shown that, assuming n > 2,
E[Gnlkn,u(t+1)]F2[u(t)]] = 0

where the degree-2 operator F,[u(t)] is arbitrary. Again, proceeding by direct calculation
gives

n/2 i
E[Galkn U(t+T)]F[u®]] = 3 é_l%j ..... Onzi TL 1, - o TiT;)
i=0 —00

CITl e CITi f2$/m(0-n—2i+1-0-n—2i+2) E[U (t+T—O'1)

o u(t""[_o-n—Zi)u (t _Gn—2i+1)u (t _Gn—2i+2)] CIO-1 e CIO-n—2i+2

; Jn_ﬁ :[0 kn(0O1, ..., On-2i,11,T3, ..., T;,T;) d1q - - - dT;
—2i +2)/2 n-2i+2
faom(On-2+1,0n-2142) AT F jrlk 30(0;=0k) doy -+ - dOp_gi 42
p ’

First, for each fixed i consider all the product termsin 3 that contain a factor of the form

p
00(0n-0i +1—On-2i +2). Integrating out this impulse gives an identical result in each term,
and there are

(h-2i)  _ _ (n-2i)
(%Zi)! o(n-20)/2 (% iy

such terms for each i. The remaining products of (n-2i)/2 impulses will contain all
possible pairs of argumentsfromay, . .., Op-pi. Thus, these termsgive
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n/2 _1in!A(n+2)/2 ©
S 1) [ ka(oy, ..., On—2i,T1,T1, - - - s 1,17 dtg - - - dT

i=0 (ﬂ —i)!i!Zn/Z -
2 n-2i
foem(On-2i +1,0n-2i+1) 2 jrlk 80(0j=0y) oy - - - dOp_i 41
) p v
n1A(M+2)/2 ni2 -1)!
- n/2 = IfZW(Gn—2i+l-0n—2i+1) don-i+1
2 i=0 ﬂ_' li1 —
(2 !

I kn(01,01, - - -, On/2,0n/2) Oy -+ - dOy 2

=0
For emphasis, | will restate the key fact that has just been used. The set of all those terms
in
n-2i+2
> N (o5 -0y
p Ik

that contain an impulse of the form d¢(0,,-5i +1—0—2i +2) Can be written as
n-2i
O0(On-2i+1 = On-2i+2) 2 Jﬂk do(0j — 0k)
o b

This result will be used in the sequel. Now, for each fixed i consider the remaining terms,
all of which contain factors of the form dy(0j—0y i +1)80(0k—0n-2i +2) for j,k <n-2i. Of
course, these terms occur only for i < n/2, and there are

(n-2i +2)! B (n=2i)! _ (n-2i)! (n-2i)

N-2i+2, ;n-2i+22 (N _iyjo-2i)2 D iyoni2g
( : )12 (2 )12 (2 !

such terms for each i. Because of symmetry, all these terms will be identical after the
impulses are integrated out. Thus, these terms give

n2-1 (-1)intA+22(n i)
2 D) ( )Ikn(cl-clu'

i=0 (%—i)!i !Zn/2 -0

o 'Gn/Z'Gn/Z)

fogm(01,02) doy -+ -da,;, =0
since
n/2-1 . n/2-1 . _
S e "V e2y=ny (MY
i=0 i=0
It now should be clear that to verify the orthogonality condition in genera requires just
thistype of calculation for larger values of j. This tedious exercise is omitted.

]zo
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There are some general features to notice about G [k,,u(t)]. It is a degree-n
polynomial operator  that  contains  homogeneous terms  of  degree
nn-2..., 1 (n odd) or O (n even). However, all the homogeneous terms are specified by
the degree-n, symmetric, Wiener kernel k,(tq, ..., t,) and by the input noise intensity A.
Lest the reader be puzzled over the notational abuse in (122) when i = O, that term is
precisely

[ ka0, ..., o,)u(t-oy) - -u(t-o,) doy - - - do,

Finally, it should be clear that certain integrability conditions on the Wiener kernel must
hold if (122) isto make sense technically.

Now suppose a system is described by the Wiener representation in (111). Then, by
the orthogonality property, the output autocorrelation is given by

Ry (1) = E[y(t+1y(t)] = % E[Gn[kn,u(t+1)]Gnlkn,u(t)]] (123)
n=0

Before computing the general term, it is instructive to work out the first few. For n =0, it
is clear that

E[Golko,u(t+T)]Golko,u(t)] = E[k3] = k§ (124)

For n = 1the calculation isonly dlightly less trivial since thisisthe usual linear case:
E[G1[ky,u(t+D)]Galky,u®)]] = | ka(01)ki(02)E[u(t+1-01)u(t-0,)] doydoy
= A [ kq(o+1)ke(0) do (125)

For n = 2 the calculation is a bit more involved, though all the steps have been done
at least once before in this chapter.

E[Galkz,u(t+1)]G2[kz,u(b)]]

= [ ka(01,02)k2(03,04)E[U(t+T-01)u(t +1-02)u (t—03)u(t -04)] doy - - - do,

~A [ kp(01,02)E[u(t+1-01)u(t+1-0,)] doydo, [ ka(0,0)do
= A [ kp(01,02)E[u(t-01)u(t-0,)]do,do, [ ka(0,0)do
+ A?[ [ ko(0,0) do]? (126)

Upon expansion of the expectations, many of the terms add out, leaving the easily verified
result:
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E[Galka,u(t+1)1G[K,u(®)]] = 2A% [ kp(01+T1,02+1)k(01,0,) doydo,  (127)
The general result will be presented more formally.

Theorem 5.2  For the Wiener polynomia operator G,[k,,u(t)], where u(t) is red,
stationary, zero-mean, Gaussian white noise with intensity A,

(128)

Proof (Sketch) To simplify the notation, the degree-n Wiener operator will be written
in the genera polynomial form shown below. (Recall that only homogeneous terms whose
degree has the same parity as n occur in Gy[Kg,u(t)].)

n

Glkn,u®l= > k(og,..., Ou(t—0y) - -~ u(t-oy) doy - - - doy
k=0
p(K)=p(n)

Then using the orthogonality property,

E[Gn[kn,u(t+D)]Gn[kn,u(0)]]

=E[[ on(o1, ..., OU(t+T-07) - - - U(t+1-0,,) doy - - - da, Gu[kn, U (b)]]
= i I on(0o1, ..., On)Ok(Ty, .- -y 1) E[u(t+1-09)
PP

cu(t+t-o)u(t-ty) - - u(t-1)] doq - - - do,dtq - - - dTy (129)

In the k™ summand the expected value will contain a sum of products of (n+k)/2
impulses, and the argument of each impulse will be a difference of a pair of arguments
chosen from (t+1-04), .. ., (t+1-0,), t-11), ..., (t-T).

First consider the k = n summand, and specifically those terms of the expected value
wherein every impulse in the product has one of the o; variables and one of the T;
variables in its argument. There will be n! such products in the expected value, n choices
of the 1; variable to pair with the first g; variable, n—1 choices of the 1; variable to pair
with the second o; variable, and so on. (Since the product is over unordered pairs, the
ordering of the ;" sisimmaterial.) Since g,(t4, ..., t,) is symmetrical, when the impulses
are integrated out, each of the resulting terms will be identical. Thus this portion of the
contribution of the k = n term can be written as
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nIA" [ gn(o1+T, ..., 0n+1)0n(01, . . ., o,) do; - - - do,

Of course, in the original notation this is precisely (128), and so the remainder of the
argument is devoted to showing that all other terms in (129) are zero. The remaining
products of impulses in the k = n summand will contain at least one impulse with an
argument that is a difference of two of the o; variables. This feature is shared by all the
k < ntermsin (129) since there will be at least two more g; variables than T; variables.
Thiskind of term will be discussed now for the general k < n summand.

First, for fixed k in (129) consider each product-of-impulses term in the expected
value that contains dy(0,-1—0,) as a factor. Using the key fact noted in the proof of
Theorem 5.1, this collection of terms can be written as

Ad(Gn-1~0n) E[U(t+1-07) -~ u(t+T-0p )u(t-Tg) - - - U(t—T)]

Coallecting these terms in (129) for each value of k, and integrating with respect to oy,
givesthat their contribution to (129) is

> Al On-2:0n-1,0n-1)0(T1, - - -, T) E[u(t+1-03)

k=0 —00
p(K)=p(n)
o U(t+T-0n U (t-T7) - - - u(t-1)] dog - - - dop1dTy - dTy
=A E[I On(01, - -, On-2,0n-1,07-))U(t+1-01) - - - U(t+1-0,2) dOy - - - dOp 1
° n
2 Oty mUt-Ty) - u(t-T) dTg - dTY]
k=0
- p(K)=p(n)
=A E[I On(01, - -, On-2,0n-1,0n-1)d0p -1 U (t +T1-07)

T u(t+T_0n—2) dcl T CIO-n—2 Gn[kn'u(t)]]

by the orthogonality property of G,[Kk,,u(t)].

Now, for fixed k in (129), consider each product-of-impulses term in the expected
value that contains 8y(0,,—3—0n-2) as a factor, but that does not contain d¢(0,-1—0) as a
factor. The collection of such terms can be written as the set of terms that contain a factor
of the form &y(0,-3—0,-2), minus the set of terms that contain a factor of
80(0n-3—0n-2)(0n-1-0y). Thatis,

Ad(Gn-3=On-2) E[U(t+T-07) - U(t+T-0p4)U(t+T-0p-1)u(t+1-0p)
U(t-T1) - - U(t-T)] ~ A%8o(0n-3~0n-2)80(0n-1~0n) E[U(t +1-01)
T U(tHT=On QU (t-Ty) - u(t-T)]

Coallecting these terms in (129) for each value of k, and integrating out the common
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impulse factors, gives zero as follows. All terms corresponding to
Ady(0n-3=0n-2)E[U(t+1-07) - - - U(t+T=0n_g)u(t +T-0p 1)U (t+T1-0p)]

give zero by the argument in the previous case. In avery similar fashion, the remaining set
of terms gives

2 A I On(01, - - -, 0n-4,0n-3,0n-3,0n-1,0n-1)9k(T1, - - -, Tx)
k=0 —00
p(K)=p(n)

E[u(t+1-07) - - u(t+1-0n_g)u(t—19) - - - u(t-1)] doy - - - do,,_4dTy - - - ATy
= -A? E[I On(01, - -, On-4:0n-3,0n-3,0n-1,0n-1)U (t +T-07)

e u(t+T_0n—4) dcl e CIO-n—4 Gn[kn'u(t)]]

The remainder of the proof continues in just this way, with the next step being to consider
those terms in (129) that contain &y(0,,-5—0Ch-4) & a factor, but not dy(0,-3—0p-2) OF
0g(0,-1—0p). Itisleft to the reader to complete the calculation of al the zeros.

Methods for determining the Wiener kernels k,(t4, .. ., t,) for an unknown system
will be a major topic in Chapter 7. However, one way to find the Wiener kernels for a
known system is to establish the relationship between the Wiener kernels and the Volterra
kernels. Suppose a system is described by the Wiener orthogonal representation, and also
by the symmetric-kernel Volterra series representation

yit)= > I Phgym(01, - - -, opu(t-oy) - - -u(t-op) doy - - - daoy, (130)
n=0 -
Of course, it should be noted that strong convergence properties of both representations
are required before the two can be related. Thus, the following developments are fine for
the polynomial system case, but must be qualified by convergence hypotheses to be taken
asrigorousin the infinite series case.

Theorem 5.3 Suppose a system is described by the Wiener orthogonal representation
(110), (122), and by the symmetric Volterra system representation (130). Then the degree-
N symmetric Volterrakernel is given by

_ 2 (CD)I(N+2))IA)
hnsym(ta, - - - tN)—EO NI 12

I kN+2j (tl ..... tN,Tl ..... Tl,TJ‘,TJ‘) dTl s dTJ

Proof From (110) and (122), the Wiener representation for the systemis
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o [n/2] (_1)mn IAM ©
t)= kn(o
y(® Eo mgo (n-2m)im!2™ :[0 (01
dty -+ dtpnu(t-0y) -+ u(t-0p—m) doy - - - dop o,

To find an expression for hygm(ts, . - ., tn), al terms of degree N must be extracted. These
terms are precisely those with n—-2m = N. Supposing first that N is even, if n-2m= N
then it is clear that n must be even, and n = N. Thus the degree-N terms in the Wiener
representation are given by

00

o (_1\(n-N)J2y 1 A (N-N)2
(=1) niA [ ko4, ..., oONTLTY, - - - s r%,rﬂ)

non NI((n=-N)/2)1200-Nr2

neven

dty - --dr% u(t-op) - u(t-oy) doy - - - doy

To put thisin a neater form, change the summation index nto j = (n—N)/2. Thisgives

~DI(N+2))IAl |
( )lfuj!zij) _{ok’“z"(cl """ ON L TLs - T T))

LM

dty - -drju(t—oy) - - - u(t-oy) doy - - - doy

A very similar development for the case of N odd leads to exactly the same expression for
the degree-N terms in the Wiener representation. Thus, it is clear that (131) gives the
symmetric Volterrakernel for the system.

To express the Wiener kernels in terms of the symmetric Volterra kernels is a
messier task. The approach used in the following proof is to write out (131) for the

symmetric Volterra kernels hngym(ta, - - - tn), hin+2gm(t, - -, tN.O1,01),
hin+aygm(ta, - -, tN,01,01,02,05), and so on. Then by tedious inspection it becomes clear
that the Wiener kernel ky(tq, .. ., ty) can be isolated using these expressions.

Theorem 54  Suppose a system is described by the symmetric Volterra system
representation (130), and by the Wiener orthogonal representation (110), (122). Then the
degree-N Wiener kernel is given by

® (N+2))IAl 7
kn(t, ..., =3 iN_IJJIZJL I hne2j)gm(te, - - tN,01,07, - - -, 0;,0j) doy - - - do
j:o ). —00
(132)

Proof For convenience, let

. (N+2)IA]
= B8

Then (131) can be written as
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thym(tl ..... tN) = kN(tl ..... tN)

and fork = 1,

h(N+2k)wm(t1 ..... tN,Gl,Gl ..... Gk,ck) = kN+2k(t1 ..... tN,Gl,Gl ..... Gk,ck)
+5 (- 1)Ja(N+2kJ)I Kn+ 2k (b1 - - s tN, 01,01, - - ., Ok,01,T1, T, - - - 1,7 dty - - - dy
j=1

Using some elementary manipulations and variable relabelings gives

00

I h(N+2k)Wm(t1 ..... T T, - ‘[k,‘[k) d'[l cen d-[k

8

z( 1) Ka(N+2k,i —k) j kna2i(t, - . T TL - 1,17 dtg - - - dT
<

Now, the right side of (132) can be written as

hngm(ta, - - - ty) + z a(N,k) j hove20gmts - - T TL, - e e TioT) ATy - - -
k=1

= ky(ty, . .., ty) + z( 1)Ja(NJ)j Kn+2j(tas -« - T Te, - 1,7 dty - - - dy
j=1

+ z a(N,k) z( 1) Ka(N+2k,i —k) j kno2i(ty, - . T Te - 1,17 dtg - - - dT
k=1 i=k

For the general term of the form

with g = 1, the coefficient is

(-D%(N.q) + % (-9 *a(N,k)a(N+2k,q-k)
k=1

Substituting the definition of a(N,j) and using simple identities shows that this coefficient
is0. Thusthe proof is complete.

Example 5.14 Consider the degree-3 polynomial system shown in Figure 5.2.
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e (1) <03

.y

Figure5.2. A degree-3 polynomial system.
The Wiener kernels are easily computed from the symmetric Volterra kernels
hi(t) = 73.4(t)

hogm(t1,t2) =0

hagm(tstats) = €7 e e 8.1 (11)84(t2)8-1(ts)
Using (132), there are only two nonzero Wiener kernels:

1) = (L+ e 540
Ka(ty,to,ts) = € e 28 "8y (t1)81 (t2)d1 (ts)
5.6 Remarks and References

Remark 5.1 An introductory discussion of the impulse response of a homogeneous
system can be found in

M. Brilliant, "Theory of the Analysis of Nonlinear Systems,” MIT RLE Technical Report
No. 345, 1958 (AD 216-209).

One area in which impulse inputs are of general interest is in impulse sampler models for
sampled data systems. This subject isdiscussed in

A. Bush, "Some Techniques for the Synthesis of Nonlinear Systems," MIT RLE Technical
Report No. 441, 1966 (AD 634-122).

Sampled-data and discrete-time systems will be treated in Chapter 6.

Remark 5.2 The steady-state response of a homogeneous system to a sinusoidal input is
briefly discussed in

D. George, "Continuous Nonlinear Systems,” MIT RLE Technical Report No. 355, 1959
(AD 246-281).

and in
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J. Barrett, "The Use of Functionals in the Analysis of Nonlinear Physical Systems,”
Journal of Electronics and Control, Vol. 15, pp.567-615, 1963.

The steady-state response of a nonlinear system to single- and multi-tone sinusoidal
inputs, and the use of this response in electronic circuit analysis is the subject of

J. Bussgang, L. Ehrman, J. Graham, "Analysis of Nonlinear Systems with Multiple Inputs,”
Proceedings of the |IEEE, Vol. 62, pp.1088-1119, 1974.

Many interesting examples and experimental results are included in this paper, and in
other referenced reports by the authors. General formulas similar to those of Section 5.3
for the response to multi-tone inputs are derived in

E. Bedrosian, S. Rice, "The Output Properties of Volterra Systems (Nonlinear Systems
with Memory) Driven by Harmonic and Gaussian Inputs," Proceedings of the |EEE, Vol.
59, pp.1688-1707, 1971.

For arecent book-length treatment at a more elementary level, see

D. Weiner, J. Spina, Snusoidal Analysis and Modeling of Weakly Nonlinear Circuits, Van
Nostrand Reinhold, New York, 1980.

Remark 5.3 The well known Manley-Rowe formulas are closely related to the topic of
steady-state frequency response of a Volterra system. As originaly developed in 1956,
these formul as describe the constraints on power flow at various frequencies in a nonlinear
capacitor. Since that time the formulas have been generalized to apply to alarge class of
nonlinear systems. See the following two books, the first of which isthe more elementary.

R. Clay, Nonlinear Networks and Systems, John Wiley, New York, 1971.
P. Penfield, Frequency-Power Formulas, MIT Press, Cambridge, M assachusetts, 1960.

Remark 5.4 The response of anonlinear system to random inputs was the topic in which
N. Wiener first used the Volterra representation for nonlinear systems. Wiener's approach
will be discussed further in Chapter 7 in the context of system identification. Material
similar to that discussed in Section 5.4 is introduced in the report by George and the paper
by Barrett cited above. The approach | have used follows

M. Rudko, D. Weiner, "Volterra Systems with Random Inputs: A Formalized Approach,”
| EEE Transactions on Communications, Vol. COM-26, pp.217-227, 1978 (Addendum: Vol.
COM-27, pp. 636-638, 1979).

This paper presents a derivation of the general formula for the cross-spectral density given
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in (91), and a genera reduction of the partial output power spectral density formula in
(208).

A different approach can be found in the paper by Bedrosian and Rice mentioned in
Remark 5.2. More general inputs such as a sum of sinusoidal and Gaussian signals also
are considered by Bedrosian and Rice. Many related papers, and reprints of some papers
cited above can be found in the collection

A. Haddad, ed., Nonlinear Systems: Processing of Random Sgnals - Classical Analysis,
Benchmark Papers, Vol. 10, Dowden, Hutchinson, and Ross, Stroudsberg, Pennsylvania,
1975.

A derivation of the formula for the order-n autocorrelation of a Gaussian random process
can befoundin

M. Schetzen, The Volterra and Wiener Theories of Nonlinear Systems, John Wiley, New
York, 1980.

J. Laning, R. Battin, Random Processes in Automatic Control, McGraw-Hill, New York,
1956.

Remark 5.5 A very important kind of Volterra system is a feedback system involving
linear dynamic subsystems, and a static nonlinear element. When a Gaussian input
process is applied to such a system, the description of the output statistics in terms of the
given subsystems is a difficult problem. One approach, the so-called quasi-functional
method, is discussed in

H. Smith, Approximate Analysis of Randomly Excited Nonlinear Controls, MIT Press,
Cambridge, Massachusetts, 1966.

Remark 5.6 Theidea of using orthogonal representations for the response of a nonlinear
system to a random input has been investigated from a number of different, though closely
related, viewpoints. The work of Wiener on nonlinear systems dates back to a report that is
difficult to obtain.

