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Abstract

The application of robust control theory requires applicable
models containing unknown, bounded, perturbations and unknown,
bounded input signals. Model validation is a quantitative means of
assessing the applicability of a given model with respect to
experimental data.

This paper develops a theoretical framework, and a computational
solution, for the model validation problem in the case where the
model, including unknown perturbations and signals, is given in the
continuous time, yet the experimental datum is a finite, sampled,
signal. The continuous nature of the unknown components is treated
directly with a sampled data lifting theory. This gives results which
are valid for any sample period and any datum length. Explicit
calculation of whether sufficient data for invalidation has been
obtained arises naturally in this framework. A common class of
robust control models is treated in both open- and closed-loop and
yields a convex matrix optimization problem. A simulation, and an
experimental, example illustrate the approach.
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1 Introduction

The underlying motivation for this work comes from the problem of
designing a control system for a physical plant. Almost all design methods
require a model representing the plant behavior, and furthermore, the
model must be compatible with the design approach. The more recent
approaches, particularly robust control, require models which cannot be
provided by the standard identification techniques (meaning those
described by Ljung [1]). This mismatch has hindered the application of
robust control and has led to an increased interest in the problem of
modeling uncertain systems.

Robust control models contain, in addition to unknown additive noise,
bounded perturbations which can be used to describe unmodeled
dynamics. See for example, [2, 3, 4, 5, 6, 7] and the references therein.
This is a powerful formulation as such dynamics can be destabilizing under
feedback. Linear models in which all uncertainty is described by additive
noise do not have the ability to predict the destabilizing effects of
uncertainty. The model perturbations are not entirely arbitrary and are
described as unknown elements of a specified class. In the work presented
here we will concentrate on the Hy, /structured singular value framework.

Standard identification techniques currently do not lead to suitable bounds
on the perturbations, although some work is heading in this direction. The
work of Goodwin, Ninness and Salgado [8, 9, 10] or Hjalmarsson and
Ljung [11] begins to investigate this area. The resulting model
formulations do not match those used for the design methodology we are
considering here.

The area of identification in Hy,, developed by Parker and Bitmead [12]
and Helmicki, Jacobson and Nett [13, 14], with additional work by Makila
and Partington [15, 16] and Gu and Khargonekar [17], focuses on
developing algorithms to provide a robust control model, in the Hy,
framework. In attempting to identify a model in this framework,
assumptions are usually required to provide a well posed problem. A priori
H,, perturbation bounds are often assumed and data is taken and
analyzed in order to provide a compatible model, meeting the bounds with
a small amount of additive noise. The full generality of the robust control
framework cannot yet be handled and the perturbation bound is not
derived from the experimental data.

Several research groups are investigating iterative identification/design
methodologies in a robust control framework. Such approaches do not yet



have a rigorous theoretical backing. We note the work of Zang, Bitmead
and Gevers [18]; Lee et al. [19]; and, in the area of H,, based schemes,
Schrama and Van den Hof [20, 21]

Model validation is the converse side of the identification problem — given
a system model, which includes assumptions, we would like to assess
whether the model is consistent with experimental observations. No
assumptions are made about the nature of the physical system. Rather,
measurements are taken, and the assumption that the model describes the
system is directly tested. In a robust control context model validation is
equivalent to asking whether or not there exists an unknown vector valued
signal and an unknown perturbation, satisfying the specified assumptions
and accounting for the input-output datum. This is the question that we
address in this report.

Model validation for least squares/stochastic models has been applied for
some time and Ljung [1] gives an overview of model validation in the
standard identification framework. In the robust control framework there
is no identification methodology that generates models, guaranteed to be
consistent with the observed data. Robust control models are often
obtained from a combination of standard identification approaches and
ad-hoc estimates of perturbation bounds. We also note that validation is
with respect to a single experiment. It is not possible to validate a model
from a finite amount of data; however a single datum can invalidate a
model. We will maintain the customary practice of referring to this
procedure as model validation, although the term model invalidation is
clearly more descriptive. Our formal results will be presented in terms of
invalidation conditions.

The model validation problem was posed and solved for frequency domain
data and general Hy/p models by Smith and Doyle [22, 23]. Krause et

al. [24] studied a similarly motivated problem: the implications of test data
on determining stability margins. The frequency domain data requirement
is not the easiest to apply to experiments and Poolla et al. [25] considered
the model validation problem for discrete-time models with time-domain
experimental data. Their formulation applied to a more restricted,
although still common, class of perturbations. Zhou and Kimura [26] have
considered a similar problem and addressed the issue of identifying certain
system parameters in this framework.

In this paper we investigate a more experimentally motivated model
validation problem for H, /i robust control models. The system, and the
given model, are in the continuous time domain. A known input is applied
and measurements of the system output are obtained by sampling. We



explicitly account for the continuous nature of the model, unknown
perturbations, and unknown noise. This approach therefore gives a closer
connection to the physical model than we would obtain by discretizing the
model and attempting to validate a discrete time approximation of the
model. The consideration of the continuous time intersample effects also
allows us to consider the problem for any sample rate without requiring
bandlimited assumptions on the signals in the system. The chosen sample
rate clearly affects the validation experiment outcome and this is brought
out in the approach taken here; slow sample rates may not generate
enough data to invalidate a model.

We consider robust control models with the standard additive or
multiplicative perturbations both in open- and closed-loop experiments.
The paradigm we use here builds on the purely discrete-time work of
Poolla et al. [27] and Zhou and Kimura [26]. The continuous-time nature
of the unknown perturbations and unknown signals is handled by applying
the sampled data lifting framework developed by Bamieh, Pearson, Francis
and Tannenbaum [28, 29]. See also the related work of Yamamoto [30].
This allows us to characterize the effects of the infinite dimensional
continuous-time parts of the system in a finite dimensional manner. From
this we develop a matrix optimization formulation for the solution to the
model validation problem. In the perturbation framework considered here
this reduces to a convex optimization problem.

The outline of the paper is as follows. Section 2 gives the required
theoretical background. The lifting theory is outlined in this section and
the model framework is formally introduced. Section 3 presents the main
results of the paper. The experimental configuration is detailed and the
appropriate model validation problem is defined. A framework is
developed and applied to the solution of the model validation problem.
This leads to a convex optimization problem and the details of this are
outlined in Section 4. Section 5 presents a simulation based example which
is helpful in clarifying the application of the theory. An experimental
application, illustrating some of the engineering aspects, is presented in
Section 6. We conclude with a discussion of the results in Section 7.

Portions of this work have been submitted to the IEEE Transactions on
Automatic Control and the International Journal of Robust and Nonlinear
Control.



2 Theoretical Background

This section provides the required background on robust control models,
the general model validation problem, and the sampled-data lifting theory.
All of these areas are detailed elsewhere so we only provide an outline and
introduce our notation.

2.1 Signal Spaces and Lifting

This section defines the basic mathematical objects we will use in the
sequel, and introduces a useful lifting operation. The lifting operation
presented is from [28, 29]. The symbol R will denote the real numbers, and
Z* the non-negative integers. Define the Hilbert space L5'[0, 00) consisting
of functions, mapping the interval [0,0) to R"™, that have finite energy:

+00
Ls[0,0) := {u : HuH% = J \u(t)@dt < —I—oo},
0

where | - |3 is the Euclidean norm. Usually, we will just write Lo when the
interval of definition and Euclidean dimension are clear.

We next define a particular class of sequence spaces. Suppose H is a
Hilbert space with norm | - ||3; we define the space lo(H) to be the
sequences mapping Z* to H that are square summable. Namely,

lo(H) = {w HllE = ) Ikl < oo} :

k=0

Note from the above definitions that | - |2 is context dependent. Also,
observe that when H = R™ we have the usual space of square summable
sequences.

Given two Hilbert spaces H1 and Ho, and a linear operator Q : Hi — Ho,
we define the induced norm of @) to be

|Qlrty iy = sup 1
weryut0 | ulan
When the induced norm on @ is clear from the context we simply write
|Q|, suppressing the dependence on H; and Ho. This defines the norm
topology. We will also require the weak* (or weak operator) topology; a
sequence Q) of bounded operators Hi — Ha converges to ) in this
topology if

(&, Qupdn, =3 (x, Qudy,  for all z e Hy and y € Ho.
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Figure 1: Lifting Operation

We recall a useful property of this topology: if Qi is a uniformly bounded
sequence of operators, then there exists an operator @, so that a
subsequence Q; converges weak® to (). See, for example, [31] for this
compactness result.

We now proceed to define a lifting operator that will be used extensively in
this work. To start, define Lo[0, h), for h > 0, to be the space of square
integrable functions mapping [0, k) to R"™; the compression of Ls[0, 00).
Our goal is now to define an isomorphism between Lo[0, o0) and

l2(L2[0, h) ). Define Ay : La[0, 0) — l2(L2[0, h)) to be the map that takes
d € L»[0,0) to the sequence dy = (Apd)y € Lo[0, h) via,

(di)(7) :==d(T + kh) for k=0, 7 €0, h). (1)

The effect of this mapping is intuitively shown in Figure 1. Clearly A;l is
well-defined, and |Ap| = [|A; '] = 1, so Ay, is an isometric isomorphism.

As a general rule, a signal d € Ly[0,00) will be denoted in a standard math
script (e.g: d or d(t)). Its associated lifted signal will be denoted by d, or
dy,, or Jk(T) depending upon context. In the following we will often
associate lifted signals, J, with vectors sequences in Iy and in this case the
vectors are denoted by d or dj, as is appropriate.



2.2 Perturbation Types

This section is devoted to defining the perturbation classes we will be
dealing with in the paper. The two main dynamical properties we will be
focusing on are causality and time-variation.

To start, define the truncation operator II; : Ls[0,00) — L2[0, 7) for each
7> 0 by (IT;u)(t) = u(t) for t < 7. An operator on L2[0,0) is causal if

I AT, = II, A for all 7 > 0.

Note that IT* naturally inserts Lo[0,7) into L2[0,00), and that IT*IL; is a
projection operator.

Also, define the shift operator E; : L2[0,00) — L[0, 00) for each 7 = 0 via
(E;u)(t) = u(t — 1) for t = 7 and zero otherwise. Then A is defined to be
linear time-invariant (LTI) if

= A=A=,. forall 7>0.

Related to these definitions we have h-anticipatory and h-periodicity:
given h > 0, an operator A is said to be h-anticipatory if,

for all integers k > 1; the operator is h-periodic if,
ZRA = ATy,

The term h-anticipatory refers to the fact that the output of the operator
may depend upon the input by up to time A in advance. In other words, if
A is h-anticipatory Z,A is causal.

Similarly, in discrete time we define the truncation operator m,, mapping

la(H) to (@H), by (7)) = ¢y if 0 < k < n and zero otherwise. The
k=0

discrete shift operator ¢ : lo(H) — l2(H) is defined by (¢v)x = g1 for

k=1 and (C¥)p = 0. An operator A on l3(H) is defined to be causal if,

A = T ATETY for all k = 0.
and LTT if,
CA = AC.

