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Abstract: We present a data-driven Iterative Learning Control (ILC) scheme for continuous-
time systems using a ‘Gramian’ approach. We present some numerical experiments using
Chebyshev Polynomial Orthogonal Bases (CPOB) in both model-driven and data-driven ILC
for continuous-time systems. We show that in the model-driven ILC case, the utilisation of a
CPOB framework results in improved performance over discrete-time methods for applications
requiring high precision. In the data-driven case, the advantages of a CPOB approach are less
evident and we discuss some of the open problems being investigated.
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1. INTRODUCTION

Dynamical systems with continuous-time behaviours, ad-
vances in approximation theory as well as the analysis
techniques of classical control theory have inspired the
developments of continuous-time analogues to the ‘fun-
damental lemma’ - see Willems et al. (2005); Markovsky
et al. (2005); De Persis and Tesi (2020). There currently
exist at least four frameworks for data-driven control
of continuous-time systems; these are: Rapisarda et al.
(2023b); Schmitz et al. (2024); Lopez et al. (2024); Ohta
and Rapisarda (2024). An appropriate question to ask is
that of which framework to select for the control of a
dynamical system. The advantages of these approaches
over each other and discrete-time techniques have not yet
been deeply explored.

Iterative Learning Control (ILC) is the predominant con-
trol design problem for systems that operate iteratively,
i.e. those that are repeatedly reset to the same initial con-
ditions and are required to satisfy the same fixed objective
over the same time interval. There exist many types of ILC
such as the traditional PID type (see e.g. Arimoto et al.
(1984)) and adaptive ILC (see e.g. Tayebi (2004)).

In the continuous-time domain, concerns have emerged
over so-called intersample behaviour of ILC schemes that
use samples of data, i.e. the tracking performance at time
instants between the samples. For highly precise systems,
failure to consider intersample behaviour can result in
undesirable tracking performance (see e.g. Oomen et al.
(2007)). A ‘multirate’ ILC scheme is presented in Oomen
et al. (2009) that samples the tracking error at a faster
rate. However, by definition, when considering continuous-
time systems, this procedure does not consider intersample
behaviour in its entirety.

The final two authors of the present paper introduced in
Chu and Rapisarda (2023) a data-driven Norm-Optimal
ILC (NOILC) for continuous-time systems framework.
Control input signals are computed with consideration of

the entire intersample and ‘at-sample’ behaviour by using
Chebyshev polynomials.

In this paper, we present preliminary results on a new
data-driven ILC scheme for continuous-time systems that
uses the data-driven approach in Schmitz et al. (2024).
We then use ILC as a vehicle to investigate the numer-
ical behaviours of this approach in comparison to that
in Rapisarda et al. (2023b) as well as to compare the
performance of continuous-time ILC schemes with those
in discrete-time in problems concerning continuous-time
intersample behaviour.

This paper is organised as follows. In Section 2, we recall
some basic definitions and state two of the continuous-time
versions of the ‘fundamental lemma’ that relate Chebyshev
Polynomial Orthogonal Bases (CPOB) representations of
input-output data to those of all system trajectories. We
present in Section 3 an alternative framework to that
presented in Chu and Rapisarda (2023) that utilises the
data-driven approach presented in Schmitz et al. (2024).
In Section 4, we present the results of some numerical
investigations that we use to compare our framework using
two data-driven approaches and a model driven approach
and the multirate framework from Oomen et al. (2009).
We discuss the results in Section 5; we conclude the paper
and discuss open problems for research in Section 6.

Notation

We denote by N™, R™ the spaces of n-dimensional vectors
with natural and real entries respectively; R™*™ denotes
the set of n x m matrices with real entries. The i*" row
of a matrix M is denoted by M, ., and its i'" column
by M.;,. If A and B are two matrices with the same

number of columns, we define col(4,B) := [AT BT]T.
For a continuous-time trajectory u(-), we denote its it"
derivative with respect to time t by u(Y). For a linear

operator L, its range is denoted by R[L]. We denote
by Lo(I,R) the space of square-integrable real-valued
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functions defined on a finite interval I := [r,, 7] C R, by
l5(N,R) the space of real square-summable sequences and
by H*(I,R) the k' order Sobolev space associated with
L2(I,R). The space of infinitely differentiable functions
from I to R are denoted by C*(I,R). For k € N\{0}, we
define the ‘jet’ of order k of a function f by

f

Ai(f) = : : (1)
f(k—l)

