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Abstract

A new cross-spectral analysis procedure is proposed for the parametric estimation of the relationship
between two time sequences in the frequency domain. In this method, the two observable outputs are
modeled as a pair of autoregressive moving-average and moving-average (ARMAMA) models under the
assumption that the two outputs are driven by a common input and independent ones simultaneously.
Cross- and auto-power spectral densities (PSDs) of a pair of ARMAMA models can be derived as forms of
rational polynomial functions. The coefficients of these functions can be estimated from the cross-
correlation function or the auto-correlation functions of the two observed sequences by using the method
presented in this paper. The main advantage of the present procedure is that the physical parameters of an
unknown system can be easily estimated from the coefficients of the cross- and auto-PSD functions. To
illustrate the effectiveness of the proposed procedure, numerical and practical examples of a mechanical
vibration problem are analyzed. The results show that the proposed procedure gives accurate cross- and
auto-PSD estimates. Moreover, the physical properties of the unknown system can be well estimated from
the obtained cross- and auto-PSDs.
© 2004 Elsevier Ltd. All rights reserved.

1. Introduction

Cross-spectral analysis is a fundamental and powerful procedure to investigate an unknown
relationship between two time series in the frequency domain. It is especially effective for the
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estimation of correlated periodic components between two measured records contaminated by
uncorrelated noises. Thus, to take advantage of the feature, the cross spectrum is widely employed
in many engineering problems; e.g., for the analysis of feedback systems [1], atmospheric problems
[2], time delay estimation of spatial sensors [3], blind equalization in communications [4], and
system identification of mechanical vibration systems [5]. In such multivariate problems when the
input cannot be specified, the authors believe cross-spectral analysis is more effective than auto-
spectral analysis or transfer function-based analysis, because the unknown relationship of
sequences can be evaluated without a priori definition of input and output, which is required in
transfer-based analysis. Whereas in Refs. [1-5] the cross-spectral density is computed in a non-
parametric way, by using the Fast Fourier Transform FFT, in this paper, a parametric approach
will be developed for cross-spectral analysis.

For estimating the auto-power spectral density (auto-PSD) in the parametric approach, various
schemes have been proposed based on scalar linear differential models such as autoregressive
(AR) models or autoregressive moving-average (ARMA) models [6-14]. Additionally, for
estimating the transfer function between two sequences, there are various schemes based on AR
models with the extra input (ARX) or autoregressive moving-average models with the extra input
(ARMAX) [15,16]. Using these parametric schemes, one can estimate the auto-PSD or transfer
function with coefficients of rational polynomial functions. From these coefficients, the physical
parameters can often be identified directly. Therefore, in such types of engineering problems, these
parametric schemes are useful for system identification; e.g., in mechanical vibration problems, by
using the linear differential model, the eigenvalues and eigenvectors of a system can be estimated
from the vibration response data [17].

While there are considerable studies on auto-PSD or transfer function estimates, very little
attention has been paid to the parametric approach to cross-PSD estimates. In practice, the cross-
PSD is often computed by a non-parametric procedure such as the FFT [18,19]. For a
multivariate system, conventional schemes of a scalar linear differential model have been extended
to vector-based schemes [20-23]. However, these vector-based schemes are complicated in such
extensions, because unknown parameters must be treated as matrix representation. Moreover, it is
generally difficult to explain physical meanings of the unknown system from the obtained
parameter matrices, even if the vector linear differential equations are well estimated. On the other
hand, the scalar scheme can be handled rather easily, and the multivariate system can be analyzed
in the repetitive use of the scalar scheme.

We propose a parametric approach for the analysis of the cross- and auto-PSDs, using a
pair of linear differential models for the two output sequences. The models are composed
of MA terms added to an ARMA model, therefore, they are called the autoregressive
moving-average and moving-average (ARMAMA) model. Specifically, throughout the paper, the
cross- and auto-PSDs will be treated as two-sided spectral density functions Sy, (w) and Sy ()
defined by [24]

o]

Sxy(w)z/ ny(r)e*j“”dr and Sxx(a))z/ Rxx(r)efj“”dr, ()

o0 —00

where w is the circular frequency; j =+ —1; R,,(t) and R,.(r) are the covariance functions
associated with stationary random variables x(¢) and y(z). The covariance functions of x(#) and
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y(¢) will be also defined by
Ryy(t) = E[x(Oy(t+1)] and Ry (r) = E[x(1)x(1 + 1)], 2)

where E[-] denotes the expectation operator on ¢.

The outline of the paper is as follows. In Section 2, the definition of the ARMAMA model and
its differential form are presented. In Section 3, the representation of the cross-PSD between the
two ARMAMA models is developed and also a procedure for estimation of the cross-PSD. In
Section 4, the authors derive the representation and a procedure for estimation of the auto-PSD
within the use of the correlated terms given by the computation of the cross-PSD in Section 3. In
Section 5, the authors discuss the structural difference between the ARMAMA model and
multivariate linear difference models. Section 6 presents some numerical examples to illustrate the
application of the proposed procedure. Furthermore, the practicality of the procedure will be
discussed in Section 7 and Section 8 concludes the paper.

2. Definition of ARMAMA model

Let x(z) and y(¢) be observable output sequences of two stationary processes. The ARMAMA
models are defined in discrete time ¢ as

-1 -1
X0 = ) e+ 2 e G
_ >0 by()z > d(j)z7
B0 TNGEERLAS > IR “
—1 -1
0 = e () + 2 el s
o by()z o dy()z
j=0 Ay j=0 Cv
ax(0)=1, a,0)=1, ¢ (0)=1, ¢/(0)=1, (7

where e(?), e(#) and e, (¢) are the unobservable inputs of white noise sequences with zero mean and
unit variance, which are mutually independent; z is the unit-delay operator; a.(j), a,(j), c«(j) and
¢,(j) are the AR coefficients; b.(7), b,(j), d.(j) and d,(j) are the MA coefficients. Fig. 1 shows a
block diagram of the ARMAMA models.

In Egs. (3) and (5), both outputs x(¢) and y(¢) are driven by the common input e(¢) given as the
first term of the right-hand sides in each equation; i.e., these terms can represent correlated
components between x(¢) and y(¢). Additionally, each output is also driven by different inputs
ex(t) or e, (7) given as the second terms of Egs. (4) or (6), which can represent uncorrelated
components between two outputs. As described in the next section, in the analysis of cross-PSD
the first term in Eqgs. (4) and (6) plays an important role, and the second term vanishes due to the
assumption of mutual independence between e(t), e () and e (7). On the other hand, in the
analysis of auto-PSD both the first and the second terms in Egs. (4) and (6) are required.
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Fig. 1. Block diagram of the ARMAMA model.