In the sequel we will be particularly concerned with a special type of
existence problem for operators; we now describe the discrete time setup



for this problem and present some preliminary results. Given two finite,
Hilbert space valued sequences,

(uoy -y up) and (Yo, .., Yn)

n
in the orthogonal sum k@O'H, what is the operator A of smallest norm

satisfying

where u¢ and y¢ are any sequences in lo(#) that satisfy

u® = (UQy. -y Uny Uptly---)

= (yOa”'ayna yn+1,~-)-

That is, we want to specify the first n + 1 entries of an input-output pair.
Observe that if A is causal the above condition is equivalent to
y = T AT,

We now state two so-called extension theorems, which solve such existence
problems under different constraints on the time variation of A.

n
Proposition 1 Suppose that u and y are in k@_‘)OH. Then there exists a

causal operator A on lo(H) satisfying,
y = m,Amiu,  with ||A] <1, (2)

if and only if,

l l
Dluelie < X luklf,  forallo<i<n.
k=0 k=0

In the proposition statement, (2) expresses the fact that we want to specify
n + 1 entries of the input-output pair. The result above is formally
equivalent to one found in [27], the only difference being that here H can
be infinite dimensional; we therefore omit the proof.

The perturbation in the preceding proposition gives conditions for the

existence of a causal operator; the next result provides similar conditions,
but for causal, LTI perturbations; a more restrictive class.

10



n
Proposition 2 Suppose that v and y are in k@OH. Then there exists an

LTI, causal, operator A on la(H) satisfying,

y = mAmiu,  with |A] <1, (3)
if and only if,

Y*Y <U*U on R"

where U and Y map R™! to k(%ﬂ?—[ and are defined by

0 0 0 0 ug 0 0 0

Y = Yo 0 0 U= U 0 0
Yn—1 Yo 0 Up—1 *+° U 0

Yn Yn—1 - Yo Un Up—-1 - uo

This proposition is an operator valued version of the classic Caratheodory
interpolation theorem; see, for example, [32, p. 195] for a proof of this
operator generalization.

2.3 H., /i Robust Control Models

We now introduce, using the formalism of Doyle [3], the generic robust
control model. This is given by the input-output relationship,

y = [PA(I — Py A) ' Py + Py [ Z) ]7

where A is an unknown, bounded perturbation. The signal w is unknown
and assumed to belong to some specified signal set. In considering model
validation, both the input u and output y are known. Measurement noise
on either is modeled as a scaled component of w. Note that for some
perturbation A, the term (I — P;1A) may not be invertible. This feature
allows the framework to model perturbations that are potentially
destabilizing under feedback. This particular model formulation is referred
to as a linear fractional transformation (LFT) and will be abbreviated to,

y-rura)| v

This is a useful framework as interconnections of LFTs are simply larger
LFTs.

11



The uncertainty about the system is captured by the assumptions on w and
A. As P can be scaled, A is taken to be unity norm bounded. Additional
structure may also be imposed; multiple perturbations at various locations
within a complex system can be modeled as a block diagonal A. Refer to
Packard and Doyle [33] for detail on the more general representations.

In the Hy/p framework specific assumptions are applied to P, A and w.
The model, P, is assumed to be linear, time-invariant (LTI). The unknown
signal, w, is of unity bounded energy (or power), i.e. w € BLjy. For
vector-valued w, the spatial norm is assumed to be the Euclidean norm.
The perturbation, A, has an assumed bound: [A,, _,; <1;and it is
usually also assumed that A is LTI. Analysis and design is also possible for
A assumed to be linear time-varying (LTV) [34, 35, 36] and our results
address this case also.

2.4 Model Validation for H, /i Models

It is assumed that an LTI model, P, is given and an experimental datum
(y,u) is under consideration. The robust control model validation problem
can be formulated as follows.

The Model Validation Problem: Given a robustly stable model P, and
an experimental datum (u,y), does there exist (w,A), w e BLo,
IAlL, 1, <1, such that

y=Fu<P,A>[ﬂ. (5)

This simply asks the question “is there an element of the model set and an
element of the unknown input signal set such that the observed datum is
produced exactly”? Note that using the LFT framework makes this
formulation general. It can equally well apply to closed-loop and MIMO
systems.

Solving the model validation problem amounts to assessing whether or not
a given robust control model is consistent with a given experimental
datum. No assumptions are made about the physical system — rather, we
are assessing, with respect to a particular datum, the assumptions that we
will subsequently use for design. This procedure is applicable to the
identification of robust control models as it gives a means of rejecting

12



inappropriate models. It is also useful in the evaluation of simplified
models and in the area of fault detection under closed-loop operation [37].

The initial work of Smith and Doyle [22, 23] considered the experimental
datum, (u,y), to be available in the frequency domain. The work of Poolla
et al. [25], and Zhou and Kimura [26] considers a discrete time datum,
(uk,yx) and a discrete-time model, P(z). We now look at the more
experimentally motivated case where model, P, and the underlying system,
are in the continuous time domain and experimental datum consists of a
known input, u(t), and an output, yg, obtained by sampling.

The next section formulates the model validation problem in a sampled
data framework and gives our main results.

3 Sampled Data Model Validation

We will consider the model validation problem for continuous time models
and sampled measurements. This model assumes that the unknown
signals, w, are in BLs and that the perturbation, A : Ly — Lo, with
IAlz, .z, <1. The experimental datum is obtained by applying a known
input, u(t), to the system and sampling the output, y(¢), via a sampler.
The datum therefore consists of a finite number of vector valued samples.

The framework we present has no restrictions on either the number of
samples taken or the sampling period. However, in practice we find that
using a long sample period, or taking too few samples, may give an
experimental datum that does not invalidate the model; whereas sampling
the same experiment at a higher rate would have invalidated the model.
These ideas will be explicitly detailed subsequently.

Significant computational issues arise depending on the manner in which
the perturbation enters the system. For additive or multiplicative
perturbations, with disturbances modeled at the output, a convex,
non-differentiable optimization problem results. This is also true for
additive and multiplicative models in a sampled-data feedback loop. While
the framework presented here can be applied to the most general LFT
models, the resulting optimization problem is not necessarily convex. The
discussion of the next section will explicitly clarify which cases lead to
convex optimization problems.

For notational simplicity, we will consider the case where there are n + 1
output samples, sampled with period h. Irregularly spaced samples,

13



noise, disturbances

Yk yr(t) y(t) u(t)

Uncertain
System

Figure 2: Schematic of the physical experimental configuration

input/output vectors of unequal length, and a variety of other input hold
functions, are handled by straightforward, if tedious, modifications of the
details provided here.

3.1 Experimental Configuration

The experiment, with the physical system, is illustrated conceptually in
Figure 2. The system F represents an anti-aliasing filter, preceding an
ideal sampler (of period h), Sp,, which maps functions to sequences by

(Shy)k =y(kh), k=0,1,....

The input to the system, u(t), is assumed to be known, and is considered
as part of the datum. We assume that u(t) = 0 for ¢ < 0. The available
datum is (yg,u(t)), k =0,1,...,n, and t € [0, nh].

This paper will focus on robust control models having the structure
illustrated in Figure 3, where P, P,, P, and P, are all finite dimensional,
stable, LTI operators; P, and P, are further assumed to be strictly causal.
The theory is trivially extended to the case where the perturbation, A, is
block structured.

The mapping, P, : L2[0,00) — L»[0,0), represents the nominal system,
and Py, : Lo(—00,00) — Lo[0,00) models the effect of unknown (bounded)
model noises and disturbances. The system P, : L3[0,00) — L3[0,00) maps
the system input to the perturbation and P, : L2[0,00) — Lo[0, 00) maps
the output of the perturbation to the system output.

We elect to use the notationally simpler assumption that all parts of the
models are stable. The results consider a finite time experiment and we
can relax the stability assumptions on P,, P,, and P,, by considering the

space of locally square integrable signals, LZQOC, in place of Ly. Note that as

14



Yk u(t)

Figure 3: Block diagram of the system model for the validation problem

the disturbance, w, will be considered on an infinite horizon, we will
always require P, to be stable.

We will allow the noise and disturbance signals to be non-zero before the
start of the experiment. That is, P, maps Lo(—00,00) to L3[0,00), and can
therefore be partitioned as a map

[P, P}]:La(—00,0)® La[0,00) — La[0,0). The mapping P, captures
the effect of signals having support on (—o0,0) on the future interval [0, o)
and is given by

y(t) = Cy jo A=) B () dr ©)

where (Ay, By, Cy) is a stable realization of P,. The map P
corresponds to the usual LTI system at rest at time zero.

The problem formulation assumes that u(t) is known and therefore that
z(t) can be calculated. Typically, u(¢) might be formed by passing a
computer generated discrete-time signal through a zero-order hold. No
further assumptions are required on P, or P, save that their outputs can
be calculated from a knowledge of u(t).

The assumptions on P, and P, are necessary to apply the framework that
we will present. Knowledge of z(t), using the calculation z(t) = P,u(t),
gives a convex optimization problem.

The framework illustrated in Figure 3 applies to a significant number of
typical robust control model configurations. One of the most commonly
used is the multiplicative perturbation model illustrated in Figure 4.

Additive perturbation models also fit the framework. What may not be
clear, is that the approach we give also applies to models of closed-loop

15



~— 5 F + + ) Prom H

Figure 4: Model validation configuration for a multiplicative perturbation
model with output disturbances

Pnom

Figure 5: Model validation configuration for a closed-loop experiment

sampled-data systems, such as the one illustrated in Figure 5. For our
approach to apply here we record the output of the controller, C'(z), and
consider it as part of the datum.

Solution of the model validation problem involves finding the smallest
norm w and A satisfying the equality constraint, (5). The next section
develops the theoretical results required to characterize the existence of a
perturbation A in terms of its input and output signals.

16



3.2 Extension Results for Perturbation Operators

This section contains results on extending operators in continuous-time.
We start with two results, which are essentially corollaries of Propositions
1 and 2.

Proposition 3 Suppose u and y are in Ly[0,00), T > 0 and h = NLH

where n is a non-negative integer. Then there exists an h-anticipatory
operator A on Ly[0, o) satisfying,

Mpy = OpAu,  with |Al| <1, (7)
if and only if,

Mrnyle < [Mgpule  for 1<k <n+1. (8)

Proof From the definition of Ay in (1) it is easy to see that
ApITG 1y Mg 1yn = T,

where 7, is the truncation operator acting on l2(L2[0,h) ). Now, given any
operator A on Ly[0, ), define A = AhAA,Zl; then clearly for each k

H(k+1)hAHEkk+1)hH(k+1)h = [M(}41)pA  if and only if AT = TA.

Therefore, the existence of a A as specified in the proposition is equivalent
to the existence of a causal A on la(L2[0, h) ), with |Al| < 1, that satisfies

g = T AT,

where § = 7, Ay and @ = m,Apu. By Proposition 1 such a A exists if and
only if 22:0 [Tk2 < 22:0 |tg|l2 for 0 < 1 < n. This latter condition is
easily seen to be equivalent to (8); using the identity

AhH?kJrl)hH(k'f‘l)h = W:?TkAh. |

The next proposition provides a result on the existence of periodic
operators.

Proposition 4 Suppose u and y are in L[0,00), T > 0 and h = nLH
where n is a non-negative integer. Then there exists a both h-anticipatory

and h-periodic operator A on Ls[0, 00) satisfying,

py = UpAu,  with |Al| <1, (9)

17



if and only if the matrix inequality,

ffh*}}h < Uf:ﬁh holds on R™1, (10)
where Yy, and Uy, are defined as in (4) from the finite sequences § = m,Apy
and . = m,Apu.
Proof To start observe from the definition of Ay in (1) that

ApER = CAp.