N. Wiener, "Response of a Nonlinear Device to Noise," MIT Radiation Laboratory Report
No. 165, 1942.

The most readily available account by Wiener isin abook of transcribed lectures:

N. Wiener, Nonlinear Problems in Random Theory, MIT Press, Cambridge,
M assachusetts, 1958.
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The basic mathematical paper

R. Cameron, W. Martin, "The Orthogonal Development of Nonlinear Functionalsin Series
of Fourier-Hermite Functionals," Annals of Mathematics, Vol. 48, pp. 385-392, 1947.

develops the representation of a nonlinear functional acting on a white Gaussian process
by using the orthogonality properties of Hermite polynomials. A related representation,
with emphasis on nonlinear system theory, is discussed in the paper by Barrett cited in
Remark 5.2, and in

J. Barrett, "Hermite Functional Expansions and the Calculation of Output Autocorrelation
and Spectrum for any Time-Invariant Nonlinear System with Noise Input,” Journal of
Electronics and Control, Vol. 16, pp. 107-113, 1964.

Informative reviews of many aspects of these early contributions can be found in

L. Zadeh, "On the Representation of Nonlinear Operators,” IRE Wescon Convention
Record, Part 2, pp. 105-113, 1957.

W. Root, "On System Measurement and Identification,” in System Theory, Polytechnic
Institute of Brooklyn Symposium Proceedings, Vol. 15, Polytechnic Press, New York, pp.
133-157, 1965.

R. Deutsch, Nonlinear Transformations of Random Processes, Prentice-Hall, Englewood
Cliffs, New Jersey, 1962.

A more recent paper on the Wiener representation is

G. Palm, T. Poggio, "The Volterra Representation and the Wiener Expansion: Validity and
Pitfalls," S AM Journal on Applied Mathematics, Vol. 33, pp. 195-216, 1977.

This paper contains analyses of a number of delicate technical issues, particularly
convergence properties. Finally, the Wiener representation is discussed in detail at an
introductory leve in

M. Schetzen, The Volterra and Wiener Theories of Nonlinear Systems, John Wiley, New
York, 1980.

Remark 5.7 Orthogonal representations have been developed for nonlinear functionals
of Poisson and other, more general, stochastic processes. See

H. Ogura, "Orthogonal Functionals of the Poisson Process" IEEE Transactions on
Information Theory, Vol. IT-18, pp. 473-480, 1972.
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A. Segall, T. Kailath, "Orthogonal Functionals of Independent-Increment Processes," |EEE
Transactions on Information Theory, Vol. IT-22, pp. 287-298, 1976.

A general framework for orthogonal expansions is discussed in

S. Yasui, "Stochastic Functional Fourier Series, Volterra Series, and Nonlinear Systems
Analysis," IEEE Transactions on Automatic Control, Vol. AC-24, pp. 230-241, 1979.

The reader should be forewarned that further pursuit of the topics of Section 5.5 leads
quickly into the theory of stochastic integrals and other stratospheric mathematical tools.
The reference list of any of the papers cited above can serve as alaunch pad.

5.7 Problems

5.1. For adegree-n homogeneous system described in terms of the regular kernel

find expressions for the response to the inputs u(t) = dy(t) and u(t) = d(t) + dg(t-T),
T>0.

5.2. For the system shown below, find an expression for the steady-state response to
u(t) = 2Acos(wt) in terms of the subsystem transfer functions.

s Hy(s) ¥ () e Hys) [

5.3. Show that the steady-state response of a degree-n homogeneous system to the input
u(t) = B + 2Acos(wt) can be written in the form

n k .
Ys)= 3 [EJB”‘kAk S [kJ Hngm(0, - - -, Oiw,..., i —iw,..., —i ) el (A ~Kat
k=0 j=o U n-k |

j k-]

Notice that all of the first n harmonics of the input frequency are included, not just those of
the same parity as n.

5.4. Derive aformulafor the steady-state response of a degree-n homogeneous system to a
unit step function in terms of Hgym(s1, . . ., sy) and interms of Hegy(S1, - - -, Sh)-

5.5. Find a necessary and sufficient condition that the frequencies in the two-tone steady-
state response formulafor a Volterra system be distinct for distinct values of M and N.
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5.6. Suppose that the input to a degree-2 homogeneous system is a real, stationary, zero-
mean, white Gaussian random process with unit intensity. Show that

0 00

Ry(® = | | hym(01,01)Nym(02,02) do1do,

—00 —00

0 00

+2[ [ hgm(t+01,1+03)hgm(01,0) doydo,

—00 —00

5.7. Suppose that u(t) isastationary random input to a stationary, degree-n, homogeneous
system. Show that if the input is applied at t = —co, then the output random process is
stationary.

5.8. For a dtationary, zero-mean, Gaussian random process u(t) with autocorrelation
R, (1), give an expression for R®)(t4, . . ., te).

5.9. Express the result of Example 5.8 in terms of the symmetric system function.

5.10. Consider the modulation system diagramed below for the case where the message
signal isu(t) = Apcos(wmt), t = 0.

u -1

A sin(w t) i
N
Show that
V0= Accostt) + S oos{ (st ent] - S coe (-] - A

Neglecting the constant term, when A, /A. < 1 thisiscalled a narrow-band FM signal with
sinusoidal modulation. Show that the FM modulation system in Example 3.1 also can be
used to generate such asignal.

5.11. Show that (83) can be written in the form

00

1 ~
Su(w) = o | Su(wi=0p,0,-03, . . ., 0p=0p41,0041) dap - - - dotn g

and interpret this as an association-of-variabl es expression.

5.12. Suppose the input to a degree-n homogeneous system is real, stationary, zero-mean,
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Gaussian noise with autocorrelation R, (). Find an expression for the cross-correlation
Ryu(T) in terms of the symmetric kernel.

5.13. Suppose atwo-tone input is applied to a degree-n homo'%eneous system. Show that
in the steady-state response the number of frequency terms e' M@ NI ignoring complex
conjugates, is given by the number of integers M and N satisfying

parity [M + N | =parityn, [M|+ |[N|<n

5.14. Use (132) to derive the following relationship between the Wiener system function
Kn(wy, - . ., wy) = Flkn(tq, ..., ty)] and the symmetric (Volterra) system functions

Kn(wp, - - - ) j;oN!j!Zj(ZT[)j_J;H(N+21)wm(w1 ----- WYL YL - YY) dye e dy

(Hint: Follow the familiar stategy of inverse transform, manipulation, transform.)

5.15. For the bilinear state equation
X(t) = Ax(t) + Dx(t)u(t) + bu(t)
y(t) = cx(t)

show that if D2 = 0 and Db = 0, then the Wiener kernels for the system are identical to the
symmetric Volterra kernels.

5.16 Prove that E[G,[K,,u(t+T)]G,[ks,u(®)]] in (128) can be written in terms of the
Wiener system function (Problem 5.14) as

IAD N
n'A J- 1K (- - - wn)|Zel(001+ +a)T deoy - - - deoy

E[Gnlkn,u(t+1)]Gn[kn,u(®)]] = o 2,

5.17 Suppose a Volterra system is described by the regular kernels hpeg(te, ..., t),
n=12 ---. For a Gaussian white noise input with intensity P, show that the output
expectation is

Ely®] = 3 P" [ Noneg(0,01,0,05, .. ., 0,0,) doy - - - doy,
0

n=1

5.18 Suppose the hilinear state equation (A,D,b,c,R™) is driven by Gaussian white noise
with intensity P. Use Problem 5.17 to show that

E[y(t)] = -Pc(A + PD?)™'Db
Discuss the conditions under which this result is meaningful.
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CHAPTER 6

DISCRETE-TIME SYSTEMS

Most of the nonlinear system theory that has been discussed so far for continuous-
time systems can be developed for discrete-time systems. There are differences, of course,
but these mostly are differences in technical detail or interpretation of the results. The
situation is similar to the linear case where the continuous- and discrete-time theories ook
much the same.

In this chapter | will discuss briefly the salient features of Volterra series methods
for discrete-time nonlinear systems. For simplicity only stationary systems will be
considered. Special attention will be devoted to points where the discrete- and
continuous-time theories differ, and much of the rather routine transcription of results will
be left to the reader. In addition, two new classes of systems will be discussed: bilinear
input/output systems, and two-dimensional linear systems. While the general classes of
multilinear input/output systems and multidimensional linear systems are of interest in
their own right, the simplest cases of each are introduced here to demonstrate the
similarity in representations and analysis methods to the now familiar class of
homogeneous systems.

6.1 Input/Output Representations in the Time Domain

Consider a discrete-time system representation of the form

yk)= > - > h(iqg,..., ipu(k=iq)---uk-i,), k=0,1,2, - (1)
i,=0  i,=0

Theinput signal u(k) and output signal y (k) are real sequences that are assumed to be zero
fork < 0. The kernel h(iq,..., in) isreal, and equal to zero if any argument is negative. It
is a simple matter to verify that a system described by (1) is stationary, causal, and
degree-n homogeneous. The upper limits on the summations can be lowered to k, but

infinite upper limits are retained for notational simplicity.
Since for any k, y (k) in (1) is given by a finite summation, there is no need even to
mention technical hypotheses. In other words, issues like continuity and integrability in
the continuous-time case do not arise in regard to the representation in (1). Also, notice
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that direct transmission terms are explicitly displayed in (1), and there is no need to
consider impulsive kernels. For example, if

1, iy==ip=0

0, otherwise

then the system can be written in the form
y(k)=u"k), k=0,1,2,---

The familiar sum-over-permutations argument shows that the kernel in (1) can be
replaced by the symmetric kernel

hgrn(in, -« - i) = % % My, - im) @)

without loss of generality. (Recall that the summation is over al n! permutations of
1,2,...,n) Fromthe symmetric kernel representation, atriangular kernel can be defined.
However, some care is required because it cannot be argued that values of the kernel at
particular arguments do not contribute to the sum, as was done for the integral of
nonimpulsive kernels in the continuous-time case. That is, the values of the triangular
kernel at boundary points of the triangular domain must be adjusted appropriately. One
way to do this adjustment is to use the notation

heiGig ey in) = hgm(is, . .-, i) O_1(1-i2iio=iz, ..., in—1=in) ©)

where the special multivariable step function is defined by

0, ifanyij<0
.1, i1="'=in_1=0
O-1(i1s -+ sin-1) = o 1= - Zipma=0, ..., C)
mllmjl' ij+1:...:ij+mj_120
n', igy..., ih-1>0

It is easy to verify that when n = 2 this setup yields consistent results in going from the
symmetric kernel to the triangular kernel using (3), and then from the triangular kernel
back to the symmetric kernel using (2). The higher-degree cases are less easy, but still
straightforward. The uncircumflexed notation will be retained for the more traditional step
function:

1, k=012, ---

0-1(k) =

0, k<O
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The third specia form is the regular kernel representation. Starting with the
triangular kernel representation,

V0= 5 oo 3 glla, o iputein) - utke ©
asimple change of variables argument gives
y(k)=i§o---i§0hreg(i1 ..... JU(K=ig= iU (K=ig= - =ip) - u(k=in)  (6)
where
0 (PP in) = hyi(igt - Fipyiot - +ip, ..., in)

= hgm(i s+« Hind gt o Hig, )01t in_q) 7)

Notice again that the upper limits of the summations in (5) and (6) can be replaced by
finite quantities. But that makes the notation more complicated, so just as in the
continuous-time case the infinities are used.

Although only stationary systems will be considered, general representations of the
form

k k
yk)= 3 - 2 hikiy, ..., inJu(ia) -~ uin) )
i,=0  i,=0
will arise. Itisnatura to follow the continuous-time case and call akernel h(k,i4, ..., in)
stationary if
h(,i—k, ..., in—K)=h(k,iq,..., in) (9)
If this relationship holds, then setting
g(ig, .- in)=h(0,=iq,..., =in) 10
yields the representation
k k
y® =2 2 gk-ig, ..., k=ip)u(iq) -~ u(in) (11)
i,=0  i,=0

which is equivalent to (8) since

g(k=iq,..., k=in) = h(0,i;—k, ..., in—K)=h(K,iq,..., in) (12
A simple change of variables permits rewriting (11) in the form
k k
y®=2 2 9@, inu(k=j1) -~ -u(k=jn) (13)
j1=0 in=0

that is, in the form of (1).
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With these basic representations in hand, the description of polynomia and Volterra
systems is simply a matter of finite and infinite sums of homogeneous terms. Of course, the
convergence issue becomes important for Volterra systems, but the basic approaches to
convergence in the continuous-time case carry over directly. The topic of interconnections
of discrete-time homogeneous, polynomial, or Volterra systems will not be discussed since
the developments are easily transcribed from Section 1.4.

6.2 Input/Output Representations in the Transform Domain

For an n-variable function f (i ¢, . . . ,ip) that iszero if any of theintegersiq, ... ,i,is
negative, that is, a one-sided function, the n-variable z-transform is defined by

F(zy,...,z) = Z[f (iq, ..., in)]

=3 3 f(ig.. i)zt ozt (14
i,=0  i,=0
This can be viewed as a nonpositive power series in the complex variables z4, . .. ,z,, in

which case convergence conditions must be included. However, for the functions that will
be considered here (just as for the functions typically considered in discrete-time linear
system theory) convergence regions always exist. Therefore, | will be very casud in this
regard. Actuadly, (14) can be viewed as an agebraic object (formal series) in n
indeterminates, in which case the question of convergence does not arise. While this,
perhaps more sophisticated, viewpoint can be used to establish most of the results to be
discussed, | will retain the more classical interpretation.

Example 6.1 Reminiscent of Example 2.1, consider the function

flinig)=ig—i1A"2 inip20
where A is a constant. The ztransform of this function can be computed from the basic
definition by writing

Fu2)= 5 5 (i1-iA %) 72"

i,=0i,=0
= Z Z |1211222— Z Z |1)\ 221122'2
i,=0i,=0 i,=0i,=0

= (3 AN E £ -(5 hd" )5 N5

i,=0 i,=0 i,=0 i,=0

Summing each infinite series (or recalling single-variable z-transforms), it is clear that
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Z; Z3 4 Z;
@1-1)? -1 (z3-1)* z-A

F(z1,22) =

_ (1-Nz12;
(21-1)*(22-1)(22-N)

A careful look at the definition (14) and the calculations in Example 6.1 indicates
immediately a couple of properties of the ztransform. These and other properties listed
below are very similar in nature to properties of the Laplace transform, and the general
proofs are easy. All functions are assumed to be one-sided, and the capital-letter notation
isretained for the z-transform.

Theorem 6.1 The z-transformislinear:
Z[f(iq,..., in+a(q,..., in]=F(zq,..., z)+G(zq,..., Z,)

Zlaf (iq, ..., in)] =aF(zy4, ..., Z,), for scaar a (15)
Theorem 6.2 Iff(iq,..., in) can be written as a product of two factors
flig..., in=h(iqg..., )9 (k+1s - - - in) (16)
then
F(zy, ..., z)=H(zy, ..., 2)G (Zc+1, - - - z,) (17)
Theorem 6.3 Iff(iq,..., in) isgiven by the single-variable convolution
flia,..., in)= 2 h()gl-i, ..., in=ij) (18)
i=0
then
F(za, ..., z)=H(z1 - 2)G(z1, . .., Zy) (19)
Theorem 6.4 Iff(iq,..., in) is given by the n-fold convolution
flia,..., in)=2 2 h({w..., inNgla=is, ..., in~in) (20)
j1=0 in=0
then
F(zy4,..., Z)=H(zq,..., 2)G(zy, ..., Z,) (21)
Theorem 6.5 Iflq,..., I, are nonnegative integers, then
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ZIf(i1=l1, ... il = 2" - Z"F (24, . . ., Z) (22)
The basic formulafor the inverse z-transform is a multivariable contour integration:

fig ... in) j JF(a .z A dzy o dz, (23)
(2 )n F

where each I is an appropriate contour in the z; complex plane. For reasons that should be
obvious, this formulais difficult to use. An alternative approach is to obtain the values of
f(iq,...,i,) asthe coefficients in the series expansion of F(z4, .. .,z,) into nonpositive
powers of z4,...,z,. If F(z4,...,z,) isarationa function, this series expansion can be
simply a matter of division of the numerator polynomial by the denominator polynomial.
But | should point out that some care must be exercised, because not every rational
function corresponds to a z-transform. The distinction is that a z-transform must
correspond to a nonpositive power series. Requiring a rational function to be proper or
strictly proper isnot aremedy.

Example 6.2 Therational function

is not a z-transform since division gives

1 _ _ _
=7t - 7%z, + 7°75 -
Z1t25
or
1 _ _ _
= 221 - 21222 - 25223 -
Z1t25

neither of which can be written as a nonpositive power series. On the other hand,

2123
21Z5-1

F(z1,22) =

isaz-transform since it corresponds to the nonpositive power series
F(z1,20) = 1+ 1'% + 77°%° +
The corresponding function can be written as

1, i,2i,=0,12 -

fisio)= _
0, otherwise

The z-transform representation is used for degree-n homogeneous systems in just the
same way that the Laplace transform is used in the continuous-time case. A transfer
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function for a degree-n homogeneous discrete-time system is defined as the z-transform of
akernel for the system. For example, the symmetric transfer function is

Hom(Z1, - - +20) = Z[gm(i 1, - - - »in)] (24)

Unfortunately, though probably not unexpectedly, to represent the input/output relation (1)
directly in terms of U (2), Y(2), and Hgm(z1, . . ., Z,) seems to be impossible. The usual
device isto write (1) as the pair of equations:

00

Ya(Kg, .., kn)= 2 -~ % hyym(i 1, =+ in)u(ky=ig) - - - u(ky=in)
i,=0

i,=0 i
y(K) = yn(ke, ..., Kn)Uk,= - - =k,=k (25)
Then Theorem 6.4 permits rewriting the first equation in the form
Yo(z1, ..., Zy) = Hym(z1, - - ., z)U (z1) - - U (2) (26)

while the second equation is an association of variables that involves contour integrations
of the form

1 Yn(z1,22/24, . . ., 21Z,-1)
Y(2)= -n—1I"'I -
(2m)" ™ 7 Zy " Zy

dzy -+ - dz (27)
The representation of (1) in terms of the triangular transfer function takes the same form.

In the case of the regular transfer function, the formulas in (25) and (26) do not
directly apply. However, by suitably restricting the class of input signals, a much more
explicit formula can be derived. This result is similar to Theorem 2.10, athough | will
present it in detail with aproof that is much different from that in the continuous-time case,
and that requires no hypotheses on the form of the regular transfer function.

Thefirst step isto establish abasic expression for the z-transform of the input/output
expression (6). Write the regular transfer function

Hreg(z1, - - -, zy) = Z[heg(i, - - -, in) (28)
in the form

HioglZi o Z)= 3 0 3 Hioo @2 20y (29)

Hiy @) = 3 Mreglin, - oin)Za™ i1.oiing= 0,12 (30)
i=0

Lemma 6.1 The ztransform of the output of a degree-n homogeneous, discrete-time
system can be written in the form

259



00 00

Yo =3 - % Hi,...i.,(@ 2
i 9=0

i,=0 : K=ig+ - +ipy

U(k=ig= - =ip-u(k=ip= - =ing) - u(k=in)u (k) 27 (31)

Proof Taking the z-transform of y (k) as given in (6) yields
Z v
i,=0

00

S Neglis, .- in)

i,=0

Ms

Y(@2)=

k=0

uk=iq= - =iguk=ipo—---=iy) - - -u(k=i,) zk

Replacing the summation index k by j = k—i,, gives

YO=3 3T (3 Meglin, -, iz "]
;=0 i,4=0 i,=0

T ou(iam e mne)u( o ming) Ui iaeau(j) 27
J="n

Now the result is clear from (30) and the assumption that u (k) = O for k < 0.

This lemma provides an aternative to the association-of-variables method for
performing input/output calculations. Furthermore, a more direct expression for Y (z) can
be obtained for a ubiquitous class of inputs.

Theorem 6.6 Suppose a degree-n homogeneous, discrete-time system is described by

the regular transfer function Hyey(21, . . ., Z,), and the input is of the form
m ajz .
U@-= > , \j£O, j=1,..., m (32
=1 27N
Then
m m
YO=3 % &, e,
ji=1 jn1=1
z z z z
..... ,Z)U 33
Hreg()\jl"'?\jnfl'7\12"'7\1H Ajos ) (?\11"'7\%71)( )

Proof The ztransformin (32) clearly corresponds to the input signal

m
uk)= 3 aAk, k=01,
j=1

Substituting into (31) gives
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Y(Z)= Z Z Hi1"'inf1(z) Z
i,=0 in-1=0 K=ig+ - +ip

[Za, N S g AT e S g )7

ji=1 jn1=1
m m oo (<)
= Z Z ajl .”ajn—l Z Z H|1 "in—l(z)
ji=1 jn1=1 i;=0 in-1=0
S S keiz= o minagy Keip= oy kK
Z aj Z )\J )\11 . .)\Jn 12
j=1 k=gt o4,
Now replace theindex kby r = k—i—---— in—1 to Obtain
m m oo (<)
Y(Z)= Z Z ajl .”ajn—l Z Z Hi1"'in—1(z)
ji=1 jn1=1 i;=0 in-1=0
Z —i Z —i |n 4 hd z -
( ) )z Z i 2 NG
)\jl . .)\jn—l )\Jz . .)\jn—l )\Jn—l j=1 r=0 )\11 ' )\jn—l
il il z z z
ji=1 jna=1 ' N )\11 ' )\jn—l )\jn—l )\11 . .)\jn—l

Theorem 6.6 is general enough to cover a wide range of situations, and, although
somewhat messy in appearance, the calculation of system responses is relatively
straightforward. For example, if Hyg(z1, .. ., Z,) is proper rational, then Y (z) aso will be
proper rational, and partial fraction expansion can be used to compute y (k).

