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Abstract— In this paper we develop frequency-domain meth-
ods for approximating IIR plants with FIR transfer functions.
The underlying goal is to increase the performance and robust-
ness of Retrospective-Cost Adaptive Control (RCAC), which is
applicable to MIMO possibly nonminimum-phase (NMP) plants
without the need to know the locations of the NMP zeros. The
only required modeling information is an FIR approximation of
the plant, which may be based on a limited number of Markov
parameters, or possibly noisy frequency response data. In this
paper we investigate the resulting phase mismatch between
the true plant and the FIR approximation obtained through
linear and nonlinear approximation methods. We consider
degradation in the phase mismatch due to uncertainty in the
frequency response data.

I. INTRODUCTION

Although there is no precise definition of adaptive control,
it is generally understood to be a form of highly robust
nonlinear control that does not a priori sacrifice performance
for uncertainty. Adaptive controllers have been developed in
continuous time and discrete time. Although most plants are
naturally modeled in continuous time, the modeling data used
by an adaptive controller is typically based on sampled data.
In addition, most control applications are confined to a fixed,
bounded sample rate, while controllers developed in discrete
time can be directly transformed into embedded code. For
these reasons, we consider direct digital adaptive control for
sampled-data systems.

The direct digital adaptive control approach that we con-
sider is retrospective-cost adaptive control (RCAC). This
approach was developed in [1-5], where it was shown that
RCAC requires a limited number of Markov parameters
and knowledge of the nonminimum-phase (NMP) zeros, if
any. This information is used to construct a finite-impulse-
response (FIR) approximation of the plant. With this limited
modeling information, RCAC is applicable to stabilization,
command following, and disturbance rejection for SISO and
MIMO plants with arbitrary poles and zeros. In addition,
RCAC requires limited plant modeling information and does
not require knowledge of the poles, positive real or almost
positive real assumptions, constraints on the allowable rela-
tive degree, persistent excitation, knowledge of the spectrum
of the exogenous signal, or matching conditions on either
the plant uncertainty or the exogenous disturbances.

The present paper focuses on the extension of RCAC given
in [6-8], which removes the need to know the locations of
the plant’s NMP zeros. As shown in [6], the price paid for
this relaxed modeling requirement is the need to ensure that
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the Markov parameters used in RCAC provide a suitable
approximation of the plant’s frequency response. This in-
sight suggests that an improved FIR approximation may be
possible by directly approximating the frequency response
rather than using Markov parameters. This possibility was
explored in [8], where it was shown that, for a fixed FIR
order, the Markov parameters may not provide the optimal
FIR approximation of the plant’s frequency response.

FIR approximation of IIR plants is studied in [9, 10],
where an accurate state space realization is assumed to
be available. In the present paper we focus on a related
problem for SISO IIR plants where the available modeling
information is possibly noisy frequency response data.

The goal of the present paper is to extend the results of
[8] by constructing FIR approximations of the plant’s fre-
quency response subject to the given uncertainty. With these
approximations, we can assess the transient and asymptotic
performance of RCAC as a function of the accuracy of the
approximation. This assessment allows us to relate the accu-
racy of the FIR approximation to the performance of RCAC,
which in turn determines the modeling and identification
accuracy needed to implement RCAC.

The contents of the paper are as follows. In Section 2, we
present the adaptive control problem, and then summarize the
RCAC algorithm. In Section 3, we present motivation for FIR
approximation of IIR plants by illustrating the role of phase
mismatch in performance properties of RCAC. In Sections 4
and 5, we develop linear and nonlinear parameterizations in
order to fit the plant with an FIR model. Finally, in Section 6,
we present numerical examples illustrating the use of the fit
methods developed in Sections 4 and 5. The effect of noise
in fit accuracy is also discussed.

II. RCAC ADAPTIVE CONTROL PROBLEM

A. Problem Formulation

Consider the MIMO discrete-time system

z(k + 1) = Az(k) + Bu(k) + Diw(k), (1)
y(k) = Ca(k) + Daw(k), (2)
2(k) = Erx(k) + Eqw(k), 3)

where k& > 0, #(k) € R", z(k) € R!s is the measured
performance, y(k) € R!v contains additional measurements
that are available for control, u(k) € R is the input signal,
w(k) € Rl is the exogenous signal.
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The plant (1), (3) is represented by the transfer matrices
Gau(2) = Bi(2 - A)7'B, 4)
Gaw(2) 2 By (21 — A)7'Dy + E,. )
Furthermore, for a positive integer 1,
H, 2 B A'B

is the i*" Markov parameter of G.,.