Therefore, an operator A on L»[0, o) is h-periodic if and only if
A = A AN} is LTI on lo(Ls[0, R) ).

Furthermore, from the proof of Proposition 3 we know A is h-anticipatory
if and only if A is causal; and that the extension condition in (9) holds if
and only if 7,y = ﬂ'nAﬂ'::ﬂ. By Proposition 2 such a A exists if and only if
inequality (10) holds. [

The next lemma is key in allowing us to apply the above results to obtain

conditions for continuous-time causality and time-invariance.

Lemma 5 Suppose the following three conditions hold:
(i) The operator A is the weak™ limit of a uniformly bounded sequence
Al on LQ[O, OO)

(i) That hy > 0 is a strictly decreasing infinite sequence of real numbers
tending to zero.

(i1i) The functions u and y are elements of L2[0,T), where T > 0.
Then

(a) If each A; satisfies Hp NI w =y, then Il Al u = y.
(b) If each A is hj-anticipatory, then A is causal.
(¢) If each A is h;-periodic, then A is LTI

Proof
Part a: Without loss of generality we assume [II%.y[2 = 1. By the weak™
convergence we have

(TP AT, AJT) 25 AT AT, Allb) = |TpATLul2,

18



and since II7AjITTu = y obviously

(AT}, y)y = [T AT ul3.

Also, Ty, Al u) g (Il%y, All%u). Because the LHS=1, we conclude
from the last equality that

1 = I}y, Alljw) = [T Allw|3 = [Tr Al [Ty.

By the Cauchy-Schwartz inequality we immediately get

y = [ AllTu.

Part b: 'We must show that
HtA - HtAHz‘Ht =0 for all ¢ = 0. (11)

It is sufficient to demonstrate that for every u, x € Ly[0,00) and tg € [0, )
we have

<Htol’, (HtoA - HtoAHZ)Hto)u> =0. (12)

Choose and fix such u, x and tg.

Next, let k; be a positive sequence of integers so that k;hy > to; this is
always possible since h; tends monotonically to zero. Hence, we see that

* [—00 14
g, n Mypy 2 — Wy Iz for any z € Lo.

Using the last limit and the weak™ convergence of A; to A it follows that
-
(x, HzlhlﬂkthAlu> =% (x, H;‘OHtOAu>
and
-
<$7 HzlthmmAlHEhlﬂklth = <£E, HjontoAH?oHtou>'

The latter two limits immediately imply that

[—
(Mpypy @y (g A — gy ATTg ) )y =5 (Mg, (Mg A — Tl ATT Tl Ju).

Now, each A, is hj-causal; hence Il 5, A; — szthHzlthkzhz = 0.
Therefore, by the last limit (11) holds since u, x and ty were arbitrary.
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Part ¢: We will show that for all u, x € Lo and ty > 0, that
<l‘, (EtOA - AEtO)U> =0. (13)

Fix three such elements, and select a sequence k; of positive integers so
that k;h; >0 to. Clearly, Eg,n,u =0 Etou and Zg,p, Au >0 Et,Au; see,
e.g., [38, p. 134].

Because A is a weak™® limit

B Ay =5 (x, By, Auy  and  (z, NEu) =5 (x, A u).

(x

From this and the former two limits we immediately arrive at
— l—0 — — l—0o0 —
(&, By, Auy — (x, Z¢pAuy and  (x, NEgpu) — (z, AZu).

We know for each [ that Zj,,,A; — AjZy,n, = 0. Therefore, adding the last
two limits, and noting ¢y, * and u were arbitrary we have (13). |

The next two results give extension conditions for causal and LTI
perturbations. Although they are not explicitly used in the sequel we
present them because of their relevance to the continuous time model
validation problem. We can now prove the following theorem, which is the
continuous-time analogue of Proposition 3.

Theorem 6 Suppose z, v € L3[0,T), where T > 0. Then there ezists a
causal operator, A, on Ls[0,0) satisfying,

v =TMpAllTz, with |A] <1,
if and only if,

ITL I v < | I} 2|2 for all t € [0, T1.

Proof (only if): Suppose the inequality is violated, then for some t
| o 702 > [T 7 2.
Therefore, if there exists a A satisfying v = IITAll}z we have

[Ty Al 29 = [Tl v o > [Thg, || [ AT Ty T2 lg = [TLs ATI Tz TT7 2.

0
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So, A is not causal; this completes the contrapositive argument.

(if): Start by choosing a sequence h; > 0 that tends monotonically to zero,
such that T'/h; is an integer for every [. Now, by the hypothesis for each [
we have

|y, 170 ]2 < |IIp, 07 2]2 for all 0 < k < (hzl)

Invoking Proposition 3 we have that there exists a sequence operators Ay,
with |A;| < 1, each being hj-causal, that satisfy

HTAZH;Z = .

Since the sequence 4; is bounded by one, we may assume without loss of
generality that it converges weak* to some operator A; clearly |A[ < 1.
By Lemma 5 (a) we have that IImAIl%.z = v is satisfied; Part (b)
guarantees A is causal. |

To state the next set of results we require a new operator: given z in
L7'[0,T), where T > 0, define the integral operator
Z : L]0, T) — L'[0, T) via the integral kernel

_foat=7) O0<t—7<T
Z(t, 7) = { 0 otherwise.

Then the operator Z is defined by

T
(Zw)(t) := f Z(t, T)w(T)dr (14)

0

We remark that such an operator has an adjoint which we denote by Z*.
The following result is a continuous time analogue to Proposition 4.

Theorem 7 Suppose z, v € L3[0,T), where T > 0. Then there exists an
LTI, causal, operator, A, satisfying,

v =1IpAll}z,  with |[A] <1,
if and only if the operator inequality
V*V < Z*Z  holds,

where V' and Z are operators on L2[0,T) defined, as in (14), from v and z
respectively.
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The proof of this theorem requires the following technical lemma.

Lemma 8 Suppose z, v € L9[0,T), where T > 0. Define the operators Z
and V', from z and v as in (14), and, given h > 0, define Z}, and V}, from
0= Apv and 4 = Apu as in (4). Then

(i) If V*V < Z*Z, then for each integer n > 0 the inequality
ViV, < Zj Zy, holds, where h := T /n.

(ii) If the matrix inequalities Vh*‘?h < Z;‘L‘Zh hold for all integers n > 0,
with h = T'/n, then the operator inequality V*V < Z*Z is satisfied.

The proof of this lemma can be found in Appendix A.

Proof of Theorem 7

(only if): If such a A exists, it is clearly both h-anticipatory and h-periodic
for all h > 0. Therefore, by Proposition 4 the inequality f/h* Vi < Z,’: Z
holds for all h > 0. Now, invoke Lemma 8 (ii) to conclude that

V*V < Z* 7.

(if): Begin by defining the sequence h; := T'/l. Because V*V < Z*Z,
Lemma 8 Part (i) guarantees that ‘7}: Vi, < Z,’:l Zp, for all 1. Hence, by
Proposition 4 we have that there exists a sequence A; of operators, each
being both h;-periodic and hj-anticipatory, satisfying v = Il7AjIl}2 with
A = 1.

Since the sequence A; is uniformly bounded, we assume without loss of
generality that it converges weak™ to an operator A. By Lemma 5 the
operator A has the desired properties. |

3.3 Model Validation Results

In this section we develop and present necessary and sufficient conditions
for an experimental datum to invalidate the model arrangement of
Figure 3. The conditions constructed can be evaluated as convex
programs, and the details of this are presented in Section 4.

Recall that h is the sampling period of Sp, and is assumed to be fixed
throughout. A key step to determining whether this model can produce
the observations y; is determining the set of signals that could have
produced yi. In the next subsection we consider this problem.
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3.3.1 Solution Framework

This subsection is devoted to examining the structure of the operators P,
and P, and solving a particular type of equation associated with the
model of Figure 3.

We start by considering an alternative, and convenient, representation for
SpP,. Since Sy P, maps L2[0,00) to l2(R™), it has a representation as a
mapping from l3(L2[0, k) ) to lo(R™), which can be defined by

P, := S’thA,ZI. Specifically, given a realization (A,, B,, C,) for the
strictly causal system P,, the relationship y = P,o can be realized by the
equations

Tpe1 = Apwp + By, 19 =0, (15)
Yk Coxp,

where A, = e is an a, x a, matrix, and By : Lo [0,h) > R is an
operator defined by

h
By = j A (=T B 5 (1) dor.
0

This representation for P, is easily found by considering the evolution of
P, over each time interval [kh, (k + 1)h). See [28] and Appendix B for a
detailed development.

We now state the main problem considered in this subsection: Given an
n

integer n > 0 and a sequence g € {0} ® (k@lRm>, find all solutions

v € L]0, 00) such that

q = T, SpPyv.

Observe that, since P, is strictly causal, the first entry in ¢ must be equal
to zero. Our approach to solving this function equation is by considering a
similar equation using the lifted system P,.

Lemma 9 Suppose q € {0} ® (kEr_ii)lRm» where n =1, and v € Ls[0, ).
Then q = T, SpPyv if and only if

q=m Py 10 where U= m,_1Apv. (16)

We use the following fact in the proof of the above lemma:
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Lemma 10 Ifn > 1 is an integer, then m,S5,P, = m, Sy P11}, Iy,

The preceding lemma can be easily proved from the definitions of m,, and
11,5, and the fact P, is LTI and causal.

Proof of Lemma 9 (only if): From Lemma 10 we can substitute to get
q = T SpPyv = T Sp P I v = ﬂ'nSthH:thhA};lAhv.
Using the property H;hﬂnhl\;l = A,:lﬂ':z_lﬂ'n_l the above yields

q= WnSthA,_LIWZ_lﬁn_lAhv = 7rn]5v7r7’:_117.
(if): This part follows by reversing the above argument. |

From the definition of 7, and the representation of P, in (15) it is easy
that 0 is a solution to (16) if and only if

“ C.B, 0 - 0 %
q2 A B U1
' _ Cv14'va 0 . (17)
I CLAX'B, -+ CuA,B, C,B, U1

Hence to parametrize all solutions to (16) it is sufficient to find all
solutions to (17).

We accomplish this by examining the action of the operator B,,. First, let
N (B,) denote the kernel of By; since it is a closed subspace of Lo [0,h) it
has an orthogonal complement N+ (B,) so that

L3[0,h) = N (B,) @ N*(By).
n—1
Hence, all solutions ¢ = (0g,...,0p—1) € k@_—)OLQ [0,h) to (17) can be
decomposed into two parts
b =0 + ot (18)

where for each 0 < k < n — 1, we have 17); e Nt(B,) and 17,1; e N(B,), and
o1 satisfies (17).

Now, it is well-known that the dimension of the image of an operator is
equal to the co-dimension of the kernel of the operator. So,

dim(N*(B,)) = dim(Im(B,) ) =: b,
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which is necessarily finite since Im(B,) € R*. Because N-(B,) is a finite
dimensional subspace of a Hilbert space, it is isometrically isomorphic to
Rb . Namely, there exists a map U, : R — N+(B,) so that

Im(U,) = N*(B,) and

(Upz, Upy) = (x, y> for all x, y € R".

