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Abstract

In this paper a multivariable subspace-based identification method is applied to experimental modal analysis. The
method shows its efficiency in the identification of data which is contaminated by a great amount of external noise.
Numerical simulation is used to present the main characteristics of the method and compare its performance against other
techniques currently used in experimental modal analysis. The subspace identification method is also applied to data from
a modal test of a practical engineering structure.
© 2007 Elsevier Ltd. All rights reserved.

1. Introduction

The parametric identification of a multiple-input and multiple-output linear and time-invariant dynamical
system is a problem of central importance in modal analysis. It is largely used in structural analysis,
monitoring, model fitting or optimization design and control [1]. Multiple-input and multiple-output testing
has many advantages when compared to single-input and single-output techniques, especially when dealing
with larger structures. The force from multiple inputs allows a more uniform distribution of excitation
energy throughout the structure, improving the accuracy of identified modal parameters and reducing the
testing time.

The most common identification algorithms implemented in the time-domain use recursive linear difference
equation models for describing the input—output relation, such as the auto-regressive with exogenous
excitation (ARX) and auto-regressive moving average with exogenous excitation (ARMAX) [2]. The quality
of identified parameters in those two approaches depends on the estimator adopted in the optimization
process for calculating the fundamental matrix that comprises the model. The ARX model uses the well-
known least-squares (LS) optimization criteria, which is very sensitive to the presence of noise in the data. The
ARMAX model yields better accuracy when adopting iterative and nonlinear optimization schemes, at the
expense of a very high computational effort, which limits its application to problems with a relatively small
amount of data, which is not the case in multiple-input and multiple-output tests.

*Corresponding author. Tel.: +551935213175; fax: + 55193289 3722.
E-mail address: kurka@fem.unicamp.br (P.R.G. Kurka).

0022-460X/$ - see front matter © 2007 Elsevier Ltd. All rights reserved.
doi:10.1016/j.jsv.2007.07.089


www.elsevier.com/locate/jsvi
dx.doi.org/10.1016/j.jsv.2007.07.089
mailto:kurka@fem.unicamp.br

462 P.R.G. Kurka, H.N. Cambraia | Journal of Sound and Vibration 312 (2008) 461-475

An alternative description for input—output relationship is the state-space model and a preferred solution
for system identification is the use of subspace-based methods [3]. The main characteristic of such methods, for
the noise-free situation, consists of the determination of poles using the shift-invariance property of the
structured subspaces, defined by the columns or rows of data matrices obtained directly from the state-space
formulation and input—output signals of the dynamic system. In the case of noise contaminated data, a filtered
structured subspace is obtained by means of a low rank approximation matrix, using the singular value
decomposition (SVD) technique.

The subspace scheme is able to perform a numerically reliable identification of parameters of a complex
multivariable dynamical system, without the costly process of nonlinear search. The possibility of determining
an approximate system order in the identification process, via inspection of the dominant singular value of the
data matrix, is also an advantage of such a scheme.

Recent applications of the subspace technique show its ability to produce good parameter identification
with relatively small computational effort in the case of output-only data information. The works by Peeters
and De Roech [4], Hermans and Van Der Auweraer [5], Mevel et al. [6] and Abdelghani et al. [7], for example,
show applications of output-only subspace methods ranging from civil damage detection to aircraft modal
identification.

The current paper consists on the application of the parametric multiple-input and multiple-output
input—output subspace identification method in experimental modal analysis from empirical input—output
data. The method contributes in providing a robust model order determination based on a low rank
approximation matrix using SVD, followed by natural frequencies and mode shapes estimation. The present
method is distinct from output-only and input—output methods, cited above, since it uses an appropriated
multi-input and single-output (MISO) realization that allows the determination of modal residues/mode
shapes for multiple-input data.

Section 2 of the present paper derives the basic input—output signal relationship in a multivariable subspace
approach. Section 3 addresses the details of finding practical system parameters in terms of poles (natural
frequencies and modal damping) and mode shapes. Section 4 presents a numerical simulation which displays
the technique’s ability to identify parameters under the influence of noise contaminated data. Also in
this section, the experimental testing of a truss structure is shown to further illustrate the applicability
of the method.

