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Abstract

There has re ently been interest in the use of orthonormal bases for the purposes of SISO system identi ation.
Con urrently, but separately, there has also been vigorous work on estimation of MIMO systems by omputationally heap and reliable s hemes. These latter ideas
have olle tively be ome known as `4SID' methods. This
paper is a ontribution overlapping these two s hools of
thought by showing how general orthonormal bases may
be generated to form model stru tures suitable for identi ation of MIMO systems using only simple al ulations. In ontrast to general predi tion error methods
and in ommon with 4SID s hemes the estimation algorithms involved are omputationally simple. However, a
distinguishing feature of the orthonormal basis approa h
des ribed here is that signi ant prior knowledge about
system poles may be in luded in the estimation problem.
1

Introduction

Re ently there has been interest in developing s hemes
for estimation of SISO systems using so- alled orthonormal basis fun tions. The most ommon model stru ture
employing these fun tions is the well known FIR one.
However, as explained in [10, 2℄, the use of su h a model
stru ture impli itly involves expanding the true dis rete
time system transfer fun tion G(q) around poles lo ated
at the origin. If the true poles are slow (near the unit
ir le) and hen e very far from the origin then a more
sensible approa h is to expand G(q) around a pole q = ξ
near the dominating slow mode. This amounts to the inlusion of prior knowledge of a single rst order response,
and may be a hieved using the Laguerre orthonormal
model stru ture ([10, 11℄). The FIR stru ture is a speial ase of the Laguerre stru ture with ξ = 0.
When prior knowledge of a se ond order mode is to be
in luded (ξ is omplex) then a Kautz orthonormal model
stru ture an be used [11℄. The Laguerre stru ture is a
spe ial ase of the Kautz one when ξ is real.
If prior knowledge is to be in luded about several
∗ This author gratefully a knowledges support from the Australian Resear h Coun il. The author an be onta ted at
email:brett@tesla.newcastle.edu.au or at FAX +61 49 21 69 93.

modes of di erent types, then the general orthonormal
onstru tion methods of Heuberger, Van den Hof and
o-workers [2℄ or of Ninness and Gustafsson [7, 5℄ may
be employed. The Kautz, Laguerre and FIR stru tures
are all spe ial ases of these methods.
There are several advantages to using these orthonormal basis model stru tures in system identi ation.
Firstly, they are stru tures that are linear in the parameters to be estimated. This means that system estimates
may be found in a omputationally heap and reliable
losed form fashion.
As well, and in ontrast to well known predi tion error
methods employing ARX model stru tures, no iterative
numeri al optimisation s hemes are ne essary to nd the
estimate so that the attendant problems of onvergen e
to lo al minima are avoided.
A further onvenient feature of the linear stru ture
is that nite data statisti al properties of the estimate
(su h as varian es and on den e regions) may be al ulated.
A key advantage of orthonormality is that it fa ilitates
theoreti al analysis that yields guidelines for the pra tial implementation of the s hemes. For the SISO ase,
this has been done for FIR stru tures in [4℄, for Laguerre
in [10℄, for Kautz in [11℄ and for more general orthonormal bases in [2, 7, 5℄.
The nal advantage of orthonormal stru tures is that
it is possible to in orporate prior knowledge of the pole
lo ations of G(q) in the estimation problem. Again, this
is in ontrast to the ase of using the popular ARX model
stru ture where even if the user knows the approximate
hara teristi s (time onstants, damping ratios, natural
frequen ies) of G(q), the information annot be in luded
in the identi ation pro ess, but must be estimated in
a bla k-box fashion. The utility of in luding this prior
information is that the series expansion of G(q) is then
done about poles near the true ones, so that the onvergen e of the expansion is a elerated and hen e as few
parameters as possible need to be estimated.
The ontribution of this paper is to show how these
ideas of using orthonormal bases in SISO system identiation an be extended to the multiple input, multiple
output (MIMO) problem. Ex ept for the well known