Egs. (4) and (6) can be rewritten in the linear difference forms as

3 et —j - k)
=0 k=0
=33 bt ==+ 3> daet—j — b, ®)
=0 k=0 =0 k=0

ne

N

a

> e(Dayky(t —j — k)

7=0 k=0
=33 b 0et—i—0+ >0 > dy(a ke, —j— k. ©)
=0 k=0 7=0 k=0

Each model in Eqs. (8) and (9) consists of one AR term and two MA terms; therefore, the authors
propose to call them ARMAMA models.

3. Computation of cross-PSD based on ARMAMA model

This section develops the procedure for the cross-PSD estimation of the ARMAMA model.
Firstly, using the impulse response equivalent to the ARMAMA model, the general
representation of the cross-PSD will be derived. In the representation, the cross-PSD is expressed
as a rational function of the AR and the MA coefficients. However, it is difficult to estimate the
MA coefficients by using only the observed outputs. This is because both the time sequence and its
coefficients in the MA terms are unknown, and one must solve highly nonlinear functions to
estimate these unknown parameters [22,25]. Some iterative schemes have been proposed for
solving the highly nonlinear functions of the ARMA model; e.g., the bootstrap method or the
maximum likelihood estimation [16,25], but these schemes cannot be easily handled in practice.
Thus, to take an easier approach, we will rewrite the simple representation of the cross-PSD
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without the use of the MA coefficients; i.e., the cross-PSD is rewritten as a function of the AR

coefficients and the cross-correlation function of the observed outputs. Finally, a set of equations
for the AR coefficients will be shown.

3.1. Derivation of general cross-PSD form

Eqgs. (3) and (5) can be alternatively expressed by using the impulse response functions below:

x(1) = Hpe(z7)e(t) + Hax(z™Dex(2), (10)
y(1) = Hpy(zDe(t) + Hay(z7 ey (0), (11)
where
_ ad N Bx(Zil)
x\Z ! = h x\J)Z / = s
Hb,( ) j§:0 b (]) Ax(Zfl) (12)
_ > . i B
1 — h J = Y
Hie™) = 3 I = (13)
_ G i Dz
x\Z h= E ha()z™7 = 5 4
_ - . i Dz
1 — h J = )y
Hae) = 3 ka7 = ¢ (15)

and {hp ()}, {hey (D}, {ha()} and {hg,(j)} are the impulse response sequences of the transfer
functions By(z71)/A4,(z7"), By(z71)/A,(z7"), Du(z71)/Cx(z71) and Dy(z7")/C,(z7"), respectively.
Eqgs. (10) and (11) can be rewritten in difference form as

X(1) =Y hpDet =)+ Y ha(iex(t — ), (16)
J=0 Jj=0

W)=Y hyp(k)e(t = k) + > hay(k)ey(r — k). (17)
k=0 k=0

The cross-correlation function Ry, (t) of x(#) and y(z) is given from Eqgs. (16) and (17) as
Ryy(1) = E[x(1) y(t + )]

o0

R (o (K) Ele(r — j) e(t + T — k)]
k=0

I
gk

.
Il
=

I
[M]e

Ry (Dhiy( + 7). (18)

~
Il
=
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In the derivation of the equation above, the assumption that e(?), e.(f) and e,(f) are mutually
independent is used.

Then, the corresponding cross-PSD  S,,(z7!) between x(7) and y(f) is given by the
Wiener—Khinchin theorem as

Sez )= )" Ry (19)

T=—00

Since the impulse responses /() and 5, () are equal to zero for <0, substitution of Eq. (18)
into Eq. (19) leads to the equation below:

SoE™ =Y hulDhey(G + 1)z (20)

J=0 =—j

Let k = j + 7 and substitute Egs. (12) and (13) into Eq. (20), then the cross-PSD between x(¢) and
¥(?) can be obtained as follows:

SuG = 33 By ()¢
J k=0
= be(Z)Hby(Z_l)
BB

- A4

=0
ey

3.2. Simple representation of cross-PSD without MA coefficient

To estimate the cross-PSD from Eq. (21), the AR and MA coefficients a.(j), a,(j), b(j) and b,())
are required to be determined. In the case of ARMA model, Kinkel et al. [6], Kaveh [7], Kay [9]
have proposed the procedure of auto-PSD estimation without determining of the MA coefficients.
In a similar way, the cross-PSD in Eq. (21) can be modified into an alternative form without using
MA coefficients.

The numerator in Eq. (21) can be expressed as

my ny
BA2)B,(z") =D b)) by(i)z
k=0 =0
np i
= > > bl + Dz, (22)
I=—my, k=0
Note that j = k +[; b,(j) = 0 for j <0 or for n; <j.
To simplify the derivation below, Eqgs. (8) and (9) are rewritten by using two sets of new
instrumental variables u(¢), v(¢) and r(¢), s(2):
my my
> adl)x(t — k) —u(t = k) = bu(k)e(r — k) = (1), (23)
k=0

k=0
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S a0 — k) — ot — k) =S byelt — k) = (1) (24)
k=0 k=0
and
Z ex(ult ) = Z d(fex(t — ), (25)
Jj=0 =0
S G- =" dyiest—j). (26)
j=0 J=0

From the left-hand side of Egs. (23) and (24), the cross-correlation function R, (/) of r(¢) and
s(t) can be expressed as

Rys(l) = E[r(1) - s(t + 1]

= 3> @B~ K) — ult = KN+ 1= ) — ol 41— )
k=0 j=0
= Z Z ax(lk)a,(HRy( + k — ), o
=0 j=

where Rw(r) is the cross-correlation function of x(¢) and y(¢), which can be estimated from the
time-series observation.'Note that the cross-correlation functions R,,(t) of x(f) and (), R, (7) of
y(¢) and u(z) and R,,(t) of u(?) and v(¢) equal to zero in all 7. (See Egs. (A.3)—(A.5) in Appendix A.)
Next, from the right-hand side of Egs. (23) and (24), the cross-correlation function R, (/) can
also be also expressed as
Rys(l) = E[r(1)s(t + 1]
my
-y Z by(k)b, () Ele(t — k) elt + 1 — )]
k=0 j=

my

=Y bu(k)by(k + ). (28)
k=0

Then substituting Eq. (28) into Eq. (22), the alternative representation of cross-PSD in Eq. (21)
can be obtained:
" RNzt
Sxy(z_l) =Sl (_)1
Ax(2)Ay(z7")
Since R,4(!) can be computed for / = —my,...,n, by using Eq. (27), the cross-PSD given by
Eq. (29) can be evaluated without using MA coefficients.