Before leaving the topic of transform representations, | should point out a few
simple relationships between the various transfer functions. Using (7), and a simple
change of variables,

Hieg(Z1, - - -, z) = Z Z T (ER R o P PR R o PO Y Ziil "'Z;in

[} [} . . _ 22 s
— hei (v, ..., Ji 24N
Eo jn%o tri (J 1 Jn) V4| ( z ) Z01

= Hyi(21,22/24, . . ., Z,/2y-1)

Thisrelationship is easily inverted to obtain

Hyi(Z1, .- -, ;) = Hreg(21,2125, . . -, Zy° 1 2,)

It is much messier to consider the symmetric transfer function. A basic relationship
implied by (2) is
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1
HW(Z]_, Ca ,Zn) = _I Z Htri(ZTt(l)- Ca -ZT[(n))
n. T[(.)
Therefore
1
Heom(Z1, .. ..20) = ) 2 Hreg(Zr(1), Zr)Zr(2)s =" 121 " " " Zn)
© o)

To compute Hyey Or Hyj from Hg,, it seems that the best way to proceed is to find
the symmetric kernel, use (3) or (7) to obtain the regular or triangular kernel, and then
compute the z-transform. Thisis an unpleasant prospect at best, but there are some tricks
that can be used in simple cases.

Example 6.3 Forthen = 2 casg,

me(ZLZZ) =

S S heglinin)z (ziz2)

Thus, asimple change of variables gives

om(Z1,22/21) = 3 S hiegliniz) 7125
i,=0i,=0

+ Z Z hreg(ll |2) Z|1 —(i1+iy)
i,=0i,=0

Clearly, the first term on the right side is Hreg(zl Z,), while the second term contains only
positive powers of z; plus 1/2 of each 2} term in 2Hgym(z1,22/21). Thus, H(21,22) can
be obtained by dividing out 2H gm(Z1,22/21), deleting all terms involving positive powers
of z,, and multiplying each z3 term by 1/2. For the particular case

2123
21Z5-1

me(ZLZZ) =

changing variables and dividing gives

_ 22 _ -1, =2
2Hgym(21,22/21) = o 21+ + 25+ )

Then, since the complete series is composed of 9 terms,
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Hreg(ZLZZ) =1+ 251 + 252 o
Z3

Zo-1

6.3 Obtaining Input/Output Representations from State
Equations

All of the methods discussed in Chapter 3 can be adapted to the discrete-time case
with relatively little change. Rather than fill several pages by doing this, | will concentrate
on a judicious combination of the variational egquation method and the Carleman
linearization method, and consider a general class of state equations at the outset. As
mentioned before, a nice feature of the discrete-time case is that the issue of impulsive
kernels does not arise. That is, direct transmission terms are naturally included in the
discrete-time input/output representation. However, the reader will notice that these terms
do complicate considerably the general formsfor the kernels.

State equations of the form

x(k+1) = f[x(k),u(k)], k=01, -

y(K) = hx(k),u (k)] (34)

will be treated, where x(k) isn x 1 and u(k) and y (k) are scalars. It is assumed that the
initial state is x(0) = 0, that f (0,0) = 0, and that h(0,0) = 0. This is done for simplicity,
though if x(0) = xo = £ 0, and f (Xg,0) = Xg, then X is an equilibrium state and a simple
variable change can be used to obtain the zero-initial-state formulation. (If Xq is not an
equilibrium state, then more subtle machinations are required to recast the problem into
the form considered here.)

The final assumption on (34) is that the functions f (x,u) and h(x,u) are such that
they can be represented using a Taylor's formula about x = 0, u = 0 of order sufficient to
permit calculating the polynomial input/output representation to the degree desired. Then
the given state equation can be replaced by an approximating state equation of the form

x(k+1) = % %Fijx(i)(k)uj(k), Fo=0
i=0j=0

y=3 ¥ HxOWUuiK), Ho=0 (35)
i=0j=0

where xXO(©)=0,i=1,..., N, and the standard Kronecker product notation is used.
Just as in the continuous-time case, the crucial fact is that the kernels through degree N
corresponding to (35) will be identical to the kernels through degree N corresponding to
(34). (The reader well versed in Chapter 3 will notice that the upper limits on the sumsin
(35) need not be taken too seriously. There are a number of terms in (35) which will not
contribute to the degree-N polynomial representation.)
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The next step is to develop difference equations for x@(k), x®(k), and so forth,
corresponding to the difference equation for x(k) in (35). This is a simple matter in
principle, though the form of the equation is different from the continuous-time case
because no product rule is involved in expressing x4 (k+1) in terms of xU~(k+1). For
example, the difference equation for x@ (k) is given by

Xx@k+1) = x(k+1) Ox(k+1)

N N . . N N . .
=[3 3 FpxO@ul]10[Z 3 FixOul ()] (36)
i=0j=0 i=0j=0
Using implicit summation, this will result in a difference equation of the form
xPk+)= T [ 3 FunOFgqlxOK)u! (k) (37)
i,j=0 k+q=i
m+n=j

where the initid condition is x@(0)= 0. This equation has the same form as the
difference equation for x (k) in (35), and it should be clear that the equations for x® (k),
x@(K), - - will also. Now, set

x“(K) = : (38)

This leads to an approximating equation through degree N in the so-called state-affine form

xJ(k+1) = Nz_lAixD(k)ui(k) + % bu'(k), x“©0)=0

i=0 i=1
N-1 _ N

y() = 3 ax (ku'(k) + 3 diu'(k) (39)
i=0 i=1

where the upper limits in the summations are chosen to include the terms needed to
compute kernels of degree < N. Of course, the dimension of this state equation is quite
high, but for a general derivation this is less of a problem than the plethora of terms.
Notice that a bilinear discrete-time state equation is apleasingly simple case.

To solve the state-affine difference equation in (39), | will use the variational
equation method, and drop the now superfluous Kronecker symbol. The procedure is to
assume an input signal of the form au(k), a an arbitrary real number, and a solution of the
form

x(K) = ax(K) + a?Xp(K) + o®xg(k) + - (40)

Substituting into the state equation and equating the coefficients of like powers of a yields
the variational equations
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X1(k+1) = Aoxy(K) + byu(k), x1(0)=0
Xa(K+1) = Agxa(K) + Arxa(K)u (k) + bau?(K) , x2(0) =0
xa(k+1) = Agxa(k) + Arxa(K)u(K) + Axxa(K)u?(k) + bau®(k) , x3(0) = 0

XN(k+1).= Nz_lAiXN—i(k)Ui(k) + byu™(k) . xy(0)= 0 (41)
i=0

These equations can be solved easily, and writing the solutions recursively gives (for
k> 0)
k-1 .
x1(K) = 3 A§™byu(i)
i=0
k-1 .
x2(K) = 3 AE™ [Agxa(iu(i) + bou?(i)]

i=0

x3(K) = kil AT A (DU (i) + Agxa (i)u?(i) + bau®()]

i=0
k-1 . N-1 o _

(k) = 3 AL T A ()ul (i) + byuM(i)] (42)
i=0 j=1

Unraveling this recursive set yields rather complicated solution formulas for the
variational equations. The first three expressions are listed below.

(e

x1(k)= 2 Ao = 'bau(iy)
i,=0
A k-1-i

X200)0= ¥ 3 Ag - A1AGT “byu(inu(iz) + Ao tbou(ia)
1,=0i,=0
o K N T R I

x3(K)= ¥ 3 T Ao PAIAGT CALAGT Pbru(inu(iz)u(is)
1,=0i,=0i,=0

+ A5 T ALAG T ,u (i )U(i o) + ASTT ACAG T by u2(i)ui )

+ AT baud(ig) (43)
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Before proceeding to a general result, it is convenient to convert the first two
solution expressions in (43) to the regular form. Of course, a vector kernel for x;(k) is

easy to describe in regular form. Write

ko k
x1(k)= ¥ Agbyuk=ip)= ¥ gligu(k-iy)

i=1 i,=0
where, using a step function to indicate g(0) = 0,
9(i1) = A b18.4(i1-1)

Now, X»(k) can be written in the triangul ar, vector-kernel expression

k i1
X2(K)= 2 2 Wri(kig,iu(iu(iz)

i,=0i,=0
where
AT A AR 2 k> 0> 0,20
Wyi(Kiziz)= | AS by, k>ip=i,20

0, otherwise

Or, using unit step and unit pulse functions,
Wii (Ki1,i2) = AG T ALAG17b18 1 (k=1-i1)8 41111 )
+ A5 084 (k=11 1)80(i 171 2) , 11220
To check stationarity, note that
Wiri (0,1 17K, 1 2K) = Wyri (K,i 1,1 2)
so atriangular kernel in stationary formis
Orri (i 1,12) = Weri (0, 1,=1 2)
= AGTTALAG D18 (11-1)3 4 (12~ 1)
+ AG D281 (11-1)Bo(i2-i1) , 11,1220
Over thefirgt triangular domain, the triangular kernel is
Ori(i1,i2) = AG ALAG 7018 4 (12-1)8.4(11-1-12)
+ AG08.1(12-1)3o(i 11 2)
so that the regular kernel is given by
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(46)

(47)

(48)
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Oreg(i1,12) = Guii1+i2,i2)

= AG T ALAG D18 1 (12-1)81 (i 1-1) + AF b8y (i ,~1)8o(i 1)

foriq,io20.

(50)

Taking into account the output equation in (39), it is clear that the degree-2 term,

y2(K), in the output is given by

ya(k) = coxa(k) + caxa(K)u (k) + dau®(k)

- im éocogreg(il,iz)u(k—il—i u(k=i)
+ %oczlg(i Du k=i u(k) + dou?(k)
= %m éo Preg(i 1, 2)U (k=i 1=i 2)u(k =i ) (51)
where, from (45) and (50), o
dy, i1=i,=0
Fregliniz) = c1Ag by, i1,>0,i,=0 52)

CoA?oz_lbz,- i1=0, i,>0
CoAloz_lAlAlol_lbl , i1,i2>0

To perform this calculation in general is a very messy exercise in the manipulation
of summations and indices. Therefore, | will omit the details and simply present the result.
The degree-n regular kernel corresponding to the state-affine state equation (39) is given

by

Cind‘fq_lArAid'*q"_l . 'Aid_lbj ' ljo e

dy, ig=-"=ih=0
Cr-aAG by, §1>0,ip= =i =0

: , 53
In—q—r-'n—q>o >3

al others=0

CoA A AT A AT D iy, in> 0

Notice that the sum of the subscripts in each term of this expression is n, and that the
subscript on the coefficient preceding each A'(§_1 determines the index k. There will be a
total of 2" termsin a genera degree-n kernel.

Example 6.4

Discrete-time state-affine systems arise directly in the description of
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bilinear continuous-time systems with sampled input signals. For simplicity only the
degree-2 homogeneous case will be discussed, and the impulse model will be used for the
sampled signal. That is, the system is described by

00 00

y () = | [ hieg(01,02)u(t—01-02)u(t-0,) dozdoy
00

where
hreg(ts,tz) = ce™2De™ b, t1,t,20
and theinput signal is
u(t) = > u(KT)do(t—KT)
k=0
where T isthe sampling period. Then the output at the m™ sampling instant is given by

00 00

Y = [ [ reg(01,02) ki U (ky T)B(MT 01 -0—k, T)
00 =0

Z u (k2T)60(mT —Gz—sz) dszGl
k,=0

= 3 2 hg(koT-kyT,mT =k, T)u (k1 T)u(koT)
ky=0 k,=0

Restoring this expression to regular form requires changes of variables of summation.
First replace ks by jo, = m—Kk,, and replace kq by j; = m—j, — k4. Then using the fact
that the input signal and the regular kernel both are zero for negative arguments gives

y(mn= 3% 3 heg((aTj2Nu(mT=j1T=j2Tu(mr =jT)
j1=0j,=0
Thusit is clear that the regular kernel for this discrete-time representation is
h(iTizT) = cE)*DE") b, j1,j220
Now with the definitions
Ag=e*", A;=D, b;=e”b, b,=Db

co=ce”T, c;=cD, d,=cDb

this kernel conformsto the state-affine kernel specified in (53).
As a fina comment, observe that it is straightforward to compute the degree-n
regular transfer function from (53). Indeed,
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Heeg(Z1, - . 20) = fo- 3 begliz i) 22
= 0n + Cra(zal —Ag) by + -+

+ Cq(Zagl = A0) A (Zn—g—rl —A0) Tt (3] —Ag) by

+ ¥ Co(zal = A0) TAL(Zn-1l —Ag) AL Ag(zal — Ag) by (54)

though this expression, like (53), is not very explicit, and a certain amount of digging is
needed to produce all 2" terms.

Example 6.5 The degree-3 regular transfer function for the state-affine state equation
(39)is

Hreg(21,22,23) = dg + Co(z1] = Ag) ™Mby + C1(zal = Ao)*b,
+ Co(z3l = Ag) ™Mbz + C1(zal = Ag) AL (z1l —Ao) by
+ Co(z3l = Ap) M AL(z1] = Ag) Tty + co(zsl = Ag) FA1(zal = Ag) b,

+ Co(z3l = Ag) MAL(Z2l = Ag) M AL(z1] —Ag) by

If the state equation actually is bilinear, then the only surviver among these terms is the
last one.

6.4 State-Affine Realization Theory

The realization problem for discrete-time systems will be discussed mainly in terms
of the regular-transfer-function input/output representation, and state-affine state equations
(realizations). Thus, the realization theory considered here is somewhat more genera than
that in Chapter 4. In fact, the bilinear realization theory for discrete-time systems will
appear as a relatively uncomplicated special case. (The bilinear theory also can be
obtained from Chapter 4 by modifications only slightly more difficult than wholesale
replacement of ss by Zs.) | will concentrate on homogeneous and polynomia systems
here, and leave Volterra systemsto the original research literature.

Recall that a transfer function is called rational if it can be written as a ratio of
polynomials:

(55

A rational transfer function is called proper (strictly proper) if degree P(z4, ..., Z,)) in
each variable is no greater than (less than) degree Q(z4, ..., Z,) in the corresponding
variable. A  rationa  transfer  function is called recognizable @ if
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Q(zq,..., z,) = Q1(z1) - - - Qn(z,), where each Q;(z) is a single variable polynomial. As
in Chapter 4, it is assumed that the numerator and denominator polynomials are relatively
primeto rule out trivial issues.

A state-affine realization of a degree-n homogeneous or polynomial system takes the
form

x(k+1) =3 Ax(OU+ 3 BUi(K)
i=0 i=1
YR ='S ox(u)+ 3 duik) (56)
i=0 i=1

where the (finite) dimension of the state vector x(k) is caled the dimension of the
realization. Notice that the upper limits on the summations in (56) have been set in
accordance with the degree of the system.

Using this formulation a basic result on realizability can be stated as follows.

Theorem 6.7 A degree-n homogeneous discrete-time system is state-affine realizable if
and only if the regular transfer function of the system is a proper, recognizable function.

Proof If the system has a state-affine realization, then the regular transfer function can
be written as in (54). Writing each (z — Ag)™* in the classical-adjoint-over-determinant

form, and placing all the terms over a common denominator shows that Heg(21, - - ., Z,) is
a proper, recognizable function.
If Hreg(Z1, .- - Z,) is a proper, recognizable function, then it can be written in the
form
P(z4,..., Z,)
Hreg(Z1, - - - = (57)
@l W)= G G @)
where
m; m; . .
P(zy,..., Z)= 3 Y Py, 2
j1=0 in=0
m-1 y
Q@)=z"+ ¥ g,z , i=1,..., n (58)
=0

Just as in the continuous-time case, the numerator polynomial can be written in a matrix
factored form

P(Zl ..... Zn) = Zn s 2221P

where Z; contains entries chosen from 0, 1, z, . . ., Z', j=1,..., n, and P is a vector of
coefficients. Thusthe regular transfer function can be written in the factored form
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H _ 4L L 4P
egl2l ) = 5N @) @)
= Gu(z) *+* Gal22)G1(21)

Each G;(z) is amatrix with proper rational entries, and thus linear-realization techniques
can be used to write

Gj(Zj) = éj(Zjl —Aj)_léj + 6], J =1,..., n
Now consider the state-affine realization (56) specified as follows. Let Ay be block
diagonal, and A; be zero except possibly on the j " plock subdiagonal:

(AL O - 0
po= | 0 A2 i 0
0 0 - A,
0 0O O
A= Bz:Cl O O
0 B,Cp_1 O
0 e 0
A = | Bja1Dj---DyCy - 0
0 ce BnDn—l ces Dn—j+1Cn—j
Let each b; have zero entries except possibly for the j " block entry according to
B, ?
_ 10 N 2 _
bl_ : bj_ B]D]—l Dl J—2 ..... n
0 ;
0

Let each c; have zero entries except possibly for the (n—] )" block entry according to
co=[0 - 0Cy]

A A

¢ =[0 (Dn ' Dnys1Cny) -+ O, j=1,...,n-1

and, findly, leted;=---=dy-1=0,d, = I3nDn_1 . -61. The regular transfer functions
corresponding to this state-affine realization can be computed from (54). Because of the
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specia block structure, it turns out that all the transfer functions of degree # n are zero,
and the degree-n transfer function is given by

Hreg(Z1, - - -.20) = (Dn + Cn(z0l =Aq)™By) - (D1 + Cy1(z11-A1)'By)

= Gn(z)) -+ Gu(z1)
This calculation, which isleft as an uninteresting exercise, completes the proof.

Corollary 6.1 A degree-n homogeneous, discrete-time system is bilinear realizable if
and only if the regular transfer function of the system is a strictly proper, recognizable
function.

Before proceeding to the construction of minimal state-affine realizations, perhaps a
dlight digression on realizability is in order. So far | have presented all the realization
results in terms of the regular transfer function. These results are easily transcribed to the
triangular transfer function representation since a simple change of variables relates the
two transfer functions. However, it is much more difficult to discuss realizability in terms
of the symmetric transfer function. One way to approach this topic is to use relationships
between the regular and symmetric transfer functions. This topic was discussed briefly in
Section 6.2 for the degree-2 case, and that discussion will be followed up here.

Example 6.6 From the relationship
1 1
me(ZLZZ) = EHreg(Zl-leZ) + EHreg(ZZ-leZ)
it is clear that the symmetric transfer function for a state-affine-realizable degree-2
homogeneous system must have the form
P(z1,25)
Q1(21)Q1(22)Q2(212)

where Q4(z1) and Q»(z,) are single-variable polynomias, and P(z1,z,) is a 2-variable
polynomial. But the numerator cannot be arbitrary; there also are constraints on the form
of P(z4,...,2,). These constraints are rather subtle to work out, so | will be content to
continue Example 6.3 by indirect methods. The symmetric transfer function

me(ZLZZ) =

YAR4)

Heym(z1,22) = 71251

is state-affine realizable since the corresponding regular transfer function is the proper,
recognizable rational function

Z7
Zo-1

The construction of a state-affine realization as given in the proof of Theorem 6.7 is
exceedingly simplein this case, giving
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Thus a state-affine realization is

xw+n=[88}um+[8}Mw)

y(k)=[0 1 x(k)+u?(K)

Note that this case is so simple that by defining a new input, G(t) = u?(t), the realization is
linear. Also, it is clear that the first component of the state vector can be discarded to
obtain a 1-dimensional realization.

For the polynomial-system case, the input/output representation that is natural to
consider is the sequence of regular transfer functions of the homogeneous subsystems.
Then the basic realizability result (and its proof) is simply a restatement of Theorem 4.9 in
Section 4.3.

Theorem 6.8 A polynomial, discrete-time system is state-affine realizable if and only if
the regular transfer function of each homogeneous subsystem is a proper, recognizable
function.

To construct minimal-dimension state-affine realizations for polynomia systems, a
shift operator approach much like that in Chapter 4 will be used. Of course, there are more
kinds of termsto be dealt with in the state-affine case, and nonpositive power series rather
than negative power series are involved due to the definition of the z-transform. However,
the basic ideas are just the same.

For a given finite-length sequence of regular transfer functions

H(zq, ..., zy) = (H(z1), Hreg(21.22), - - - Hreg(Z1, .- -, )0, ) (59)
where
Heg@a, -0 20= S 3 hgglin, . i) 2" - 2 (60)
i1=0 ik=0
the minimal realization problem can be stated as follows. Find matrices Ao, . . ., An-1 Of
dimensonmxm, by, ..., by of dimension mx 1, cg, .. ., Cn-1 Of dimension 1 x m, and

scaarsdq, ..., dy such that (53) is satisfied forn=1, ..., N, the right side of (53) is 0
for n > N, and such that mis as small as possible. These matrices specify a state-affine
redization of the form (56) of dimension m, and the shorthand notation (A;,bj,c;,d;,R™)
will be used for such arealization.