studied to date ex ept for the work in [2℄ where the authors show how MIMO orthonormal bases an be generated, but do not investigate the use of them in MIMO
estimation.
The orthonormal bases employed here are not the ones
used in [2℄, but instead are generated using the methods
introdu ed in [7, 5℄. On e these bases have been generated, there is more than one hoi e as to how the model
may be parameterised by them. This paper examines
two possible hoi es, detail how estimates may be found
using this hoi es, and present some preliminary theoreti al results pertaining to the quality of the resulting
estimates.
A re ently popular lass of s hemes for estimation of
MIMO systems has been the new State Spa e Subspa e
System Identi ation (4SID) methods. The attra tion
with these s hemes is the low omputational ost involved, and the reliability of the numeri al pro edures
employed (SVD). MIMO estimation using the orthonormal bases of this paper enjoy equivalent numeri al and
omputational ost properties while o ering advantages
that 4SID methods do not. Namely, the apability to
in lude prior knowledge and to easily al ulate statistial properties of estimates. The paper on ludes with a
short simulation study that illustrates the utility of the
estimation s hemes proposed.
2

Problem Formulation

This paper addresses problems involving identi ation
of MIMO systems from noise orrupted observations of
their response from n inputs to m outputs. To be more
spe i , the paper assumes the availability of an N point
data re ord of n input sequen es {u1k}, {u2k}, . . . , {unk},
as well as m output sequen es {y1k}, {y2k}, . . . , {ymk} that
are related a ording to
yik =

n
X

r
X

; i = 1, 2, · · · , m.
(1)
The s alar transfer fun tions {Gij(q)} des ribe the (assumed stable) unknown system dynami s that are to be
identi ed. The output measurements {y1k}, {y2k}, . . . ,
{ym
orrupted by zero mean stationary white
k } are
noise pron esseso {e1k}, {e2k}, . . . , {erk} with nite varian es
2
σ2e = E eSk , and oloured by stable lters His(q). A
notational simpli ation is possible by ve torising:
△
△
T
1
2
n T
yk = (y1k, y2k, . . . , ym
k ) , uk = (uk, uk, . . . , uk ) ,
△
ek = (e1k, e2k, . . . , erk)T


G11(q) G12(q) . . . G1n(q)
 G21(q) G22(q) . . . G2n(q) 

G(q) = 
..  ,
..
..

.
...
.
.
Gm1(q) Gm2(q) . . . Gmn(q)


H11(q) H12(q) . . . H1r(q)
 H21(q) H22(q) . . . H2r(q) 

H(q) = 
..  ,
..
..

.
...
.
.
Hm1(q) Hm2(q) . . . Hmr(q)
=

j 1

S
k

Gij(q)ujk +

=

s 1

His(q)esk,

yk = G(q)uk + H(q)ek.

(2)
The idea of MIMO system identi ation using orthonormal basis fun tions is to follow the example of the SISO
ase and represent the transfer fun tion matrix G(q) as
a series expansion in the basis, and then to approximate
this expansion with a nite number of terms. In this way
it is possible to (approximately) identify the system by
estimating a nite number of expansion oeÆ ients.
A feature of using orthonormal bases to represent
MIMO systems is that in ontrast to the SISO ase more
than one model stru ture is possible. Furthermore, the
onstru tion of the orthonormal basis depends on the
model stru ture.
3

MIMO Model Structures

The most obvious MIMO model stru ture to use omes
from opying the SISO idea of making a trun ated series
expansion of G(q) as follows:
G(q, ) =

p−1
X

=

ℓ 0

θTℓ Bℓ(q).

(3)

In the SISO ase, the {Bℓ(q)} are orthonormal SISO
transfer fun tions. In the MIMO ase this an still be
true, or the {Bℓ(q)} an be m × n matri es of transfer
fun tions.
The onstru tion of the {Bℓ(q)} to obtain orthonormality will be detailed in following se tions, as will a
dis ussion of the validity of the p-th order trun ation,
but for now note that the expansion (3) leads to the
onvenient linear regressor form:


D0(q)


 D1(q) 
uk
G(q, )uk = θT0 , θT1 , · · · , θTp−1 
.
.. 