The goal is to develop an adaptive output feedback con-
troller that minimizes the performance variable z in the
presence of the exogenous signal w with limited modeling
information about (1)-(3). The components of the signal
w can represent either command signals to be followed,
external disturbances to be rejected, or both, depending on
the configurations of D; and Ej.

B. Control Law

We use the strictly proper time-series control law

u(k) = 0T (k)p(k — 1), (6)
where
O(k) = [NT(k) - NE(k) MT (k) - MT(k)]T, (7
Sk — 1) = [yT(h=1) = y"(k—ne) T (k=1) - uT(kno)] T,
(3)

and, for all 1 < i < ne, Nij(k) € Rlv*tu M;(k) € Rluxlu,
The control law (6) can be reformulated as

u(k) = @(k —1)0(k), )

where
D(k—1) 21, ® ¢"(k — 1) € Rixbunelutl) — (10)
O(k) £ vec((k)) € Riumellutly) (11)

“®” denotes the Kronecker product, and “vec” is the column-
stacking operator.

C. Retrospective Performance

For a positive integer ng, we define

Gi(q) = Dy ' (a)Ne(a), (12)
where
Ni(q) £ Kiq™ ™ + Koq" % 4 4 Ky,
Di() 2 1.q™ + Ayq™ ™" + Apq™ 2 4+ Ay, (13)

K; € Rxlu for 1 <4 < r, Aj € R for 1 < j < r,
ng > 1 is the order of Gy, and each polynomial entry of
Ds(q) is asymptotically stable. Next, for k > 1, we define
the retrospective performance variable

2(O(k), k) £ 2(k) + De(k — 1)Ok) —ue(k),  (14)

with
P¢(k —1)
Uf(k‘)

where ©(k) is determined by optimization below.

In this paper, Gy is chosen to be a finite-impulse-response
(FIR) filter, that is, A; = 0, for 1 < j < ng, as discussed in
Section II-E. The role of Gt is discussed in Section III.

1>

5)
(16)

Grla)D (s — 1) € RI=xunelluty),
Grla)u(k) € R,

>

D. Cumulative Cost and RCAC Update Law

For k > 0, we define the cumulative cost function

k
J(O(k), k) £ 3 N 2T(O(k), 1)2(O(k), )

,:1
+ > NI OT (k)T (i — 1)@ (i — 1) (k)

+ M\ (O (k) — 00)T P Y (O (k) — ©0),

where A € (0,1], Py € Rbunelutly)xluncllutly) js positive
definite, n(k) = noz" (k)z(k) > 0, and ©g € Rbunellutly),
The following result follows from the RLS theory [11].
Proposition 2.1: Let P(0) = Py and ©(0) = ©g. Then,
for all £ > 1, the cumulative cost function (17) has a unique
global minimizer © (k). Furthermore, O (k) is given by

Ok) =[I — K(k)®;(k —1)]O(k — 1)

a7

= P(k)®f (k — 1) [2(k) —us(k)],  (18)
where P(k) satisfies
PR = 5 [P( 1)~ K(R)®B:(k — )Pk~ 1], (19)
and
K(k) 2P(k — 1)@ (k - 1)
-1
: [%n(k)llz + ®¢(k — 1)P(k — 1)®F (k — 1)} :

(20)

E. Phase-Matching-Based Construction of Gy

For Q € [0,n] rad/sample, the phase mismatch A(SY)
between Gy and G, is defined by

. Re |G, (e7)Ge(e7?)
|G (e79)] |Gt ()]

Note that A(€Q) represents the angle between G, (¢’}) and
Gt (e’?) in the complex plane. For the phase-matching-based
construction, G is chosen to satisfy

A(2) <90 deg, for all 2 € [0, 7] rad/sample.

A(Q) 2 cos™

€[0,180]. (21)

(22)

A weaker condition is sufficient when G,, is asymptotically
stable, and the exogenous signal w(k) is harmonic. In this
case, the phase-matching-based construction requires

A(Q) <90 deg, Q2 € spec(w), (23)
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where “spec(w)” is the frequency spectrum of w. Opti-
mization methods for minimizing the phase mismatch are
presented in Sections IV, V for SISO plants.