At the moment we do not require an explicit representation for such a U,;
but one is provided in Appendix B. For convenience define the matrix

B, := B,U, (19)

~ n—1 n—1
and the diagonal operator U, mapping k@ORb” to k@OLg[O, h) by

U, := diag(U,, ..., Uy). (20)

Making use of the definitions so far, we have the following result.

n—1
Proposition 11 All solutions © = (Vg,...,0n—1) € k(—_BOLQ[O, h) to (17) are
given by

o= U,v + o,

n—1 ~ n—1
where 9% € k N (By,) and v is a vector in k(—_DORb” that satisfies

(g1, an) = Py, (21)
where
C,B, 0 0
B . CUAUBU g 9 ' (22)
C, A" 1B, Cy,A,B, CyB,

Proof Suppose that o is a solution to (17). Then from the definitions
leading up to (18) we know that it can be decomposed as ¥ = ot + o
where 17}; e N+(B,) and @i e N(B,) for each 0 < k <n—1.

Since Im(U,)=N"*(B,) there exist vectors 7, € R" so that U,), = 17]1, or
equivalently, o1 = U,.

To see that (21) holds, note that o1 satisfies (17); therefore the )
substitution o7 = (U,0y, ..., Uy¥,_1) vields (21) using the definition of B,,.
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Reversing the argument, it is routine to verify that any o = U,o + o

v
satisfies (17). [ |

Our next step is to examine a similar equation associated with the
operator P,. Recall that P, maps La(—00,0) to L2[0,00), and can be
decomposed into the Hankel operator P, realized in (6), and the LTI
system at rest, P, : L2[0,0) — L2[0,0). We define an associated lifted
system P, mapping La(—00,0) @ l2(L2[0,h)) to I2(R™), by

P, := Sp[P; PjA; '], which is analogous to P, above. The map
SpPj A, ! has a realization of the form in (15). Thus, using (6) we can

realize y = f’w[ g n ] by the difference equations,

Tri1 = Aprp+ Blwf, o= Byu~ (23)

w
Yk

CwTk

where the matrix A, = e has dimension a,, X @, and

B} : Ly[0,h) — R% and B, : Ly(—0,0) — R® and are defined by

h 0
Bt = fo A Bl (1) dr,  BpwT = J e~ MM By~ (r) dr.
—0o0

w

Similar to the preceding analysis on P,, here we aim to characterize all
solutions w € Lo(—00,00) that satisfy g = 7, S, Pyw:

Lemma 12 Suppose q € k(%ORc”, where n = 0, and
w = (w, w") e Ly(—0,0) ® La[0,0). Then q = m,SpPyw if and only if

.~
q = mp Pymi, (25)
where = (W™, Wa, Wy ..., Wi ;) and ©F = T Apw™.

Since the proof is largely the same as that of Lemma 9, and therefore it is
not included. Note however that here, unlike in (16), ¢ is not constrained
to have zero as its first entry; this is because w can have support on the
entire interval (—o0, 00).
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As with (17), (w~, @w™) is a solution to (25) if and only if

[ g ] C“i w 0~ 0 [ W
“ CwAywBs  CuB: 0 i

| = : CoduBi . 0 oy
Gn—1 : ; :
L w1 | ¢ AnB; CL,AM'Br ColduwBt CuBi | L
(26)

Observe that B, and B, are both finite rank operators; in fact using (24)
and a state space reachability argument, it is routine to show that these
operators have equal rank. We therefore employ the same reasoning used
above to define U, to obtain the existence of isometries

U; : Rb — N*+(By) and U, : Rb — N(B}). With these define
further,

B, := B,U,,
Bf = BrU}
T = diag(Uy,, Ut,..., U}).

Using these definitions we have the following result.

Proposition 13 All solutions
n—1
@ = (@, T, ..., B ,) € La(—o0, 0) D (ke_r)OLg[o,h)> to (26) are given by
W = Upw + 0¥,

where Wt e N(B,) @ ( @ ./\/'(sz)) and w is a vector in kEiil-)Owa that

k=0
satisfies
q = Pyw, (27)
where
[ Cu,B, 0 0
CwAwB,  CyuB 0 0
P, = : CwAyuB 0 (28)
CwA" B C, A" B} CwAuBf C,Bf |

Since this proof is not significantly different from that of Proposition 11 it
is omitted.
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3.3.2 Invalidation Conditions: Basic Case

We now apply the result of the last section to deriving conditions which
answer the model validation question posed in Section 2.4. Our results
provide conditions, given an input « and an finite observed sequence yy,
under which there exists an appropriate perturbation A and noise signal w
that make Figure 3 consistent with the observed datum (yg,u(t)). For
convenience in stating our model validation results we have the following
formal definition.

n
Definition 14 Given u € L3[0,0) and y € k@ORCU. The model in Figure 3

s not invalidated with respect to the perturbation set X if there exists a
perturbation A € X, with |A|r,—1, <1 and a signal w € BLy(—00, 0),
such that

y = T Sh(Pyw + (P, AP, + Py)u).

We now prove the first model validation result; the theorem statement uses
the matrices P, and P, defined in Propositions 11 and 13.

n
Theorem 15 Suppose u € L2[0,0), y € k@_BORC”, and define z = P,u.
Then the model in Figure 3 is not invalidated with respect to

n—1
h-anticipatory perturbations if and only if there exist vectors v € k@ova

n
and w € k@Owa, with |w|e < 1, satisfying

and

0l < [Mpzlz for1<l<n+1. (29)

Proof (only if): Suppose that A and w satisfy the hypothesis. Define
v:= AP,u.
Since A is h-anticipatory we have that

vl < [pzle foralll <I<mn+1. (30)
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Also by assumption the following equation holds:
w
y — mSpPyu = 1, Sh[ P PU][ } ] (31)
Applying Lemmas 9 and 12 the above implies

PR STy
y — T SpPyu = [Py Pv][ n ]

% ~
Tpn—1Y

Now, invoking Propositions 11 and 13 we can decompose @ = U, w + Wt
and ¥ = U, + 9% to get

7 (U + oY)

Y — TuShPyu = [Py B [ s ] — [P, ‘U][ ‘U" ]

So, to complete the proof we must show that v and w satisfy the norm
constraints. Using the orthogonality properties of the above decomposition,

n n n—1 n—1
lol = lowl3 + Y I@t)3 and [8)2= > 53 + D I5413.
k=0 k=0 k=0 k=0

Therefore the required norm conditions follow using the assumption
Jw|]2 < 1 and (30).

(if): Start by setting & = U, and @ = U@, and reversing the above
argument to get (31) and (30). The norm condition required on w is
clearly met.

Now using 7,5, Py = 7Sy PpI1%; 11, from Lemma 10, in (31) yields

w
y — mSpPyu = 1 Sp[ P PU][ IT% 11,0 } (32)
nh=-n

Also, from (30) and Proposition 3 there exists an h-anticipatory operator,
A, such that [|Af,, ,;, <1and

Substituting this into (32), and again using Lemma 10, we get

y — mnSpPyu = 1, Sp[ Py Py][ K)z ], (33)

and so the model is not invalidated. [ |

The above result provides exact conditions for invalidation with respect to
h-anticipatory perturbations. The next theorem is its counterpart which
further limits the perturbations to be h-periodic.
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n
Theorem 16 Suppose u € L3[0,00), y € k@ORC”, and define z = P,u and

Z = mp_1Apz. Then the model in Figure 3 is not invalidated with respect to
h-anticipatory, h-periodic, perturbations if and only if there exist vectors

n—1 n
vE k(—_BORb“ and W € k@owa’ with |w|2 < 1, such that

and
V*V < Z} Zy, (34)

where V and Zy, are defined from v and % respectively, as in (4).

Proof (only if): Suppose that A and w satisfy the hypothesis: set
v = AP,z, and by Proposition 4 we have

VeV < 2t 2,

where V}, is defined by @ = m,—1Apv and (4). From Proposition 11 we can
decompose © = U,7 + 9f. The orthogonality of U, o), and @li for every k and
[ gives,

ViV = VAV + (VH*VE

where V' and f/}f are defined from © and ot as in (4). Hence, V*V < Z;}Zj,.
The other properties of ¥ and w are proved exactly as in Theorem 15.

if): Set o = Uyo and @ = (0, w7 ,..., W' ;) = U,w, and note that
0 n—1
{/Nh* [/Nh = [/7*[/7 < Z;’;Zh.

With v = Aglm’;@ we invoke Proposition 4 to get that there exists an
h-anticipatory and h-periodic operator, A, satisfying

thv = thAZ

We then define w = (0=, A ‘7% _1w") € La(—0,0) @ La[0,00) and follow
the same steps as in the ‘if” part of Theorem 15 to get (33). |

3.3.3 Invalidation Conditions: General Case

In the preceding subsection exact conditions for invalidation with respect
to h-periodic and h-anticipatory perturbations were constructed, where h
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Figure 6: Framework for applying fast lifting operators to the perturbation

is the sampling interval of our data. While these results may be useful in
many model validation scenarios, we now derive conditions for invalidation
where the periodicity and degree of approximation to causality can be
further specified. Namely, we extend the results of the last section so that
we can invalidate a model, given observations y, to %—periodic and
%—anticipatory perturbations, where % can be chosen as small as desired by
choosing the integer £ > 0 to be large.

The procedure is illustrated conceptually in Figure 6. The lifting and
inverse lifting operators are considered over an integer fraction of the
sample time interval. By making % smaller, the %—periodicity and
%—anticipatory perturbation results approximate linear time-invariance and
causality as closely as desired. This approach does not require additional
experimental data as the formulation preserves the sampling period, h, on
the output of P,. However, the dimension of the characterization of the
perturbation (as given in (29) and (34) ), increases. The following details
this approach.

To derive the conditions in Theorems 15 and 16 we used the structure of
the solutions to (16) given in Proposition 11. The key was to separate the
solutions, as in (18), into two components, one from a finite dimensional
subspace and the other from an infinite dimensional one. We then found
when proving the invalidation results that it was sufficient to consider
solutions solely in the finite dimensional subspace. We now perform a
similar decomposition on the equation,

Yy = WnSthA;ﬂ;’;k_lf), (35)
k
nk—1

here @ Lo[0, ).
where 0 € l(i}g 2[0, %)
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To start, it is convenient to introduce a decimation operator, I'y : lo — Ia,
by defining, for each integer k > 0,

(Try )i = y(kl) for each integer | > 0,

where y € l. In words, it is the mapping that selects every kth member of
the sequence. Using this definition it is routine to verify that

ISn =Sy, and  m,Lgmy, Ten = mnlk, (36)
k
for all integers n > 0, k > 0.