2. Basic formulation

The response y(k) of a causal linear time-invariant system to a set of forces u(k) can be described as a finite-
order discrete multivariable state-space model,

x(k + 1) = Ax(k) + Bu(k),
y(k) = Cx(k) + Du(k), (1)

where x(k) is the n x 1 state-vector, u(k) is an m x 1 input vector corresponding to m inputs and y(k) is an / x 1
output vector associated with / response measurements. The quadruple of matrices [A B C D], with
appropriate dimensions, contains the system dynamic characteristics.

The classical realization problem consists in finding a state-space representation [A B C D], such that
the collection of impulse responses

=1 2D k=0 2
©=1 ca=1B @k>0), @

of the model matches the impulse response of the dynamical system to be modeled.

The term h(k) of Eq. (2), sometimes referred to as the Markov parameters [3], denotes the / x m matrix of
impulse responses, where /1;(k) is a generic element of h(k) representing the response in output i at time k to a
unit impulse applied to input j at time 0.
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The discussion here is limited to minimal state-space models, i.e., models for which the system order # is
minimal. A state-space model is considered minimal if there is no other realization of a degree that is lower
than n [3].

Input—output state-space time-domain realization methods attempt to find the system matrices A-D, from a
given set of input and output data u(k) and y(k).

Sequences of u(k), y(k) and x(k) that satisfy Eq. (1) leads, after manipulation, to the important input—output
matrix relationship:

Y, =X+ HU,, €)

where Y, and Uy, are the i-block rows and j-columns Hankel matrices, containing output y(k) and input u(k)
vectors of respective dimensions i/ X j and im X j as

) yk+1) - yk+j-1)
yk+1)  yk+2) - y(k +))
Y, = yk+2) yk+3) --- yk+j+1) @)
| yk+i—=1) yk+0 - yk+i+j—2)]
and
[ u(k) uk+1) --- uk+j—1)
uk+1) uk+2) - u(k + )
U, = uk+2) uk+3) - uk+j+1) | (5)
(uk+i—=1) uwk+i) - uk+i+j—2)]

X is a matrix of dimension 7 X j, containing consecutive state-vectors and defined as
X = [x(k) xk+1) x(k+2) --- x(k+j—1)]_ (6)
I'; is the il x n observability matrix formed by the state matrix A and the output influence matrix C as

C
CA

r,=| CA’ | %

H, is a il x im lower triangular Toeplitz matrix formed from the first ;i impulse responses as

D 0 0 e 0
CB D 0 e 0

H,= | CAB CB D e 0 (8)
: : : .0
CA™B CA™B CA™B -.- D

It can be seen from Eq. (7) that the observability matrix I'; has the following shift-invariant structure:

Y =104, )
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C

Assuming the realization to be of minimal order #, it follows that the observability matrix I'; is of full rank
n, and the state matrix A can be estimated as

where submatrices l"l(-l) and r§2) are defined from I'; as

)

A } 10
CA™! (10)

i =

A=TVT®), (11)

where the symbol “+” denotes the Moore-Penrose pseudo-inverse of matrix l"gl).

Basically, all the elements necessary to perform the state-space realization based on the input—output matrix
relationship have been presented. The state matrix A is determined by solving Eq. (11) and matrix C can be
obtained from the first block row of I';. The input influence matrices B and D can be calculated from the
Toeplitz matrix H,. Appendix A presents a scheme to perform such a realization in practical terms. Several
articles related to the state-space realization theory for input—output data can be found in the literature. The
present formulation however is primarily based on Refs. [3,8,9].

The problem considered in this paper is related to the identification of modal parameters of a flexible
structure given the input and output data measurements. The complex poles of the system are defined as [1]

)vp = —0p+ iCL)dp, (12)

where 7, is the modal damping parameter, g, = w,/1 — ¢, is the damped natural frequency, ¢, is the viscous
damping factor for mode p. The poles are calculated as

Jp = log(z,)/At, (13)

where log denotes natural logarithm, the term z, = e’rA represents the eigenvalues of the state matrix A and
At is the time sample adopted in the data acquisition process.
The modal residues associated with the poles 4, are defined as

Tijp) = i) Pjp)» (14)

where r;;, is the residue for mode p at point 7 due to an input at point j and ¢, is the ith element of the pth
system mode shape. Residues estimation is discussed in the next section.