2. BACKGROUND
2.1 Norm-optimal iterative learning control

Consider the linear time-invariant continuous-time system

%l‘k(t) = A.%‘k(t> + Buk(t)

yi(t) = Cag(t) + Dug(t), xr(7a) = zo , (2)
where z4(t) € R™, ui(t) € R™ and y(t) € RP denote the
state, input and output on the k** iteration at time
A, B,C, D are systems matrices with proper dimensions.
The system output ¥y, is required to track a given reference
signal r defined over a finite interval I := [r,, 75]. At each
time ¢t = 7, the time index and state are reset to t = 7,
and z11(74) = zo respectively. The system output yg41
is then required to track r over I = [1,, 7] again.

With the tracking error on trial k defined by ey, := r — yy,
the ILC problem is to find a control-updating law wug1 =
f(ug, ex), such that tracking performance is improved over
the iterations k, i.e., limg oo € =0 .

A squared 2-norm is defined by the following, with @ > 0
and R > 0 having compatible dimensions, in the output
and input spaces yr, € Lo([,RP) and up, € Lo(I,R™)
respectively

Il = [0l (OQuet)at s = [ ()R (0t
(3)
NOILC computes the control input signal for the next
iteration as
w1 = argming, | {llex+1lg + lurer —urllz}

sm.%wﬂﬂ::AMU)+Buﬂﬂ (4)

yk(t) = C{Ek(t) + Duk(t),
Tk (Ta) = X,
and guarantees monotonic convergence of the tracking

error norm, see e.g. Proposition 2 p. 4629 in Chu and
Rapisarda (2023).

2.2 Chebyshev polynomial orthogonal bases

The Chebyshev polynomials on an interval I = [r,, 7] C R
are defined by

2 a .
C;(t) := cos (iarccos( <tT +Tb>>),z€N,
o — Ta 2

()

see e.g. Chapter 3 p. 14 in Trefethen (2019).

We define the weight function w(-) at time ¢ by
1

w(t) := \/1 = (TbETa =

The Chebyshev polynomials on I are orthogonal to each
other with respect to the inner product defined by
(f,9)w == [ f(t)g(t)w(t)dt, and they form a complete
basis for Lo(I,R), i.e. their linear span is dense in Lo (I, R).
Hence, every f € Lo(I,R) can be written as a series

f=> Rl (7)
k=0

,tel. (6)

Ta-2i-7'b))2

where fO = ﬁ<f’ CO>U; and fk = ﬁ<fv Ck>w7
k € N5g. The convergence of this series to f depends on
the smoothness of f, see Remark 3 p. 4309 in Rapisarda
et al. (2024). The set of coefficients {f;}ren is square-
summable, see Theorem 23 p. 23 in Sansone (1959). The
notation of Section II.B p. 4628 in Chu and Rapisarda
(2023) is utilised for vector functions.

We define the infinite vector of Chebyshev polynomials

¢ = [Co Cy ]—r and the infinite vector of coeflicients
f= [J?o fi ...] such that (7) can be written as
=Y fiCi=fe. (8)
k=0
If f € Lo(I,R) is differentiable and () € £5(I, R), then
000 ---
nor 2 100--- ~
fW=f— 040 €= fDE:  (9)

we call D the differentiation matrix whose entries are
computed according to standard formulas, see Example
4 p. 4 in Rapisarda et al. (2024). The derivative of any
Lo(I,R) function can be computed with CPOB and the
matrix D.

Let f € L3(I,R) be represented by (8), we define the bijec-
tive projection of f on the space of Chebyshev coefficient
sequences II : Lo(I, R) — £2(N,R) by

I(f) := f,

and its N*" degree truncation by
Un(f) = [fo fr -+ fn-1)- (11)

We call f — IIn(f)[Co --- CNfl]T the approzimation
error. It can be shown that the approximation error decays
with V. The truncation of the derivative of the Chebyshev
series for f can be computed by using finite submatrices
of D, see Section IL.D p. 4 in Rapisarda et al. (2024).

(10)

2.8 The continuous-time ‘fundamental lemma’s

We state two results that enable the CPOB representation
of all system trajectories from one ‘sufficiently informa-
tive’ input-output trajectory produced by a continuous-
time LTT system.