To state the next result we require some new definitions: define the
matrices and operator,

i i
) = BPUP,

where B£k)w = SO% eA”(%_T)Bvd)(T) dr and U is any fixed isometry
mapping R* to N+ (quk)) Observe that these new objects are simply B,
A, and U, defined in (15) and (19), only h has been replaced by %
Making use of these definitions we have the following generalization of
Proposition 11.

nk

Lemma 17 Suppose k > 0 is an integer and q € {0} @ (l@ch’J). Then all
nk—1 h -
solutions ¥ € l@o Ly[0, %) to

—1 % ~
q= WnkS%PvAﬁ i1
k

i - ~(k’)7 "i . ~1 nk—1 ~(I€) _ nk—1 b
are given by v = Uy v+v,wzthvel@0N(Bv )andvel@OR”
satisfying,

(Q17 ey q’nk) = pqgk)ﬁa

where
[ ¢,BY 0 0 |
Mgk -
Pk = C”A”. B ' 9 : (37)
CAPIBY . o AMBY B
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Proof This result follows immediately from the proof of Proposition 11
simply replacing h with % and n with nk. |

Using this lemma we can now prove the following key result, which allows
us to generalize the invalidation results of the preceding section. For
convenience define the matrix

JHE =10 - 0]

v

which is in Rev*cvk,

n
Proposition 18 Suppose k > 0 is an integer and q € {0} ® <1@1R0v>'

) _ mnk-1 h
Then all solutions v € l@o L0, %) to

q= WnSthAzlﬁ;kkal'lN),
k
~ nk—1 ~ nk—1
are given by v = Uék)@ + o, where ot € l@o N(Bf,k)), and v € lG—)O Rbv
satisfying

(qh R C.In) = j(k)P(k)z_}

v v
The matriz P\" is defined in (37) and the matriz
K9 diag( ), g9 ¢ gocexnenk

Proof We start with the following equalities which follow from (36):

q = TpSEPArT 10 =T LpSh PyAnmy 10
k k k

* * 0
= Wnrkﬂ'nk—lﬂ'nk—IS% P’L)A%ﬂ-nk‘—lv'

We now rewrite the latter equation as a condition in two equations: v is a
solution to the above equation if and only if there exists 7 € R™* so that

r = WnkflsQPUAﬁﬂ'::kilf} and (38)
k k

*
g = mplgm,,_qr

are both satisfied. From Lemma 17 we know ¥ is a solution to the first
equation exactly when it can be written as v = Ué’% + oF, with

b k) _ o mk=l S6) 1 s :
ot e l(j—)ON(BU ) and ¥ € lE_i—)O R such that r = P;"v. It is routine to
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verify that m, 7, = diag(ngk), quk)). Using these two facts, and the
constraint that rg = 0, it is straightforward to convert the conditions in
(38) to those in the claim. [ |

The following result is a version of Theorem 15 where the degree of
anticipation of the perturbation can be chosen as close to zero as desired.

n
Theorem 19 Suppose u € Ls[0,0), y € l(-_BORC", k > 0 s an integer, and

define z = P,u. Then the model in Figure 3 is not invalidated with respect
to %—anticipatorg perturbations if and only if there exist vectors

nk—1 b no b ) ) ]
vE l@o R’ and w e ZC_-BOR v with |w]e < 1, satisfying,

_ -1
Yy—mnSpPyu = [Py jv(wpy)][ﬂ and > |vgl3 < |Tjpzly for L <1< nk.
k
k=0

The proof of this theorem essentially follows that of Theorem 15 using
Proposition 18 in place of Proposition 11, and is therefore not included.
Also, we can modify proof of Theorem 16 in a similar way to get the
following result.

Theorem 20 Suppose u € L2[0,0), y € ééORC”, k > 0 is an integer, and
define z = P,u and Z = mpp_1Anz. Then the model in Figure 8 is not
invalidated with respect to %—aniicipatory, %—pem’odz’c, perturbations if and
only if there exist vectors, v € 71]%:501731’” and w € l(-;ll-)owa, with |w]y < 1,

satisfying,

Z

ST

Eal
Bl

y — TS Pyu = [Py, jg’f)Pg’“)]{ } and V'V < Z ,

where V and Zu are defined from © and % respectively, as in (4).
k

The last two results provide a method by which to invalidate with respect
to perturbation sets that can be varied by choosing the parameter k. The
next result states that if k£ gets large, the above conditions closely
approximate the conditions for invalidation to causal and LTI uncertainty
sets.

n
Theorem 21 Suppose u € L2[0,0), y € l@ORCv.
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(i) If the model in Figure 3 can be invalidated with respect to causal
perturbations, then for k sufficiently large it can be invalidated with
respect to %—antiez’patory perturbations.

(i) If the model in Figure 3 can be invalidated with respect to causal,
LTI, perturbations, then for k sufficiently large it can be invalidated
with respect to %—anticipatory, %—pem’odz’c, perturbations.

Proof

Part (i): Suppose the model is not invalidated to %—anticipatory
perturbations for every k = 1. Then there exists a sequence of operators
Ay, each being %—anticipatory with [Ag| <1, and a sequence

wy € Lo(—00,00), norm bounded by one, that satisfy,

y — T ShPyu = Sy Pywi, + 7, Sh Py A Pru. (39)

By Lemma 12 and Proposition 13, without loss of generality, we may
assume that the sequence wy lies in a finite dimensional subspace of
Ly(—00,0); thus by compactness we can further assume it converges to
some element w in Ly(—00,00). Using this convergence and (39) the
following limit is therefore well-defined;

lim 7, S, PyAgz =: 7 (40)
k—o0
where z := P,u.

Now the sequence Ay is uniformly bounded and therefore we assume,
without losing generality, that it converges weak™ to some operator A.
Using the basic definition of weak™ convergence and (40) it is routine to
show that A satisfies r = 7, S, P,Az. Therefore, using (40) and (39) we
conclude

y — mpSpPyu = m, Sy Pyw + 7, Sp Py AP, u.

But by Lemma 5 (b) the operator A is causal. Therefore the model is not
invalidated with respect to causal perturbations.

Part (ii): This has a nearly identical proof, only we take a sequence Ay of

elements that are both %—antieipatory and %—periodie. By Lemma 5 the

weak* limit constructed, A, is both causal and LTI. |

The results of this section clearly illustrate that, in the limit as & — o0 we
are heading towards an infinite dimensional characterization of invalidation
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with respect to causal and causal, LTI, perturbations. We will not
elaborate further on the resulting infinite dimensional optimization
problem here, except to say that it is convex. The finite dimensional
approximations given here are of interest as they lead to the computable
algorithms in the next section.

It is of interest to quantify the rate of convergence of these finite
dimensional problems to the infinite dimensional one. We leave a more
formal study of this area to future research.

4 Computational Model Validation Algorithm

4.1 Formulation of the Optimization Problem

We now formulate the model validation matrix optimization problem that
enables us to make use of the conditions constructed in Theorem 16. From
this point on we concentrate on the h-anticipatory, h-periodic, case, and its
relation to LTT model validation. The purely h-anticipatory case can be
formulated in a similar manner. Here we explicitly include the variable ~
to formulate a search for the smallest perturbation and noise accounting
for the datum.

In the following the matrices P, P, are those defined in (28) and (22).
The matrices Z; Zj, and V*V are calculated from z(¢) and  as in (4). For
simplicity we define 7 as the residual, calculated at the sample instants
over the interval [0, nh] by,

T =y — TSP u.

The following optimization problem is therefore over R @ R(nt+1)bw DR.

Problem 22 (Minimum Norm Optimization)

¥ 1= min 7,
v, W,y

subject to,
w
7] (41)

VAV <225, (12)

and
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This is a convex, non-differentiable optimization problem which can be
solved with a number of algorithms. The convexity arises from the fact
that the problem formulation results in Z,”;Zh being a fixed matrix. A
variety of methods are available for solving such problems. For example;
ellipsoidal algorithms, cutting plane algorithms, and linear matrix
inequality (LMI) approaches [39, 40, 41]. Appendix C provides additional
details on an LMI based approach.

We now formally state the relationship between the above optimization
problem and the model validation problem. This is a simple extension of
Theorem 16 and we therefore omit the proof.

Proposition 23 Given 4, the solution to Problem 22: If 4 > 1, then the
model given in Figure 3 is invalidated with respect to h-anticipatory,
h-periodic, perturbations, A, and w(t) € Ly(—00,0), satisfying

AL, r, <1 and Jw(®)], < 1.

Note that we could use the results of Section 3.3.3 to state the same result
for %—anticipatory and %—periodie perturbations. Instead we will state the
result which is applicable to most of the models of interest.

Proposition 24 Given 7, the solution to Problem 22: If 4 > 1, then the
model given in Figure 8 is invalidated with respect to causal, LTI,
perturbations, A, and w(t) € La(—00,0), satisfying |Al;, ,p, <1 and
[w(®)]y < 1.

This follows simply from the fact that the class of h-anticipatory,
h-periodic, perturbations includes all causal, LTI, perturbations.
Proposition 24 forms the basis of the algorithm in the following section.

4.2 A Practical Model Invalidation Algorithm

We can now apply the above optimization techniques to give an algorithm
for model invalidation. The approach involves undersampling the datum to
give smaller optimization problems. For notational simplicity we assume
that the number of points in the output datum is a power of two. Here we
have chosen to form an algorithm based on subsets of the available datum.
The datum is further sampled to reduce the number of points and the
lifting operation is applied to test the existence of an h-anticipatory A,
where h is also the period of the selected data subset. We further have the
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option of applying successively faster lifting operators around the
perturbation (using the theory in Section 3.3.3) to more closely
approximate the causal, LTI, test. Note that we present only the LTI case
— the LTV case can be similarly formulated, using Theorem 15 rather
than Theorem 16.

Algorithm 25 (Invalidation with respect to LTI, causal, perturbations)

Given: an experimental datum, (yg,u(t)), k=0,...,29 —1, on the interval
[0,T], and a perturbation model, P.

1. Set an integer l = 1 and select decimation factor, q; < q, such that
24 represents a small optimization problem.

2. Decimate the datum to give a new datum of length 2% : (yy, u(t)),
where k; = 0,p,2p,3p, ..., (29 — 1)p and p = 297%. This gives
hy=T/(2% —1).

3. Calculate 4, for the datum (yg,,u(t)) via the optimization given in
Problem 22.

4. If 4 > 1 then the datum invalidates the model. (stop).
5. (optional) Select an integer k > 0.

da. Solve the optimization problem arising from Theorem 20 and
denote the result by ’ylk. The output sample period remains

hy =T/(2% —1). The lifting is performed using % in place of h;.
5b. If 4F > 1 the datum invalidates the model (stop).

bc. Increase k and go to step 5a or continue with step 6.
6. If q = q then the datum does not invalidate the model (stop).

7. Increment | and q; and go to step 2.

Note that at each iteration, the new decimated datum, (yj,,u(t)), contains
all previously tested decimated data as a subset. Therefore 4;, [ = 1,... is
non-decreasing. The algorithm will therefore find a particular [ such that

4; > 1, or will exhaust all of the available data. Proposition 24 implies that

if we find such a [ then the model is invalidated by the datum. Note that
we also have the option of using a faster lifting operation (% instead of h)
around the perturbation in order to more closely approximate the test for

LTI, causal, perturbations. The choice of whether to use the optional step
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5 and the decision at step 5c is based whether or not improving the
approximation to the LTI, causal, case is likely to result in ﬁ/lk > 1. There
will be problem dependent computational consequences in selecting
between increasing k or increasing [ and resampling the datum.

The most significant feature of this approach (with or without the optional
step &) is that it begins with small optimization problems. If only a small
amount of data is required to invalidate the model, the algorithm will
return this result quickly.