3. Modal parameters estimation

This section presents the poles and modal residues identification from the system realization based on the
input—output data matrices U, and Y, respectively. In order to identify the system order #» and minimize the
errors caused by the presence of noise in the estimation of matrix A, a rank-reduction process is applied using
the SVD. A starting high dimension (larger than ») input—output matrix equation allows for an appropriate
column subspace representation of an extended observability matrix I';, which is used to calculate matrix A as
in Eq. (11). The residues are determined, using a particularly useful MISO realization scheme; in such a way
that matrix B directly yields the residues of the system.

3.1. Pole identification

It is assumed that the input u(k) has sufficient energy to excite all modes of the system during the identification
experiment, i.e., the system has persistent excitation [2]. In other words, the input u(k) contains at least n/2
harmonics with distinct frequencies that coincide with the natural frequencies of the system to be identified. Any
white or colored input noise signal also satisfies this assumption. The consequent condition of persistent excitation
is that matrix Uy, from Eq. (5) is of full rank, im, considering that j> (i/, im). The SVD of matrix U, yields,

Ui=Q[S 0] RH (15)



P.R.G. Kurka, H.N. Cambraia | Journal of Sound and Vibration 312 (2008) 461-475 465

where matrices Q and S have the same dimension im x im. Matrix 0;, has dimension im X jo with jo = j—im>im.
Matrices V; and V, have dimensions jx im and jx j,, respectively. Superscript T denotes matrix trans-
position.

It can be seen from Eq. (15) that matrix Q spans the column space of U,, whereas matrices V; and V, span,
respectively, the row and null spaces of U,,. Post multiplying Eq. (3) by V, leads to

Y,V2 =T XV, + HU, V> (16)
which results in the following equation,
YV, =IXV,, (17)

where Y,V, has dimension i/ x j.

For the case of noise-free data, the rank of both matrices I'; and V;XT is obviously 7, which is also the order
of the system. This enforces the product Y,V, of Eq. (17) to be also order of n. Moreover, the n columns of
matrices I'; and V;XT span, respectively, the column and row spaces of Y,V,, so that the column space of
YV, has the same shift-invariant structure as that of I';.

For the case where data is contaminated by noise, Y,V is full rank i/, with i/>n. However, a rank n column
space of Y,V, can be calculated from the following SVD partition as

N ~T
~ ~ S 0 V A~ A AT A~ A AT
WVa= Q0 Q|0 s || or | =@V +QSY,. ()
0 S.]| ]

where matrices QS, SS and V, have dimensions i/ x n, n x n and Jo X n, respectively. Obviously, in the absence of
noise Sn =0.

The n columns of matrix QS of dimension i/ x n span the column space of the n-order rank reduced matrix
YV, = QYSSVS, recovered from a truncated SVD of Y,V using Eq. (18). Those columns contain also the n
principal left singular vectors corresponding to the n principal singular values of the n x n diagonal matrix S;.

In practice, the order n of the dynamical system can be selected via inspection of the number of the most
significant singular values of Y,V,. An estimate of the extended observability matrix I';, denoted by I';, is then
taken as,

I =Q, (19)
since the theoretical observability matrix I'; and the extended observability matrix I'; = Qy span the column
space of the data matrix Y,V,, respectively, for the ideal free-noise and noise contaminated cases, for some #n-
order state-space realization.

The n system’s poles /, are identified using Egs. (9)—(13).