(29)

'In the examples of Sections 5 and 6, the cross-correlation function of x(f) and y(7) is estimated below:

N-1

Rofe) = g > X0+
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3.3. Computation of AR coefficient

Multiplying both sides of Eq. (23) by y(¢t — /) and taking expectation on ¢, we can obtain the
equation below:

ZM a (k)R (k —1) = Z by(k)hyy,(k —1). (30)
k=0 k=0

Note that the cross-correlation functions R),(t) of y(f) and u(¢) and Ry.(t) of y(f) and e(¢) satisfy
the relationship R, (7) = 0 and R,.(t) = /hy,(—71) (see Egs. (A.4) and (A.7) in Appendix A). For
[>my the right-hand side of Eq. (30) equals zero, so that
> adl)Re(k —1) =0, I=my+ 1. (31)
k=0

Similarly, multiplying both sides of Eq. (24) by x(¢ — /) and taking expectation on ¢, we can
obtain the equation below:

S GUOR 1=K =S by (k — 1), (32)
k=0 k=0

Note that the cross-correlation functions R.,(7) of x(#) and v(¢) and R,.(t) of x(¢) and e(t) satisfy
the relationship R,,(t) = 0 and R,.(t) = /px(—7) (see Egs. (A.3) and (A.6) of Appendix A). For
[ >ny the right-hand side of Eq. (32) also equals zero, so that
> ayk)Ry(I—k)=0, [=n,+1. (33)
k=0

Egs. (31) and (33) have the same form as the Yule—Walker (YW) equations for AR model or the
modified Yule—Walker equations for ARMA model. Thus, the two AR coefficient series a,(j) and
a,(j) can be computed in the same way as the YW equations. As a,(0) = 1 and a,(0) = 1 according
to Eq. (7), a sufficient set of equations for the computation of the cross-correlation function
sequence is AX =y, where

X = {ax(l)a Clx(2), s aax(ma)}Ts (34)

Y= {_ny(_mb - 1), _ny(_mb - 2)7 cees _ny(_mb - ne)}T, (35)
ny(_mb) ny(_mb + 1) e ny(ma — nmp — 1)
ny(_mb -1 ny(_mb) T ny(ma —my —2)

A= . . . , (36)

ny(_mb —ne+1) ny(_mb —ne+2) - ny(ma — my — ne)
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for Eq. (31),

X = [ay(1),ay(2), . .., ay(na)]", (37

Y= [_ny(nb + 1)9 _ny(nb + 2)9 e _ny(nb + ne)]Ta (38)
ny(nb) ny(nb - 1) tee ny(_na + np + 1)
ny(nb + 1) ny(nb) tee ny(_na + np + 2)

A= . . . (39)
ny(nb +n, — 1) ny(nb + ne — 2) ce ny(_na +np + ne)

for Eq. (33) and n, is the number of equations.

If exact cross-correlations are given, one can solve Ax =y as simultaneous equations where 7,
is set to m, or n,. In practice, however, it is generally necessary to compute appropriate cross-
correlation estimates from the given set of the time-series observations. Thus, to obtain the AR
coefficients a,(j) and a,(j) with high accuracy, let n, be set larger than m, and n,, then one can
solve it in the least square sense. For large n., however, the solution of AR coefficient may be
unstable, because the linear dependency of Ax =y is getting lower. To avoid this difficulty, the
singular value decomposition [26] is used in the numerical examples shown later.

4. Computation of auto-PSD based on ARMAMA model

In the previous section, the cross-PSD between two time series is derived. In this section, the
auto-PSD of ARMAMA model will be derived under the condition that the cross-PSD is already
obtained. Since the results concerning x(z) and y(¢) have the same form, we will consider only x(7)
in the derivation below.

4.1. Derivation of general auto-PSD form

The auto-correlation function R,.(t) of x(¢) is given using Eq. (16) as
Rix(v) = E[x(1) x(1 + 1)

00

|
.Mg

Il
o

o (Do (k) Ele(t — je(t 4+ T — k)]

j k=0

+ ) ha(Dhak)Elex(t — jex(t + 1 — k)]

j=0 k=0

e DG+ + D hacDhaG + ). (40)
Jj=0

I
[M]e

~
Il
(=)

Note that the inputs e(¢) and e,(¢) are mutually independent.
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Then the auto-PSD S..(z7!) of x(¢) is given by

Sxx(Zil): i Rxx(f)zif- (41)

T=—00

Since the impulse responses /;,(7) and /4 (2) are equal to zero for <0, substitution of Eq. (40)
into Eq. (41) leads to the equation below:

o0

Sxx(Z_l) = Z Z hbx(i)hbx(j + T)Z_T
J=0 =—j

+ 373 hahasG + )= (42)

J=0 t=—j

Let k = j + © and substitute Egs. (12) and (14) into Eq. (42), then the auto-PSD of Eq. (3) can be
obtained as follows:

Sz = D03 )z D + 373" ()=
j=0 k=0 j=0 k=0

= Hp(2)Hpe(z™") + Hn(2)Hax(z ")

_ GOC (Z_I)BV(Z)BX(Z_I)-i—DY(Z)DY(Z_I)AL(Z)AX(Z_I)

Ax(2)Ax(z7) Ci(2)Cu(z7)) (43)

4.2. Simple representation of auto-PSD without M A coefficient

The auto-PSD given by Eq. (43) can be rewritten using the cross-PSD representation given by
Eq. (29), which is expressed without MA coefficients.
The numerator in Eq. (43) can be expressed as

Cu(2)Cx(z7)BU2)Bu(z™") + Du(2)Di(z ) Au(2)4:(z"")

me  me. my My

o Z Z Z Z ex(0)ex ()b (k)b (h)z~ k=l

i=0 j=0 k=0 h=0

mgy nmgy my ny

* Z Z Z Z d(D)d(f)ax(k)a(h)z~ i+j+k—h

i=0 j=0 k=0 h=
my+m, me. me
= > Z > Z ex(Dex(Dbe(kIbo(l — i+ j + k)=
I=—(mp+m,) i=0 j=0 k
my+my mg Mg Ny

+ Z Z Z Z +dx(i)dx0)ax(k)ax(l — i_|_j + k)Z—l

I=—(my+my) i=0 j=0 k=0
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M m. m. my
= > ( >N edex(Dbk)b(l — i+ + k)

I=—M \i=0 j=0 k=0
mgy my mgy

+ + d(D)d(ax(k)ax(l — i +j + k)) . (44)
i=0 j=0 k=0

Note that h =14 i—j+ k; ¢.(j) = 0 for j <0 or for m.<j; d(j) = 0 for j<O0 or for my<j, and M
is the larger value of my 4+ m, and m, + my.
Let us introduce an instrumental variable w(¢) equivalent to the both sides of Eq. (8).