5 A Simulation Example

We give a simulation based example to illustrate the approach on practical
problems. The “experimental” datum has been generated by the “true”
system,

10.5 —0.075s + 2 1000
Ptrue = P) .
0.22s 4+ 1 0.075s + 2 s + 10s + 1000

For the model validation problem we will consider the following perturbed

model,
y(t) = (I + WAA) Ppom u(t) + Wy w(t),
where, [A[,, ,;, <1 and w(t) € BLy. The nominal model is given by,

10

Poom = —.
e 0.2s + 1

Note that the model has errors in the gain and pole positions and does not
account for some additional phase or a higher frequency resonant pole pair.
The multiplicative perturbation weight is,

0.075(1 + 1.55)

1%
A 1+0.025s

and is intended to cover the dynamic errors between Py and Pop,. The
output disturbance weight, W, reflects the size and frequency dependency
of the noise and disturbances, and is given by,

~0.025(1 4 0.01s)

% .
d 1+s

As this is a simulation, it is possible to calculate the actual relative error
between Py and Py, and compare it to Wa. This is done in Figure 7.
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Figure 7: Weighting functions in example robust control model: pertur-
bation weight, W, and disturbance/noise weight, W;. Also shown is the
actual relative error between Py and Prom

Note that Wa does not overbound the actual relative error meaning that
this model cannot account for every system behavior. The issue here is
whether or not it will account for a given experiment.

To conduct the simulation “experiment”, a series of steps were introduced
to the system via a zero-order hold. An anti-aliasing filter,

B 207
s+ 207’

prefiltered the data before it was sampled with period, h = 0.01. The
experimental datum consisted of 512 points and is shown if Figure 8. The
nominal system response, P u(t), is also shown (smooth curve).

Algorithm 25 was applied without using the faster lifting approach (step
5), and the datum was undersampled at periods: h; = 0.64, hy = 0.32, and
h3 = 0.16 seconds. In the notation of Algorithm 25 this corresponds to
g=9and ¢ =3, g2 =4, g3 = 5. For each set of undersampled data, the
minimum norm A and minimum norm w(¢) generating that sampled data
were calculated. The results for each case, are shown in Table 1. The
number of sample points being considered in each case was very small
compared to the original datum, leading to optimization problems of
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Figure 8: Input/output datum: 512 samples at A = 0.01. Also shown is the
nominal system response.
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manageable size.

l # datum subsampled subsampled o
points period (sec.) freq. (rad/sec)
1 8 0.64 9.82 0.021
16 0.32 19.64 0.690
3 32 0.16 39.27 1.293

Table 1: Simulation example validation analysis results

Note that for hg = 0.16, 43 is greater than one, meaning that there is no
perturbation A : Ly — Lo, and w(t) € Lo of norm less than one going
through the same sample points. This experiment therefore invalidates the
model. Note that only a small subset of the experimental datum was
required to invalidate the model. Consequently the convex optimization
problems required were small (of dimension comparable to the size of each
undersampled datum). The observant reader will also note that the
sampling frequency required to invalidate the datum is very close to the
frequency range where the perturbation weight is unable to cover the
actual relative model error. It is possible to calculate the signals in the
model that correspond to % although these apply to the model, rather than
the physical system and do not necessarily have any interpretation as
signals within the physical system.

6 An Experimental Example

In this section we apply the model validation procedure of Algorithm 25,
and the LMI algorithm of the preceding section, to assess the quality of a
perturbation model for a laboratory thermal heating experiment.

Figure 9 illustrates the experimental configuration. The system consists of
a 300 Watt lamp suspended 2 inches above a thin metal plate. A
thermocouple, mounted on the underside of the plate, and interfaced via
an A/D board, provides a measurement of the surface temperature. A
thyristor based power amplifier, driven by a D/A board, is used to effect
computer control of the lamp. A Macintosh, running LabView, is used for
control and data acquisition.
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Figure 9: Heat experiment configuration

The full uncertainty model used for this experimental setup is illustrated
in Figure 11, which has a multiplicative uncertainty structure, and clearly
fits the model of Figure 3. The block, NL, denotes a static nonlinearity,
due mostly to the power amplifier. The output of NL is approximately
10sin((27/40) u), although a more precise look-up table is used below. The
LTI part of the nominal model is,
215
- 80s+1°
This has been obtained by a combination of ARX methods and matching
step response data. A weighted multiplicative perturbation, A, and an
output disturbance signal, d(t), provide a model of our uncertainty about
the true system. The associated weights are,

0.1(150s + 1)

Wals) = =557

The noise weight, Wy, has been determined by measuring the 2-norm of an
identical thermocouple at constant temperature, over the same experiment
duration. The perturbation weight, Wa, is a normalization factor has been
obtained from ad-hoc estimates of the model accuracy. Figure 10 shows
the nominal plant model and the perturbation and noise weights.

P(s)

and W, = 0.6.

The filter, F'(s), is a cascade of our model for the thermocouple interface

and a data filter:
1
F(s)= ———.
() = 5oz 1
In the experiments described here, the sampling period used for data
acquisition was 2 seconds. Applying the subsampling algorithm

(Algorithm 25) leads to sampling periods h; that are significantly larger.

43



100

RN Nominal plant
10 N
L N N
1.0E L L N | L
Eo 001 _ _ _ _ o1 _ >, _wo_ . __ 10
L Noise weight Freq. (rad/sec)
01 . ) N
E Perturbation weight <
0.01-

Figure 10: Nominal model, perturbation, and noise weights

Pnom

NL

Figure 11: Perturbation model of the heat system
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The objective is to assess the quality of this model with respect to an
experiment. In particular, we would like to determine, based on observed
data, whether |A|z,—r, < 1is a valid assumption for control design. The
assumed bound on the disturbance, |w(t)|2 < v = 1, is applied as a
constraint. Recall that W weights the effect of w(¢) on the output.

The experimental input, u(t), consists of a series of voltage steps.

Figure 12 shows the sampled input signal, uy; the sampled output
measurements, yx; the response of the nominal model; and the residual, r.
The residual is the difference between the experimentally observed data yy,
and the output of the nominal model Sy F Py o NL u, with A = w = 0. It is
significant and, in fact, |r|2 = 24.21. This input signal was not used in the
original identification, which is why there is such an large model error.

Note that if F'(s) is a low-pass filter, with a high bandwidth, then there is
almost no penalty applied to |w(t)|2. The disturbance, w, can be used to
generate spikes at the appropriate sample times. In such cases, subsampled
optimization problems would yield very low values of 4;. A large portion of
the data set, leading to a high dimensional optimization problem, would
have to be examined to obtain a realistic estimate of 4. For this reason we
have selected F'(s) to have a lower bandwidth than is actually the case for
the experiment. It is still higher than the bandwidth of the plant and does
not appreciably affect the responses.

10s of degrees C

u(k) [in Volts]

/\ j\Time: seconds
0 L L 1 L

4do 800 Mzoo 1600

residual

Figure 12: Measured datum and residual
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l # datum subsampled " (g

points period (sec.)
1 9 200 0.228 22.76
2 17 100 0.420 20.73
3 24 68 0.780 16.29
4 33 50 0.945 12.41
5 41 40 1.07 9.85
6 64 25 1.20 6.56

Table 2: Experimental example validation analysis results

The subsampling approach in Algorithm 25, was applied and the results
for various subsampling frequencies are shown in Table 2. To facilitate the
discussion, each subsampled problem is indexed by I.

Two quantities are useful in assessing the model validation question. The
first is 4;, the size of the minimum |A|z,—1,, accounting for the datum at
the subsampled points. This is a lower bound on the minimum |A|r,— 1,
required to account for the observation over the entire data set, since we
are using the partial data record (yg, ug).

The quantity, |||, is the component of the residual, still unaccounted for
by w;, and 4\, the smallest noise and perturbation matching the /th datum
subset. More formally,

n=Y—- Sh(wal + (PvAle + Pu)u)

Note that to do this it is necessary, at each step, [, to explicitly calculate
the effect of w; and A; on the output. Initially, [ =0, w; =0, A; = 0, and
|rl| = ||r|. As I increments, w; and A; account for progressively more of
the residual, to the point where if h; = h, r; = 0. The quantity |
therefore gives an estimate of how close each subproblem is to accounting
for the entire data set. It is a particularly useful quantity, because it is
typically not computationally feasible to perform the exact LMI
calculation, corresponding to Theorem 16, for the entire datum; however r;
is easily computed.

We want to determine whether the assumption that |A|z,—r, < 1 is valid,

and, from Table 2 (I = 5), we can see that this datum has invalidated the
model. Note that we need only examine 41 of the 800 points in the datum
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to make this determination; furthermore 800 points would be an infeasibly
expensive computation with our current LMI implementation. The
calculations illustrate more than just a yes/no determination of the model
validation question. Note that the residual is of size, |r| = 24.21, and that,
at most, the disturbance input, w(t) € BLg, can account for

|E(s)Wyw(t)| < 0.6 of this residual. Therefore the perturbation, A,
accounts for a significant component of the residual, and although
|A|L,—L, > 1, we may deduce from its growth rate of 4; (and the decay
rate of |r;) in the subsampled problems, that it is could reasonably be
within a factor of two of being correct for the datum.

7 Conclusions

We have developed a theoretical and computational framework for treating
a practically motivated robust control model validation problem —
continuous time models with discrete-time measurement data. The effects
of the continuous-time unknown model elements, A and w, are observed
through LTI systems. This enables the problem of finding the smallest
norm A, and w, accounting for the datum to be considered as a finite
dimensional problem.

Applying the lifting theory allows the calculation of the smallest h-periodic
and h-anticipatory A accounting for the datum. This gives a lower bound
on the smallest norm LTI, causal, A accounting for the datum which can
be used for invalidation of the model. The lifting operators applied around
A are not constrained to be at the same period as the output sampler, Sj.
By using successively faster lifting operators (as given in Section 3.3.3) the
bound can be made arbitrarily close to the LTI, causal, case. There is a
computational penalty in doing this as the resulting matrix
characterization increases in dimension.

This approach differs significantly from that of discretizing the model and
applying a discrete-time model validation test. We provide a means of
calculating (or bounding) the size of the smallest continuous A and
continuous w accounting for the discrete-time datum. Therefore we require
no assumptions about the sample period in considering the
continuous-time model.

The framework presented here assumed that the samples were regularly
spaced. This is by far the most common case although it is not essential;
irregular sample spacing would require a recalculation of the finite
dimensional subspace representations for each time step. It should also be
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noted that for a closed-loop validation problem, the framework can be
modified to deal with the case where the sampled-data controller is not
using the same period as the output sampler, Sj,.

Convexity of the resulting optimization problem relies on knowing the
input z(¢), to the perturbation A. Unknown signals, w(t) are constrained
to act upon the output of A. This model structure is relatively common
although not the most general. The general perturbation structure
problem is of practical and theoretical interest and will be the subject of
future research.

This work provides a framework for experimentally assessing perturbation
models. For mathematical precision, the problem is formulated as a yes/no
hypothesis test. The real value of the approach comes from the engineering
interpretation given to the intermediate subsampled solutions and the size
of the remaining residual. In the above we have mentioned applying these
techniques to system identification. They can also be applied to fault
detection, where the gradual increase of 4 may be interpreted as a
deterioration process, and a step change in 4 may be interpreted as a
component failure. In a changing environment, the model validation
approach can be used to indicate the necessity of reidentifying the system.
The practical applications of such schemes are currently under
investigation.
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A Proof of Technical Lemmas

To prove Lemma 8 we require a number of technical lemmas. Throughout
let T' > 0 be some fixed real number. The first lemma defines a family of
functions which have impulsive action.

Lemma 26 Suppose w € Lo[0, T'), and

5(1) = { 1/e  forte|0,¢) (44)

0 otherwise

for e > 0. Define w(t) := Sé (T )w(t — 1) dr. Then lime_,q ||w — w2 = 0.

The above result is a particular instance of a more general result on
kernels; see, for example, [38, p. 148].