3.2. Residues and mode shapes estimation

Under the assumption of distinct system’s poles, there are, in fact, an infinite number of state-space
realizations of a system, as represented in Eq. (1). Equivalent representations can be obtained by using an
invertible state-vector transformation T of dimension 7 x n to define a new state-vector X(k) = Tx(k), yielding
an equivalent state-space model as

%(k + 1) = TAT'%(k + 1) + TBu(k),
y(k) = CT~'%(k) + Du(k) (20)
and producing an equivalent state-space realization given by
[A=TAT' B=TB C=CT' D=D]. 1)

The eigenvalues of matrix A remain invariant under this transformation T since TAT ' is a similarity
transformation [9].
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In order to calculate the modal residues r;,), an appropriate realization, which is valid for the m inputs and
a single-output (MISO) case, is defined as

Z] iy 0 Ti()
A; By . : " :
I . : . s (22)
dHd Zn Fiw T
1 - 1 dy - dy
where A; = Z = diag{zi,...,z,} of dimension 7 x n contains the n parameters z, = e’ and each column
of matrix,
Firy ot Fim()
B,=| : - (23)
Fitny - Fim(n)

of dimension 7 x m contains, directly, the modal residues of the impulse responses /;(z)’s for ith output point
corresponding to the j =1, ..., m input points.

The application of input—output identification procedure presented in this paper produces a generic system
realization given by [A B C D]. The particular realization given by Eq. (22) is obtained by applying a
state-vector transformation T, such that A = TJIZTd. Moreover, it can be seen in Eq. (21) the matrices B and
B, are related by

B, =T,B, (24)

where the determination of matrix B and an appropriate state-vector transformation T, are, respectively,
described in Appendices A and B.

The modal residues ), for totality of all m inputs and / outputs (multiple-input and multiple-output), are
calculated by applying sequentially the above MISO procedure for each measured output. This way, the
process of finding matrix B is repeated / times, yielding the matrices B B® ... B® of dimension n x m,
associated with the m inputs and a single output described above. The corresponding B; matrix is calculated
from Eq. (24) as

riny  Fy v Tim(

) ) ritey T2y 0 TimQ)
B, =T,B" = | . . | (25)

Tilm) Ti2m) - Tim(n)
Finally, the mode shapes are determined using the equality rji) = ¢y @), Where ¢, represents the ith
clement of the pth shape mode associated to the pth system pole 4, = —0g, +iwg,.

4. Results

This section presents the performance of the presented subspace realization method on both simulated and
experimental data sets.

4.1. Numerical simulation

A multiple-input and multiple-output example, using computer simulated data sets for 2 inputs and 3
outputs, is shown in order to compare the performance of the subspace method with an auto-regressive with
exogenous input (ARX) method [10]. The impulse response functions /1, hsy, h3y, oz and his3 of a typical
(mass, spring and damping) system with three degrees of freedom are generated with poles and correspondent
residues shown, respectively, in the fist column of Tables 1 and 2. The outputs y;, y, and y; have been
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Table 1

Identified poles

Original poles Subspace method ARX

A1 = —0.0196 + 6.6533i —0.0199-6.6543i —0.0231-6.6521i
J2 = —0.0496 + 10.53001 —0.0485-10.52971 —0.0606-10.5246i
Ay = —0.1307 + 16.27371 —0.1230-16.2783i —0.1856-16.2319i

N, =550, At = 0.125, i = 20, j = 530, NSR = 0.32

Table 2
Identified residues

Subspace method

ARX

Original residue r11
1.4e—06—0.00012i
4.6e—06—0.00046i
—1.3e—07 + 3.7e—06i

Original residue r12
4.6e—06—0.00081
3.6e—06+0.0004i
1.1e—06 + 5.8¢—05i

Original residue r13
—3.1e—06—0.00051
—4.6e—06 +4.6e—04i
—1.6e—06—9.0e—05i

Original residue r23
—0.0000-0.0034i
—7.8e—07—4.1e—05i
—0.0000+0.00141

Original residue r33
0.0000-0.0022i
9.3e—07—4.6e—0051
0.0000-0.0022i

0.0002—0.0001i
0.0002—0.0046i
—0.0006 +0.0009i

0.0004—0.0008i
0.0003 +0.00051
0.0003 +0.0005i

—0.0004—0.0003i
—0.0004 + 0.0024i
—0.0206—0.00061

—0.0002—-0.00331
—0.0002—0.00011
—0.0000+0.0012i

0.0000—0.00211
0.0001—-0.00021
0.0004—0.00221

0.0018—0.0001i
0.0028—0.0054i
—0.0012+0.0041i

0.0015—0.0010i
0.0020+0.0017i
0.0000 +0.0011i

—0.0014—0.0012i
—0.0004 +0.00291
—0.0656—0.00101

—0.0029-0.00421
—0.0030—0.00061
—0.0011+0.0023i

0.0000—0.00191
0.0024—0.0032i
0.0054—0.00481

calculated using the following discrete convolutions:

Np Np
(k) = i@k — )+ his(©ua(k — ),
s=0 s=0

Np

Np
ya(k) = " hai(u(k — )+ hos(ua(k — ),
s=0 5s=0

Np Np
y30k) =Y hai(yu(k — )+ Y haa(s)ua(k — 5), (26)
s=0 s=0

where u; and u, are zero mean Gaussian inputs with amplitude 5. The discretization interval Az used in the
simulation is 0.125s. No input process noise is added, whereas white Gaussian noise with zero mean and noise
to signal ratio (NSR) of approximately 0.30 is added to the outputs.

The identification techniques are applied to the input—output data set with a number of samples N, = 550.
Also, i =20 and j = N,—i = 530 are the assumed values to form the i-blocks rows and j-columns Hankel
matrices Y, and U, from Egs. (4) and (5), resulting in a Y,V, matrix of dimension 60 x 490 according to
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Fig. 2. Original and identified frequency response function magnitudes generated via the subspace method.

Eq. (17). The model order is identified as n = 6 by inspection of the principal singular values of matrix Y,V, as
shown in Fig. 1. Tables 1 and 2 show the identified poles and residues calculated by the presented method as
compared to those obtained via the ARX, using the information of the identified system order, on both
identification procedures. The comparison reveals better parameter estimations in the subspace method
than those obtained via the ARX method. This is typical of the small sensibility to noise of the subspace
method. Fig. 2 shows the comparison of the original and identified frequency response functions through the

subspace method.
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Two other problems associated with the application of the ARX method in modal analysis is the difficulty
to identify the system order in the presence of computational poles as resulting in the analysis. In this example,
it has to reach 6 true system poles within a total of 60 values obtained from the eigenvalues of the companion
matrix calculated by means of an overestimated LS linear solution involving the data matrices [10].

4.2. Experimental results

This section presents the experimental modal identification analysis using the input—output subspace
method presented in this paper. Two tests of a practical structure are considered, one for single-input and
single-output data sets and another for data sets comprised of two simultaneous inputs and two outputs. The
results of the identification consist of the determination of the natural frequencies and vibration mode shapes.
The structure used in the experimental modal identification procedure is a free—free spatial truss with 28
measuring points, as shown in Fig. 3.

For the single-input and single-output test, the structure is excited with uncorrelated pseudo-random input
signal by means of one electromagnetic shaker mounted at point 0l. One simultaneous acceleration
measurement is measured for each of the 28 measuring points, making a total of 28 sets of single-input and
single-output tests, conducted at a sampling rate of 2500 Hz. The signals are filtered at a cut-off frequency of
1000 Hz. A number of N, = 800 data samples are taken at each measuring point. The time-domain subspace-
based identification method, presented in Section 3 above, is performed for each single-input and single-
output testing (m = 1 and / = 1) with a Hankel input Y, and output U, block matrices of i = 100 rows and
Jj = N,—i =700 columns, resulting in a Y;V, matrix of dimension 100 x 600 according to Eq. (17).

The first stage in the subspace realization procedure consists in the determination of the minimum order of
the model system. The singular values of Y,V are displayed in Fig. 4. According to the criteria based on the
inspection of the principal singular values of Y,V,, the order used for the analysis is adopted as n = 20. The
second stage of the method is the calculation of the extended observability matrix I = ()S from a rank n
reduced approximation of Y, V5, as shown in Eq. (18). The shift-invariant property of matrix I';, of dimension
100 x 20, is used for the estimation of poles, according to Eq. (11). Finally, the modal residues are estimated
using the procedure described in Section 3.2.

Fig. 3. The spatial truss.
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Fig. 5. Synthesized frequency response function magnitudes generated from identified modal parameters.