III. MOTIVATING EXAMPLE

In this section, we present an example that illustrates the
role of phase matching A(#) on the performance of RCAC.
In particular, numerical examples in [8] suggest that A(0) <
90 deg in the exogenous signal frequencies is a sufficient
condition for convergence of z to zero.

Example 3.1: Consider the NMP plant G, with d = 1,
H, = 1, poles 0.9, 0.5 & 0.5, and NMP zeros 1.3, 1.4.
We consider the sinusoidal command w(k) = 2sinbk,
where 0; = 0.285 rad/sample. We take G¢(q) = Hiq~! +
Hyq™? + Hzq 3, and thus the phase mismatch at the
command frequency is A(6;) = 62 deg. We let n. = 5,
Py =0.11, and 79 = 1. The performance z(k) converges to
zero as shown in Figure 1(a).

Keeping G the same, we now consider the step command
w(k) = 2step(k). The phase mismatch at DC is A(0) = 180
deg. We let n. = 5, Py = 0.11, and 19 = 1. The performance
z(k) is driven in the opposite direction because of the 180-
deg phase mismatch, and thus does not converge to zero, as
shown in Figure 1(b).

We now choose G¢(q) = 0.34q~* —0.11q=2 + 0.85q 3,
and consider the step command w(k) = 2step(k). Note that
Gt is not constructed using the Markov parameters. The
phase mismatch at DC is now A(0) = 0 deg. We let n, = 5,
Py =0.11, and 19 = 1. The performance now converges to
zero as shown in Figure 1(c).

Next, we keep Gy the same, but consider the sinusoidal
command w(k) = 2sin 61k, where 6; = 0.285 rad/sample.
We now have A(6;) = 144 deg. We let n. = 5, Py = 0.11,
and 1o = 1. The performance z(k) does not converge to zero
as shown in Figure 1(d). [ |

IV. LINEAR FIR FITTING METHOD

In this section, we formulate a constrained linear least
squares method that fits the frequency response of G, with
an FIR transfer function G¢. We assume that an estimate of
the frequency response of the plant G, (€’?) is available at a
finite number of frequencies. This knowledge can be obtained
through either modeling or frequency-domain identification.
We constrain the least squares solution to bound the phase
mismatch A() over a chosen frequency interval [6;, 0],
where 0 < 6, < 6;, < w. The phase mismatch bound
does not need to be uniform over [0;, 0;,]. Furthermore, the
largest bound that we allow is 90 deg. This is consistent with
the numerical results of [8], which suggests that a sufficient
condition for RCAC to drive the performance to zero is to
have A(f) < 90 deg for all § € [0, ]. Finally, we show
that the numerator coefficients of G¢ obtained by using the
unconstrained least squares solution are Markov parameters
of G.,. However, this is not the case when phase constraints
are imposed.

2(k)
o
6(k)
o

ha=—

-1
0 500 1000 1500 2000 2500
time step

-5
0 500 1000 1500 2000 2500
time step

-2
-25 :
2 o »

0 1000 2000 0
time step

500 1000 1500 2000 2500
time step

6(k)

-8
0 500 1000 1500 2000 2500 0
time step

500 1000 1500 2000 2500
time step

(©)

4

i
2l I |
B AT
.\H%m‘\ H Him

6(k)

-4 -0.:
0 500 1000 1500 2000 2500 0
time step

500 1000 1500 2000 2500
time step

(@

Fig. 1. Example 3.1. (a) shows the closed-loop response to the sinusoidal
command w(k) = 2sin 0.285k with A(0.285) = 62 deg, (b) shows the
closed-loop response to the step command w(k) = 2 with A(0) = 180
deg, (c) shows the closed-loop response to the step command w(k) = 2(k)
with A(0) = 0 deg, and finally, (d) shows the closed-loop response to
the step command w(k) = 2sin(0.285k) with A(0) = 144 deg. The
performance converges to zero for the cases where A(6) < 90 deg.

A. Linear Least Squares Parametric Model

For 1 <7 < N, consider the frequency response estimates
Cau(€) = i+ 98;, (24)

at the frequencies 0;, where o; € R, 8; € R. We want to fit
the above estimates with the FIR transfer function

A K125 R 124 K
. -

where s is the order of the FIR model, and ; € R are the
corresponding numerator coefficients that will be determined.
We now expand (25) into the Laurent series

Gf(Z)

; (25)

Gi(2) = kiz 7 4+ K2®, (26)

which is finite since Gy is an FIR model. We now evaluate
(26) at e?% for i = 1,..., N, and separate the unknown
parameters r; to obtain the linear parametric model

Gf(z)|eje,; = /ilefje'i N Ksefjs&i
Rg } ([ COSgi
—sin(sb;) ]T ) .