From the left-hand side of Eq. (8), the auto-correlation function R, (t) of w(f) can be
expressed as

wa(l) = E[W(Z) W(t + l)]
= Z Z Z Z ex(ex(Dax()ax (W Ex(t —j — k) x(t + 1 — i — h)]
i=0 j=0 k=0 h=0

me m. m, My

= Z Sy Z ex(Dex(Daxa MRl — i+ +k — h), (45)
i=0 j=0 k=0 h=
where R,.(7) is the auto-correlation function of x(z).
Next, by using the right-hand side of Eq. (8), R,..(7) of w(z) can also be expressed as

wa(l) = [W(t) W(t + I)]

(Z Z cbet+1—i— )+ 3 S duiaedt+1— i h))
i=0 h=0

me me mp mp
=YD 3 cdebatb ) Ele(t — ] — Kyelt +1 — i = )]
i=0 j=0 k=0 h=0
myg Mg My My

333 dddas®lax ) Eles(t — j — Kew(t +1— i — h)]

i=0 j=0 k=0 h=0

|
(]

cx(Dex(Nb()bx(l — i+ ] + k)

+ dx(Ddx(Nax(k)a(l —i+j+ k). (46)

Then substituting Eq. (46) into Eq. (43) and using Eqgs. (44) and (45), the alternative
representation of auto-PSD in Eq. (21) can be obtained:

M —1
—1y _ Zl:—M wa(l)z
Sl ) = A OCED:

Since R,,,(/) can be computed for / = —M, ..., M, by using Eq. (45), the above auto-PSD could
be evaluated without the use of MA coefficients.

(47)
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4.3. Computation of AR coefficient

Multiplying both sides of Eq. (8) by x(¢# — /) and taking expectation on ¢, we can obtain the
equation below:

2 Zﬁ Cx(j)ax(k)Rxx(i + k — l)
j=0 k=0
S D IRUNCUNGEENRS 95 SERUIROURE ET NN
Jj=0 k=0 = =

Note that the cross-correlation functions Ry.(t) of x(¢) and e(f) and Ry, (7) of x(¢) and e.(¢)
satisfy the relationship R..(7) = hpx(—7) and Ry, (1) = hg(—7). (See Egs. (A.4) and (A.7) in
Appendix A.) For /> M, the right-hand side of Eq. (48) equals zero, so that

me.  my

Y edpa )R+ k=) =0, I=M+1. (49)

=0 k=0

Here the AR coefficient a,(j) and auto-correlation function R,(7) are already known, and a,(j)
can be computed in the process of cross-PSD evaluation by using Egs. (34)-(36), R..(7) can be
estimated from the observed output x(¢). Therefore, in Eq. (49), only the AR coefficients c,(j) are
unknown. As ¢(0) =1 in the definition of Eq. (7), a sufficient set of equations with c¢.(q) as
unknowns are given from Eq. (49) as [4,,]{x,} = {y,}, where

xXq = ¢x(q), (50)
y=— 3 @Rk - p), (s1)
k=0
qu = i ax(k)Rxx(p —q— k)a (p =M+1-M+ ey, 4 = 1—1’}’1(-) (52)
k=0

and 7, is the number of equations.
As described in the previous section, the AR coefficients ¢,(j) can be estimated as the solution of
the equation [4,,]{x,} = {y,} in the least-square sense.

5. Comparison between ARMAMA model and multivariate models

The cross- and auto-PSD can be expressed by multivariate linear difference models as well as
the ARMAMA model presented in the previous sections. For spectral estimation, however, the
ARMAMA model can be handled more easily than the multivariate models due to the structural
characteristics of the ARMAMA model, which can well separate correlated or uncorrelated
components from two time records. To explain the applicability of the spectral estimation based
on the ARMAMA model, an ARMAYV model (autoregressive moving-average vector model) is
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mentioned as an example of the multivariate models, and the structural difference between the
ARMAMA model and the ARMAYV model will be discussed.

Let x(7) and e(#) be observable output vectors and unobservable input vectors, the ARMAV
model can be generally expressed as [22]

Az"Hx()) = Bz He(r), (53)

where A(z™!") and B(z™!) are the AR and the MA coefficient matrices, respectively. Then the PSD
matrix of x(¢) is given as [22]

Sarmav(z™) = (A7 (2)B()EL(A™ 'z HBE)), (54)

where Sarmav(z™!) is the PSD matrix of the ARMAYV model; X, is the PSD matrix of e(¢); A_l(z)
denotes the inverse matrix of A(z). In the PSD matrix Sarmav(z™"), the diagonal and the non-
diagonal elements correspond to the auto- and cross-PSDs of x(z), respectively.

To simplify the discussion below on the structural difference of the PSD forms, a two-
dimensional ARMAYV model is introduced, which is given as

Slank) an()] (xt—k)  K[buk) bk)] [ el —))
kz:; l:a2l(k) azz(k)} {y(l — k) } B ; |:b21(k) bzz(k)} { ey(t =J) } 2

where x(7) and y(f) are observable output sequences of two stationary processes; (f) and &,(7) are
mutually independent white noise sequences with unit variances; a,,(k) and b,,(k) are the AR and
the MA coefficients. By using the relation of Eqs. (53) and (54), the PSD matrix of the two-
dimensional ARMAYV model can be obtained:

1[ A%, —A,,7[B, B,][B. B Ay —A
Sarmav(z™) == [ 21 *12] [ ll lz] [ ; 21} [ 2 ! } s (56)
A|—A5 A, B3 By || B Bnll—-4n An
where
4= (ATlAzz - AT2A§1)(A11A22 - A12A21)7 (57)
Apg = apl)z*, A =" apb)F (p=1,2; g=1,2), (58)
k=0 k=0
By = bpk)zF, Br, =" byk)* (p=1,2; g=1,2). (59)
k=0 k=0

When the AR and MA coefficients of a,,(k) and b,,(k) can be determined by some scheme
[20,22,23], the auto- and cross-PSDs are numerically computed by Eq. (56), which are,
respectively, given as the diagonal and the non-diagonal elements of SArmav(z~!). However, it is
difficult to give analytical consideration on Eq. (56) because of its complex expression. For
instance, the auto- and cross-PSD expressions given by Eq. (56) have the same denominator as 4;
therefore, all of the auto- and cross-PSDs have the same poles, which are determined from the
solution of 4 =0. This means one cannot analytically separate correlated or uncorrelated
components from two time records. This analytical difficulty is common to all types of
multivariate linear difference models.
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On the other hand, the auto- and cross-PSDs given by the ARMAMA model, as shown in Egs.
(29) and (47), are simple and one can give a theoretical consideration of spectral analysis more
easily, as stated below. In practice, the physical parameters can be directly obtained from the
coefficients of the PSDs’ expressions, when the relations of both physical and ARMAMA models
have been formulated. Moreover, the difference of each denominator for the auto- and cross-
PSDs helps spectral analysis for correlated two time records, that is, the poles given from
Ay(2)A,(z7") =0 correspond to the correlated signals, whereas the poles given from
C.(z)C(z7") = 0 correspond to the uncorrelated signals.