Given any nonpositive power series

Vi(zq, ..., Zk):i Z Vi, ZIil "'ZEik (61)
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define a shift operator via

V(z4, ..., Z)= % X
i,=0

00 . .
| |

“ 2 Viwli,ei 2 L (62)

ik=0

Itis easy to verify that the shift isalinear operator that can be interpreted as

SW(zy, - - -, z) = z1[Wk(z1, - - -, Z) = Vi(,z, .. ., z)] (63)
and that SV,(z4, . . ., Z) is aso a nonpositive power series. An index operator is defined
by

0, k=1
TVk(Zl ..... Zk) = . . (64)
Z Z Voil"'ik,lz?llllzil—kilu k>1
i1=0 ik,1=0
thatis
TVi(z1, - - ., Z) = Vi(o0,24, .. ., Z-1), k>1 (65)

Again, it is not hard to see that T is a linear operator and that TVi(z1, ..., Z) is a
nonpositive power series. The same symbols S and T will be used regardiess of the
number of variables in the series to which the operators are applied. Then these definitions
can be extended to finite-length sequences of nonpositive power series in the obvious way:

S(V(z1),V2(21,22), V3(21,22,23), =) = (SV(21), V2(21,22), SV3(21,22,23), - * - ) (66)

T(V(z1), V2(21,22), V(21,22,23), =) = (TV2(21,22), TV3(21,22,23), ") (67)

Now suppose a degree-N polynomia system is specified as in (59). Then a
collection of linear spaces of finite-length sequences of nonpositive power seriesis defined
asfollows.

U, =span{ SH(zy,...,2y) 0i >0}
U,=span{ STSH(zy,...,2,) 0i >0, >0}
Us = span { STSITS*H(z,, ..., zy) 0i > 0, 20,k 20}

U=span{U, U,,..., Uy} (68)

Then Sand T can be viewed as linear operators with U as the domain and range.
Define aset of initialization operators L;:R - U according to
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Lar = STN Az, . - )T (69)

EoV(zy, ..., zy) = V()

EiV(zy, ..., ZN) = EoT\7(Zl ..... Zy) = Vo(o0,)

En-1V(zZ1, .. ., ) = EoTVV(z,, ..., Zn) = Wn(o, . . ., 00) (70)
Finally, let dj:R — Rbe specified by
di = Hieg(2a, - - -, /) [ S N (71)

To show that these all are linear operators on their respective domainsis very easy.

Now it can be shown that if U is finite dimensional, then (ST’,L;,E;j,d;,U) is an
abstract, finite-dimensional, state-affine realization of the given polynomial system. Once
this is done, finding a concrete realization involves replacing U by R™ and finding the
matrix representations Aj = ST/, b; = L, ¢; = Ej, and interpreting the scalar operators d; as
constants. The proof that this process yields a minimal-dimension state-affine realization
will be omitted since it is complicated. In fact, | will omit most of the demonstration that
(ST,L;,Ej,d;,U) isaredlization. To indicate how the calculation goes, consider the case of
adegree-N polynomia system with N > 3,

H(zy, ..., zy) = (H(z9), Hreg(ZLZZ)a Hreg(zl-22123)a )

8

=(S hiDzd*, 3 3 heliniz 'z,
i,=0 i,=0i,=0
S 3 3 hiegliniaia)z 7?70, o)
i,=0i,=0i5=0

I

Then a selection of degree-3 termsin (53) can be verified as follows. The constant termis
d3 = Hyeg(%,00,00) = h;4(0,0,0)
The term czAg_lbl in (53) corresponds to
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E,S" M, = EgT2S H(zy, . . . 2z0)

=EoTA S h(i1ti1)z" T 3 heglistinia) 7127,

i1=0 i1=01,=0
© X =2 . ... -, _—iy_-ig
> > 2 hglintjiois)zy 'z %23°, -+ )
11=01,=0i5=0

=Eo( ¥ hreg(i1.0,i1) 21, -+ +) = hyeg(j 1,0,0)
i,=0
Asafina illustration, coA%f_lAzA{,l_lb 1 corresponds to

EoS*(STHS MLy = EoS T2 A2y, . 20)

= EoS"( 3 hieg(i,0i1) Z1, )
i,=0

=Eo( 3 Meg(i.0ia*ig)zz" )
i,=0

= hreg(jllolj3)

All this shifting, indexing, and evaluating rapidly becomes a lot of fun and | urge the
reader to do a few more terms. However, the investment in notation and calculation
needed to verify the realization in general is probably unprofitable.

Example 6.7 Just to fix the nature of the calculations, consider a simple polynomial
system described by

Z1 Z7
;-1 z,-1'

H(z1,25) = ( )

(Here | will not work with the power-series form of the regular transfer functions, for
simplicity.) Application of the shift operator gives

4

’O'
211 )

SH(z1,22) = (

S?H(z1,25) = SH(z1,22)
S0 that

Us=span | (3.0,

276



Application of the index operator gives TH(z,,z,) = SH(z1,2,), and an easy calculation
shows that TSH(z1,2,) = 0. Thus U = U4 isaone-dimensional linear space, and it can be
replaced by R with the basis element 1. In terms of this basis, the shift and index
operators are represented by S=1and T = 0. Thus Ag = 1, and A, = 0. The initialization
operators are represented by L; = SH(z;,25) =1, and L, = STH(z1,25) =1, so that
b, = b, = 1. The evaluation operators give

EoSH(z1,22)= 1, E;SH(z1,25)=0

fromwhichcg=1and ¢, = 0. Finally, itisclear that d; = d, = 1. Thus, aminimal state-
affine redlization of the given system is

x(k+1) = x (k) + u(k) + u2(k)

y(K) = x(k) + u(k) + u?(k)

The extension of this approach to the Volterra system case should be evident in
broad outline. The kinds of difficulties that arise are indicated in Section 4.4, and the
general theory is discussed in detail in the research literature cited in Section 6.8.

6.5 Response Characteristics of Discrete-Time Systems

The response of both homogeneous and polynomia discrete-time systems to various
classes of input signals can be analyzed using much the same approach as in Chapter 5.
To substantiate this claim, | will outline how some of the analysis goes for unit pulse and
sinusoidal inputs. For random input signals, some of the results paraleing the
continuous-time case will be derived from a less informal viewpoint than was adopted in
Section 5.5.

Consider first the response of a degree-n homogeneous system to inputs composed
of sums of delayed unit pulses, where the unit pulse is defined by

1, k=0
(k) = _ (72)
0, otherwise
In terms of the symmetric kernel representation, the calculations in Section 5.1 carry over
directly, and so they will not be repeated here. However, | will go through some simple
calculations in terms of the regular kernel representation in order to point out one perhaps
surprising feature.
For the homogeneous system

00

yky=3 - % Prregies - - - inu(k=ig=---=iy) - --u(k=ip) (73)
i,=0  i,=0

with the input u (k) = 8o(k), Simple inspection yields the response
y(k) = hnreg(o ..... O,k) , k = 0’1' e (74)
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A moreinteresting situation occurs when the input is composed of two unit pul ses,
u(k) = dg(k) + ado(k-K) (75)

where aisarea number, and K is a positive integer. The calculation of the corresponding
response as outlined below is simple, though a bit lengthy. The response formula (73)
gives

yky= 2 - % hreg(ia, - - - in)[Bo(k =iy =+ - - —ip)+@dg(k—K =iq= - =ip)]
in=0

i,=0 in=

+++ [Op(K—in-1=in)+ad (KK =in-1~in)][Bo(k —in)+ado(k-K -ip)]  (76)

Inspection of the last bracketed term on the right side shows that the summand will be
nonzero only for two values of i,,, namely, i, = k,and i, = k — K. Thus,

y(K) = iio- - f_o Mrregi 2 -« im0 K)[Bo(=i 1= - =in-1)
o aBy(cKeig im0l [o(cin0) + Bo(-K i )]
+ iio- - ioahn,eg(il ..... i1, K—K)[Bo(K =i 1= - - - =i-1)
L abiam iy )] oK -in ) + Bo(in )] (77)

In the first term on the right side of (77), a little thought shows that the only nonzero
summand occurs when iy =---=i,-q = 0. The second term is somewhat less easy to
penetrate, so | will carry the calculation one step further. The summand will be nonzero
only for thevaluesiy—; = K,and i,,-; = 0. Thus,

Y(K) = hyeg(O, . . ., 0,k)

+ iio- - ioahn,eg(il ..... in-2.K,k—K)[Bo(=i 1- - - =in-2)
+ado(-ig— " —in2~K)] - - - [8p(=in-2) + ado(~in—~K)]
+ iio- - iOathe@,(i1 ..... 12,0,k —K)[Bo(K =i 1= - - - =in_)
+ado(-ig= " —in2)] -+ [0o(K=in—2) + adp(~in-2)] (78)
Again, from the first summation, only the summand with i; = - - -=iy_» = 0 is nonzero.

The second summation should be reduced further, but a pattern rapidly emerges that yields
the response formula
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y(K) = hyeg(O, - . ., 0,k) + ahyeg O, . . . ,0,K,k—K)
+ a%Nyreg (0, . . ., 0,K, 0,k=K) + @3hpe4(0, . .. ,0,K, 0,0,k—K)

+ oo+ a0, . .., 0k—K) (79)

(Rather than insert unit step functions in this expression, it is left understood that the
regular kernel is zero if any argument is negative.)

The interesting thing about the response formula (79) is that if the system described
by Nyeg(i1, - - -.in) is bilinear realizable, and n> 2, then y (k) is identically zero. This
follows from the fact that the regular kernel corresponding to a homogeneous bilinear state
equation is zero if any argument is zero. The general statement is that a degree-n
homogeneous bilinear state equation has zero response to an input that contains at most
n—-1 nonzero values. The general proof in the style of the two-pulse case requires a very
messy calculation. A much shorter proof is suggested in Problem 6.4. At any rate, this
special property of discrete-time bilinear state equations indicates their somewhat
restricted input/output behavior. In contrast, state-affine state equations are quite general,
as should be clear from Section 6.3.

Frequency-response properties of the type discussed in Chapter 5 carry over more or
less directly to the discrete-time case. To illustrate this | will briefly consider the steady-
state response of a discrete-time, homogeneous system to the input signal

u(k) = 2Acos (wk) = Ae! K + AeT1 @K (80)
The output can be written in terms of the symmetric kernel as
k k n . . . .
YR)= 3 3 Mgmis, .. in) 11 [A" T+ AT (81)
i,=0 in=0 1=

Letting A; =iw and A, = —iw, expanding the n-fold product, and rearranging the
summations gives

2 2 k k n n
y=A"3 - 3 [3 " X hpgmlis, .-, in) exp(= 2 Axij)] exp( 3 Ak k)
k=1 k=1 i,=0 i,=0 j=1 j=1
Assuming convergence of the bracketed summations as k becomes large, y (k) becomes
arbitrarily close to the steady-state response defined by
2 )\k n
Yo(K)= A" 5 -+ 3 Hogm(e™, ..., ") exp( 3 AgK) (82)
k=1 k=1 j=1

There are many terms in (82) with identical exponents, and these can be collected
together using the symmetry of the transfer function. Let

Gm,n_m(e)‘1 ,eAz) = [m Hnsym(e)‘1 ..... e)‘l; e . e)‘z) (83)

form=0,1,...,n. Then, replacing A1 by iwand A, by —iw,

279



Vss(K) = An[Gn’O(eiw'e—iw)einwk + Goyn(eiw’e—iw)e—inwk]

+ An[Gn—l 1(ei00’e—i (»))ei (n-2)ok Gl n—l(eiw-e_i oo)e—i (n—2)(,.)k]

AnGn/Z,n/Z(eiw-e_iw) , heven
oot o o (84)
An[G n+1 n-1 (e|oo’e—|oo)e|ook + Gn-1 n+1 (elw’e—m)e—mk] . nodd
2 "2 2 72

Using standard identities and the fact that
Gmn-m(€'®,€7%) = G,_mm(e7%,e'®)
gives the steady-state response expression
Yss(K) = 2A" |Gy, o(e',e7?) | cognwk + OG, o(e'?,e7'%)]

+ 2A" |G, 1 1(€'?,e79) | cos[(n—2)wk + 0G,_11(e'®,e7%)]

AnGn/Z,n/Z(eiw-e_iw) , heven
oot . o (85)
2A" |G+l n-1 (e'® ™) cogwk + DG_n;fl _ngl (€'?,e™)], nodd
2 2 '

This calculation should be enough to indicate that the results of Sections 5.2 and 5.3 can
be developed for the discrete-time case with ease.

Nonlinear systems with random inputs, the last major topic of Chapter 5, can be
developed for discrete-time systems in a simple, informa manner that paralels the
continuous-time case. Rather than do this, | will discuss orthogonal representations for
discrete-time nonlinear systems with random inputs from a more genera and more
rigorous viewpoint. (While these more general ideas can be carried back to continuous-
time systems, it is much easier to approach rigor without mortisin the discrete-time case.)

The development of orthogonal representations for nonlinear systems with random
input signals will be based on the notion of orthogonalizing a random process. A discrete-
time random process will be written in the form

u= uk); k= ---,-1,01,2, - (86)

and it will be assumed throughout that u is real, (strict-sense) stationary, and such that
|[E[u"(k)]| < » for al nonnegative integers n. Furthermore, it will be assumed
throughout that the random process u isindependent of order n for all nonnegative integers
n. That is, for distinct indicesi, . . ., in, and any polynomialspq(x), . . ., pPn(X),

Elp2(u(iv) -~ pa(un)] = E[p2(u(io))] - E[pa(u(in))] (87)

This is a restrictive assumption, but it plays a crucia role in the development. It can be
shown that a white Gaussian random process satisfies this assumption, and so the setting
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here includes the discrete-time version of the case discussed in Section 5.5.

Definition 6.1 The random process u is called polynomial orthogonalizable if there exist
real, symmetric polynomial functions

Pp(iq, .-, in,u)= ®yu(iq),..., u@), n=012,--- (88)
such that for all integersiy, .. ., [ . Jms

E[®,(iq,..., inWPa(1, -, jmW], N=m
(89)
0, nZm

Such a set will be called a polynomial orthogonal representation for u.

An approach to finding polynomial orthogonal representations for a random process
can be given as follows. The notation that often will be used for ®,, involves collecting
together repeated arguments and showing the number of occurrences. From symmetry, it
isclear that thisreordering isimmaterial.

Lemma 6.2 Suppose that P,(x), n=0,1,2,..., isaset of single-variable polynomials
with Yo(x) = 1 and such that for the random process u,

E[Wiuk)] <o, n=m
E[Wn(uE)Wm(u(k))] = (90)

0, nZm

Then the random process u is polynomial orthogonalizable, and a polynomial orthogonal
representation is given by

P(ig, .. nini o iip, g U) = Wo, (U)W (uip) (91)

n, No

whereiq, ..., i, aredistinct integers, and nq+ - - - +ny = n.
Proof It is clear that each ®, defined in (91) is a symmetric polynomia function.
Furthermore, with some abuse of notation that arises in collecting together repeated

arguments in the style of (91), E[®,(i4, - . ., inWPHG1, ..., im:U)] can be written in the
form

E[®n(ig, ..., i1, "';ip- "'-ip-u)cDm(jl ----- ju "';jq ----- jq-u)]
Ny m; My
= E[Wn, (u(ia) -+ W, (U(ip))Wm, (U 1)) - - - Wi, (U ()] (92)

where iq,..., i, are distinct with ny+---+ny=n, and jq,..., jq are distinct with
mi+ - --+mg=m. If m#n either there is a digtinct integer, say iq, in the set
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{ig, ..., PV ETIPI Jq} Or there are two identical integers, say i1 = j1, such that nq # m;.
Using the independence assumption to write (92) as a product of expected values, in the
former case one of the factors will be E[y,, (u(iq))], which is zero since U, (X) is
orthogonal to Yo(X)=1. In the latter case one of the factors will be
E[Wn, (Ui 1))WYm, (u(iq))], which also is zero. Thus (89) has been verified, although it is
convenient to further note here that when n = m, (92) gives zero unless{j4, ..., int isa
permutation of  {iq,..., in}. If the permutation condition holds, then
E[®P,(iq,..., WP, .-, insW] isgiven by
E[®R(1, .-, i3 i iU = EWR (UG - E[WR U] (93)
n, No

whereiq, ..., ip aredistinct, and ny+ - - - +n, = n.

The example that will be carried throughout this topic corresponds to the Wiener
orthogonal representation discussed for the continuous-time case in Section 5.5.

Example 6.8 Suppose the random process u is zero-mean, Gaussian, and white, with
intensity E[u®(k)] = A. Then it can be verified that u satisfies the order n independence
condition. To construct a polynomial orthogonal representation, take ¢, n = 0,1,2, - - - to
be the Hermite polynomials given by

[n/2] (_1)I’n IAT 2
W)= 2 e ®9

where [n/2] isthe largest integer < n/2. Thefirst few Hermite polynomials are
Wo() = 1, Ya(x) = %, Wa(x) = x>~ A
It isleft to the references to verify (90) in this case, and to obtain the identity
E[WAu(K)] = n!A" (95)

However, | should point out that arguments reminiscent of the proofs of Theorems 5.1 and
5.2 can be used in place of an appeal to the literature. At any rate, the Hermite polynomials
lead to a polynomial orthogonal representation for zero-mean, white Gaussian random
processes viathe definition in (91).

The following mathematical framework will be convenient in developing the
representation for nonlinear systems with random inputs. Let F[u(k)] be a real-valued
functional of the sample function u(k) of the random process u. Assume that
E[F?[u(k)]] < e, and denote by L ,(u) the Hilbert space of such functionals F and G with
inner product

<F,G> = E[F[u(K)]G[u(K)]] (96)

Suppose P, P4, -+ isa polynomial orthogona representation for u constructed as in
Lemma 6.2. Then for each nandiq,..., iny Pnlig, ..., in,U) is an element of Lo(u). If
folig, ..., in) isarea-valued function that satisfies



[o0)

Z % f2(iq,..., i) < o 97)
then

[o0)

_Z > i, ..., i@, ..., in,U) (98)
1,=—00 In=—00

is an element of L,(u). (The demonstration of this fact will be omitted. In the sequel,
functions f,, that are nonzero for only finitely many arguments will be considered, and in
this case the claim is clear.) It is left to the reader to show that, when considering

expressions of the form (98), the symmetry of ®,(i4, ..., in,U) implies that without loss of
generdity f (i1, ..., in) can be assumed to be symmetric.

Now consider a stationary, causal system y(k) = H[u(k)], where the input is a
sample function from the real, stationary, independent of order n, random process u. To
represent the system as an element of L,(u), assume that k is fixed, E[y?(k)] < o, and for
simplicity that the system is finite memory. That is, there exists a positive integer M such
that y (k) depends only on the values u(k), u(k-1), ..., u(k-M). Such a system will be
denoted by the functional notation

y(k)=H[u(k-j), j=01,..., M] (99)

All the machinery is now available to develop a representation for a system of the
form (99), which explicitly involves a polynomial orthogonal representation for u. In
particular, consider a representation of the form

yn(k) = Hyfu(k=j), j=01,...,M]

N M M
=3 > 3 ki, .. in®nk=iq,..., K=in,u) (100)
n=0i,=0  i,=0
where each K,(iq, ..., in) is symmetric. Clearly Hy belongs to L,(u), and the system
representation is stationary, finite memory, and causal. The objective is to choose the
coefficient functions k,(iq, ..., in) so that (100) approximates (99) in the mean-square
sense. That is, choose kg, k1(i1), ..., knGiq, ..., in) to minimize the error

Oy (k) —ynK)O 2 = <y (K)-yn(K), y (K)-yn(k)> = E[(y(K) -yn(K)’]  (101)

Definition 6.2 The symmetric functions k,(iq, . .., in) that minimize (101) are called
Fourier kernels (relative to the @,), and the resulting functional (100) is caled a
functional Fourier series representation of the system.

Theorem 6.9 Suppose a polynomial orthogonal representation for u is constructed as in
Lemma 6.2 using the polynomials Yo(x), Y1 (x), - - -. Then the n" Fourier kernel is given

by
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ng!---ny! . »
TEWE 0T - EfgZ ooy T M UT) - iy (102
whereiyq, ..., ip aredigtinct, nq+ - -+ny,=n,andn=0,1,..., N.