We first state some definitions. Associate to (2) its input-
output behaviour on I = [7,, 7], defined by
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B = {col(u,y) € C(LR™P) | 3z € C*(I,R")
s.t. col(u, z,y) satisfies (2)}. (12)

Define the system lag £(*B) as in Section 3 p. 3 in Rapisarda
et al. (2023b). We denote the system order by n(B).

2.4 The ‘CPOB approach’

The following is Definition 1 p. 589 in Rapisarda et al.
(2023a).

Definition 1. Let 1= [1,, 7). f: T — R™ is persistently
exciting of order L on I if:

a) f is (L — 1)-times continuously differentiable in 1;
b) For every v :=[vg ... vp—1] € RYL™ it holds that

VAL(f)(t) =0Vt el =>1y,..., (13)

The projection of 8 on the space of Chebyshev coefficient
sequences is defined by

V-1 = 0.

T1(B) := {col(i, §) € L(N, R™ ) |

3 col(u,y) € B s.t. col(u,y) = H(col(u,y))}. (14)
Define the following jets of Chebyshev coefficients
Wi () == I(AL(u); Wr(y) :==1I(AL(y))  (15)

The following is Theorem 4 p. 6 in Rapisarda et al.
(2023b).

Theorem 1. Define B by (12) and let col (u,y) € B.
Assume that (A, B) is controllable and that u is persis-
tently exciting of order L > ((*B) + n(*B). Define W (u),
WrL(9) by (15), then dim R [colWr (w), Wr(¥))] = Lm +
n(B) =: d.

Let V,, € REm™¥d qnd V, € RLPX be such that col(V,, Vi)
is a basis matriz for R [col(WL( ), WL(©))]. Define I1(B)
by (14). The following are equivalent:

(1) col (W',y") € TI(B);
(2) There e:z:zsts G € R4*>® such that

Bl e
(38) There exists G € R¥** such that
(VuG)1,. =7
(VyG)l,: :g/
(VuG)l,:DZ - (VuG)iJrl,: =0
(VyG)1: D" = (VyG)ig1,: =0, (17)
i=1,...,[—1.

where D is defined as in (9).
2.5 The ‘Gramian approach’

Given L € N\{0} and f € HL7YI,R?), we define the
Gramian

TL(f) = / AL(H)AL()Tdt . (18)

The following is Definition 16 p. 6 in Schmitz et al. (2024).
Definition 2. Let L € N\{0}. A function f : 1 — R< is
persistently exciting of order L if f € HL=1(I, R?) and the
Gramian T (f) in (18) is positive definite.

We extend the definitions of the jet and Gramian to
Ap(u)]
Avre(u.y) = [AK( )]

I'rk(u,y) = /AL,K(U, Y) ALk (u,y) dt .
I

(19)
(20)

The following is Theorem 22 p. 7 in Schmitz et al. (2024).
Theorem 2. Suppose that B is controllable. Let col(u,y)
€ B be such that uw is persistently exciting of order
L > ((B) + n(B). For col(v',y’) € HL"L(I,R™*P) and
KeN, ((B) + 1<K <L, the following statements are
equivalent:

(1) col(v/,y') € B;

(2) There exists g € Lo(I, REMTEPY such that
Ap (' y) =T x(u,y)g.

Moreover, rank T'y, i (u,y) = Lm + n(B).

The following is Corollary 25 p. 8 in Schmitz et al. (2024)
for Chebyshev polynomial bases.

Corollary 1. Let the assumption of Theorem 2 hold.
Consider the partition

(21)

-
07 Tl e Do Ty Tjy o Thes] = Trc(u,y)

(22)
where T, € R™*Em+Ep) 5 — 0 L — 1, and

Lo € RPXUImHED) 4 = .
HE=Y(I,R™P) with '
are equivalent:

(1) col(u’,y’) € B;
(2) There ezists G € l3(N

,K — 1. For col(v/,y') €
=T(v'), ¥ = (y'), the following

,REMTEDY sych that

o' =T,0G,
¥ =T,0G,
r,o-owGD=T,,»G,j=1,...,L—1,
T,-0GD=T,0Gi=1,.. K—1, (23
where D is defined as in (9).

Remark 1. Instead of using the data matriz T'r x(u,y),
one can compute basis matrices V,, and V, as in Sec-
tion 2.4 such that col(V,,V,) is a baszs matriz  for
R[CL kx(u,y)]. One such method of performing this com-
putation is to utilise the reduced singular value decompo-
sition of T'r, k(u,y).