6. Numerical examples

To illustrate the application on the spectral analysis procedure presented in the paper, two
numerical examples are shown. In both examples, sample sequences are simulated as measured
records of mechanical vibration response with colored noises. In the first example (Example 1), a
two degree-of-freedom (2-dof) coupled system is considered; i.c., the responses of each mass have
two common sinusoidal components. In the second example (Example 2) two single-dof systems
driven by a common input are treated; i.e., the responses have a different sinusoidal component to
one another.

To confirm the accuracy of the cross- and the auto-PSD estimates for these examples, the
spectral shapes of the PSDs obtained by the present procedure will be compared with theoretical
ones. Moreover, the authors shall evaluate the eigen properties of both vibration systems and the
colored noise (which has eigen frequency) included in the cross- and auto-PSD estimates.

In the application of the present procedure to these examples, the singular value decomposition
(SVD) procedure [26] is used in the estimation of the AR parameters a,(j), a,(j), cx(j) and ¢,(j),
where the small singular values are neglected when the ratio of the singular value to the largest one
is less than -L-. The orders of ARMAMA are fixed as m; = n; = m (i = a, b, ¢, d), and the number

100"
of the YW equations is set to n, = Sm.

6.1. Example 1

6.1.1. Simulation model
The governing equations in this example are given as follows:

FOY m[ 5 —27(p0) 5 2] (p0) _ fa®
{é(z)}+§{—2 2]{40)}“00” [—2 qu(z)}‘ {em}‘ (60)

Ey(1) + 0.1278,(1) + 1447%¢,(1) = —ex(), (61)

System:

Noises:

E,(1) + 0.087é,(1) + 64n%e,(t) = —e3(?). (62)
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Observations:

x(1) = (p(1) + e1(1) + (£,(1) + ex(0)), (63)

(1) = (G(0) + e1(D) + (&4(1) + e3(1)), (64)

where p(7) and ¢(¢) are relative displacement responses of the 2-dof vibration system to the
ground; ¢,(7) and ¢,(7) are colored noises; x(7) and y(f) are observed outputs; e;(), e2(¢) and e3(?)
are the mutually independent white noises with zero mean and unit variance; " and“denote the first
and the second derivatives with respect to time ¢. Fig. 2 shows the vibration system and its
observation models of the example. The physical meaning of the model is that the 2-dof system is
driven by the ground acceleration e;(¢) and the observed absolute acceleration responses of x()
and y(?) are p(t) + e1(¢) and ¢(¢) + e;(¢), which are contaminated by the colored noises £,(7) + ex(?)
and £,(7) + e3(2), respectively.

In the practical sense, the 2-dof system and the colored noises can be identical to an unknown
vibration system of interest and the local mechanical noises due to member vibrations or artificial
mechanical sources, respectively. Then the significant peaks of cross-PSD between two records
can represent the common sinusoidal components, that is, the peaks can be considered as the
modal characteristics of the unknown system.

q(t)

t
cl=3% p(t) szz%

7
o

k=300 ;|1 k=200 g

% 0000

@ Ground Acceleration € (t)

Colored Noise

(6Hz)
Absolute £, +e(1)
Acceleration
Ground Response Observed
Acceleration p(t) + el(t) Response
) 2-DOF [ X(t)
4 system q(y) + el(t) v(t)
€q(t) +es(t)
Colored Noise
(0) (4H2)

Fig. 2. Simulation model of Example 1: (a) system model; (b) observation model.
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Theoretical eigenproperties of the model are shown in Table 1. Here, the relationship between
the jth complex eigenvalue 4; and the eigenfrequency f; or the damping factor /; is defined as [17]

2nf; = |4;] sign[Im(4))], (65)

h; = cos arg 4;. (66)

Here, Im(z) denotes the imaginary part of an complex number z; sign[-] denotes signum function
which is defined as

. L (x=0),
signfo] = { (67)
-1, (x<0).
arg z denotes the argument of a complex number z. Using Egs. (65) and (66), a pair of conjugate
complex /; and /17 is translated into f; and —f in eigen frequency, and into the same value 7; in
damping factor.

The outputs x(¢) and y(¢) have the two modal components whose eigen frequencies are 5 Hz and
546 (~ 12.25)Hz in common. Additionally, the first modal component and the two colored
noises are closely spaced in frequency, while the second modal component and the noises are
widely spaced.

Egs. (60)~(62) are solved by numerical integration (herein by Runge—Kutta—Gill method),
where the initial conditions are set p(0) = p(0) = 0, ¢(0) = ¢(0) = 0, £,(0) = £,(0) = 0 and ¢,(0) =
£4(0) = 0, and the time interval Az = 0.005s. After that, the samples of output sequences given by
Eqgs. (63) and (64) are obtained by resampling them with the time interval Az = 0.02s.

6.1.2. Spectral estimation results

Fig. 3 shows the cross-PSD estimates S, (f) obtained by the present procedure with the order of
the ARMAMA model m = 2,4, 10, and also obtained by the FFT, where the number of sample
data N = 2'*. Here, the cross-PSD by the FFT is described as the average of 16 estimates; i.e., the
number of each small sample is set to 2'°.

Comparing the cross-PSD estimates by the present procedure with the order of the ARMAMA
model, shown in Fig. 3(a)-(c), the cross-PSD with m =4 shows the best agreement with the

Table 1

The eigenvalues and eigenvectors of Example 1
Eigenvalues Eigenvectors {¢,;, ¢}
Freq. (Hz) Damp.

System

Ist mode 5 1/100 {1/2,1}

2nd mode 5.6 V6/100 {21}

Noises

&p 4 5/1000 —

& 6 5/1000 —
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Fig. 3. Cross-PSD estimates of Example 1, where the number of sample data N = 2'*. Proposed method with the order
of ARMAMA model: (a) m =2, (b) m =4, (c) m = 10, (d) the average over 16 estimates by the FFT method.

theoretical spectrum in wide frequency range, and the cross-PSD with m = 10 also agrees well
with the theoretical one in amplitude range larger than —20 dB. In contrast with these estimates,
the cross-PSD with m = 2 in Fig. 3(a) is poorly estimated.