|
{z
}
Dp−1(q)
T
|
{z
}
φk

=  φk
(4)
where if the bases {Bk(q)} are hosen to be matri es
with dim{Bk(q)} = m × n then in the above equation
Dk(q) = Bk(q) and dim{θk} = m × m, dim{} = mp ×
m and dim{φk} = mp × 1. On the other hand, if the
bases {Bk(q)} are hosen to be s alar, then Dk(q) =
InBk(q) and dim{θk} = n × m, dim{} = np × m and
dim{φk} = np × 1.
The hoi e of whether the bases {Bk(q)} are hosen
as s alar or matrix depends on the exibility required in
spe ifying prior information about the individual transfer fun tion entries {Gij(q)}.
If knowledge exists about the pole lo ations in ea h
individual {Gij(q)} term of G(q), then the elements in
matrix {Bk(q)} an be hosen to re e t this knowledge
while still preserving orthonormality. This ability to
spe ify poles in individual {Gij(q)} is parti ularly important if there is a wide distribution of time onstants
in the di erent {Gij(q)} elements.
T

ase, or if less prior knowledge is available, then s alar
an be used with poles hosen to approximate
those in all the {Gij(q)} entries in G(q).
In pra ti e, the use of matrix bases gives more a urate estimation due to the greater exibility of the model
stru ture with (for square systems) the same number of
parameters being estimated. Unfortunately, there is a
penalty su ered for this in that the theoreti al analysis
is more ompli ated than for the s alar ase.
{Bk(q)}

This se tion des ribes the onstru tion of the bases employed in (3) whi h are onstru ted to be orthonormal
with respe t to the usual inner produ t that is useful in
dis rete time system analysis and whi h is de ned by
hBn, Bmi =

1
2π

Zπ

−π

Bn(ejω)Bm(ejω) dω.

(8)

The idea is that this orthonormality is to be preserved while at the same time in orporating prior knowlFor the purposes of estimation, the N point data re ords edge in the estimation problem by hoosing the poles
an be most onveniently handled by adopting the ve - {ξ0, ξ1, ξ2, · · · , ξp−1} of the {Bn} basis fun tion to be
near where the poles of the true system G(q) are betorised notation
lieved to lie.
Y T = (y0, y1, · · · , yN−1)
The onstru tion of a s alar orthonormal basis that
satis es the above requirements has been developed elseT = (φ0, φ1, · · · , φN−1)
where [5, 7℄ where the following basis fun tions are preand then using (4) the model for the N point observed sented
data re ord an be written as:
4

Parameter Estimation

! n−1 
p

1 − |ξn|2 Y 1 − ξkz
z − ξn
z − ξk

= .
(5)
Bn(z) =
(9)
k=0
In this ase, the most obvious and simplest s heme for
estimating the parameter matrix  in the model stru - Noti e that for the hoi e ξk = 0 for all k this basis deture (4) is the ubiquitous least squares method
generates to that orresponding to an FIR model stru (N−1
)
ture.
For the hoi e of ξk = ξ ∈ R of all poles being
X
1
b = arg min
Tr
εk()εTk() ,
the
same
and real, the Laguerre basis [10℄ is obtained
 N
k=0
as a spe ial ase. However, it would seem more appropriate to not use this basis formulation in (9) in su h
εk() , yk − G(q, )uk.
a restri ted setting, but rather hoose the poles {ξk} in
Using the linear regressor form in (5) it is well known a distributed fashion that most a urately re e ts prior
that b satisfying this riterion may be written in losed knowledge of G(q).
form as
Noti e that if any of the poles {ξ } are hosen as
b = † Y
(6) omplex, then the formulation (9) hask a omplex valwhere † is the left pseudoinverse of . If there is suf- ued impulse response whi h is inappropriate. In [7, 5℄
ient input ex itation for the indi ated inverse to exist it is shown how this may easily be ir umvented by still
using the onstru tion (9), but if ξn is hosen as omthis will be given by
plex,
then another pole ξn+1 must also be hosen as the
(7) omplex onjugate ξn+1 = ξn. This leads now to two ba† = (T )−1T .
sis fun tion Bn and Bn+1 with omplex valued impulse
As is well known, due to onsiderations of numeri al ro- responses.
idea now is that these may be linearly
bustness and omputation time, in pra ti e b is never ombined inThe
an
in
variety of ways to yield two new
al ulated a ording to (6),(7). Rather, the normal equa- basis fun tion Bn′ , Bnite
′′
n whi h have the same omplex valtions (5) are solved via an LU or singular value de om- ued poles, are orthonormal to one another, and have real
position.
impulse responses. These latter two basis fun Typi ally this least squares omputation will involve valued
tion
are
the ones used in the identi ation pro edure.
O(N) al ulations [1℄. In addition the generation of 
The
details
ombination are unimportant
involves deriving N samples of the outputs of mp × n here, but leadof tothisBn′linear
having
the form
lters. This will involve approximately O(N2) al ulap