For convenience in the sequel we define two new operators mapping
Ls[0, T) to Lo[0, T). Define Hy, by

(Hpw)( J St — T w(r) dr, (45)
where the function 6" is defined in (44). Also using this function, define

the operator Sj via

|T/h]

(Shw)(t) == h D 6%t — khyw(t),

k=0

where |T'/h| denotes the largest integer that is not greater than 7'/h.

As € and h get small it is easy to see that the induced norm of §,§ becomes
large. However, Hj, has better properties in this regard.

Lemma 27 For each h > 0 the norm |Hy| < 1

Proof Select any w € L2[0,T"). Then using (45) we have by a standard
inequality for convolutions (see, e.g., [38, p. 145]) that

[Hpwlz < (55 8(r) dr)[wllz = [w]e. u

Lemma 28 Suppose w € Lo[0,T) and U is the relatgd conyolution operator
defined in (14). Then for each h > 0 the equality UHy, = HpU holds.
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Proof Since both U and H, , are convolution operators it is routine to
verify that they commute. |

Before continuing we define the following notation: given w € Ls[0,T")
define w(, for each 7 € R by

fut-1) T<t<T
W) () := { 0 otherwise.

Lemma 29 Suppose u € L2[0,T) and define

2 h—0
en := SUP.cor) |1 HrU () — U(r)ll2. Then ep — 0.
Proof Suppose the contrary: there exist infinite sequences 73 € [0,T")
and hj tending to zero, and € > 0 so that
Hﬁhku(m) — U(.,.k)HQ >e¢ forall k>=1. (46)

Without loss of generality we assume that 75 converges to some 7 in
[0,T]. If o = T then limg_,o |u(r,)ll2 = 0 and therefore (46) is violated.
Hence, we assume 79 in [0,7).

Now, invoking the triangle inequality, Lemma 27 and the submultiplicative
inequality we have

[ty = Uro) 2 + [y — Ui ll2 + [ g rg) — U2
[ Hpy, (Uiry) — o)) ll2 + 1) = w2 + [ Hay Uirg) — Uiy ll2
|

‘ﬁhku(m) = U(r)2-

By continuity in Ly (see, e.g., [38, p. 134]) it follows that
limyg o |U(ry) = U(r,) |2 = 05 from Lemma 26 we have

limg_,o0 Hlﬁlhku(m) — U(ry)ll2 = 0. So, the LHS above tends to zero as k tends
to infinity. But then the RHS contradicts (46). [

Lemma 30 Suppose u € L2[0,T), w(t) is a uniformly continuous function
on the interval [0,T"), and h = % where n is a positive integer. Then

lim |USw — Tp Ay s U] = 0,
€—>

where Uyis defined from @ = wn,lAZIHi}u as in (4), and
w" =h-(w(0),..., w((n—1)h)).

54



Proof From the definitions we have

(Ssw)(t) = h 2 §(t — kR)w(t) on [0,T).
k=0

Hence,

n—1
(USsw)(t ZJ (t — 7)6(1 — kh)w(T) dr.

So, by applying Lemma 26 and a routine argument based on the continuity
of w(t) we have

USsw S h Z (kR)ugeny  in La[0,T). (47)
It is straightforward to verify that the RHS:HTA;IW;’;_l U " |

Lemma 31 Suppose w is a uniformly continuous function on the interval
[0,T). Then

}lllmo lim |[(I — H,55)wls = 0.

Proof For 0 < e < h we have
|T/h)
(H,Ssw)(t) = h Z J Mt — 7)6¢ (1 — kh)w(T) dr.

We proceed with the assumption that ¢t € [lh, (I + 1)h) where | > 1; we
deal with the t € [0, h) case later. Now, the function 6"(t — 7)5¢(1 — kh) is
zero outside the interval [(I — 1)h, (I + 1)h) n [kh, kh + €).

So,

(HpSsw)(t) = h Z f&ht—réﬁr—kh) (1) dr
k=l—1

t oMt — 1) (T — (I — 1)R)w(r) dr

t—h

lh+e
+ J S (t — )6 (T — lh)w(r) dr.
lh

For sufficiently small € the first term is zero because 6¢(7 — (I — 1)h)
becomes zero on the interval [t — h,t); also for sufficiently small ¢ we have
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6"(t — 1) = 1/h on the interval [kh, kh + €). Therefore, the definition of §¢
yields from above

R lh+e
lir%(HthLw)(t) = hII[l) l/ef w(r)dr = w(lh),
€—> €—> lh

where the RHS follows because w is continuous. We can use the same
argument, with only cosmetic modifications, to also show that for ¢t € [0, h)
we get lime_o(Hp,S;w)(t) = w(0).

Define the function w(t) := lime_)o(ﬁhg,iw)(t) for each 0 <t < T, which
we have shown is constant and equal to w(kh) on each interval

[kh, (k + 1)h). Clearly, since w(t) is uniformly continuous on [0,7) we
have limp,_o [w — w |2 = 0, which is the limit required. |

Lemma 32 Suppose u € L2[0,T) and w(t) is a uniformly continuous
function on the interval [0,T). Then

lim lim [UHz S5 w —MpA7 nk_ Ura”|y = 0,

n—00 e—0

where Uyis defined from @ = Wn_lAillTj‘iu as in (4), and

@ = h- (w(0),..., w((n—1)I)).

Proof First apply Lemma 27 to get

UHrS5w = HrUSS w.

n

Hence, from the same steps that showed (47) in the proof of Lemma 30 we
have

n—1
151(1)[]8%?1] =h w(k%)H%u(k%)
k=0
n—1 n—1 )
=h Y wkDugr) +h Y wkI){Hrugr) —ugr)
k=0 k=0
n—1 R
:HTAilﬁz_leﬂ)n—i-h w(k%){qu(kz) —u(kz)}
" " k=0 v "

(48)
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Now, concentrating on the second RHS term we see that

th {HTU Ty “(/g%)}||2

)
D‘
E
E
33
2
5
|
:
m:

N
3"%
I M|

where er is defined as in Lemma 29. Hence, above we have

n

T
lim LHS < ( lim BT)J |w(T)| dr = 0.

n—0o0 n—0 n 0

Applying this fact to (48) proves the claim. |

Lemma 33 Suppose u € L3[0,T) and w(t) is a uniformly continuous
function on the interval [0,T). Then

lim |[Uw — HTA T 1UTw 2 =0,

n—0o0

where Uyis defined from @ = Wn_lAillTj‘iu as in (4), and

w" = h- (w(0),..., w((n—1)L)).
Proof Given e > 0 the following inequality holds for each n:

[UI (T = HxS ez)’wl\erHUHTS w—TlpAz s Ura"| >

HUw*HTAi _4Ur _n”2.

n

Invoking Lemmas 31 and 32 we have lim;,_, lim._,oLHS=0, and so
lim,,—, o RHS= 0. |

At last we can prove Lemma, 8:
Proof of Lemma 8
Part (i): Suppose that @w" € R", and let w(t) be a uniformly continuous

function on the interval [0,T") that satisfies w(kh) = w} for 0 < k <n — 1.
Then by Lemma 30 we have that

lim { (USjw, USjw)—(VSjw, VSjw) } = Oy, Tya™y—(Vya", Vyw™),
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where we have used the fact that Trn,l(A;I)*Hi}HTA}:lﬂ';"_l = I. For each
€, by assumption, (USjw, US;w) — (VSfw, VS;w) } = 0, and therefore
above the RHS> 0.

Part (ii): Suppose that V*V < U*U is not satisfied: then there exists a
function w € Ly[0,T') so that

Vw, Vw) > (Uw, Uw).

Without loss of generality we may assume that w is a uniformly continuous
function, since the uniformly continuous functions are dense in Lo[0,T).
Applying Lemma 33 we therefore have that for sufficiently large n,

V@™, Vea"y = (Ura", Ura™),

where we have again used the fact m,_1 (A, ) *ILIIpA; 'r¥ | = I. So,
ViVr <UZUr does not hold for all n, which completes the contrapositive

n n

argument. |

B Operator Calculations

This appendix presents the calculations required to derive the component
parts of the representations of P, and P, given in (28) and (22). It is not
required that P, has a state-space representation. However, if this is the
case, then the matrix Z*Z can be calculated via state-space techniques
and we present the approach required. The matrix optimization problems
arise via isomorphisms between A-(B) and R, for each of the operators.
We give the means of explicitly calculating the operators which map the
signals between these spaces. These are not required for the formulation of
the optimization problem, however they are useful if one wishes to
calculate the time-domain representations of the internal signals in the
system. The calculation methods are similar to those presented by Bamieh
and Pearson [29] and we have therefore kept the notation similar.

Consider the positive time operator of interest, S, P : La[0,0) — I3 as an
LTI system (with state-space realization A, € R**% B, € R%w*bw,
Cy € Ré»*®) followed by a sampler, S},.

The lifted system, SpPf A, " : lo(L2[0, h)) — lo, has the state space
representation given in (15),

Tri1 = Apzy + Bk (),

Yk

wak,
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where zj, € R, ] (t) € Ly[0, k), and yj, € R®. The operators A, and
B, are given by, 4, = e" and

Formulation of the model validation problem requires finding a matrix,
B € R%w*bw  satisfying,

B (B)* = B (B)*.
To calculate B, define X} = B} (B;})*, and note that

h
X+ — J eAw(h_T)BwB:} A:‘;(h—T) dr.
0

w

It is a simple matter to verify that X, = (X)* is the solution to the
Lyapunov equation,

ApX} + XA = —(ByB! — e*v" B, B e4oh).

We note that X,/ € R@*% and is of rank b,, (in the case where (A,,By)
is controllable). Following the approach of Bamieh and Pearson [29], define
¥F and TF by,

T+

w

o (W[

w w

S50
00

where T) (T,0)* = (T;))*T,F = I. Then

w

P (T+)*[ (552 ]

w w 0

We can also explicitly consider the operator mapping Rbw to NH(BY).
Define this as Ul and note that B, = B U, . Therefore,

g = | S| = mertemoy 57

It is a simple matter to verify that (U} )*U,} = I. This operator can be
used to calculate w™(t) (the part of w(t) on Ly[0,00) ), via,

w(t) = Ufw;, kh<t<(k+1)h,

where w™ arises from the optimization problem (Problem 22). The

minimum norm w(t) is, in general, discontinuous.
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The structure of the Sy, P, operator is identical to the Sy P,l operator and
the above procedure can be used to obtain an analogous representation for
Ay, By, and, if necessary, U, and v(t).

In the case of the negative time operator, P, , U, is defined as mapping
Rbw to Ly(—00,0). This in effect omits the lifting operation, as no sampled
data is obtained in negative time. The approach is similar to that for

Sy P illustrated above. Recall the representation for

P, : Ly(—00,0) — lg, presented in (6) and (23) as,

Try1 = AwTp, w0 =B

y = Cyxg,
where, A,, = eAv" and B’; : Lo(—00,0) > R™ via,
~ 0
B o™ = f e~ T Byw™ (1) dr.
—0

We are required to calculate By, satisfying, B, (B;,)* = B, (B,)*.
Analogously to the case for S, P},

0
X, =By, (By,)" = f e~ AT B, B e AT dr,
—0
and note that X, satisfies the Lyapunov equation,
ApX, + X, A = —By,Bj.

This can be factorized as,

| 25 0]
Xw_(Tw) |: 0 0 Tw?

with (T3 )*Ty = T (T;)* = I, giving

B, - <Tw)*[ () ]

We can again consider the operator defining the isomorghism between Rbw
and N*(Bg). In this case U, : R¥ — Lay(—0,0) and By, = B, U, .
Therefore,

Uy = By | | = me gy G|
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This operator can be used to calculate the negative time portion of w(t)
via,

wt) =U o™, —wo<t<0,

where w™ arises from the optimization problem (Problem 22).