Since the poles appear as a pair of conjugates in vibration theory, the 2-dof vibration system in
Eq. (60) has four poles. Thus, for the best cross-PSD estimate shown in Fig. 3(b), the order of the
ARMAMA model equals the number of poles in the cross-PSD between x(¢) and y(¢). Therefore,
from Fig. 3(a)—(c) it can be stated that the order of the ARMAMA model should be larger
than the number of poles in the cross-PSD, to obtain a better cross-PSD estimate. As shown in
Fig. 3(c), the larger order of the ARMAMA model seems to distort the cross-PSD estimate in the
very low amplitude range: e.g., in amplitudes lower than —20 dB in the figure, however, the part of
the cross-PSDs in the higher amplitude range will not be distorted, which often play an important
role in wide engineering field.
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Fig. 4. Auto-PSD estimates by the proposed method in Example 1, where the number of sample data N = 2!'*. The
auto-PSD of (a) x(¢) and (b) y(¢) with the order of ARMAMA model m = 4, the auto-PSD of (c) x(¢) and (d) y(¢) with
the order of ARMAMA model m = 10.

On the other hand, the cross-PSD estimate by a conventional method of the FFT, as shown in
Fig. 3(d), has two small peaks around the resonance peak at 5SHz. By using the FFT the
two peaks at 4 and 6 Hz do not vanish perfectly, which are caused by the additional colored
noises, whereas in the cross-PSD by the proposed procedure there is no peak of the additional
colored noises.

Fig. 4 shows the associate auto-PSD estimates S..(f) and S,,(f) by the present procedure with
m = 4 and 10, which also describes the theoretical spectra. As shown in Fig. 4(a) and (b), the auto-
PSD estimates S,.(f) and S,,(f) show the best agreement with the theoretical spectrum in a wide
frequency range, when the order of the ARMAMA model is equal to m = 4. Also, two auto-PSD
estimates S,,(f) and S,,(f) with m = 10, shown in Fig. 4(c) and (d), agree with the theoretical one,
except lower amplitude range than —20dB.
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According to these results on the cross- and auto-PSD estimates, by using the proposed
procedure, both correlated signal and uncorrelated noises can be well-separately identified from
the two output sequences even when the signal and noises are closely spaced.

6.1.3. Eigenproperty estimation results

The advantage of parametric spectral estimations such as the present procedure is that physical
parameters can directly be obtained from coefficients of the spectral estimates when the
relationships between the physical parameters and the spectral estimates have been formulated.
To investigate the aforementioned result of the cross- and auto-PSDs in more detail, the
eigenproperties estimated from the coefficients of cross- and auto-PSDs will be confirmed. Before
investigating in detail, the authors will show the procedure where the eigen properties can be
estimated from the cross- and auto-PSDs shown in Fig. 3(c) and Fig. 4(c) and (d).

The eigenproperty estimates associated with 4,(z) = 0 and Ay(z’]) = 0 are shown in Tables 2
and 3. Here, the poles are translated into the eigenfrequencies and damping factors by Egs. (65)
and (66); the residues y,, and f,, are calculated from the cross-PSD estimate Sxy(zfl) associated
with the pole in 4,(z) =0 and in Ay(z_l) = 0; the residues y,, and 8, are calculated from the
auto-PSD estimates Sy,(z7") and S,,(z7").

Comparing Tables 2 and 3 with Table 1, the No. 1-4 eigenparameter estimates seem to be
related to the vibration system. For the No. 5-10 estimates, on the other hand, the physical
meaning cannot be clear. When the order of the ARMAMA model is set to be larger than the true
order of the physical model (as in this example, where the order of the mechanical system equals 4,
and the order of the ARMAMA model is set to 10), not only substantial poles but also spurious
poles appear. However, the substantial poles such as the No. 1-4 estimates appear as a pair of

Table 2
Eigenparameter estimates obtained from A.(z) in Example 1, where the number of sample data is N = 2'4; the order of
ARMAMA model is m = 10

No. Pole Residue Vap/ Vxx
Frequency (Hz) Damping (%) 72| (gal®) 17| (gal®) Absolute () Phase (deg)
1 4.99 1.00 291.5 582.7 0.500 —-1.7
2 —4.99 1.00 291.5 582.7 0.500 1.7
3 12.25 2.55 30.4 15.8 1.929 —170.3
4 —12.25 2.55 30.4 15.8 1.929 170.3
5 18.22 13.05 1.0 43.4 0.024 —144.2
6 —18.22 13.05 1.0 434 0.024 144.2
7 23.10 14.36 2.2 532.4 0.004 —107.2
8 —23.10 14.36 2.2 532.4 0.004 107.2
9 2.28 100.00 5.0 38.1 0.131 0.0
10 36.52 72.90 13.3 13954.2 0.000 0.0

Here, 7., and y,, are the residues of the cross-PSD Sy, (z7!) and the auto-PSD S,,(z!), which correspond to the poles
in A,(z) =0.
(gal) = (cm/s?): unit of acceleration.
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Table 3

Eigen parameter estimates obtained from 4,(z~!) in Example 1, where the number of sample data is N = 2'%: the order
of ARMAMA model is m = 10

No. Pole Residue Byy/ By
Frequency (Hz) Damping (%) 1Byl (gal®) 18,1 (gal?) Absolute (-) Phase (deg)
1 4.99 0.98 294.4 148.1 0.503 -2.2
2 —-4.99 0.98 294.4 148.1 0.503 2.2
3 12.24 2.47 30.3 60.9 2.007 —171.8
4 —12.24 2.47 30.3 60.9 2.007 171.8
5 18.21 13.04 33 18.6 5.674 —60.9
6 —18.21 13.04 3.3 18.6 5.674 60.9
7 23.10 14.33 8.2 63.6 7.749 —17.5
8 —23.10 14.33 8.2 63.6 7.749 17.5
9 -2.27 100.00 9.7 10.3 1.068 180.0
10 36.02 71.99 699.3 2637.5 3.772 0.0

Here, f8,, and B, are the residues of the cross-PSD S,,(z7") and the auto-PSD S),y(zfl), which correspond to the poles
in 4,(z"") =0.
(gal) = (cm/s?): unit of acceleration.

conjugates, and the associated residues y,, and f,, have significantly large absolute value;
therefore, by using these characteristics of substantial poles, one can eliminate the spurious poles
from all the poles in practice.

Similarly, Table 4 shows the eigenproperty estimates associated with Cy(z~!') and C,(z~"). Here,
the residues {, and {, are calculated from the auto-PSD estimates Sw(z71) and S,,(z71), which
correspond to the poles in C(z~') = 0 and C,(z~") = 0. Comparing Table 4 with Table 1, the No.
1 and 2 estimates of Cy(z7!) and C,(z7") seem to be related to the additional noises. The poles of
these estimates appear as a pair of conjugates, and the associated residues become rather large in
absolute value. The characteristics for the pole and residue tend to be similar to those in 4,(z) = 0
and 4,(z"!) = 0. Therefore, one can also identify the properties of considerable noises in the same
manner as in A,(z) and 4,(z71).