3. DATA-DRIVEN NOILC FOR CT SYSTEMS

In this section, we present a data-driven NOILC for
continuous-time systems framework that utilises the
‘Gramian approach’ (of Section 2.5) to the continuous-
time ‘fundamental lemma’. The following framework in-
herits all convergence properties of the model-based
NOILC algorithm including monotonic tracking error
norm convergence - see e.g. Proposition 2 p. 4629 in Chu
and Rapisarda (2023).

Proposition 1. Assume that (A, B) is controllable and
let col(u,y) be an input-output trajectory of (2). Assume
that u is persistently exciting of order L > £(B) + n(B)
according to Definition 2. Define K as in Theorem 2;
define Ty, i (u,y) as (20) and consider the partition (22).
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The optimal input

Uk+1 = Fqu+1€ (24)
solves the NOILC design problem (4) on trial k + 1 if
and only if there exists Gy, € RETEP that solves the
following optimisation problem

min {llr = TyGrs1€l5) + ITuGr1€ — uil %}
k+1

st. I'yo-1Gr41D —TiyGre1 =0
i=1,...,L—1.
Fy(iq)GkJrfD — Py(i) Gry1 =0
i=1,..., K —1.
Fy(i)Gk;J,_],De(Ta) =0,79=0,...,g—1.

(25)

Proof. The first L + K — 2 constraints in (25) are equiv-
alent to requiring that col(uk,1,yx+1) is an input-output
trajectory of (2). Using Theorem 2, Corollary 1 and the
assumption of persistent excitation of w (according to
Definition 2), col(ug41, yr+1) is a system trajectory if and
only if it satisfies (23). To complete the proof, recall that
the system output is required to satisfy the zero initial
condition, equivalently the last ¢ constraints in (25). O

Remark 2. The proposed design framework involves the
use of (high-order) derivatives of the input and output
signals. However, there is no need to measure them (which
can be difficult in practice) as they can be directly computed
using CPOB representations and (9).

Remark 3. In practice, for computational purposes, one
would truncate the framework (25) to use a finite number
N of Chebyshev coefficients, see e.g. Remark 2 p. 372 in
Wolski et al. (2024).

Remark 4. An analogous approach to Proposition 1 can
be defined for the ‘CPOB approach’, see Proposition 1 p.
4629 in Chu and Rapisarda (2023).

4. NUMERICAL INVESTIGATIONS

Consider the dynamical system (from Oomen et al.
(2009)),

@ =, y=u. (26)
The system has a lag of £(8) = 2 and order n(8) = 2.
In the following examples, we use the Chebfun toolbox
within MATLAB to compute CPOB representations and
the command chebop to simulate the system (26). The
Gramian matrices I'r,(u) and I'p g(u,y) are computed
by using CPOB representations of (u,y), the chebcoeffs
command within Chebfun and the matrix D in Section 2.2.
The rank of a matrix is computed with the rank command
in MATLAB with the default tolerance. We use the mosek
solver within yalmip to solve (25).

Example 1 (Model-driven). The system (26) is oper-
ating over T = [0,0.15] with initial condition x(0) =
0. It can be shown that the following is a basis of
R [colWr (w), Wr(¥))] (as defined in Theorem 1) and can
be used to characterise all system trajectories, see (16),

T

0
0
ol . (27)
1
0
0

We consider this a ‘numerically ideal’ basis of the system
(26) since it was derived with knowledge of the system
and numerically exactly characterises the trajectories of
the system - it is therefore effectively a model.

Figure 1 shows the tracking error e(t) with r(t) =
H(t — 0.02), the shifted Heaviside step, after 10 itera-
tions with the values of the Chebyshev truncation index
N = 15,30,60 in our framework using the basis (27) -
labelled as ‘CT-ILC°. We compare this to the multirate
ILC scheme in Oomen et al. (2009) (labelled as ‘MR-ILC’
in Figure 1) in which the tracking error is sampled at
f" = 400Hz (shown by the solid line in Figure 1) and
the controller operates at f' = 100Hz (shown by the dots
on the line in Figure 1). In both frameworks, we use the

weights Q =1, R = 10712,

0.6 . . . ! !
04l — CT-ILCy-—s5 CT-ILCy—g0] |
' ——— CT-ILCy_3 MR-ILC
0.2}
= 0
-0.2
04 0 l(‘
-2
0.6 ‘ 0.0925 . 0.1075 0.1225
0 0.02 0.04 0.06 0.08 0.1 0.12 0.14
Time ¢ (s)

Fig. 1. Tracking error e on the 10" iteration for Example 1
with different values of IV in our framework and that
of the multirate ILC scheme in Oomen et al. (2009).