Proof Using an abbreviated notation for (100) with all arguments discarded, the error
criterion (101) can be written in the form

N N
Oy -yt 2= <y- anXCDn, y - anXCDn>
n=0 n=0

N N N
= <yy> =2y, > kXD > + < 3 ko XD, > Ky XP>
n=0 n=0 n=0
Using the easily verified result
<K XD K XP> =0, n#m
and writing the inner products as expectations gives
N N
Oy-ynO02=E[y?] -2 3 E[y(;X®p)] + 3 E[(KaXPy)?]
n=0 n=0
Now, expand the notation of the terms on the right side. First

M M . . . .
Ely(k) > -+ > ki, ..., in)Pn(k=iq,..., k—i,,u)]
i,=0  i,=0

ELy (kaX®Pp)]

M

M
S o S kalin, . in)Ely(K)Pn(k-iy, . . . K=ig,u)]
i,=0  i,=0

n

Using symmetry properties and the construction for @, in Lemma 6.2, a general term in
E[y (k,X®,)] can be isolated as follows. Suppose iq,..., ip, 1<p<n, are distinct
nonnegative integers, and nq, . . ., n, are positive integers with nq+ - - - +n, = n. Then all
those terms containing n; occurrences of the argument i;, j=1,..., p, are identical, and
the collection of these terms can be written as

Kn(ig, ..., TR YRR ip) ELy (K)Wn, (U (k=i1)) - - - W (u(k=ip))]

nll p| Ny N,

n!

In asimilar manner,
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E[(anGJn)z] = E[ % cee % Ka(iq,..., in)Pn(k=iq, - -+ ,k=i,,u)
i,=0  i,=0

M M
2 2 k(- jn)®n(k=j1, - k=jn,u)]
j1=0 =0

M M
=22 2 2 k(i in)kn(1,)
i jn=0

i,=0 in=0j,=0 Jn=

E[®n(K=iq, ... k=in)PnK=j1, ... Kk=jnU)]

As discussed earlier, the expected value on the right side is zero unless j4, .. ., inisa
permutation of i4, ..., in. Using this fact, and symmetry properties, again a general term
can be isolated. Supposeiq, ..., ipandng, ..., n, are just as above. Then the collection
of terms containing n; occurences of the argument i, j = 1, ..., p, can be written as

n! 212i i) E[W2 (u(k=i1))] -+ E[W2 (u(k-i

[ | | ] n('l ----- I, ' Ip ----- |p) [lpnl(u( |1))] [lpnp(u( 'p))]
Nyl ny! n, n

Now, the error criterion can be expressed as a sum of terms of the general types given

above, with the sum ranging over all distinct nonnegative integersiy, ..., ,P=1..., n,

and over al distributions of these integers as given by the positive integers nq, . . ., Ny,

withnq+ -+ -+n, = n. That is, in a vague summation notation,

Oy (k) -yn(K)O? = E[y*(K)]

+ Zﬁkn( b i)
ELy (KWn, (u(k=i1)) -+ gn (u(k=ip))]
ARG, )
1 p ny Mo

E[f, (uk=i1)] -+ E[WF (u(k=ip)]  (103)

Minimization of the quadratic criterion is straightforward, and the result is easily seen to
be the Fourier kernel specified in (102).

Example 6.9 Consider again the case where u is zero-mean, white, and Gaussian with
intensity A. Using the results of Example 6.8, it is straightforward to calculate the first few
terms in the functional Fourier series representation explicitly in terms of u rather than the
orthogonal representation of u. Interms of the abbreviated notation for (100),
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koXcDo = ko

M M
kKiX®y = 3 Ki(i)Pr(u(k=i1))= 3 kq(iq) u(k=iq)
i1=0 i1=0

M M
k2Xq32 = Z Z kz(il,iz)qu(k—il,k—iz,U)

i,=0i,=0
M M . . . . M P

= > 3 ko(ig,ig)uk-ipu(k—-iz) —A> ka(i,i) (104)
i,=0i,=0 i=0

and so on. These terms should begin to look familiar from the continuous-time case in
Section 5.5. Indeed, a messy general argument shows that

[n/2] 1) nlAf M M M M
KiX®p= 5 _(ED'ntA” S S S S

r
r=0 M2'(n-2r)! i=o i ,=0j,=0 j.=0

S (TR P ET) ETR jnduk=ig) - ruk=in) (109

Thus, the Wiener orthogonal representation can be viewed as a particular case (of the
general functional Fourier series) that displays explicitly the system input rather than an
orthogonal representation of the input.

A natural gquestion to ask about the functional Fourier series representation concerns
the convergence properties as more terms are added. While this question will not be
analyzed in detail, assuming certain completeness properties of the orthogonal
polynomials Y,(x), n = 0,1, - - -, it can be shown that

lim Oy(k)-yn(0? =0 (106)

That is, the given system can be approximated to desired accuracy by a finite functional
Fourier series of the form

YK = 3 kX,
n=0
N M M
= Z Z Z Ka(iq,..., in)®Pn(k=iq,..., k—i,,u) (107)
n=0i,=0  i,=0

Finally, the orthogonality property of the functional Fourier series offers a simple
expression for the autocorrelation function of the system output, the derivation of which is
left as an exercise.
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6.6 Bilinear Input/Output Systems

The theory of nonlinear systems with input/output behavior that can be described by
an n-linear operator is closely related to the theory of homogeneous nonlinear systems. To
illustrate, | will consider the special case of stationary systems that can be represented by a
bilinear (2-linear) operator. (The terminology is dangerous. Systems described by bilinear
operators should not be confused with systems described by bilinear state equations.) Itis
a straightforward matter to carry the discussion back to the continuous-time case, though
some differences do appear. It is less straightforward to generalize the theory to the n-
linear case simply because of the morass of algebra, and the resulting need to develop a
more abstract and subtle notation.

Consider a stationary, causal, discrete-time system that has two scalar inputs, u4(k)
and u,(k), and a scalar output y (k). Such a system can be represented in operator notation

by
y = Flug,uz] (108)

where F is an operator with appropriately defined, real, linear function spaces for the
domain and range. The system is called a bilinear input/output system if F is a bilinear
operator; that is, if F islinear in each argument. More precisely, F isabilinear operator if

Floqug+0Us,0pUp+0500] = oy 0pF [Uug,up] + oy doF [ug,Dig]

+ 010pF [Ug,Up] + 01 0,F [Ug,Up] (109)

for all red a4, 0, ay, O, and al input signals u(k), U1 (K), u,(k), and U,(K).

The main part of the discussion here will be concerned with developing a more
explicit form for the input/output representation. A simple way to accomplish this is to
consider bilinear input/output systems that are redlizable by a genera class of state
equations. Then special properties of these state equations can be used to obtain properties
of the corresponding input/output representation. | will pursue this approach for bilinear
input/output systems that are realizable by state equations of the form

X(k+1) = f [x(k),ui(k),u2(k)], k=012, ---

y(K)=hx(k), x(0=0 (110)

where X (k) is the n-dimensional state vector, and f and h are assumed to be analytic
functions satisfying f (0,0,0) = 0 and h(0) = 0. The choice of the equilibrium initial state
at zero and the analyticity requirements can be relaxed in various ways without changing
the essential features of the results. Also, more general output equations, namely those of
the form

y(K) = hx(k),uy(k),uz(K)]

can be handled by the methods to be used, although the formulas and block diagrams
become more complicated.
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The next step is to use power series expansions of f and h in (110) to rewrite the
state equation description, and then to consider input signals of the form indicated in
(109). By writing x(k) and y(k) as expansions in terms of oy, O;, Oy, and Q,, and
imposing the bilinear input/output condition (109), various terms in the resulting
variational equations can be eliminated to obtain a simpler state equation. | will simplify
this procedure somewhat by imposing the input/output condition (implied by (109))

Flaquq,0ous] = aq0,F [ug,u;] (111)

Removing terms in the state equation that are incompatible with (111) will yield a simple
structural form for realizations of bilinear input/output systems. (It will become more or
less apparent that further simplification is not obtained by imposing the more complicated
condition (109), although a proof of this fact will not be given.)

Using the familiar Kronecker product notation, the state equation (110) can be
written in the form

X(k+1) = Agx(K) + Axx (K) Ox(K) + D1x (K)ua(k) + Dox(K)uz(k)
+ byuy(K) + baua(k) + baug (Kjua(k) + -

y(K) = cax(k) + cox (k) Ox(k) + - -~ (112)

where only the terms that enter into the subsequent development are displayed. For input
signals a;u4 (k) and a,u,(k), assume

X (k) = ayxa (k) + axa(K) + og0px3(k) + - (113)

Again, only those terms in a; and o, are displayed that will yield an output y(Kk)
consistent with (111). Substituting (113) into the state equation and equating coefficients
of like termsin a4, a5, and a4a,, yields the following state equation description for the
bilinear input/output system represented by (110):

X1(k+1) = A1x1(k) + byuq(k), x1(0)=0

Xo(k+1) = A1Xx(K) + bous(k), x5(0)=0

X3(k+1) = Aixz(K) + As[x1(K) O x2(K) + Xo(k) O x1(K)] + D1xo(k)up(k)
+ Doxq(K)uo(K) + bauq(K)us(k), x3(0)=0

y(K) = caxa(k) + co[xa (k) O xa(k) + Xa(K) O x4 (k)] (114)

This set of equations can be put into a simpler form, although at considerable expense in
dimension, by applying the Carleman linearization idea to the equation for x3(k). Let

X3(K) = x1(k) O x2(K) + X2(k) O x1(K) (115)
Then a straightforward computation shows that X3(k) satisfies
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Xa(k+1) = A; OA1X3(K) + [A; Oby + by DA ]Xa(K)uy(k) + [A; Ob,

+ by DA ]xq(K)uz(K) + [bg Obz + bo ObgJus(K)uz(k) (116)
where X3(0) = 0. Now let
x3(K)
K)= | ~ 117
23(K) {X?)(k) (117)
and combine the equations for x3(k) and X3(k) to obtain
_ (A A D,
23(k+1)— 0 ALOA, 23(k)+ A15b1+b15A1 X2(k)u1(k)
+ A0 b2 + b2 OA; Xl(k)UZ(k) + bl N b2 + b2 N bl ul( )UZ( )(118)

Of course, the output equation can be written in the form

y(K)=[c1 c] za(k) (119)

Summarizing in a simpler notation, the bilinear input/output system (110) also can be
described by a state equation of the form

X1(k+1) = Aixy(k) + byus(k), x1(0)=0
Xo(k+1) = Aixa(K) + bous(k), X2(0)=0
X3(k+1) = Agxz(K) + D 1Xo(K)u(K) + Doxy(K)ua(k) + bauy(K)ua(k), x3(k)=0

y(K) = ¢ x3(k) (120)

Dy(zl—4))"b,
Uy

o DEr-4)'b, D)

Figure 6.1. Interconnection realization of a bilinear input/output system.

The simple structural form of (120) isindicated by the interconnection diagram
shown in Figure 6.1, where vector quantities are denoted by double arrows. Of course, this
interconnection realization is usually far from minimal since the dimension of the state
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reduced Kronecker product, but the result still would be far from minimal.

A concrete form for the input/output representation of a bilinear input/output system
described by (110) can be derived from the interconnection structure shown in Figure 6.1.
The derivation involves the familiar procedure of tracing the various signals through the
diagram until the output signal isreached. Clearly, for k > 0,

k-1 o _
Dox1(KUa(K) = 3 DA 7 hyu (j2)ua(k)
j.=0

k-1 o )
D1xo(Kus(k) = 3 D1ATT 7 h,us (K)ua(iz)
j>=0

V(K) = Daxa(K)ua(k) + Dyxa(K)uy(k) + baus(k)uz(k)

K ket
y(k)= > cAz " "v(j1) (121)
j1=0

Putting these eguations together gives the input/output formula

R T T e
y(k)= 3 > CcAz3 " "DyA; biui(j2)uz(j1)
j1=0j,=0

k-1 j171

it it _ _
+ 5 3 cA3 DA bous (1)Ua(i o)
j1=0j,=0

k-1 L ) )
+ 3 cAST T baus(j)ua(iy)

j1=0
Thus, abilinear input/output system described by (110) can be represented in the form
k-1 k-1
y(k)= 3 3 h(k=ji,k=j2)us(i)uz(2) (123)
j1=0j,=0

where, after some rearrangement of (122), the kernel is given by

A DAY My, 0<ip<iy
cAF DAY My, 0<ip<is
cA3 bs, O0<ip=i,

0, otherwise

h(igiz)= (124)

In addition to representing a bilinear input/output system, it is apparent that (123)
corresponds to a causal and stationary system.
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Using the 2-variable z-transform, a transfer function representation can be defined
for bilinear input/output systems:

Hzuz)= 5 5 hiivninza'z" (125)
i,=0i,=0

The special structure for the kernel as displayed in (124) also implies a specia structure
for the transfer function. Substituting (124) into (125) gives

H(z1.z2)= ¥ 3 cAigl_lD1Aif_i1_1b221ilz§i2

i=1i,=i,+1

-1 T -
+ Z Z CA7Y D2AI:|_1 '2 blzl'lzz'z

i,=1iy=i,+1
+ S cAY 'bazi iz (126)
i=i,=1

To illustrate the remainder of the calculation, | will work out the first term on the
right side of (126) in detail. Replacing the summation index i, by j» = i,-i1—1 and using
the identity

%A&*zdz—mﬂ (127)
i=0

alows the first term to be rewritten as follows:

zz CA D 1IAYD,Z 0 Y = 5 A D (2l - Ar) Mho(iz)
11=1],= i1=1
= c(z1221 = A3)'D1(z2l ~ A1) b,

Performing this kind of calculation on the remaining two termsin (126) yields
H(z1,22) = ¢(z125! = A3)™'D1(zo] A1) "b,

+ C(2125 = A3) 7 Da(z1l = A1) by + c (21251 - Az) b3 (128)

Thus a general form has been obtained for the transfer function of a bilinear input/output
system that can be described by a state equation of the form (110).

I will leave further discussion of the theory of bilinear input/output systems to the
literature cited in Section 6.8. It should be clear at this point that such systems can be
studied using methods similar to those developed for Volterra/Wiener representations.
Input/output calculations in the transform domain involve the association-of-variables
technique, and for certain types of input signals explicit response formulas can be derived.
The structural form of the transfer function (or kernel) can be used to describe elementary
conditions for realizability in terms of an interconnection structure. Finaly, the reader
surely has noticed that by setting u(k) = u,(k) = u(k), the bilinear input/output system
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reduces to a homogeneous system of degree 2. All of this indicates the symbiotic
relationship between research in multilinear input/output systems and in homogeneous
systems.

6.7 Two-Dimensional Linear Systems

The theory of multidimensional linear systems involves representations that
resemble the Volterra/Wiener representation for nonlinear systems. Two-dimensional,
stationary, discrete-time linear systems constitute the most widely studied case, and | will
discuss the basics of this theory in order to exhibit the connections to nonlinear system
theory. Motivation for the study of two-dimensional discrete-time systems comes
principally from the processing (or filtering) of two-dimensional signals, notably in image
or array processing, and geophysics.

The basic input/output representation for a two-dimensional, stationary, discrete-
time linear system can be written in the form

ki ky

y(kiko)= 2 3 hiki-igke=ip)u(iniz), ki kz=012 - (129)

i,=0i,=0
The input u(kq,ks) and output y(kq,k,) are real two-dimensional (or, doubly indexed)
signals that are defined for integer arguments, but that are assumed to be zero if either
argument is negative. Linearity is easily verified: in the obvious notation, the response to
auq(kq,kp) + Bua(ky ko) isay;(ky,kz) + By2(Kq,Ko) for any scalars a and 3. Stationarity
corresponds to a delay invariance property, which, in the context of (129), can be stated as
follows. If uy(kq,ks) = uq(k1-K1,ko—K5), then yo(kq, ko) = yq(ki—-Kq,ko—K>) for al
nonnegative integer pairs K, K,. Notice that the concept of causality is not mentioned,
though something vaguely like that is built into the representation. The reader might enjoy
consulting his muse on the types of operations on an array of data u(k,k») that might be
described by (129).

Using the 2-variable z-transform, and the convolution property in Theorem 6.4,
gives the input/output representation

Y(21,22) = H(z1,22)U (21,22) (130)

where H(z1,2,) = Z[h(k4,k>5)] is called the transfer function of the system. It should be
immediately obvious from earlier chapters how to use (130) to investigate the response
properties of the system for various classes of input signals.

Example 6.10 The simplest (nonzero) input signal is the unit pulse input, which is
defined in the two-dimensional setting by

Uo(ky,ko) = _
0, otherwise
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From (129), the response clearly is
y(ky,k2) = h(ky,kz), kika=012 -
or,since Ug(z1,20) = 1,
Y(z1,22) = H(z1,22)

Of course, in a digital filtering context it is the steady-state frequency response
properties of the system that are of prime importance. It is rather easy to work out these
properties, and therefore that task isleft to Section 6.9.

There are several types of state equation representations that can be adopted for the
study of two-dimensional linear systems. | will work with the general form

X(K1+1,ko+1) = Aix(kq+1,ko) + Aox(Kq,ko+1) + Biu(ky+1,ks) + Bou(kq,kot1)

y(ky,kz) = ex(kikz), kikz =012, - (131)

where x (k1,ks) isan n x 1 vector. Iterating this equation for the first few values of k; and
ko, shows that the initial conditions, more appropriately called boundary conditions,
required for solution are the values x(kq,0), k; = 0,1, ---, and x(0,k,), ko, =0,1, - - -.
This multiplicity of boundary conditions indicates that x (k1,K») is hot a state vector for the
system in any precise sense of the term. That is, knowledge of the value of x(kq,ks) and
the input signal does not suffice to determine the value of x (k1+K,k>+K5). Stated in the
context of array processing, a single value of x(kq,k,) does not specify the "state' of the
array. Rather, the equation for x(k,k») gives the recursion necessary to specify the array
in a pointwise fashion. Thus | will call x(kq,k,) a local state vector for the two-
dimensional system, and cal n the local dimension of the system (there goes the
terminology, again). Further consideration of the nature of a "global state' will be left to
the literature since my interest here is more mechanical than philosophical.

There are intuitive ways to arrive at a choice for the form of the local state equation
for two-dimensional systems. This intuition is based on viewing the system as an array
processor, and imagining various methods by which the values in the array might be
generated. | will go through one of these just to provide motivation for the choice in (131).

Example 6.11 Suppose the values y(kq,ks) in a certain array can be generated by a
combination of a horizontal recursion and a vertical recursion. Let x,(kq,k») be the local
horizontal state, and x,(k1,k>) be the local vertica state, and suppose the local states
propagate according to

Xn(K1t1,kp) = Apxn(Ka,ko) + AgXy(ky,kz) + Bau(ky,kz)

Xy(K1, Kot 1) = Agxn(k1,Kz) + Agxy(K1,k2) + Bou(kg,kp)
y(ki,kz) = caxn(Ka,kp) + Coxy(Ky,k2) , ki,kp =01, (132)
Of course, the input signal u(kq,k,) must be specified, and it is clear that the boundary
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conditions that must be specified are the values of x,(0,k»), and x,(k1,0) (the left-hand and
bottom edges of the array). These local state equations can be put into the form (131) by
defining x (k1,k,) as

kq,k
xlke)= mkikg ]

Then a straightforward calculation gives

X (K1 +1kp+1) = /83 /84 xketLko) + | 7o 2 | x(kakor D)
B, 0
+ +1) + +
o [ukikor)+ [ @ | ulkir1ko)

y(ki,k2) =[c1 co] x(k1,kz)
which shows that (132) can be viewed as a specia case of (131).

The transfer function corresponding to the local state equation in (131) is easy to
compute using the result of Problem 6.3. For zero boundary conditions, the state equation
can be written in the transform-domain form

2125X(21,22) = A1Z1X(21,22)+A2Z2X(21,22)+B121U (21,25)+B22z5U (21,22) (133)

Solving gives

X(21,25) = (2125 = A1Z1 = Ap25) H(B12; + B,2z,)U (21,25) (134)
so that the input/output relationship takes the form
Y(21,22) = €(212,] = A1Zy — Az25) 1 (B1zy + B22p)U (21,25) (139)
Thus the transfer function corresponding to (131) can be written in the form
H(z1,22) = (212! = A1Z1 — A225) 1 (B121 + B,2)) (136)

From the transform-domain solution of the local state equation, an "array-domain"
solution can be derived as follows. Using an identity of the form (127) permits writing the
matrix inverse in (134) in the form

(2125] —A1Z3 —Aszp) = T (Agzy + Anzy) (z2) T+
i=0

=5 3 Azl (137)
i,=0i,=0

where Alv'2 might appropriately be called the two-dimensional transition matrix.
Equating coefficients of like termsin (137) shows that the first few values of A'*"'? are
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A% =Al0=0, i=012 "
Abl=1, At2=A;, A= A]

A2,1 - A2| A3,1 - A% , A212 = A1A2 + A2A1 (138)

Now the convolution property, Theorem 6.4 in in Section 6.2, conjunction with (137) and
(134) can be used to obtain an expression for the local state. First note that

X(Z1,22)= (3 3 A™2"2? )(B1z1 + Bozo) T 3 U(i1.j2)71 2"
i;=0i,=0 j1=0j,=0

- Z Z Z Z 21A|1’|281U(j1,j2)21(|1+11)25(|2+12)

+3 T 3T 3 A Bu(Li)a" LY (139)

Replacing j1 by kq = j1+i1 and j, by ko = jo+i,, and making use of the "one-sidedness’
of the input signa gives
w ki K

- -1:-2 H H _kl _kz
X(21,2)= 3T 3 3 3 z3AMBiu(ky—ig ko—i)z1 2
K;=0 k,=0i,=0i,=0

0 o ki ok o
+ 5 S S S A B (K- 1,k 2)21 5 (140)
k;=0 k,=01i,=0i,=0
It follows that the solution of the local state equation (131) is given by
ke ke o
X(kpko)= T 3 (ATHBy+ AR )UKy mig ki) (141)
i,=0i,=0
There are a number of structural features of local state equations of the form (131)
that are similar to familiar properties in one-dimensional linear system theory. To
illustrate, 1 will briefly discuss reachability and observability concepts for local state
eguations.