According to the above considerations, accuracy of the eigenproperty estimates is investigated
with the length of the sample data, when the order of the ARMAMA model is fixed to m = 10.
Tables 5 and 6 show eigenproperty estimates of the vibration system and the noises obtained by
the cross- and auto-PSDs with the different lengths of sample data. Here, in Table 5 the estimates
of poles or residues from A.(z) = 0 and 4,(z~") = 0 are shown at the upper and lower rows in the
cells, respectively. As shown in the table, the estimates for each eigenparameter converge to the
true values with increasing data length. In the practical sense, the length of sample data is required
over 2'* or more for the accurate eigenproperty estimation.

In turn, an influence of the eigenproperty estimates on the order of the ARMAMA model will
be investigated, when the length of sample data is fixed to N = 2'*. Fig. 5 shows stabilization
diagrams [27], where the eigenproperty estimates of the 2-dof system change with changing the
order of the ARMAMA model m. As shown in the figure, each eigenproperty estimate rapidly
converges with increasing the order m, and equals the true value when the order m is set to over 4.
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Table 4
Eigen parameter estimates obtained from Cy(z™!) and C,(z7!) in Example 1, where the number of sample data is
N = 214; the order of ARMAMA model is m = 10

No. Cx(zil) Cy(zil)
Pole Residue |¢,| (zal?) Pole Residue |(,| (gal’)
Frequency (Hz) Damping (%) Frequency (Hz) Damping (%)
1 6.00 0.46 1055.6 3.99 0.67 472.1
2 —6.00 0.46 1055.6 -3.99 0.67 472.1
3 11.92 16.60 10.4 10.25 15.49 1.2
4 —11.92 16.60 10.4 —10.25 15.49 1.2
5 17.05 15.92 54.6 15.28 12.40 7.2
6 —17.05 15.92 54.6 —15.28 12.40 7.2
7 22.34 14.99 504.8 20.20 10.06 13.5
8 2234 14.99 504.8 —20.20 10.06 13.5
9 —1.12 100.00 13.2 5.33 100.00 62.8
10 —-26.22 30.14 3222.8 25.09 8.27 16.8

Here, {, and {, are the residues of the auto-PSD Sy(z™") and S,,(z™"), which correspond to the poles in Cy(z™") = 0
and C,(z7") = 0, respectively.
(gal) = (cm/s?): unit of acceleration.

Therefore, the present procedure gives the accurate estimate when the order is selected to over the
number of the poles in the cross-PSD. Practically, the true number of poles in a cross-PSD may
not be known; however, the eigenproperties can be determined from the estimates by the present
procedure, which are constant with successive orders of ARMAMA model.

6.2. Example 2

6.2.1. Simulation model
The equations of a vibration system are given as

BOY w107 (p0) 1 0P fea
{é(t)}+§[0 6]{40)}“00" [0 6Hq(r)}‘ {elm}‘ (68)

The same equations for noises and observations are used as in Example 1. The samples of
output sequences x(¢) and y(f) are generated by the same procedure as in Example 1.

Fig. 6 shows the vibration system and its observation models of the example. Theoretical
eigenproperties of the model are shown in Table 7. In this example, the two outputs have no
common modal components; i.e., each output x(¢) and y(¢) has only one modal component whose
eigenfrequency is 5 Hz and 5+/6 (& 12.25) Hz, respectively. In a similar way as in Example 1, the
first modal component and the dominant frequency of two colored noises are closely spaced in
frequency range, while the second modal component and the dominant frequency of the noises are
widely spaced.

System:
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Estimated eigenproperties for the frequencies f',f,, the damping coefficients /1,4, and the modal amplitude ratio
o1/ Pg1> B2/ P40 in Example 1, where the order of ARMAMA model is m = 10

N 1st Mode 2nd Mode
/1 (Hz) hy (%) [y /sl ) f2 (Hz) ha (%) 1B/l ()
210 5.19 6.14 0.525 12.42 3.46 2.537
4.78 5.54 0.421 12.46 3.60 1.711
o12 4.99 1.60 0.507 12.27 3.51 1.769
5.01 1.44 0.536 12.27 343 1.970
ol4 4.99 1.00 0.500 12.25 2.55 1.929
4.99 0.99 0.503 12.24 2.47 2.007
ol6 5.00 1.01 0.501 12.24 2.48 2.011
5.00 1.00 0.501 12.25 2.40 1.989
218 5.00 1.00 0.500 12.25 2.46 1.998
5.00 1.00 0.501 12.25 2.45 1.994
220 5.00 1.00 0.503 12.25 2.47 1.996
5.00 1.00 0.501 12.25 2.47 1.997
True 5.00 1.00 0.500 12.25 2.45 2.000

The upper and lower values in each cell of each row are obtained from 4,(z) = 0 and 4,(z~!') = 0 in the each dataset,

respectively.

N denotes the number of the data length.
|Byy/Byyl and [yy,,/7,,| denote the absolute values of the residue ratio of the cross-PSD to the auto-PSD.

Table 6

Estimated noise properties for the frequencies f,, f,, and the damping coefficients %, i, in Example 1, where the order

of ARMAMA model is m = 10

N Noise ¢, Noise ¢,
f» (Hz) hy (%) fq (Hz) hy (%)

210 6.00 1.19 4.01 0.57
212 6.00 0.44 4.00 0.92
o4 6.00 0.46 3.99 0.67
ol6 6.00 0.56 4.00 0.62
218 6.00 0.52 4.00 0.52
220 6.00 0.49 4.00 0.51
True 6.00 0.50 4.00 0.50

N denotes the number of the data length.
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Fig. 5. Comparisons of eigenparameter estimates of Example 1 with the order of ARMAMA model, where the number
of sample data N = 2'*: (a) The Ist frequency estimates, (b) the st damping factor estimates, (c) the 2nd frequency
estimates, and (d) the 2nd damping factor estimates.

6.2.2. Spectral estimation results

Fig. 7 shows the cross-PSD estimates S,,(f) obtained by the present procedure and the FFT,
where the lengths of sample data are N = 2'4, 2! and 2!, respectively. In the use of the FFT, the
number of the sample in each estimate is 2!, and the cross-PSDs by the FFT are given as the
average of 16 (= 2%), 64 (= 2°) and 256 (= 2%) estimates in each case.

As shown in Fig. 7(a), (c) and (e), it is apparent that the proposed procedure gives good results
when the data length of the sample sequences is large enough . It is because the cross-correlation
function can be well estimated from the long sample data, shown in Fig. 8.2

Similarly to the present procedure, by the FFT the cross-PSD accuracy increases with larger
length of sample data, shown in Fig. 7(b), (d) and (f). Comparing both cross-PSD estimates by the

>The poles in A4(z) = 0 and in Ay(z71) = 0 are estimated from Ry,(7) in <0 and in >0, respectively.
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Fig. 6. Simulation model of Example 2: (a) system model, (b) observation model.