tions. Compared to general predi tion error methods
n−1 
1 − |ξn|2(βz + µ) Y 1 − ξkz
′
this is a very light omputational load sin e no iterative
Bn(z) = 2
z + (ξn + ξn)z + |ξn|2 k=0 z − ξk
pro ess is required for minimising the predi tion error
riterion.
Compared to the new 4SID methods of MIMO system where x = (β, µ) ∈ R2 is any hoi e lying on the ellipse
identi ation, the omputational load of the methodolxT Mx = |1 − ξ2n|2
(10)
ogy of this paper is omparable. There are many suggestions for how 4SID methods an be numeri ally implemented, but a ommon thread seems to be that the with


major omputational load omes from 2 SVD's and 2
1 + |ξn|2 2Re{ξn}
least squares omputations (see [9℄ for details). This imM ,
.
2Re{ξn} 1 + |ξn|2
plies [1℄ O(N3) al ulations, whi h is of the same order
of magnitude of the approa h proposed here.
Y

estimation errors an arise from two sour es. One of
them is a so- alled `undermodelling' indu ed error that
′′
Bn
(z) =
results from the parsimony of the model stru ture (3)
whi h annot ompletely des ribe the true dynami s
′
′
G(q). The se ond sour e of errors arises from the noise
with (β , µ ) related to the initial hoi e of (β, µ)
orruption H(q)ek of the measurements.
 ′ 



In this se tion, these two errors are quanti ed sepa1
β
α
1
β
,
=√
(11) rately.
Due to the linearity of the model stru ture (3),
2
µ′
−1
−α
µ
1−α
and hen e the linearity (in the data) of the estimate (6),
the total error an be overbounded by the sum of these
ξn + ξn
α,
.
two error terms.
1 + |ξn|2
king the quanti ation of the undermodelling inA spe ial ase of this onstru tion is when only one xed duAtta
ed
error
that one hara teristi of this error
omplex mode ξk = ξ is onsidered and where the fol- is that it is surst,h note
that
the gain of the true system is unlowing spe ial hoi e satisfying (10) is made
derestimated in an `on average' sense over all frequen ies
 q

Theorem 1. De ne
(β, µ) = 0, (1 − α2)(1 + |ξn|2)
0 = N→∞
lim b .
in whi h ase (11) gives
q
Then regardless of whether the {Bℓ(q)} are matrix or
(β′ , µ′) = (1 + |ξn|2)(1, −α).
s alar
n

p

n−1 
1 − |ξn|2(β′ z + µ′ ) Y 1 − ξkz
z2 + (ξn + ξn)z + |ξn|2 k=0 z − ξk

whi h is the Kautz basis used in [11℄. Di erent initial
hoi es for (β, µ) satisfying (10) give an in nite number
of se ond order bases other than this Kautz one.
This provides a general onstru tion for s alar orthonormal {Bk(q)}. However, in the ontext of MIMO
estimation, it is possible that more pre ise prior knowledge is available in the form of p guesses {ξ1ij, · · · , ξijp−1}
about likely pole lo ations in the individual entries
{Gij(q)} of G(q). In this ase, the onstru tion for s alar
orthonormal bases an be extended so that matrix {Bk}
an be formed as
 k
k
k
B11(q) B12
(q) · · · B1n
(q) 

..
.. 
Bk(q) = 
.
. 
k
k
k
Bm1
(q) B12
(q) · · · Bmn
(q)
where
k
Bℓr
=

q
!
1 − |ξkℓr|2 k−1
Y 1 − qξt
1
ℓr
√
.
mn q − ξkℓr t=0 q − ξtℓr

(12)

These bases are orthonormal with respe t to the usual
de nition for an inner produ t on a spa e of matrix valued fun tions:
hBm, Bni =

1
2π

Zπ

−π

Tr



∗ jω
Bm(ejω)Bn
(e ) dω

where ·∗ denotes onjugate transpose. As previously
mentioned, use of this matrix basis provides more exibility in the in orporation of prior knowledge with a
on omitant improvement in estimation a ura y. The
penalty is an in reased diÆ ulty in theoreti al analysis.
6

Estimation Accuracy

The se tion addresses the question of analysing the performan e of the system identi ation s heme proposed.