Definition 6.3 A state x; of the local state equation (131) is called a reachable state
(from zero boundary conditions) if there exists an input signal such that for some
Kq,Ks < oo, x(Kq,K5) = Xx1. The local state equation is called reachable if every state is
reachable.

From (141) it is clear that a state X, is areachable state if and only if

x; e span { (A"MeB, + AR O, = 01, ) (142)
Before restating this condition in the traditional form of a rank condition for reachability
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of the state equation, it is necessary to establish the following result (which is related to a
two-dimensional version of the Cayley-Hamilton Theorem).

Lemma 6.3 For the two-dimensional state transition matrix defined in (137),
span { A2 0i,i,=01, -} =span{ A" Oi;i,=0,1,...,n}  (143)

Proof Expressing the matrix inverse in (137) in the classical adjoint-over-determinant
form gives

adj (2125l — A1z - Ayzy) = det (azol - A1z - Asz,) T S A'M2 77

i,=0i,=0
On the left side of this expression there are no terms with nonpositive powers of z; or z,.
On theright side, det (z1zol — A1z — A,Z,) isapolynomial of degree nin z; and degree n
in z,, while the nonzero terms in the double summation can occur only foriy,i, 2 1. Thus
equating coefficients of like terms of the form z;'*z,'%, i4,i, = 0, shows that wheni; > nor
i, > n there is a nontrivial linear combination of the matrices A'*'? that is zero. Clearly
this conclusion implies (143).

Theorem 6.10 Theloca state equation (131) isreachable if and only if the matrix
[B1O0B,0AMB; OAMYB,0A*!B+AMY2B, O- - DA™ I'B +AMIB,]  (144)

has (full) rank n.

Proof  Although sparsely denoted, the matrix in (144) contains as columns al nx 1
vectors of the form (A'*" 128, + A'*'="1B,) withi, <n, i, <n. Thus, the result is an easy
consequence of Lemma 6.3 and the condition for state reachability in (142).

The appropriate definition of observability for the local state equation (131) is based
on the nonexistence of boundary conditions that at the output are indistinguishable from
the zero boundary conditions.

Definition 6.4 The local state equation (131) is caled observable if there is no set of
nonzero boundary conditions such that with identically zero input, the output isidentically
zero.

The development of conditions to characterize observability can be based on an
analysis of the response of (131) to zero inputs and nonzero boundary conditions. Such an
analysis followed by an application of Lemma 6.3 leads to Theorem 6.11, the proof of
which isleft to the reader.

Theorem 6.11 Thelocal state equation (131) is observable if and only if the matrix
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C
cAl?
cA?1 (145)

CAMN

has (full) rank n.

At the time of thiswriting, arealization theory for two-dimensional linear systemsin
terms of local state equations of the form (131) has not been completely worked out. Itis
clear from (136) that proper rationality of a given transfer function H (z4,z») is a necessary
condition for realizability. Further inspection reveals that another necessary condition is
that both the numerator and denominator polynomials of H(z1,z5) must be zero when
Z1 =2, = 0. In other words, these polynomials must not have nonzero constant terms.
These necessary conditions also are sufficient, and a proof can be given by constructing a
realization for a general transfer function that satisfies the conditions. To write out such a
realization would be tiresome, so | will indicate vaguely what one looks like with an
example and leave the general formto the literature.

Example 6.12 Consider the two-dimensional linear system described by
b10z1 + bo12>

H(z,,25) =
(21.22) Z1Zp + Q021 T Ap12>

A simple calculation showsthat arealization for this systemis

0 0
—dp1 —Ajio

X(Ky+1,kp+1) = x(k1+1,kp) +

dpgp —a

+ [ ulkarLig) + g | ulkakord)

y(k1,kz) = [bor  bio] x(ky,k2)

where all theinitial conditions are zero.

Of course, the construction of minimal-dimension realizations for two-dimensional
linear systems is of great interest, and much remains to be done in this area. In the one-
dimensional case, the concepts of reachability and observability are useful tools in
developing a theory of minimal realizations. However, the following example shows that
in the two-dimensional case the situation is more complicated, and that perhaps the
reachability and observability definitions discussed earlier are not the best choices.

Example 6.13 For the transfer function
Z1 =23

H(zq,2)) = —— 8 ——
(21,22) 7125+ 2,4 2
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the realization given in Example 6.12 becomes

xkirlkorD)= | G G | xtarika+ |G 0] xkakorD)

v [ Q] ukirtia) + | § ] utkikord

y(kikz) =1 —1] x(kq,k2)

A quick calculation shows that this local state equation is both reachable and observable.
But it is not minimal since another redlization is given by

X (K1+ 1Ko+ 1) = —x (Ky+1,Kp) = X (Kq, Ko+ 1) + U(Kq+1,Ko) — u(Kq,Ko+1)

y(K1,k2) = x(k1,kz)

Finally, it is easy to show that a bilinear input/output system (or for that matter, a
degree-2 homogeneous system) can be modeled using a two-dimensional linear system.
This involves nothing more than comparing the transform-domain input/output equations
for the two classes of systems. Such a comparison shows that a bilinear input/output
system with transfer function H(z4,z,) can be viewed as follows. From the input signals
u1(k) and us(k), form an array u(kq,k,) = uq(kq)us(ky). Process this array with the two-
dimensional linear system with transfer function H(z;,z,) to obtain the array y(k4,k»).
Then set y(k) = y(kk), that is, let y (k) be the diagonal of the array. Schematically this
implementation is shown in Figure 6.2.

uy(k)

— ™  arra u (ky)uy(ky) ki) 1 k
le(k) .fOVmZV — H(ZI’ZZ) i’ (f’lgag‘do(;lfftl 4")/( )

Figure 6.2. Implementation of a bilinear input/output system
using atwo-dimensional linear system.

6.8 Remarks and References

Remark 6.1 Early works dealing with Volterra series representations for discrete-time
systems include

P. Alper, "A Consideration of the Discrete Volterra Series" |EEE Transactions on
Automatic Control, Vol. AC-10, pp. 322-327, 1965.

A. Bush, "Some Techniques for the Synthesis of Nonlinear Systems," MIT RLE Technical
Report No. 441, 1966 (AD 634-122).

298



H. Barker, S. Ambati, "Nonlinear Sampled-Data System Anaysis by Multidimensional Z-
Transforms," Proceedings of the |EE, Vol. 119, pp. 1407-1413, 1972.

All of these papers discuss the basic time-domain and transform-domain representations
for discrete-time systems.

Remark 6.2 The development of state-affine realization theory in Section 6.4 is drawn
from

S. Clancy, W. Rugh, "On the Realization Problem for Stationary Homogeneous Discrete-
Time Systems," Automatica, Vol. 14, pp. 357-366, 1978.

S. Clancy, W. Rugh, "The Regular Transfer Function and Bilinear and State-Affine
Realizations for Stationary, Homogeneous, Discrete-Time Systems," Proceedings of the
1978 Conference on Information Sciences and Systems, Electrical Engineering
Department, The Johns Hopkins University, Baltimore, pp. 167-172, 1978.

A. Frazho, "Shift Operators and State-Affine Realization Theory," Proceedings of the 19%
IEEE Conference on Decision and Control, Albuquerque, New Mexico, pp. 904-909,
1980.

The first of these papers contains a further discussion of the division-deletion method
given in Example 6.3 for computing H,ey from Hgm,. Another approach to the state-affine
realization question isgivenin

E. Sontag, "Realization Theory of Discrete-Time Nonlinear Systems: |. The Bounded
Case," |IEEE Transactions on Circuits and Systems, Vol. CAS-26, pp. 342-356, 1979.

It should be noted that the papers by Frazho and Sontag cover much more general systems
than those discussed in Section 6.4. Also, the nhoncommutative series approach (Remark
4.3) can be used in the discrete-time case. See

M. Fliess, "Un Codage Non Commutatif pour Certains Systemes Echantillonnes Non
Lineaires," Information and Control, Vol. 38, pp. 264-287, 1978.

Remark 6.3 Calculations of the output mean, auto- and cross-correlations, and spectral
densities for a discrete-time system with white noise input are given in

G. Cariolaro, G. Di Masi, "Second-Order Analysis of the Output of a Discrete-Time
Volterra System Driven by White Noise," |IEEE Transactions on Information Theory, Vol.
IT-26, pp. 175-184, 1980.

The treatment of orthogonal representationsin Section 6.5 is based on
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S. Yasui, "Stochastic Functional Fourier Series, Volterra Series, and Nonlinear System
Analysis," IEEE Transactions on Automatic Control, Vol. AC-24, pp. 230-242, 1979.

This paper treats a number of additional topics, a few of which will be discussed in
Chapter 7. A detailed discussion of the properties of Hermite polynomials with regard to
nonlinear system theory can be found in

M. Schetzen, The Volterra and Wiener Theories of Nonlinear Systems, John Wiley, New
York, 1980.

Remark 6.4 The theory of multilinear input/output systems, in particular bilinear
input/output systems, was spurred by

R. Kalman, "Pattern Recognition Properties of Multilinear Machines," IFAC International
Symposium on Technical and Biological Praoblems of Control, Yeravan, USSR, 1968 (AD
731-304).

The basic interconnection structure representation for such a system was presented in

M. Arbib, "A Characterization of Multilinear Systems," |EEE Transactions on Automatic
Control, Vol. AC-14, pp. 699-702, 1969.

Both of these papers use modern algebraic representations and the Nerode equivalence
concept in essential ways. More recent works that continue the development from abstract
viewpoints include

E. Fornasini, G. Marchesini, "Algebraic Realization Theory of Bilinear Discrete-Time
Input/Output Maps," Journal of The Franklin Institute, Vol. 301, pp. 143-161, 1976.

B. Anderson, M. Arbib, E. Manes, "Foundations of System Theory: Multidecomposable
Systems," Journal of The Franklin Institute, Vol. 301, pp. 497-508, 1976.

The methods | have used to introduce the theory of bilinear input/output systems follow
more closely thosein

E. Gilbert, "Bilinear and 2-Power Input-Output Maps: Finite Dimensional Realizations and
the Role of Functional Series," |IEEE Transactions on Automatic Control, Vol. AC-23, pp.
418-425, 1978.

Further developments regarding the structure shown in Figure 6.1 can be found in

J. Pearlman, "Canonical Forms for Bilinear Input/Output Maps," |IEEE Transactions on
Automatic Control, Vol. AC-23, pp. 595-602, 1978.
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and a discussion of the difficulties involved in the minimal readization problem for
multilinear input/output systemsis given in

J. Pearlman, "Realizability of Multilinear Input/Output Maps," International Journal of
Control, Vol. 32, pp. 271-283, 1980.

Remark 6.5 There has been arapid growth of interest in the theory of multidimensional
linear systems since the early 1970s. Several aspects of this theory are discussed in the
special issue on multidimensional systems of the Proceedings of the |EEE, Vol. 65, 1977.
The particular local state equation representation | have considered was introduced in

E. Fornasini, G. Marchesini, "Doubly Indexed Dynamical Systems. State-Space Models
and Structural Properties," Mathematical Systems Theory, Vol. 12, pp. 59-72, 1978.

The general form for the realization of a given transfer function given there can be adapted
to the setting in Section 6.7. The local state equation discussed in Example 6.9 is
introduced in

R. Roesser, "A Discrete State Space Model for Linear Image Processing," |EEE
Transactions on Automatic Control, Vol. AC-20, pp. 1-10, 1975.

The relation between bilinear input/output systems and linear two-dimensional systems
given in Section 6.7 is exploited to study stability and realization properties of bilinear
input/output systems in

E. Kamen, "On the Relationship between Bilinear Maps and Linear Two-Dimensional
Maps," Nonlinear Analysis, Vol. 3, pp. 467-481, 1979.

6.9 Problems

6.1. Suppose two homogeneous, discrete-time, nonlinear systems are connected in
cascade. Derive an expression for a kernel for the overall system in terms of the subsystem
kernels.

6.2. If Z[f (K)] = F (2), find the 2-variable z transform Z[f (k1 +k>)].

6.3. If

Z[f (Kq, ..., kol =F(z1, ..., Z,)
show that

Z[f (ke+ LK, - .. k)] = 2aF (24, . - -1 20) = f (OKa, . . . Kn)
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6.4. Using a block-form bilinear realization, show that the response of a degree-n (greater
than 1), homogeneous, discrete-time system to an input of the form

u(k) = 8g(K) + a10p(k—Kyq) + - - + @3 »00(k—Kn-2)
isidentically zero.
6.5. Compute the symmetric transfer function of the state-affine realization in Example 6.6
using a discrete-time version of the growing exponential method.
6.6. Write the state-affine state equation (56) in the form
X(k+1) = Aox (k) + Afu(k)]x (k) + b[u (k)]

y (k) = c[u(k)lx (k) + d[u (k)]
with the obvious definitions of the functions A(u), b(u), c(u), and d(u). Then show the
input/output relationship for the system can be written in the form

N X K i—1 N T .
yk)=2 2 -+ 2 c[u(®IAg "Aluk-in)IAG™ "Afu(k=in-1=in)]

n=1i,=0 i,=0
CAGT AUz i)l Ag T b[u (kg i)
6.7. Suppose a discrete-time, homogeneous system is described by the proper,

recognizable regular transfer function Hyey(z1, . - ., Z,). Derive a formula for the steady-
state response of the system to the input u (k) = 2Acos(wk).

6.8. Suppose u(k) is a rea random signal defined on k=0,1,..., K. Discuss the
possihilities of using the system diagramed below as an autocorrelation computer.

Kz
uZ__ly,

6.9. Complete the details in the proof of Theorem 6.9.

6.10. For a system described by (107), derive an expression for the output autocorrelation

Ry ().
6.11. Verify the realization in Example 6.12.
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CHAPTER 7

IDENTIFICATION

The term identification will be used in a very broad sense to mean the obtaining of
information about the kernels or transfer functions in a Volterra/Wiener representation of
an unknown system from input/output experiments. This information usually will be in the
form of values of the kernels or transfer functions for particular numerical values of the
arguments. However, | also will discuss some simple parameter identification problems
that arise when a particular structure is assumed for the unknown system, or when an
expansion of the kernels in terms of known functions is assumed. It will become clear in
the course of the discussion that much remains to be done.

Stationary polynomial systems will be considered, and usualy the input/output
experiments will involve the application of input signals of one of the types considered in
Chapter 5 or Section 6.5. As a matter of convenience, sometimes the discussion will bein
terms of continuous-time systems, and sometimes in terms of discrete-time systems.

7.1 Introduction

The determination of kernel values for an unknown system from a genera
input/output experiment is a linear problem. Thisis most easily demonstrated for the case
of adiscrete-time, polynomial system where, for technical simplicity, it is assumed that the
system has finite memory M, and that the degree-0 term is zero. Assuming one-sided input
signals, such a system can be described by the triangular kernel representation

N M Iz In-1
yk)= 2 2 2 2 by, ..o, inu(k=iq) - u(k=ip) 1
n=1i,=0i,=0  i,=0
Now suppose that for the input-signal values u(0), .. ., u(K), the corresponding output-
signal values y(0),.. ., y(K) are known. Then it is straightforward from (1) to write a
linear matrix equation in terms of the unknown kernel values:

Y = HU 2

where
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Y=[y() - y(K)I

H =[h1(0) h1(1) - - - h1(M) h2 (0,0) htri (1,0) hoyi (LL) -~ - i (M, . -, M)]
and
LU u@)
0 u(0)
0 0
0
— u(Ou (1
U= 0 UQ(O) ©)
0 0
uM(0)
0

Now it is clear that if K is such that U is a square matrix, and if U is invertible, then the
kernel values are given by H = YU ™. If K islarger or smaller than this value, or if U is not
invertible, then least-squares techniques such as pseudo-inversion can be used to obtain
approximations to the kernel values.

While this development indicates the nature of the kernel-determination problem, it
should be clear that the dimensions involved are very large in most cases of interest. For
example, there are on the order of (M +1)" values of a degree n kernel with memory M. As
a result, the solution of the linear equation Y= HU can be quite difficult. These
considerations lead naturally to the introduction of approximation techniques involving
expansions of the kernels in terms of known functions.

Suppose it is assumed that each of the triangular kernels in (1) can be represented as

alinear combination of products of known functions @y(k), @;(k), - - -,@;(k). In particular,
it isassumed that
J J J
T (ST k)= 2 2 0 2 0j, @, (K)o @ (Kn) (4)
j1=0j,=0 in=0
Then (1) can be rewritten in the form
N J J M in-1 _ _ _ _
y)=2 2 - 20, 2 2 ¢,(0) @ (inuk=ig) - -uk=in) (5)
n=1j,=0  j,=0 i,=0  i,=0

or, in asimpler notation,
N J J
yl=2 3 X oy, @, (K) (6)
n=1j,=0  j,=0
with the obvious definition of ®; ...; (k). For a known input signal u(0),u(l),..., u(K)
and known corresponding response y(0),y(1), ..., y(K), the @; ...; (k) are known, and
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(6) yields a set of linear equations for the unknown coefficients a;, ... . If J is small, then
the dimension of the system of equations is much smaller than the dimension of (2). That
is, there can be many fewer expansion coefficients than kernel values.

Further investigation of the details of these general approaches will be left to the
reader. For the remainder of the chapter, | will be concerned with identification methods
based on particular types of input signals.

7.2 lIdentification Using Impulse Inputs

Continuous-time linear system identification based on the impulse response is
widely discussed, even on occasion used, and so it seems necessary to discuss the
corresponding situation for the nonlinear case. The reader should be forewarned, however,
that the theoretical discussion has only limited potential for application. Suppose a
degree-n homogeneous system is described by

t
y(®) = Ihnsym(t —O01,..., t-op)u(oy) - - - u(o,) doy - - - doy (7)
0

Then from Section 5.1, the response to ug(t) = &o(t) is Yo(t) = hpgm(t, .. ., t). The
response to

Up-1(t) = Oo(t) + Oo(t=T1) + -+ do(t—Tp-1) )
forp=23,...,n,whereTq,..., Ty-1 aredistinct positive numbers, is
_ n! e _

yp(t) = % m1! - ITb' hnsym(t, ml 4 ot Tp—ll mp 1t Tp—l) (9)

where 3 is a p-fold sum over all integers my,..., m, such that O<m <n, and

m
mi+ ---+my=n. Based on these response formulas, an identification strategy for
homogeneous systems is easy to explain for the degree-2 case.
For a degree-2 system, the responses to ug(t) and u4(t) are, respectively,

Yo(t) = hogm(t,t)

Y(t) = hagm(t,t) + 2Noqm(t,t=T1) + hogm(t—T1,t-Ty) (10)

Thus, the values of the symmetric kernel at equal arguments are given directly by values
of yo(t). To determine the value of the symmetric kernel at any two distinct arguments,
say t1 and t,, withty > t,, simply take T4 = t; —t, for then (10) easily gives

hasm(t1.t2) = S1Va(ts) ~Yo(t) = Yolt2)] (1)

This kind of analysis can be generalized to degree-n homogeneous systems. That is,
values of the system kernel at particular arguments can be found by properly combining
the set of system responses to a set of input signals of the form ug(t), . . ., Un-1(t), as given
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in (8). The precise details of the general calculation are messy, and so | will leave them to
the motivated reader and the literature.
Thekind of calculation just covered can also be used in the polynomial system case.
Again the degree-2 case will illustrate the development. Consider a system described by
t t

y(t) = [h1(t-0)u(0) do + [ hogm(t-01,t-02)u(01)u(0y) dojdo, (12)
0 0
The responses to ug(t) and u4(t) from (8) are listed below:
Yo(t) = hy(t) + hogm(t,t)

ya(t) = ha(t) + hy(t=Ty) + hogm(t,t) + 2hogm(t,t=T1) + hogm(t-T4,t-T1)  (13)

Now, to show how to determine the value of the degree-2 kernel hogm(t1,t,) for specified
t; > t,, | can proceed just as in the degree-2 homogeneous case. Setting T, =t —t5, an
easy calculation gives

hasm(t1.t2) = S1Va(ts) ~Yo(t) ~Yolt2)] (14

But what about the degree-1 kernel? It is clear from (13) that values of this kernel
must be separated from values of the degree-2 kernel at equal arguments. The issue of
interpolation arises here, and one approach isto notice that 2uq(t) yields the response

Ya(t) = 2hy(t) + 4hogm(t,t) (15)
Then yq(t) and y(t) yield a set of equations that can be written in vector form
yo) | _ |11 ha(t)
{W(t)] T2 4] | hogm(tt) (10

Solving yields

1) = 2Y0(t) - 3¥2(0)

hasm(t0) = Vo) + 320 a7)

Thus, these types of kernel values can be obtained at any value of t = 0.