Then, the linear least squares fit of (24) with the FIR
parametric model (27) is obtained by minimizing

= [ K1 cos(sb;) ]T

+7[ —sinb; 27)

min [[Y — &7X, (28)
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7 U 7 ANE 1 y:
where K NSRRI ' B
T o ,’¢'f,, 0 \\" u?s\‘ o ‘\7 ‘
A}
Y = [ a an 51 BN ] s (29) lio; < B; Lo < B Bi < Loy \
. . Bi <wiai w0 < i uiai < fi uly
cos 0, cos O — sin 61 —sinfn —11 o -, 0 —11 o 1 —11 o y
*= cos(:50 ) e Cos(;G ) 7sin:(59 ) - 7sin.(50 ) GO 1 lio < 3; 1 Lt 1 e i < lici
! N 1 N Bi < uicy ’ \ Bi < uja
X = 31 of e O S| oy
= | k1 Rs (€29) s~ Lt Tai< B w; ,?0i < liai L,
ll\‘ wici; < e < B ‘:l;
B. Phase Mismatch Constraints R R R
To impose phase mismatch bounds on the solution X v B B Gi<lod [ B <l
. . . Bi < uiay pa \ wio < B; Bi < Uiy o
of (28), we consider the constrained linear least squares 0 ¢ of .| ol 0 L u
\ Loy < sl i ¢
problem o b I A ’Z,,
1 1 12 £

min [V — ®TX|, subjectto CX <0, (32)

where C is constructed based on the phase information of
each qu(ejo’?) and the desired phase mismatch bounds at
each frequency.

For example, consider the frequency-response estimate
qu(eJOM) = &, + 7Bm, and the phase mismatch bound
A, € (0,90) deg imposed on A(f) at the frequency ,,.
Then, the linear phase mismatch bounds Im(z) = ., Re(x)

and Im(z) = [,,Re(z) are determined by A,, as shown in
Figure 2. The slopes u,, and l,,, are given by

Um, 2 tan(Z(qm + 90m) + Am),
Im = tan(Z(cm + 96m) — Am).

(33)
(34)

Since u,, > g—’" > lm, and «, > 0, we have the inequality
constraints Bm‘m— U < 0 and 1y, — B < 0. Then, the
linear constraint that needs to be imposed on X to bound
A(B,,) by A,, is given by

I ®T(m,:) — ®T(N +m,:)

< =
CmX >~ Oa (PT(N —+ m, Z) — Um¢T(m7 :) ’

Cm

and ®T(m, :) represents the mt™ row of ®7T.
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Fig. 2. C;'Z“(eﬂem ), the linear upper bound ., and the linear lower bound
lm . Note that u., and [,, are the slopes of the dashed black lines, and are
given by (33), (34) respectively.

The above procedure is carried out for each frequency
01, ...,0n to construct the constraint matrix

c=[a Cy |" e RV,

Note that there are 4 possible constraint inequality conditions
corresponding to 12 possible configurations of w,, and I,,,
all of which are illustrated in Figure 3.

= 0 1 0 1= 0 11 0 1
Fig. 3. Possible bound configurations and associated linear constraints.
C. Special Case: Unconstrained Least Squares Solution

We now illustrate the unconstrained least squares
solution of (28) with exact frequency response
estimates (24) of G.,. Consider G, (2) =
12(z—0.85)(z(z—o.15;1(),52—093?(5.283)0(3)—0.3—0.8;)' We apply
unconstrained least squares fitting using exact frequency
response estimates qu(ejei) = G.u(e%), where 0;
are equally placed between 0 and w. We let the order

of G be s = 10. Figure 4 shows that the estimated
coefficients k1, ..., k19 converge to the Markov parameters
H,y,...,H)p as the number of data points used in the

estimation is increased.

i i
1000 1500

. . . # qf data points used in the fit,
Fig. 4. Unconstrained linear Jeast squares solution converges to Markov

parameters of G-

i
0 500 2000

V. NONLINEAR FIR FITTING METHOD

We now develop a nonlinear parameterization to fit the
phase plot of G, with the phase of an FIR transfer function.
This nonlinear formulation requires only an estimate of
the phase plot of G, in [0}, 6], and thus it requires less
modeling information than the linear method presented in
the previous section.