Zπ

−π

Tr



Zπ

G(ejω, 0)G∗ (ejω, 0)u(ω) dω ≤

−π

Tr


G(ejω)G∗ (ejω)u(ω) dω

Proof. Follows using the same methods as employed

in Theorem 1 of [6℄.
While this gives some insight into how the undermodelling error behaves, it is not a result of very ne stru ture. What is possibly of more interest is some quanti ation of error at a parti ular frequen y, rather than
averaged over all frequen ies.
For the SISO ase and for parti ular orthonormal bases
this quanti ation has been performed in [10, 11, 2℄. The
methods employed in these works involve establishing
an isomorphism between the bases used in those works
to the ommon FIR basis {ejωn}. Standard te hniques
from Fourier analysis are then employed.
In omparison with the bases studied in [10, 11, 2℄, the
bases (9),(12) studied in this paper enjoy greater exibility in the possible hoi e of pole lo ation. Unfortunately,
there is a pri e to be paid for this in reased exibility
in that the isomorphi (with respe t to FIR) stru ture
is lost.
Nevertheless, it is still possible to develop results
equivalent to those in [10, 11, 2℄, but with onsiderably
more e ort. The main idea is to draw inspiration from
the Szego theory of orthonormal polynomials [8℄ and develop a so- alled `Christo el-Darboux' formula for the
Reprodu ing Kernel asso iated with the basis.
Theorem 2. Christo el-Darboux formula:
the Blas hke produ t
ϕp(z) =

p−1
Y

=

k 0

1 − ξkz
.
z − ξk

De ne

{Bk} an be expressed as
)
(
p−1
−1)ϕ (z−1)
X
ϕ
(
µ
1
−
p
p
Bk(µ−1)Bk(z−1) =
µz.
1 − µz

V , [H(q)e0, · · · , H(q)eN−1℄.

the orthonormal system
=

If the previous analysis supports the belief that the undermodelling error is negligible, then this quanti ation
an then be used to develop on den e intervals about
the parameters.
This sort of al ulation does not emphasise how the
hoi e of the basis fun tions {Bk} a e t the noise indu ed
error. To elu idate the latter it is ne essary to perform
an asymptoti analysis whi h is akin to the results for
s alar FIR bases presented in [12℄. Unfortunately, the
analysis be omes quite ompli ated, and we an only
provide a result for white and un orrelated measurement
noise with s alar basis in the model stru ture.

(13)
Proof. This is too lengthy to be presented here. It
does not use the methods of Szego whi h rely heavily
on the properties of polynomials. Rather the proof is

onstru tive.
In [7℄ the basis (9) was shown to be H2 omplete if and
only if P(1 − |ξ|k) = ∞. The Christo el-Darboux like
result in the previous theorem shows that under the same
onditions for H2 ompleteness, (9) is also omplete in
the disk algebra; this latter spa e is ommonly employed Theorem 4. De ne
in the so- alled `Estimation in H∞' literature.
o
Perhaps more importantly though, the previous The- V (ω) , 1 lim NE n|G (ejω, )
b − Gℓ,k(ejω)|2 .
ℓ,k
ℓ,k
orem allows the undermodelling error to be bounded as
βp(ω) N→∞
follows.
where
Theorem 3. Suppose Gij(z) has partial fra tion exp−1
X
pansion
βp(ω) = 2π
|Bk(ejω)|2
r−1
X
αℓ
k=0
Gij(z) =
ℓ
z
−
γ
ij
Then for MIMOestimation using s alar {Bℓ(q)}, for
ℓ=0
T
2
ℓ
b
where all the poles satisfy |γij| < 1. Put Gij(z) as the H(q) = 1 and E ekek = σeI, and assuming p is so
best H2 approximation to Gij(z) with respe t to the p large that the undermodelling error is negligible
k 0

basis fun tions {B0, B1, · · · , Bp−1}
b ij(z) =
G

Then

p−1
X

b ij(ejω)| <
|Gij(e ) − G
jω

=

k 0

hGij, Bki Bk(z).