For higher-degree polynomial systems, this analysis can be continued. But the
details become increasingly fussy, and the interpolation idea involving impul ses of various
weights becomes increasingly barren from afeasibility viewpoint. Thus| drop the subject
here, although similar ideas will arise in conjunction with less drastic input signals.

The question of how these symmetric-kernel evaluations might be used depends
very much on the situation at hand. In most of the applications to date, sufficient values
have been obtained to make plots of the kernel, and these have been analyzed to determine
characteristics of the system. Little can be said in general since the analysis depends so
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much on the physical system being modeled.

From a genera viewpoint, the ability to determine a mathematical model of a system
from kernel values depends critically on the assumptions that are made about the
(unknown) system. For example, a functional form for the kernels might be assumed, in
which case the determination of the parameters in the functional form is another step in the
system identification process. This kind of assumption can be conveniently implemented
by assuming an interconnection structure for the unknown system, or by assuming the
system can be described by a particular type of state-equation realization. Since little can
be said about the general case at present, | will be content with a simple example which,
incidently, indicates that the symmetric kernel is not always the most convenient choice of
representation.

Example 7.1  Suppose it is known that a system can be described by a differential
equation of the form

y(t) + agy(t) + agy (t) = bou(t) + doy (t)u(t)

or, equivalently, the bilinear state equation (A,D,b,c,R?):
0 1 00 0
X(t) + {do 0 ] X(Ou(t) + {b"] u(t)

X = —ap &

y®=[1 0]x()

To avoid trivial cases, assume bg,dg # 0. The results of Problem 5.1, in conjunction with
the general form

Poreg(te, - - - t,) = ce™pe™p - e™b, n=12 -

give the unit-impulse response of the system in the form

Yo)= 5 hueg(©,....0t) = hy(t) = ce™b

n=1

where the facts that D2 = 0 and Db = 0 have been used. Now, it can be assumed from
linear system theory that ¢, A, and B, equivalently, ag, a1, and by can be calculated from
this unit-impulse response. To determine D, that is, dg, the response of the system to
Og(t) + Og(t=T), T > Owill be used. Thisresponse can be written in the form

Y1) = S reg©. . .,08) + Ny O, .. .,O,T.t=T)

n=1
+ Nyeg(0, ..., 0, T,0,t=T) + - - + hyeg(O, . . ., 0,t-T)]
= ceMp + ceAtNpd_; (t-T) + cetNDeAThd_; (t-T)
It isleft as an easy exercise to show that since ¢, A, and b are known, dy can be computed
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fromthe value of y4(t) forany t > T.

7.3 lIdentification Based on Steady-State Frequency Response

The steady-state response of homogeneous and polynomia systems to sinusoidal
inputs provides the basis for another approach to the identification problem. The ideas are
similar to well known linear-system frequency response methods for finding values of the
transfer function. Specifically, suppose a stable linear system is described by the transfer
function H(s). Then, following the review in Section 5.2, the (complex) value of H (i w)
for fixed, rea w can be determined by measuring the magnitude and phase of the steady-
state response to u(t) = 2Acos(wt). Actualy, two evaluations are determined since
H (—i w) is given by the complex conjugate of the measured complex number H (i w).

Again | will begin the discussion of nonlinear systems by considering a degree-2
homogeneous system described in terms of the symmetric transfer function. From Section
5.2, the steady-state response to u(t) = 2Acos(wt) is

Yes(t) = 2A%H pqm(i @, =i @) + 2A2 [H pqym(i w,i00) | cos[ 20t + OH pqm(iw,iw)]  (18)

Thus, the values of H yqm(i @, —1w) and H oqm(i w,i w) can be determined. But this does not
provide enough information in general to uniquely determine the system transfer function.

Example 7.2 Consider the degree-2 systems shown in Figure 7.1. Either by computing
the symmetric transfer functions and substituting into (18), or by tracing the input
2Acos(wt) through the systems, it can be shown that the steady-state responses to single-
tone inputs are identical. Also it can be verified that the responses to other types of inputs
are not identical, although this should be clear. The calculations are as boring as the result
is unfortunate, and thus | omit the details.

1

| (st1)?
u Yy
s—1
TG (512)
N 1
(s+1)%(s+2)
u Y,
s—1
(s+1)?

Figure 7.1. The systems considered in Example 7.2.
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One way to circumvent this situation is to use a more complicated input signal. For
example, consider the response of a degree-2 system to a two-tone input:

u(t) = 2A1cos(wyt) + 2A5c0s(wot) (19
From Example 5.5, the steady-state response in terms of the symmetric transfer function is
given by

Yss(t) = 2AFH pgym(iwn, =i 001) + 2A5H pqym(i 00,1 p)
+ 4A1 A2 [Hogm(=i 1,1 ;) |cos[ (o)t + TH pgym(=iwy,iwy)]
+ 4A1 A2 [Hogm(iwy,iwy) [cos[(wy+wp)t + DH pgm(iwy,iwy)]

+ 2A% | H pgml(i 0d7,i001) |cOS[2001t + O pgym(i 037,1007)]

+ 2A3 | H pgym(i 022, 02) | OS[ 205t + OH 25m(i g, 022)] (20)

Now suppose that w; and w, are such that the frequency w; + w, is distinct from the other
frequencies appearing in (20). Then amplitude and phase measurement of this component
of the steady-state frequency response will give the (complex) value H ogm(i wy,i 0,).

Postponing the discussion of what to do with this value, it should be clear how to
proceed for higher-degree homogeneous systems. To outline the degree-3 case, consider
the three-tone input

u(t) = 2A1cos(wyt) + 2A5c0s(wot) + 2A3c08(wst) (21)
Specializing (46) of Section 5.3ton = 3,L = M = N = 1, the coefficient of e' ") jg

3!A1A2A3H 3W(| Wy, i Wy, i 0)3)
and the coefficient of @7 (@@t g

3! A1A2A3H 3W(—i Wy, =i Wy, =i 0)3)
These give the real frequency term

312A1A2A3 [ H ggm(i 021,100, 03) [cos(wy + ot wa)t + DH3(iwy iup,iws)]  (22)

If the frequencies w;, w,, and ws are incommensurable, this frequency term will be
digtinct, and thus the amplitude and phase can be measured to obtain the vaue
H aqm(i 1,1 0,iwz). Thisresult extends directly to the degree-n case, where the response
to an n-tone input can be used to determine thevalue of H(iwy, . .., i wp).

Finding these transfer function evaluations in the polynomial system case is greatly
complicated by the fact that higher-degree homogeneous subsystems contribute steady-
state response terms at the same frequencies as the lower-degree subsystems. Asasimple
example, suppose a polynomia system is composed of just degree-l and degree-3
homogeneous subsystems. If the input 2Acos(wt) is applied, then the steady-state
responseis
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Yss(t) = 2A [H (i) [cos[oot + [IH 1 (iw)]
+ 2A3| H 3qym(i @,1 0,—1w) |coglwt + TH 3gm(i w,i w, =1 w)]

+ 2A3|H 3gym(i W, 1w, w) [cog[3wt + TH 35m(i w,i w,i w)] (23)

Of course, the two terms at frequency w can be combined into one term using standard
identities. But the point is that the degree-3 homogeneous subsystem contributes to the
frequency components needed to determine H 1 (i w).

It isinstructive to pursue this example a little further. The response of the system to
the input

u(t) = 2A1cos(wqt) + 2A5c08(wot) + 2A3c08(wst) (24)

will contain a term at the frequency w;+wo+ws. Furthermore, this component will be
distinct if the three input frequencies are incommensurable. This indicates that values of
the degree-3 subsystem transfer function Hagm(iwy,iw,,iws) can be determined just as
before. However, the reader can easily verify that the difficulty in determining values of
H1(iw) remains. For instance, H gm(iwy, iy, —10y), Hagm(iwy,iws,—iws), and Hq(iw;)
al contribute to the frequency-w,; term in the steady-state response.

This situation brings up the problem of determining a symmetric transfer function
from its evaluations. It is to be expected that certain assumptions will be needed on the
structure of the transfer function, although just what these should be is unclear. In the
linear case, it usually is assumed that the transfer function H (s) is a strictly proper rational
function, and sometimes H (s) is assumed to be of known degree n. Then there are many
methods for determining the transfer function from a set of evaluations of the form H (i w).
This approach is unrealistic when it is assumed that n is known, athough it provides a
simple starting point for further study. Unfortunately, such a general starting point is
unavailable at present in the nonlinear case. Thus, | will abandon the general situation and
illustrate one approach with a simple class of polynomial systems. Suitably severe
restrictions will be imposed on the form of the homogeneous-subsystem transfer functions
so that they can be easily determined from evaluations of the type that arise from
frequency-response measurements.

Suppose an unknown nonlinear system is known to have the interconnection
structure shown in Figure 7.2,

U Gs) | @y ay () [ Gys)

Figure 7.2. A cascade interconnection structure.

where it is assumed that the linear subsystems are stable. Furthermore, since constant
multipliers can be distributed throughout the cascade in any number of ways, it is assumed
that G1(0) = G»(0) = 1. The interconnection structure is equivalent to assuming that the
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symmetric transfer functions for the system have the form

Hngm(S1, - - - S) = anGa(s1) - - G1(s)Ga(s1+ - +sy), n=12,..., N (25

| hardly need repeat that this structural assumption is quite severe. However, it will
permit the determination of the subsystem transfer functions, at least in principle, from
simple measurements of the steady-state frequency response. In fact, only single-tone
inputs will be required, regardless of the value of N.

The results of Section 5.2 can be applied to easily calculate the steady-state
frequency response of a system of the form shown in Figure 7.2. For an input

u(t) = 2Acos(wt)
the steady-state response can be written in the form

N
Yss(t) = fo(Aiw) + 2 3 |fr(Aiw)|cognwt + Of,(Aiw)] (26)
n=1
where
IN/2]
foAiw) =3 [Zkk] AZ*a,, G (i ) G (-i w)
k=1
[(N-r)2)
AW S [”nﬁk] AN Zg o GIK (i) GE (=i )G H(inw), @7)
k=0
n=12..., N

where [x] indicates the greatest integer < X.

There are severa approaches that can be used to determine the linear-subsystem
transfer functions and the coefficients in the polynomial nonlinearity. | will discuss avery
simple method that requires only single-tone inputs (including constant inputs), and that
does not require the measurement of relative phase. However, for reasons that will
become clear shortly, it must be assumed that G4(s) and G,(s) are minimum-phase
transfer functions.

The first step is to determine the coefficients a;,ao, ..., ay by measuring the
steady-state response to step-function inputs at various amplitudes. The steady-state
response of the systemto u(t) = Ad_¢(t) is

Yss(t) = @A + @pA® + -+ + ayAN

Therefore, measuring the (constant) value of y(t) for N different input amplitudes gives
the coefficient values by polynomial interpolation.

The determination of the linear-subsystem transfer functions G(s) and G,(s) will
be accomplished from amplitude measurements on the fundamental frequency component
of the steady-state response to inputs of the form u(t) = 2Acos(wt). In other words,
measurements of |f{(A,iw)| for various values of A and w will be used. For definiteness it
isassumed that N is odd so that f1(A,iw) can be written out in the form

311



fi(Aiw) = Gy (iw)Ga(iw)[Aay + (§)A3a3 1Ga(iw)|?

+ow | N TANa G (i0) [N (28)

2

Since f1(A,iw) is given in the form of a product of a simple complex function of w and a
complicated real function of w, it is a simple matter to compute the corresponding
squared-magnitude function:

(AT 12 = [G116) |2 |G (i) [2[Aa; + [3]A%as (G2

vt (] AMay |Gy e) VP

: : 3 : :
= A%} 6116912162 |2 + 2 [3] A*a1a51G1(60)|* (G2l |2
2

+oe AN ag |G1(iw)|PN]Go(iw)|? (29)

N
N+

1

2

Now, an identification strategy can be outlined as follows, assuming ai,az; #0 for
convenience. For fixed frequency oy, |f1(Aiw;)|? is a polynomia in A2. Thus,
measuring the amplitude of the fundamental of the responses to a suitable number of
different amplitude inputs with frequency w; permits calculation of the coefficients

P1(0q) = af |G (iwy) P |Ga(iog) |2

Pa(wy) = @183 G1(iwy) [*]Ga(iwy)|?

by polynomial interpolation. Therefore,

2

: ai  Pa(w)
Gi(iw)|?= — =——
|Ga(iun)] 2185 P1(o)
G (i) |2 = ajag Pi(w)
i) |“= —— 55—

ai Pa(w)

This process can be repeated for various values of w; so that the squared-magnitude
functions for the linear subsystems can be determined as functions of w. Then using the
minimum-phase assumption, and the normalization G1(0) = G,(0) = 1, the transfer
functions G1(s) and G(s) can be computed using well known methods in linear system
theory.
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7.4 ldentification Using Gaussian White Noise Excitation

This technique is an extension of a well known cross-correlation technique for the
identification of a stationary linear system. To review briefly, suppose that the input to a
linear system described by

y(t)= [ h(o)u(t-o) do (30)

isreal, stationary Gaussian white noise with mean zero and intensity A. Then forming the
product

yQu(t-T,) = I h(o)u(t—-o)u(t-T4)do, T; =0 (31)
and taking the expected value of both sides gives

Ely(u(t-T1)]= | h(0)E[u(t-0)u(t-Ty)] do

= [ h(0)Ay(0-T;) do

= Ah(T,) (32

Thus, values of the kernel can be obtained from the obvious kind of input/output
experiment based on (32). Of course, it is crucia from an implementation viewpoint that
the ergodicity assumption be satisfied. For then the expected value is given by a time
average, and (32) can be rewritten in the form

]
h(T,) = %Tlijrgo ZiT_jTy(t)u(t—Tl) dt (33)

An implementation of this identification approach is diagramed in Figure 7.3.

| time
_ unknown average
linear system

adjustable
delay, T,

Figure 7.3. Cross-correlation identification of alinear system.

A very similar analysis leads to a very similar procedure for determining values of
the symmetric kernel of a degree-n homogeneous system. The salient features are made
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apparent by the degree-2 case, so suppose the input to the system

y() = [ hagm(01,02)u(t-01)u(t-0,) doydo, (35)

is Gaussian white noise just as before. | assume that the kernel is symmetric for reasons
that will become apparent when terms are added up (below). Now, for T{,T, =0, T1 # T,

Ely®u(t-Tyu(t-T>)]

= | hagm(01,02)E[u(t-01)u(t-o2)u(t-T1)u(t-T)] doyda, (35)
The expectation on the right side can be expanded to give

Ely(®ut-Tu(t=T2)] = A? [ hogm(01,02)0(02~01)80(To~T1) do;do,
+ AZ [ hogm(01,02)80(T1-01)8(T,~0,) do;do,
+ AZ [ hogm(01,02)80(T2-01)8(T1~0,) do;do,

= A%8(T2=T1) [ hogm(0,0) do + 2A%N,9m(T1,T) (36)

Since T4 # To, (36) yields
hogym(T1,T2) = # Ely(®ut-Tu(t-T)] (37)

Imposing the ergodicity assumption permits (37) to be written in the time-average form
T
1 . 1
hogm(T1,T2) = W T"I‘Jo >T :[Ty(t)u(t -TYu(t-Ty)dt, T, #T, (38)

An implementation of (38) isdiagramed in Figure 7.4.
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unknown av%%%e
degree 2 system

adjustable
delay, T,

adjustable
delay, T,

Figure 7.4. Cross-correlation identification method for
adegree-2 system.

For T, = T, = 0, this approach breaks down because for white noise E[u?(t)] does
not exist. Traditionally, this is sidestepped by either of the clams: 1) in any
implementation of the method, u(t) is actually not white, 2) the values h,g,(T,T) can be
obtained by continuous extension of values hygm(T1,T2) for T, # T,. Either claim can be
valid under appropriate circumstances, but it will be seen in due course that this "diagonal
valu€' issue can cause important difficulties.

For general degree-n homogeneous systems, the cross-correlation identification
method is based on the relationship

hrgym(T1, .-, Tn) = nl_],-A” Ely®u(t-Ty) - u(t-Ty)] (39)

where T4, ..., T, are distinct, nonnegative numbers. The derivation of this formulais left
as an exercise, the solution to which is essentialy contained in a calculation later in this
section.

To consider the application of the cross-correlation approach to polynomial systems,
adegree-3 polynomial system will be used:

y(®) = I h,(oy)u(t-oy) doy

00

+ [ hagm(01,02,03)u(t-01)u(t-0,)u(t-03) dojdo,dog
Computing the input/output cross-correlation E[y (H)u(t=T)u(t-To)u(t-T3)] gives
Ely(Qut-Tu(t-T2)u(t-T3)] = Ahy(T1)d(T3-T2) + Ah1(T2)30(T5-T1)

+ Ahy(T3)8(T2-T1) + 3A3N3gm(T1,T2,T3)

Thus, for T4,T,, T3 distinct, the degree-3 polynomial case is just like the degree-3
homogeneous case in giving
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hagm(T1,T2,T3) = 13 Elyu(t-Tyu(t-Tou(t-Ts)]

3'A
Computing the cross-correlation E[y (t)u (t—-T)] gives

E[y(t)u(t-Tq)] = Ahy(T7) + 3A2 I hagym(0,0,T1) do (40)

Therefore, determining values of the degree-1 kernel involves the degree-3 kernel with not
al arguments distinct. Unless the integral term in (40) can be approximated accurately
using appropriate approximate values of hzg,(0,0,T1), the degree-1 kernel values cannot
be isolated. Of course, there are hypotheses, usually quite restrictive, that can ameliorate
the situation. Often these hypotheses can be conveniently phrased in terms of an assumed
interconnection structure for the unknown system.

Example 7.2 Suppose a system is known to have the interconnection structure shown in
Figure 7.5.

Figure 7.5. A degree-2 polynomial system.

Then the input/output representation can be written in the form

00 00

y(t)= [ h(o)ut-0)do + [ [ ash(o1)h(0)u(t-01)u(t-0y) dojdo,

—00—00

With an input that is a sample function from a zero-mean, white Gaussian random process
with intensity A, the mean of the response is

00 00

Ely()] = [ h(o)E[u(t-0)]do+ [ [ a;h(o1)h(02)E[u(t-01)u(t-02)] doydo,

= a,A [ h%(0)do

The input/output cross-correlation is given by
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Ryu(1) = Ely(t)u(t-1)]

= [h(0)E[u(t-o)u(t-1)] do

00 00

+ [ [ ash(o1)h(02)E[u(t-01)u(t-02)u(t-1)] doydo,

—00—00

= Ah (1)

Thus, values of the kernel can be computed from input/output cross-correlations. And if a
sufficient number of values are computed to approximate the integral, then the constant a,
can be computed from the response mean.

The genera difficulties encountered in the polynomial system case can be
circumvented by adopting the Wiener orthogonal representation. (Another important
reason for using the Wiener representation is suggested in Problem 7.5.) Suppose that a
system can be described by

N
y(t)= 2 Galkn,u(t)] (41)
n=0
where, as given in Section 5.5,
n/2) (_ i
Galkn (V)] = 3 é—l% [ K01+ G TaTar - TT)
i=0 —00

dty - dtu(t-0y) -+ u(t—0Op-)doy -~ doy 5 (42)

Following the notation in Section 5.5, the Wiener kernels are symmetric despite the
absence of the subscript "sym'. Now the identification problem can be viewed as the
problem of determining the symmetric function k,(t4, .. ., t,) which specifies G[ky,u (t)],
n=01,..., N.

The procedure again involves products of delayed versions of the Gaussian white
noise input. Such a product, u(t-Tq) --u(t-T,), can be viewed as a degree-n
homogeneous operator on the input, and this viewpoint allows use of the orthogonality
property of the Wiener operators. (Recall that the homogeneous operator
u(t-Tq) - -u(t-T,) can be written in integral form using impulsive kernels, but there
seems to be little reason to do so for the following calculation.)