Typical synthesized acceleration frequency response function magnitudes are calculated using the identified
poles and modal residues and are shown in Fig. 5. Fig. 6 shows the mean values of such synthesized frequency
response function magnitudes. The measured natural frequencies are calculated as w, = |Im ()»p)|. The
location of the most relevant frequency response peaks in the synthesized mean frequency response function
magnitude curve are shown in Table 3. The associated real modal deflections of complex mode shapes,



P.R.G. Kurka, H.N. Cambraia | Journal of Sound and Vibration 312 (2008) 461-475 471

10" ; . ; : T : : . .

100

10"

Mean of FRF Magnitudes

10-2 I I I I I I I I I
0 100 200 300 400 500 600 700 800 900 1000

Frequency-Hz

Fig. 6. Mean value of the magnitude of the synthesized frequency response functions for the single-input and single-output case.

Table 3
Identified natural frequencies

Frequency (Hz)

47.5 127.5 328.0 450.0 495.0 708.0 870.0
(@) (b)
(© (d)
() (f)

Fig. 7. Modes of vibration for single-input and single-output case corresponding to the following frequencies: (a) 47.5 Hz, (b) 127.5 Hz, (¢)
328.0Hz, (d) 450.0 Hz, (¢) 495.0 Hz and (f) 708.0 Hz.

obtained using the modal residues by rijp) = ¢y, ®;(,), are presented in Fig. 7. The real modal deflection is
calculated. as q'bif(p) = abs(q’)l-(p)).sin(angle((pi(p))), Where p represent§ the associated index frequency.[l 1].

A multiple-input and multiple-output experiment is made using the same truss structure excited by two
shakers mounted at points 01 and 16, both using pseudo-random input. Two simultaneous acceleration
measurements are taken for all 28 measuring points characterizing a total of 14 sets of two-input two-output
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Fig. 8. Mean value of the magnitude of the synthesized frequency response functions for the multiple-input and multiple-output case.
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Fig. 9. Modes of vibration for multiple-input and multiple-output case corresponding to the following frequencies: (a) 47.5Hz, (b)
127.5Hz, (¢) 328.0 Hz, (d) 450.0 Hz, (e) 495.0 Hz and (f) 708.0 Hz.

tests using the cut-off frequency of 1000 Hz and the number of time sample points as N, = 800. The
identification (m = 2 and / = 2) multiple-input and multiple-output procedure uses the Hankel input Y, and
output U, block matrices with i = 100 rows and j = N,—i = 700 columns, resulting in a Y,V, matrix of
dimension 200 x 500. The model order adopted in the test, after analysis of the singular values of Y,V is also
n=20. The dimension of matrix I'; is now 200 x 20 from which the poles are estimated. Residues are
calculated according to the procedure described in Section 3.2 by applying twice the MISO residue
identifications for each measured output data set. The mean value of the magnitudes of the synthesized
(frequency response functions) is shown in Fig. 8. The natural frequencies are approximately the same
obtained from the single-input and single-output case and the correspondent mode shapes are presented in
Fig. 9. It is noted that the identified natural frequencies have approximately the same values for both the
single-input and single-output and multiple-input and multiple-output cases, whereas the vibrating mode
shapes present some differences. The differences are gathered to be due to the fact that the truss being
relatively small, the physical interaction of the two excitation shakers tends to slightly modify the shapes of
vibration.
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5. Conclusion

This paper presents the development and application of a multivariate subspace-based state-space
formulation for modal parameter identification using input—output data. The technique, brought to the
context of structural analysis, is grouped in the class of realization-based methods which are mostly used in
electrical engineering applications. Another important contribution of the work is the formulation of residues
derived directly from the system realization model. The ability to provide accurate modal parameters
estimations with a lean computational performance and numerical efficiency makes the method attractive for
both control and modal analysis applications.
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Appendix A. Determination of matrices B and D

Matrices B and D are found through pre- and post-multiplication of Eq. (3) by quantities QZ and U;,
respectively, from Egs. (18) and (3). Considering the orthogonal property of Q, and Q,, from Eq. (18), the
following equality can be established:

Q,H, = Q,R,.R,, (A1)

uu
where R, = Y;,U; is the il x im cross-correlation matrix of the input and output and R, = U;IUE is the
im x im autocorrelation matrix of the input. Matrices B and D can be determined, after partitioning and
rearranging of Eq. (A.1), using the standard LS techniques. One appropriate way of computing B and D, can
be found in Ref. [§] as

D1 _ ok A2
{B]—Q , (A.2)

where the symbol + denotes the Moore—Penrose pseudo-inverse of matrix Q to be defined below.
Matrices Q and R have dimensions ing x (/+n) and iny x m, respectively, with ny = il—n and are defined as

Q,(.1:1) QI+ 1:1)Q1: 1 — 1)) ]
Qi l+1:2) QG20+ 1: O : 1 —2),0)
Q=] O,¢2+1:3) Qo301+ 1: Q11— 3),) (A3)

- | : | :

QI — 1)+ 1:1i) 0 ]

and
i R(G, 1 :m) 1
R(G,m+1:2m)

_R(:,m(i =D+ 1:mi |

Matrix R = QIRWR;“I from the above equation represents the right-hand side of Eq. (A.1) and R is formed
by partitions of R. For the MISO identification case, to be used in Section 3 for the residues estimation, the
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first row of matrix Q+l~1 is matrix D in itself, whereas the last n rows determine matrix B. For more
information about the estimation of matrices B and D, see Ref. [8].

Appendix B. Determination of the similarity transformation T,

In order to calculate a state-vector transformation to be used in the residue estimation process adopted here,
it is convenient to introduce two important i-block rows and j-columns Hankel matrix H;; of impulse
responses and their appropriate factorization. The first Hankel matrix is defined as [3]

CB CAB CA™'B
CAB CA’B CA’B
H;; = . . . . = I, (B.1)
CA™'B CA'B CAY B
where I'; is the il x n observability matrix described in Eq. (7) and ; =[B AB A/7'B] is the

controllability matrix with dimension # x jm. Two useful factorizations of matrix H;; can be derived, in terms
of the system observability and controllability matrices as

Hy,; =TI
Hy; =TPq, =1"AQ;.

1

(B.2)

Matrix H;; can also be expressed in terms of individual elements of the scalar impulse response function,

n

hy(k) — Z Tio) e Atk’ (B.3)
p=1
that is,
(1) hy(2) hy()
hi(2)  hy(3) hiiG + 1)
Hi,/ =
i hy(i))  hy(i+1) hy(i 47— 1)_
M1 1 -
ij(1) z) z
Z1 Zp
— = ILRII;, (B.4)
zi! Zi1 i) Zn z;!

where IT; has a Vandermonde structure comprised of terms

z

(eil’ A’)l. Matrix H

Vandermonde structure above, admits the following factorization:

where Z = diag{z1 -+ zZn}.

H,; = I{"RI;,

H,, = PRI, = 11V ZR11,

;j» described in terms of

(B.5)

The state-vector transformation matrix T, is obtained by making a connection between factorizations (B.2)
and (B.5) for the single-input and single-output case as

Hy; = I'YAQ, = IV ZR11;

(B.6)
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or equivalently,
Fgl)AQj = Hgl)(TdTZI)Z(TdTgl)RHJ (B7)

Imposing on the above equation the condition A = T~!ZT required in the particular realization described in
Eq. (22), it follows immediately from above equation that

rgl) — HS‘I)Td (B.8)
or
T, = IV, (B.9)

where + denotes the Moore—Penrose pseudo-inverse. Cambraia [10] shows that the transformation matrix T,
calculated as Eq. (B.9) is also valid for MISO case.

Eq. (B.9) shows the expression of matrix T,. In practice, the observability matrix I'; can be approximated by
the extended observability matrix I'; = QY as in Eq. (19) resulting in the following practical expression for T,
to be used for residues calculation

T, =1 = n+Q!, (B.10)
where matrix I is calculated from Eq. (B.4) using the identified poles and QS is obtained from Eq. (18) for the
MISO case according to the correspondent residues index 74 = ¢ Pj)-
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