r−1
X

=

ℓ 0

p−1
Y γℓij − ξk
αℓ
ejω − γℓij k=0 1 − ξkγℓij

−1

−1

≤ Vℓ,k(ω) ≤ σ2e inf σ(u(ω))
.
σ2e Sup σ(u(ω))
ω

ω

This shows, that as per the SISO estimation ase [7,
5℄, the error of the estimate at a parti ular frequen y is
proportional to the sum of the squared magnitudes of
the responses of the basis fun tions at that frequen y.
7

Simulation Example

Use Cau hy's Integral Theorem to write In this se tion the utility of the orthonormal basis fun tion approa h to MIMO identi ation is illustrated with
with |µ| < 1 as
a brief simulation study. Suppose an underlying ontinI
−1
G
1
(
z
)
uous time MIMO system, with m = 2 outputs and n = 2
G(µ−1) =
dz
2πj |z|=1 z − µ
inputs, with transfer matrix representations given by:


and then use the previous Theorem together with
0.1e−s
1
Cau hy's Residue Theorem and the Triangle inequality.
 (s + 1)(s + 0.1)
(s + 2)(s −s
+ 0.5) 
G(s) = 
0.21
0.32e

(s + 0.7)(s + 0.3) (s + 0.4)(s + 0.8)
This shows that the undermodelling error for MIMO es(14)
timation with the s alar basis fun tion model stru ture Noti e that there are large dis repan ies between the dydepends geometri ally (in model order p) on the distan e nami s in the individual entries of G(s) and also there are
between the true pole position γℓij and the guess ξk of strong ouplings between all inputs and outputs. Furthis position. This suggests that the onvergen e of the thermore, there are time delays in some terms.
expansion (3) an be rapid, and hen e the trun ation at
Consider the situation where to estimate the dynami s
nite model order p is valid.
(14) there is available an observation of N = 300 samples
A key advantage of the simple linear in the parame- spa ed 1 se ond apart of the outputs {y1k}, {y2k} of G(q)
ter model stru ture being employed is that it is possible when the inputs {u1k}, {u2k} are unit amplitude
square
to quantify the noise indu ed error (under a sto hasti waves of fundamental frequen ies 0.02 Hz and 0.05 Hz
model for {ek}) as
respe tively. The output data is orrupted with stationn o
ary
and white Gaussian distributed noise of varian es

Cov b = † E VV T († )T
σ2e = σ2e = 0.2 and with olouring lter H(q) = I.
Proof.
G(µ−1)

1

2

pole lo ations in (14) is a urate only to within 50 perent so that guesses to the pole lo ations an be made
as follows
ξ11 = (−2, −0.2, −2, −0.2, −0.5),
ξ12 = (−4, −1, −3, −1, −1),
ξ21 = (−1.4, −0.6, −1.4, −0.6, −0.1),
ξ22 = (−0.8, −1.6, −0.8, −1.6, −0.2)
in the matrix basis fun tion onstru tion (12). These
hoi es orresponds to a fth order model and twenty
s alar parameters being estimated. The results when
using this for estimation are shown in gure 1. The estimates are quite a urate even with the e e ts of time
delays and ina urate prior knowledge. To nish the simTrue and Estimated G11(jw)

True and Estimated G12(jw)
0.2

0

0

-0.2

-0.2

imag

imag

0.2

-0.4
-0.6
-0.8
-0.5

-0.4
-0.6

0

0.5
real

1

-0.8
-0.5

1.5

True and Estimated G21(jw)

0.5
real

1

1.5

0.2

0

0

-0.2

-0.2

imag

imag

0.2

-0.4
-0.6
-0.8
-0.5

0

True and Estimated G22(jw)

-0.4

the results are somewhat less a urate than for the basis fun tion solution, and involve an order of magnitude
more omputation time to derive. The la k of a ura y
is due to the in reased measurement noise indu ed variability resulting from an in reased number of parameters being estimated. On the other hand, the derivation
of the estimate in 2 does not require approximate prior
knowledge of the lo ation of system modes.
8

This paper has presented a simple and omputationally heap MIMO system identi ation s heme that is
a dire t extension of the familiar method of using leastsquares with an FIR model stru ture. A key feature
of the extension is that prior knowledge of the poles of
the system being identi ed an be in orporated into the
estimation problem in order to in rease the estimation
a ura y. This is done in su h a way that orthonormality
is preserved, sin e this fa ilitates theoreti al analysis to
be performed to quantify the undermodelling and measurement noise indu ed errors in the estimation.
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