First note that the expected value of the output is

N
Ely(®)] = X E[Gnlkn,u(t)] (43)
n=0

and, using the result established in the proof of Theorem 5.1, the degree-0 Wiener kernel is
given by
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ko= E[y(®)] (44)
The value of the degree-1 Wiener kernel kq(t),att = T, 2 Oisfound asfollows. First,

N
Ely®ut-T1)]l = E[ 3 Gnlkn,u®)] u(t-Ty)]
n=0

= E[Golko,u®)]u(t-Ty)] + E[G[kq,u(t)] u(t-T,)] (45)

where the fact that Wiener operators of degree > 1 are orthogonal to any degree-1 operator
has been used. In a more explicit notation,

Ely(tu(t-T1)] = koE[u(t-T1)] + [ ky(0)E[u(t-0)u(t-T4)] do

= Akq(T1)
so that
1(T1) = - EYOu(E-T)] (46

Of course, under an ergodicity hypothesis this calculation can be implemented as a time
average.

Now | press on to the determination of the degree-2 Wiener kernel. For distinct
nonnegative numbers T, and T, the evaluation k,(T4,T5) can be found by noting that

N
ElyQut-Tou(t-T2)]=E[ X Gulky,u®)]ut-T)ut-T>)]
n=0

= E[kou(t-Tu(t-T,y) + I ki(@u(t-o)u(t-T)u(t-T,)do

00

+ I ko(01,00)u(t—0)u(t—-o)u(t-T1)u(t-T,) doido,

~A[ kz(0,0) dout-Tou(t-T,)]

= AkoBy(T1-T2) + 2A%K(T1,T2) (47)

Thus, since T1 #T»,

ka(T1,T2) = # Ely(@u(t-To)u(t-T2)] (48)
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The degree-m (< N) Wiener kernel is evaluated in asimilar fashion. For T4, ..., T
distinct nonnegative numbers, the calculation can be outlined as follows:

N
Ely@Qu(t-T1) - u(t-Tm)] = E[ X Gulkn,u(t)Ju(t-Tq) -~ u(t-Tm)] (49)
n=0

By the orthogonality property,

Ely®u(t-T1) - -ut-Ty)] = g E[Gnlkn,u®]u(t=T1) -~ u(t-Ty)] (50)
n=0

Changing to a more explicit notation and using (42) gives

Ely@Qu(t-T) - u(t-Ty)] = § J kn(o1, ..., 0n)E[u(t-01) - - - u(t-0y)

n=0 -
u(t-Tq)---u(t-Ty)] doy - --do,

m [n/2] _1in!Ai ©
+ 33 TR f6 o Tt T T EUE-0) - U0 2)
n=0i=1 2(n=2)N"! =,

u(t-Tq) - --u(-Ty] dty - - -dt; doq - - - dop—y (51)

In the first summation in (51), the expected value can be rewritten as a sum of products of
impulses. When n = m further analysis of the integrations indicates that two types of
terms will arise: those that contain a factor 8y(T;—T;), and those that contain no impulse,
but rather an evaluation of the kernel for some permutation of arguments T4, ..., T
Since the Tj"s are distinct, al those terms with impulse factors will be zero, and it can be
shown that the remaining terms give, by symmetry of the kernel, m!'A"ky, (T4, .. ., Tin)-
When n < min the first summation in (51), there are two cases. If n + mis odd, then the
expected value is zero. If n + miseven, then each term in the expected value will contain
afactor of the form dy(T;—T;), and so again zero is obtained. For similar reasons, al the
terms in the second summation in (51) yield 0. Thus,

Kn(T1, ... Tm) = - ; Ely®u(t-Ty) - u(t-Tpy)] (52)

m

under the hypothesis that the T s are distinct.

The reader undoubtedly is convinced by now of the crucia nature of the distinct T;
assumption. Unfortunately, this causes an important difficulty when it is the symmetric
Volterrakernel that is of interest. To convert the Wiener representation (41) into a Volterra
series representation, the various terms of like degree in (41) must be gathered together.
Recalling Theorem 5.3, the degree-n symmetric kernel in a Volterra series representation
of the systemin (41) isgiven by
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)= (N-ZW? (D)™(n+2m)!A™
m=0 nim!2m

[ Knsom(t, - - t0,01,01, . . ., Om,Om) doy -+ - dop, (53)
0

It is clear that values of the symmetric Volterra kernel even for distinct arguments depend
on values of the Wiener kernels for indistinct arguments.
A way to avoid the diagonal difficulty isto use the residual

Y-S Golknu(®)] (54)
n=0

rather than just the response y (t) in the computation of kernel values. It can be shown (see
Problem 7.4) that for any nonnegative values T4, . . ., T

m-1
k(T - - Tm) = m;m Elly(®) - ;o Gnlkn,u®Du(t=Ty1) - -ut-Ty)] (55

Example 7.3 The difficulty in determining kernel values for nondistinct arguments does
not arise in the discrete-time case. When the input is a stationary, zero-mean, white
Gaussian random process with intensity A, Theorem 6.9 can be simplified using the results
of Example 6.8 to give the following relationships.

ko = ELy(ko)]

ky(ia) = %E [y (ko)u(ko=i1)]

ﬁ ELy (ko)u (ko= )u(ko=iz)] . i1 #is

Ka(ig,iz) = 1 . o
WE[y(ko)(U (ko=i1) =A)], i1=1i2

The higher-degree kernels are given by similar formulas.

Just as in the case of Volterra kernels, the question of how to use the values of the
Wiener kernels is difficult. Again | will indicate one approach by investigating further the
case where a particular interconnection structure is assumed. A side benefit is that in the
course of the development there will be occasion to exercise a number of the tools that
have been developed for manipulating Volterra series and Wiener series representations.

Suppose an unknown system is known to have the interconnection structure shown
in Figure 7.6, where the two linear systems are assumed to be stable, minimum phase, and
such that G1(0) = G,(0) = 1. Notice that here the Fourier transform notation is being used
so that the linear subsystems are specified in terms of system functions.
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U G (@) ay OV ay OV ay() | Gyw)

Figure 7.6. A familiar interconnection structure.

Proceeding as in the case of transfer functions, it is easy to show that in terms of the
subsystem system functions, symmetric Volterra system functions are given by

Hngym(a, . . ., W) = a,G1(wy) - G1(w)Go(t+ - +wy,), n=12,..., N (56)

Then from Problem 5.14, the Wiener system functions, the Fourier transforms of the
Wiener kernels, are given by

N (n+2)) Al s
i ntj12l

Kn(®g, ..., wWn) 1(w1) - - Ga(wy)

Golwrt -~ +anl 5 [ GGV (57

Using Parseval’s relation for single-variable Fourier transforms gives

[(N-n)2] (n+2])!Al a0
Kn(wy, ..., W) = L

? j
j=0 ntj12l [_.[Ogl(T)dr]

Gi(wr) -+ Ga(wn)Go(g+ - - +wy), n=1,..., N (58)

Now, from the results of the cross-correlation method it will be assumed that a
sufficient number of values of the degree-1 Wiener kernel have been obtained to permit the
computation of K ;(w). Then (58) gives

[(Ng)m (1+2))!Alay
That is, the product G (w)G,(w) is determined up to an unknown constant.

Suppose also that a sufficient number of values of the degree-2 Wiener kernel have
been computed to permit the calculation of K (w;,0w,). Then (58) gives

[(N22/2] (2+2))IATag,
i 212!

That is, the product G1(w;)G1(ws)Go(w+w,) isdetermined up to a constant.
In order to show how to obtain G4(w) and G,(w) from the first two Wiener system
functions, it is convenient to write

Ki(w) = [] gE()dT)G1(w)G2(w) (59)

Ka(wy,wp) = [J g2 (0)dT)G1(w1)G1()Ga(wr+w,) (60)

321



K1(w) = a;G1(w)Ga(w)

K2(g,00) = 02G1(w1)G1(w2)G2(w +wy)
where a1 and o, are unknown constants. Then it is easy to verify that for any o,
Ko(-2,0) 0y Gi(-/2)G;(w)
Ki@2) — ar  Gy(w2)

so that the magnitude spectrum of Gi(w) is determined up to an unknown constant
according to

10 [Kp(-w2,0) |
20 [Ky(wi2)]

Of course, this implies that the magnitude spectrum of G»(w) is determined up to an
unknown constant according to

|G1(w)] =

1 KW
10 [G1(w)|

Using the minimum-phase and normalization assumptions, the calculation of G4(w) and
Go(w) is a well known problem in linear system theory. Further consideration of the
identification problem, in particular, the determination of the coefficients in the
nonlinearity, isleft to Problem 7.8. But it isimportant to notice how the linear subsystems
in the degree-N polynomial system can be determined from just two kinds of input/output
cross-correlations.

|Ga(w)| =

7.5 Orthogonal Expansion of the Wiener Kernels

Because of difficulties in the use of Wiener-kernel values, an orthogonal expansion
approach can be an important alternative. The basic idea, similar to that briefly discussed
in Section 7.1, is to represent the Wiener kernels of the unknown system in terms of an
orthonormal basis for the Hilbert space L,(0,), and then determine the coefficients in this
orthonormal expansion. Again, the input signal to be used is areal, stationary, zero-mean,
white Gaussian random process with intensity A.
Suppose the unknown system can be described in terms of the Wiener orthogonal
representation. Furthermore, assume that each Wiener kernel ky(tq, ..., t,) can be
represented in the following way. Let @;(t),@(t), - - - be an orthonormal basisin L,(0,).
That is,
o 0, i#j
Ja®e) dt = o (61)
0 1, i=]

Then in terms of this basis write each Wiener kernel in the form
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[o0)

lts )= 5 0 3 K0, 8,00 @, (©)

i;=1 in=1
where
iy i, = [ Kalta - t)@, (t) - @ (t) dta - - ity (63)
0
Notice that for any permutation tof i, ..., in
Kiy i, = Kngiy) - nio) (64)

by the symmetry hypothesis implicit in the use of the Wiener operators. Of course, the
expansion (62) will be truncated to some finite number of terms in practice, thereby
yielding an approximate representation. The identification problem now is posed in terms
of determining the expansion coefficients k; ... .

For the degree-0 Wiener kernel, there is nothing to discuss since kg = E[y(t)]. For
the degree-1 Wiener kernel,
ki(t) = 2 kia() (65)
i=1

the i coefficient can be identified according to the following cross-correlation
calculation:

Ely(t) Ja(o)u(t-o)do] = E[ % Gnlkn,u(t)] | @(0)u(t—0) do]
0 n=0 0

= ko [ @(0)E[u(t-0)] do + [ [ ke (D@ (0)E[u(t-T)u(t-0)] dido
0 00

= A [ k(M@ (1) dt = Ak, (66)
0
In terms of the notation to be used for the higher-degree cases, (66) can be written as
1
ki = L Ely®OGa[@.u®]l (67)
If ergodicity is assumed, the cross-correlation can be computed by time-averaging. Then

the identification method can be diagramed in terms of a multiplicative connection of the
unknown system with the known system G[@,u (t)] as shown in Figure 7.6.
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>3 Gk, u(t)] |-

time
average

Figure 7.7. Coefficient identification method for k4(t).

The determination of the coefficient k; ;, for the Wiener kernel ky(t1,t) can be
diagramed as shown in Figure 7.7, where the unknown system is connected in
multiplicative parallel with the known system described by the Wiener operator

00

Galg,@,u®] = | %[tn1(T1)<92(T2)+<91(T2)<nZ(Tl)]u(t —T)U(t-Tp) dT,dT,
0

-Af9,@®a,@dv (68)
0

(Notice that the Wiener-operator notation is being abused slightly to avoid writing out the
symmetric version of ¢ @,.)

N
3. G, [k, u(t)]

u time
average

G2[(p[1’ (p’2’ u(t)]

Figure 7.8. Coefficient identification method for ko (t1,t5).
Using the orthogonality properties of the Wiener operator,
Ely(t) Gal@,@,,ut)]] = E[ 2 Galkn,u(t)]Gz[@, @, u(t)]]
n=0

= E[Ga[k2,u()]Gzl@, @, u®)]]

= E[Galka,u(®)] | %[tn1(T1)<92(T2)+<91(T2)<nZ(Tl)]u(t —T)U(t-Tp) dT,dT,
0
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o 8

% k2(01,02)[@, (11)®,(T2) + @, (12)@,(T1)]
E[u(t—-o)u(t-o)u(t-1)u(t-15)] doido,dt,dt,

- A [k2(0,00@, (1)@, (T)E[u(t-T1)u (t-T2)] dodt,dt,
0
Computation of the expected values goes in the usual manner to yield

Ely(t) Gal@,@,,u(t)]] = 2A? 1

2[ki1i2 + ki i1 = 2A%k

i,
That is,

K.i, = ﬁ Ely(t) G2l@,@,.u®]]

(69)

(70)

(71)

The identification procedure for the expansion coefficients for the degree-n Wiener
kernel Kq(tq,..., t,) proceeds in just the same way. The calculations corresponding to
(69) are much more complicated, but these can be avoided by invoking earlier results. The

starting point is shown in Figure 7.9.

3, G lle, ()] —

time
average

G, [@,~¢, u(0)]

Figure 7.9. Coefficient identification method for k,(t4, . .., th)-

Application of the orthogonality property immediately gives
Ely(t) Gal®, -~ @, ut)] = E[Gn[kn,u®)IGn[@, - @ u(t)]]
Now using adlight variant of the proof of Theorem 5.2, it is easy to show that
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E[Gnlkn,u®IGnl@, -~ @, u®]]

= n!A”kil...in (73)
This gives the general formula
1
ki, --i, = ——E[y(®) Gnl@, -~ @ ,u(t)]] (74)
n'A

7.6 Remarks and References

Remark 7.1 The fact that the determination of kernel valuesisalinear problem has been
discussed by many authors working from several different viewpoints. For atreatment in a
genera continuous-time setting, see

W. Root, "On the Modeling of Systems for Identification Part I: e-Representations of
Classes of Systems,” S AM Journal on Control, Vol. 13, pp. 927-975, 1975.

The polynomial-system identification problem can be viewed as fitting a polynomial
system to a given set of input/output pairs. An operator-theoretic study of this formulation
isgivenin

W. Porter, "Synthesis of Polynomic Systems,” SAM Journal on Mathematical Analysis,
Vol. 11, pp. 308-315, 1980.

An elementary discussion of the material of Section 7.1 along with an interesting
application can be found in

J. Amarocho, A. Bandstetter, "Determination of Nonlinear Rainfall-Runoff Processes,"
Water Resources Research, Vol. 7, pp.1087-1101, 1971.

Remark 7.2 A more complete discussion of the use of impulse inputs for identification
can be found in the paper

M. Schetzen, "Measurement of the Kernels of a Nonlinear System of Finite Order,"
International Journal of Control, Vol. 1, pp. 251-263, 1965.
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For the discrete-time case, see

S. Clancy, W. Rugh, "A Note on the Identification of Discrete-Time Polynomial Systems;,"
| EEE Transactions on Automatic Control, Vol. AC-24, pp.975-978, 1979.

Remark 7.3 An dementary review of the structural aspects of linear-system
identification using rational interpolation theory isgivenin

W. Rugh, Mathematical Description of Linear Systems, Marcel Dekker, New York, 1975.

This treatment includes the topic of identification from steady-state frequency response.
The steady-state response to single-tone inputs also can be used for identification in a class
of interconnection structured systems somewhat more general than the linear-polynomial-
linear sandwich. See

S. Baumgartner, W. Rugh, "Complete Identification of a Class of Nonlinear Systems from
Steady-State Frequency Response," |IEEE Transactions on Circuits and Systems, Vol.
CAS-22, pp. 753-759, 1975.

E. Wysocki, W. Rugh, "Further Results on the Identification Problem for the Class of
Nonlinear Systems Sy," |IEEE Transactions on Circuits and Systems, Vol. CAS-23, pp.
664-670, 1976.

J. Sandor, D. Williamson, "Identification and Analysis of Nonlinear Systems by Tensor
Technigues,” International Journal of Control, Vol. 27, pp. 853-878, 1978.

I dentification based on the steady-state response to multi-tone inputs is discussed in

K. Shanmugam, M. Jong, "Identification of Nonlinear Systems in Frequency Domain,"
|EEE Transactions on Aerospace and Electronics, Vol. AES-11, pp. 1218-1225, 1975. The
following paper on nonlinear system identification does not use the Volterra or Wiener
representations, but it should be consulted by the serious reader.

L. Zadeh, "On the Identification Problem,” IRE Transactions on Circuit Theory, Vol. 3, pp.
277-281, 1956.

Remark 7.4  The method in Section 7.5 for abtaining Wiener-kernel orthogonal
expansion coefficients using a Gaussian white noise input is the origina identification
procedure suggested by Wiener. Wiener's results are presented in terms of a Laguerre
function expansion basically because the Laguerre functions can be realized using
eectrical circuits. However, any orthogonal expansion can be used. For a detailed analysis
of the Wiener model, see
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M. Schetzen, The Volterra and Wiener Theories of Nonlinear Systems, John Wiley, New
York, 1980.

Remark 7.5 The cross-correlation technique for determining Wiener kernel values was
proposed in

Y. Lee, M. Schetzen, "Measurement of the Wiener Kernels of a Nonlinear System by
Cross-correlation,” International Journal on Control, Vol. 2, pp. 237-254, 1965.

Further discussion of the cross-correlation method from a more mathematical point of view
can befoundin

S. Klein, S. Yasui, "Nonlinear Systems Analysis with Non-Gaussian White Stimuli:
General Basis Functionals and Kernels," IEEE Transactions on Information Theory, Vol.
IT-25, pp. 495-500, 1979.

G. Palm, T. Poggio, "The Volterra Representation and the Wiener Expansion: Validity and
Pitfalls," S AM Journal on Applied Mathematics, Vol. 33, pp. 195-216, 1977.

S. Yasui, "Stochastic Functional Fourier Series, Volterra Series, and Nonlinear Systems
Analysis," IEEE Transactions on Automatic Control, Vol. AC-24, pp. 230-242, 1979.

The first of these papers discusses the difficulties involved in finding equal-argument
kernel values by the cross-correlation method. This method has been used much more
widely than the original Wiener method, in large part because of the often great number of
expansion coefficients that must be found in the Wiener method. Applications of the
cross-correlation method have been particularly numerousin the biological modeling field.
See for example

P. Marmarelis, V. Marmarelis, Analysis of Physiological Systems, Plenum, New York,
1978.

This book contains discussions of a number of important issues that arise in applications.
These issues include the problem of approximating white noise, and computational
methods for the cross-correlation method. The identification of cascade structured systems
using the cross-correlation method has been treated in

M. Korenberg, "ldentification of Biological Cascades of Linear and Static Nonlinear
Systems," Proceedings of the Sxteenth Midwest Symposium on Circuit Theory, pp. 1-9,
1973.

M. Korenberg, "Cross-correlation Analysis of Neural Cascades," Proceedings of the Tenth
Annual Rocky Mountain Bioengineering Symposium, pp. 47-52, 1973.
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Thiswork is also discussed in the book by Marmarelis and Marmarelis.

Remark 7.6 The identification problem for polynomia systems using Gaussian inputs
can be formulated in terms of Fourier transforms. This leads to an expression for the
system function in terms of higher-order cumulant spectra of the response. This
formulation and methods for estimating cumulant spectra are discussed in

D. Brillinger, "Fourier Analysis of Stationary Processes," Proceedings of the IEEE, Vol.
62, pp. 1628-1643, 1974.

D. Brillinger, "The Identification of Polynomial Systems by means of Higher Order
Spectra," Journal of Sound and Vibration, Vol. 12, pp. 301-313, 1970.

| should note that these papers require a deeper background in statistics than that presumed
in Section 7.4.

7.7 Problems

7.1. Suppose adiscrete-time, degree-n, homogeneous, system is such that

Mregli1, . . .,in) = 0, ifanyi; = 0

Show that for the set of positive integers |4, .. ., Iny Nreg(les -2y I,) can be determined
from the system response to
U(k) = oK) + Bo(k—11) + So(k 111 5) + +++ + Bg(k—l =+ ~Iy)

7.2. For adegree-n homogeneous system with the cascade structure shown below, analyze
the possibility of identification using the steady-state response to single-tone inputs.

G ] om G [l om0

7.3. For the system shown in Figure 7.2, devise a single-tone identification strategy that
does not require step function inputs.

7.4. Derive (55) for m = 0,1,2,3, and discuss the limitations of the corresponding modified
cross-correlation approach to identification.

7.5. For identification in the infinite series case using Gaussian white noise, discuss the
advantages of the Wiener representation over the Volterra representation.
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7.6. Develop a simple cross-correlation technique for the identification of cascade
structured systems of the form shown below. Do not assume that G (w) is minimum phase.

w g (P a (P a,() | Gle) |

7.7. For the class of systems considered in Problem 7.6, develop an identification
approach based on steady-state responses to single-tone inputs.

7.8. For the system shown in Figure 7.6, show how to determine the coefficients in the
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