For 1 <i <N, let

6(0;) 2 £Gu () € [0,360), (35)

be the estimates of the phase of G, at frequencies 0 < 67 <

. < 6y < 7. We want to fit the above phase estimates
using the phase plot of the FIR model (25). Let g(6;) denote
the phase ZGrir(e’?) of the FIR model evaluated at the
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frequency 6;. Then, it follows from (27) that
9(97) =/ (/{16—197’, 4+ Hsejsei)
= ZLo; + Jw;

= atan2(w;, 0;)

where
o; = Z krcos(l0;), w;=— Z ki sin(16;),
=1 =1

and atan? is the four-quadrant inverse of the tangent function
mapped to [0,360). Then, the phase mismatch A(6;) is

A(6;) = min (¢(0;) — g(#;) mod 360,

360 — (¢(6;) — g(0;) mod 360)). (36)
Now, solving the minimization problem
N
H;i_nZHA(@z)H (37)
"=l

yields the numerator coefficients x; of the FIR approxima-
tion Gprg that provides the best phase matching with the
estimated phase plot (35) of G.,,.

VI. FIR FITTING EXAMPLES

We now present numerical examples illustrating the use
of linear and nonlinear fitting methods for minimizing A(6)
We use numerical optimization tools for both linear anc
nonlinear fitting; we use the Matlab functions Isglin fo
minimizing (32), and Isgnonlin for minimizing (37).

The constrained minimization problem (32) may not have
a solution if the chosen order of the FIR fit is too smal
to satisfy the constraints. If that is the case, we increase
the order of the FIR fit until the minimization problem is
feasible.

Since we are using only the phase information (35) in the
nonlinear method, scaling each coefficient x; by a positive
constant ~y results in the same cost value (37). In order to
avoid numerical problems that can arise, we first fix xk; = 1,
and solve for x;, 2 < ¢ < s. Next, we fix k1 = —1, and
repeat the process. Finally, we compare the residuals and
take the solution with the smaller residual norm.

Example 6.1: Consider the plant G, (z) with H; = 1,
poles 0.1, 0.5+ 0.3, 0.85, 0, minimum-phase zero 0.45, and
NMP zeros 1.5, 1.240.5. We first assume we have the exact
knowledge of the frequency response G, (e’%") at 1001
equally spaced frequencies in [0, 7]. With this knowledge, we
apply linear fitting to uniformly bound the phase mismatch
A(f) by Ay = 80 deg, Ay = 40 deg, and Az = 10
deg. Figure 5 shows the phase mismatch functions of the
resulting FIR approximations. Note that the order of the FIR
fit increases as the phase mismatch bound becomes tighter.

We now assume that we do not have complete frequency
response information of G, but we do have exact knowl-
edge of the phase plot at the above specified frequencies.
With this knowledge, we apply nonlinear fitting to minimize
A(0) over [0, 7]. Figure 6 shows the phase mismatch func-

tions of the resulting FIR approximations with orders s = 4,
5, and 7.

We now assume we have no frequency domain knowledge
of G, but we have exact knowledge of Markov parameters.
With this knowledge, we construct 4%, 5t and 7*"-order FIR
plants, the phase mismatch functions of which are illustrated
in Figure 7. Note that A(0) = 180 deg in each case. [

80 = == = == = | 80 80
s=5 s=7
s=4
60 60 60
S S S
3 40 J 40pr = === == J 40
20 20 20
0 0 0
0 1 2 3 0 1 2 3 0 1 2 3
0 (rad) 0 (rad) 0 (rad)
Fig. 5. ExI: Lin Fit.
180 90 90
160 80 80
140 70 70
120 60 60
g 100 cnd ok s—5 &% 7
< g < 40 < 4
60 30 30
40 20 20
20 10 10
0 0 0
0 1 2 3 0 1 2 3 0 1 2 3
0 (rad) 0 (rad) 0 (rad)
Fig. 6. ExI: NonLin Fit.
150 150 150
< 100 = 100 = 100
N s=4 > = = s=7
3 3 s=5 |3
50 50 50
0 0 0
0 2 0 2 0 2
6 (rad) 6 (rad) 0 (rad)
Fig. 7. Ex1: MP Fit.