Example 2 (Data-driven: data matrices). In this exam-
ple, we investigate numerically the data-driven approaches
in Section 3 in terms of their persistency of excitation
definitions and data matrices. Consider the system (26),
let L ="5>0(B)+n(B). It can be shown that the input
signals whose values at t are u(t) = t*; u(t) = —5e75t —
de=P —3e 4 —2e73 —e72t gre persistently exciting of order
5 in the ‘CPOB approach’ (according to Definition 1) and
belong to HX=Y(I,R™) for any finite I = [1,, 7). Definition
2 states that in order for u to be persistently exciting in
the ‘Gramian approach’, the Gramian matriz T (u) must
also be positive definite. By definition, I'r,(u) depends on
the time interval I = [, 7). Figure 2 shows the values of
N and 1, on a finite grid, for which T'p(u) has 5 positive
eigenvalues for the two aforementioned input signals thus
ascertaining the persistency of excitation condition in the
‘Gramian Approach’. Red points in Figure 2 indicate that
' (u) is not positive definite for the corresponding values
of N and Tp.

Theorems 1 and 2 state that the data matrices Wi (4, y)
and T'p g (u,y) have rank d := Lm + n(B) = 7. Figure
8 shows the values of N and 1, for which this rank result
s true in simulation for the two data-driven approaches
given the input signal u(t) = t*.

Example 3 (Data-driven: ILC). Figure 8 from Example 2
shows that the data matrices in both the ‘CPOB’ and
‘Gramian’ approaches have rank 7 when u(t) = t*, N = 10
and 7, = 3s. In this example, we apply both data-driven
approaches to the ILC design problem for the system (26).
We compare these results to our model-driven approach,
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u(t) =t
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Pres e
225 e & = b & & 6 & 6 & & 6 & & & & 6 & &
I5F 8 8 ¢ $§ $§388383s88383333 ¢33
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=) o — — — — ] o1 [\
T(,(S)

Fig. 2. The values of N and 7, in our framework for which
the Gramian matrices I', (u) with the input signals in
Example 2 are positive definite (indicated in green).

Rank(W,(a,y))

Rank(I'z x (u,y))

Fig. 3. The ranks of the CPOB matrix Wy, (u,y) and the
Gramian matrix I'p, i (u,y) with different values of N
and 7, in Example 2.

i.e. when we use (27) as the basis, as well as the multirate
approach of Oomen et al. (2009).

The system (26) is operating over I = [0, 3] with initial
condition x;(0) = 0 and whose output is required to
track the reference r(t) = t3. We use 10 samples of the
tracking error, i.e. N = 10 in our framework and retain
f" = 400Hz; f' = 100Hz in the multirate scheme.

Figure 4 shows the tracking error on the 100" iteration
for our model-driven and data-driven approaches and the
multirate scheme in Oomen et al. (2009), and the 2-
norm of the tracking error sampled at 10kHz to capture
the intersample behaviour over 100 iterations for each
framework.

x107°
5F ‘ ‘ ]
§ g | x10~° - |
© ol g%t ] ]
_ 255 2.6 265
0 1 2 3
Time t (s)
100 _ CT—ILCmUde[ CT'ILCGramian
——— CT-ILC¢epoB MR-ILC
[3\)
= 1077 .
= .
1010 \ . . . . . . . . .

1 10 20 30 40 50 60 70 80 90 100

Iteration k
Fig. 4. Tracking error on the 100" iteration (Top) and
2-norm of the tracking error over 100 iterations (Bot-
tom) for Example 3 with our framework (model-
driven, ‘CPOB approach’ and ‘Gramian approach’)
and that of the multirate ILC scheme in Oomen et al.
(2009).

5. DISCUSSION

From the examples in the previous section, we can draw
some indications about the numerical differences between
the two data-driven approaches in Section 3 and model-
driven schemes.