The matrix optimization problem (Problem 22) required that Z*Z be
calculated from the known (or calculated) signal z(¢). In many cases we
can use a state-space approach, similar to that given above, to facilitate
this calculation. We present the details when P, has the form of a
state-space system following a zero-order hold. The methods given here
also give a means of extending the model validation procedure to the case
where components of z(t) are unknown. This does not give a convex
optimization problem and were therefore do not pursue this any further in
this paper.

Applying the lifting operation to output of P, gives, P, := AP, as having
the representation,

h

Thi1 = eAzhxk + J eAzTBZu;.C dr,
0
ék(t) = é’zxk + ]jzuk,

and
_ t
D,=D, + sz e=" dnB,.
0

Note that we do not require D, = 0. The presence of a hold at the input
gives a finite-dimensional range for P,.

This time we note that Z(¢) lies the range of the operator | C. D, | which
is a finite-dimensional subspace of L2[0, h). We now establish an isometric
isomorphism between this space and R¢. Define V, : R — L3[0, h), with
ViV, =1. Now P, : ly — ly, can be defined as,

PZ::‘?ZPZ7

where,

V, = diag(V,, V2, ...).
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The discrete time system, P, has following representation.

h
Thi1l = eAzhxk+f e By, dr,
0
Zr = V]I Chap+ V)Dyuy.

Now V, : R¢ — Im ([ C, D, ]) and satisfies, V*V, = I. Analogously to
the U} case, define T, and X, by,

C* i ~ = 3. 0
[f)z][cz Dz]zTZ*[O O}TZ.

Defining V by,

V.=[C. D.]T}

§-1/2
0 ?

gives V¥V, = I as required and allows us to calculate
(V0. v2D. ] = [ o7

To calculate T, and ¥, we proceed as follows. Observe that,

(¢, D.]=[C. D. ]l oF]

and therefore,

[@‘ ][C’Z D, = Lhe[ggg]T{gzt}[Cz Dz]e[%z%]TdT

The following useful matrix exponential result is given by Van Loan [43];

N e -

0 gAzt (49)

To apply this result, define

and
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Now define A4 from the following calculation;
_Ax
18 14 a,2)
1 2) |
It is simple to show, using (49), that

[g;g ][éz [)z ] = A4(2a2)*A4(172)>

and factorizing this gives the required matrices.

Now Z can be calculated as Z = P,uy, and Z*Z is formed from Zj, as in (4).

C Linear Matrix Inequality Based Optimization
Approach

The calculation approach taken here is based on a modified method of
centers, described by Boyd and El Ghaoui [44], with additional
modifications by Fan and Nekooie [45]. Applying these methods to
experimental data leads to large optimization problems. Exploitation of
the problem structure is an essential step in making these computations
feasible. In this section we outline the algorithmic methods for our
particular LMI optimization problem.

Other methods exist for solving such problems, and examples of these are
described in [46, 47]. We have chosen to base our approach on the method
of centers because of the significant computational advantage arising from
the structural form of our problem. A more complete assessment of the
relative merits of the various approaches is beyond the scope of this report.

The following optimization problem is considered, which is based on the
conditions in Theorem 16. For notational simplicity we will express this in
terms of 3, where 8 = v2. Furthermore, the notation 7 (v) will denote the
block Toeplitz matrix formed from the vector, v, as in (4). The
optimization problem to be considered is:

B:= _inf 3, (50)

VERY weRW
subject to the constraints,

v

w |

BZ*Z T (v)* 6 w* B
[ T (v) 7 ]>O, [w I ]>0, and r=R
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It is routine to show, using the Schur complement, that the above
conditions, with r = y — S}, Pyu, are equivalent to conditions a)—c) in
Theorem16. The norm of the smallest h-periodic and h-anticipatory
perturbation, and unknown disturbance signal, accounting for the datum is

\ﬁ (=4). We can trivially modify this approach to consider either |A| or
|w|| fixed.

C.1 Modified Method of Centers Algorithm

In this section we outline the general LMI algorithm that we intend to
customize for efficiently solving the above problem. This method based on
one that is by now well documented in the literature (see [44] and
references therein), and is presented here for easy reference and tutorial
value. All solutions to the equality constraint can be expressed as,

v i N,
w] [wol—i_[Nw]x’ reR"™, (51)

where [v§ wi]* is any particular solution and [N,* N;5]* spans the kernel of
R. The constraints can now be expressed as an LMI in the variable x;

F(3,a) = Fo(B) + Y ai P,
=1

where z; denotes the ith component of z. The matrix Fy(f) is affine in g
and is given by,

FO(B) = diag(FvOaFwO) = diag ([ ,?-Z(ZOZ) T(IUO) ]7 [ 50 u}{)k ]) . (52)

The matrices F; are constant,

F; = diag(F;, Fy;) = diag ([ T(?\rm) T(J(\)fm) ] [ ]\?M ]\g:ji D , (53)

where N,; and N,,; are the ¢th columns of N, and N,, respectively. We will
denote the set of (§,x) such that F(8,z) > 0, by X. The boundary of this
set is denoted by 0X.

We now consider the following, relatively standard, barrier function,

—logdet F(x, ) if (B,2)e X
0 otherwise ’

5,2 = |
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For 8 > 33, o(x, ) is analytic and strictly convex in x [44]. The analytic
center of the set X is denoted here by x(f) and is the unique minimizer for
the optimization problem,

z(B) := arg min ¢(f,z).

TeER

Calculation of the analytic center is accomplished via Newton’s method.

Algorithm 34 (Newton’s method, Nesterov & Nemirovskii step size)
Initialize with z° such that (3,2°) € X.

i) Calculate g(B3,27), the gradient of ¢(3,z) with respect to x, at v = 27.
ii) Calculate H(B,x7), the Hessian of ¢(3,z).

iii) Calculate the Newton step, a:g, as the solution to
H(B,2%) x5 = —g(B,27).
iii) Calculate the Newton decrement, 87 = A/ g(a9) 2.

iv) Update x by v/ =29 — of x?;, where the step size, o, is given by,

, 1 if 6 < 0.25
ol = :
1/(1+07) otherwise

v) Go to step i).
The convergence of this algorithm is proven in Nesterov and
Nemirovskii [40]. The computation time is dominated by the calculation of

g(z,B) and H(z, ). In Section C.2 we outline efficient calculation
methods for the particular structures arising in (53).

We now give the algorithm to minimize 3. In our case this is simpler than
that presented in [45].

Algorithm 35 (Modified method of centers)
Select 6 € (0,1). Initialize with (B°,2°) € X.

i) Calculate the analytic center, x(f7), via Algorithm 34.

ii) Calculate x'(87), the derivative of the center, x(7), with respect to f3.
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i11) Find, via bisection, p such that (#,87 — u) € 0X, where
&=a(p) —pa'(B).
i) Update x by 271 = 027 + (1 — 0)%.
v) Update 8 by B+ = 087 + (1— 0)(87 — p).
vi) Go to step i).

The inclusion of the uz*(z7) term is due to Fan and Nekooie. The choice
of § > 0 ensures that (877!, 29+1) e X. If 0 is very small (37!, 27+1) is
very close to 0X. Although this reduces the total number of steps in the
Algorithm 35, it increases the number of Newton steps required to find
x(B711). In the example presented here, 6 = 0.05.

C.2 Exploiting Structure in the Calculations

In this section we tailor the above algorithm to solve the optimization in
(50), and outline the computational advantages that are gained.

Note that,

¢(B,x) = —logdet(Fy(B, ) — log( — w*w),

which allows us to consider the gradient and Hessian of the two matrix
inequality constraints independently. Define the gradient and Hessian of
each of the above two terms by ¢, (8, ), Hy(8,x), and g, (5, ), Hy (B, ).
Note that

g(ﬁ,:ﬂ) = gv(ﬁax) +gw(ﬁ,x), and H(B7x) = Hv(ﬂ,$) + Hw(ﬂ,l/‘)

Now consider the second terms in the above. It is simple to show that,

guw(B,x) = m]\fiwa
and
2
Hy(B,2) = mN:)Nw + 92(8,2)g2(8, )",

where w = wg + Ny, .

The general, component-wise, formulation for g, (8, x) (see [44]) is,
Gvi(B, ) = —trace (L_vai (L_l)*> , t=1...,n,
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where L is a lower triangular Cholesky factorization satisfying,
LL* = F,(B, ). In this case F,; € ReTDnxbvtD)n and generally has n b,
non-zero elements. However, this can reformulated as,

gv(6>$) = Nq:kgvy

where, each component of g, is given by,

A -1 0 T (e5)* —1\* P
Juvj = trace(L [T(Bj) 0 (L ) , j=1,...,by,

and where e; denotes a vector with a 1 in the jth position and zeros
elsewhere. The computational saving arises from the fact that 7 (e;) has
only between one and n non-zero components and this sparsity can be
exploited in calculating the trace.

An analogous approach can be employed for the Hessian. Denote the
Hessian of — log det(F, (53, x)), with respect to v by H,(5,z). The i, jth
component of this is given by,

H,;; = trace (L_ll 7'?62') T(gi> ] (L_l)*L_ll T?@j) T((e)j) ] (L_l)*> :

The Hessian, with respect to x, is given by,

Hv(ﬁ,x) = N;ﬁv(ﬁax)Nv

The calculation of the Cholesky factor of F,(8,x), and its inverse, can be
further simplified by noting that,

I 0 [(52*27(0)*7(1)))—1 0”1 T(v)*]‘

T (v) I

-1 _
Fv(ﬁ,x) - [ 0 T 0 T

For completeness, we outline how to calculate the additional quantities
required to implement Algorithm 35. To find 2/(8), note that,

dg(B,z(B))
dp
As z(p) is the analytic center, g(3,z(/5)) = 0. Note that

dg(B,x(B)) _ dgu(B,2(B)  dgu(B,z(F))

= H(B,z(B)) «'(8) + g(B,z(B)).

dp dj g’
and it is simple to verify that,
d gw (B, -1
g (5/896(@) _ 5 ww guw (B, 2(B)).
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Using the gradient calculation techniques given above, we can again take
advantage of a sparse calculation method for the remaining term. Note
that,

4908, 2(8)) _ 4 d0(B,(8))
dp v dp '

The ¢th component is given by,

AV

0 O

dgmj,ﬂx(m) ~ trace (L_1

(L_l)*L_ll T?ei) T(Si) ] (L‘l)*> .

The fact that both F,(3,x) and Fy,(3,2) contain no matrices which are a
function of both x and § leads to very simple and efficient gradient
calculations.

We now discuss the calculation of p in Algorithm 35. This can be done
separately for F,(3,z) and F,,(5,z), and the minimum value used in the
algorithm. Finding the maximum value of u for Fy, (53, z) involves finding
the positive root of a scalar quadratic equation. The F, (3, x) case involves
solving a generalized eigenvalue problem. In principle bisection is not
required although we have found it more numerically stable to use
bisection with a eigenvalue positivity test.
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