Example 6.2: Consider the same plant G, as in Ex-
ample 6.1, and assume we have the exact knowledge of
the frequency response G, (e?%") at 1001 equally spaced
frequencies in [0, 7]. Suppose we are interested in track-
ing sinusoids at a particular frequency range with RCAC.
Therefore, the objective is to impose nonuniform bounds that
are tighter at the frequencies of interest. In particular, we
consider three cases: smaller mismatch at low frequencies,
smaller mismatch at high frequencies, and smaller mismatch
at intermediate frequencies. Furthermore, to have robustness
at all frequencies, we want A(6) < 90 deg for all 8 € [0, 7].
We apply linear fitting with nonuniform bounds to obtain the
phase mismatch functions illustrated in Figure 8. The order
of the FIR fit is s = 5 in each case, which is smaller than
the order s = 7 we obtain when we impose a uniform 10

deg bound at every frequency. |
80 " 80
R4 \\‘ s_5
60 s=5 ," soff| >
s .~ :
= 40 ’ = 40 X
X/ \\
20( 4 20 AN
N
00 1 2 3 00 2
6 (rad) 6 (rad) 6 (rad)
Fig. 8. Ex2: Lin Fit.
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Example 6.3: Consider the same plant G, as above.
We now assume that the plant model is unknown. With
the plant realized in controllable canonical form, we
excite the unknown plant with a white noise sequence
and collect output measurements for 2500 time steps
with the unknown nonzero initial condition x%O) =
[ 0.8644 0.0942 —0.8519 0.8735 —0.4380 ] . We
then take the ratio of the fast fourier transforms of the output
and input signals to obtain frequency response estimates
qu(eﬁ) over € [0,7]. The bode plot of G, and the
estimated frequency response are shown in Figure 9.

40 200

0

-200

magnitude (dB)
phase (deg)

—-400

-20 -600
0 1 2

3 0 3

1 2
6 (rad/sample) 6 (rad/sample)
Fig. 9. Ex2: Lin Fit.

Using the noisy frequency response estimates, we first
apply the linear fitting method with a uniform phase mis-
match bound A = 80 deg. Figure 10 shows the phase
plot of the resulting FIR transfer function Gt and the phase
mismatch function A(6) between the actual plant G,, and
Gy. Although the phase of Gy is within a +80 deg envelope
of the estimated phase plot Aézu, the phase mismatch with
G, gets above 80 deg near § = 1 rad/sample. Furthermore,
the order of G is now s = 11, which is larger than the
order s = 4 we obtain if the frequency response estimates

are exact.
500 100

80f= == === e - -

60

5
D
K
)
<

40

phase (deg)

-500
20

-1000 0
0 1 2 3 0 1 2 3

6 (rad/sample) 6 (rad/sample)
Fig. 10. Ex2: Lin Fit.

Using the estimated phase plot, we now apply the nonlin-
ear fitting method to minimize A. Figure 11 shows the phase
plot of the resulting FIR transfer function Grrr and the phase
mismatch function A(6) between the actual plant G, and
Grir. Since the nonlinear method directly minimizes the
phase difference between the estimated phase plot and the
Grir model in a least squares sense, the effect of noise is
less significant than the linear method, and Gpir matches
the actual plant with less than 30-deg phase mismatch for
all @ € [0, 7r]. Furthermore, the order of Grir s = 8 is lower
than the order s = 11 we obtain with the linear method. H.

VII. CONCLUSIONS

We provided frequency-domain fitting methods for ap-
proximating IIR plants with FIR transfer functions. In par-
ticular, we developed a linear parameterization that fits the
frequency response estimates of the IIR plant with an FIR
transfer function, as well as a nonlinear parameterization

200

80
0
=) — 60
§ I3 s=8
@ 200 °
3 @ 40
5 g
-400 20
-600 0
0 1 2 3 0 1 2 3
6 (rad/sample) 6 (rad/sample)
Fig. 11. Ex: NonLin Fit.

that fits the phase plot of the IIR plant with the phase of
an FIR transfer function. We showed that in the absence of
phase constraints, the solution of the linear fitting method
converges to Markov parameters of the plant. We provided a
motivating example illustrating the role of phase matching in
on the performance of RCAC. We compared the linear and
nonlinear methods in terms of phase matching performance,
and investigated the degradation in phase matching when the
frequency response estimates are noisy.
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