Comment 1 (Model-driven comparison). Figure 1 shows
the performance of our model-driven framework with 15,
30 and 60 samples of the tracking error against the scheme
in Oomen et al. (2009) with 60 samples. It is clear that
with less samples (15 or 30) than the multirate scheme,
our framework performs well in terms of settling time in
comparison to that of Oomen et al. (2009). With the same
number of samples (60), Figure 1 shows that our model-
driven framework outperforms that of the discrete-time
multirate scheme with regards to tracking performance.
This is despite of the fact that the reference function is
infeasible for the continuous-time system (26).
Comment 2 (Persistency of excitation conditions). It is
a simple task to gemerate continuous functions that are
persistently exciting of a given order in the ‘CPOB ap-
proach’ (Definition 1). The processes for finding functions
that are persistently exciting according to the ‘Gramian
approach’ (Definition 2) are less straightforward. In Ex-
ample 2, we investigate the roles of the parameters N
and T, on this notion. Figure 2 shows that even when
a function is considered persistently exciting according to
the ‘CPOB approach’, this only also holds according to the
‘Gramian approach’ for a limited set of values of N and
Ty. Several factors may influence this such as the number
of computational operations involved and the algorithms
used for such operations. It is not clear at this stage why
it is more difficult numerically to achieve the persistency of
excitation condition for the ‘Gramian approach’. An exam-
ination of more and different cases needs to be performed
before drawing any firm conclusions on the matter.
Comment 3 (Ranks of data matrices). Theorems 1 and 2
state that the data matrices Wi, (u,y) and T'r, i (u,y) have
rank d := Lm + n(B). The verification of the rank condi-
tion is essential in establishing sufficient informativity. In
Ezxample 2, we analyse how accurately such conditions can
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be ascertained with the ‘CPOB’ and ‘Gramian’ approaches.
We use an input that has been verified to be persistently
exciting in both approaches for the relevant values of N
and 7y in Fxample 2. Figure 8 shows that with different
values of N and T,, the rank of the data matriz in the
‘CPOB approach’ Wy, (u,y) is inconsistent and moreover
is rarely equal to d = T (shown by the flat intersecting
plane). The rank of the ‘Gramian approach’ data matriz
s also shown to be similarly inconsistent in Figure 3 but
does provide some flat regions that mirror the rank result of
Theorem 2. In more experiments involving different input
signals (omitted here for reasons of space), this flat plane
is consistently present in the rank of ' k(u,y). We infer
that, in practice, the truncation index N as well as the
length of the time interval [1,,Tp] greatly affect both the
persistent excitation of CPOB representations of continu-
ous functions and the rank condition of the data matrices
in both data-driven approaches. There is however some
indication that the ‘Gramian approach’ provides a larger
set of values of N and 1, for which the rank condition is
consistently verified. We recognise that numerical issues
may affect implementations with Chebyshev coefficients.
Such important issue is a matter for future research.

Comment 4 (Continuous-time vs. discrete-time ILC).
In Example 3, we compare the tracking error, including
the intersample behaviour, over 100 iterations with our
framework when using a model (see (27)) as well as two
data-driven approaches against the discrete-time multirate
ILC scheme of Oomen et al. (2009). Despite the fact that
we are using only 10 samples of the tracking error in
our approaches and 1200 in that of the multirate scheme
of Oomen et al. (2009), Figure 4 clearly shows that our
framework equipped with a model or the ‘CPOB’ approach
outperforms that of Oomen et al. (2009) on all itera-
tions. It is interesting and unclear at this stage why the
‘Gramian’ approach in Example 3 not only performs worse
than the ‘CPOB’ approach but also the multirate scheme.

6. CONCLUSION

We presented a data-driven ILC framework for continuous-
time systems that uses the continuous-time version of the
‘fundamental lemma’ presented in Schmitz et al. (2024).
We compared this ‘fundamental lemma’ against that in
Rapisarda et al. (2023b) numerically using experiments
with ILC. We also compared a model-driven discrete-time
approach that considers ‘intersample behaviour’ to our
framework equipped with a system model and separately
with just data.

Admittedly, the results presented here are based on a
few simulations on a specific example in which standard
MATLAB operations are used without special attention being
paid to the numerical accuracy of the algorithms used. Fu-
ture work includes more rigorous numerical experimenta-
tion and analysis from which we can detail the advantages
of the entire set of continuous-time ‘fundamental lemma’s.
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