Table 7

The eigenvalues and eigenvectors of Example 2
Eigenvalues Eigenvectors {¢,, ¢,}
Freq. (Hz) Damp.

System

1st mode 5 1/100 {1,0}

2nd mode 576 V6/100 0,1}

Noises

& 4 5/1000 —

&g 6 5/1000 —

present procedure and the FFT within the same length of sample data, the present procedure gives
better cross-PSD estimates to remove the additional noise peaks than the FFT method: e.g.,
according to Fig. 7 the noise peaks in (c) or (e) are lower than those in (d) or (f).

As shown in Fig. 9, the auto-PSD estimates S,,(f) and S,,(f) are also in good agreement with
the thelgretical spectra, associated with the cross-PSD obtained from the sample of the data length
N=2".

6.2.3. Eigenproperty estimation results

Furthermore, to investigate the accuracy of the cross- and auto-PSD estimates by the present
procedure, the eigenproperties of the vibration system and the noises are evaluated as shown in
Tables 8 and 9. Here, the y,,/7,, and B,,/B,, are the residue ratios of the cross-PSD to the auto-
PSD, whose theoretical values are solved by Egs. (68), (61)—(64) analytically. The eigenproperty
estimates converge to the true values as shown in Table 7 with increasing length of the sample
data. In practical sense, the number of the sample data required is over 2'® or more, which is



Sxy(f) [dB]

Sxy(f) [dB]

©

Sxy(f) [dB]

©

K. Kanazawa, K. Hirata | Journal of Sound and Vibration 282 (2005) 1-35

Model

-40
0 5 10 15 20 25
Frequency [Hz]

Model_2 ; N=216
40""I""!""I"'_'I""
L Estimate
L Theory

20

5 10 15 20
Frequency [Hz]

20

o

5 10 15
Frequency [HZz]

20 25

40

Sxy(f) [dB]

(b)

40

Sxy(f) [dB]

(d)

Sxy(f) [dB]

®

25

Model_2; N=214

Estimate
L Theory |

0 5 10 15 20 25
Frequency [HZ]
Model_2: N=216
I e o e e e
i Estimate
L Theory |/

0 5

10 15
Frequency [Hz]

20 25

0 5

10 15
Frequency [HZ]

20

Fig. 7. Cross-PSD estimates of Example 2. Proposed method estimates with the order of ARMAMA model m = 10,
where the number of the sample data: (a) N = 2!, (c) N = 2'¢, () N = 2!8. FFT method estimates where the number of
the sample data: (b) N = 2", (d) N = 2'¢, () N =213,
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Fig. 8. Cross-correlation functions of x(#) and y(¢) in Example 2, used for the cross-spectrum estimates. The number of
the sample data is (a) N = 2!, (b) N = 2!°, (¢) N = 2" and (d) N = oo (in theory).

larger than that in Example 1. The reason is that in Example 2 the two outputs x(¢) and y(z) have
no common sinusoidal components; i.e., in the frequency range near 5 Hz x(¢) has the dominant
component while y(¢) has no dominant component; and vice versa in the frequency range near
12 Hz. In such a case, it is difficult to obtain an accurate cross-correlation estimate when the data
length of the sample is rather small.
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Fig. 9. Auto-PSD estimates of (a) x(7) and (b) y(¢) in Example 2, where the number of the sample data is N = 2'°; the
order of each model is m = 10.

Table 8
Estimated eigen properties for the frequencies f}, f,, the damping coefficients /;, 4, and the modal amplitude ratio
p1/bg1> 12/ P,p in Example 2, where the order of ARMAMA model is m = 10

N Ist Mode 2nd Mode
fl (HZ) hl (0/0) ny/yxx' () f2 (HZ) h2 (%) |[))xy/[))yy| ()

210 5.63 8.42 0.092 12.45 1.48 0.029
212 4.88 2.16 0.070 12.40 2.88 0.032
214 4.94 3.40 0.041 12.34 2.88 0.032
ol6 5.01 1.19 0.046 12.25 2.36 0.020
218 5.01 1.17 0.044 12.26 2.45 0.020
220 5.00 0.94 0.048 12.25 2.48 0.019
True 5.00 1.00 0.048 12.25 2.45 0.020

The poles of the first and second modes were obtained by A4.(z) = 0 and A},(zfl) = 0 respectively.
N denotes the number of the data length.
|Byy/Byyl and [y, /7| denote the absolute values of the residue ratio of the cross-PSD to the auto-PSD.

7. Application to real-life record

To demonstrate the practicality of the present spectral procedure, vibration records of a 10-
story office building against strong wind have been analyzed. Generally, in observation of wind
responses, one can obtain the response at some parts of a building and wind records near the
building; however, one cannot exactly measure wind forces acting on the building. In such a case,
the system identification based on an input—output relationship cannot be employed any longer,
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Table 9
Estimated noise properties for the frequencies f,, f,, and the damping coefficients /,, &, in Example 2, where the order
of ARMAMA model is m = 10

N Noise ¢, Noise ¢,
S, (Hz) hy (%) S, (Hz) hy (%)

210 6.00 1.35 4.03 0.45
212 6.00 0.42 4.00 0.65
pl4 6.00 0.44 3.99 0.67
ple 6.00 0.56 4.00 0.66
218 6.00 0.52 4.00 0.52
220 6.00 0.49 4.00 0.51
True 6.00 0.50 4.00 0.50

N denotes the number of the data length.
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Fig. 10. A steel reinforced concrete building: (a) overviews; (b) plan and sensor location.

and the cross-spectrum-based technique should be effective to analyze the dynamic characteristics
of the existing building.

Fig. 10 shows the office building, which is a steel reinforced concrete structure, and the sensor
location. In this practice, two accelerometers on the east—west directions were used, which were
installed at the roof and the 6th floor. The measuring was conducted when the 21st typhoon in
2002 passed through the building from October 1 to 2, 2002. The records were obtained for 24 h
with the sampling period 24 Hz, and all records are divided into 144 sample segments by every
10 min to analyze the response of the building in frequency range; the number of each sample
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segment equals 14,400. Hereafter, the vibration records at the roof and the 6th floor are treated as
x(¢) and y(7), respectively.

Fig. 11 shows the wind record near the building and variances of the two vibration records.
Here, the wind record for every 1 h was obtained at the weather observation station of the Japan
Meteorological Agency [28], which is located very close to the building, and the variances of the
vibration record were calculated for every 10 min. At 9 p.m., the eye of the 21st typhoon passed
above the building toward the east—northeast direction. Around this time, both the wind velocity
and the amplitudes of the building response are large. This means, with the approach of the
typhoon, the wind became strong and the vibration level of the building became large. Moreover,
at 9 p.m., the wind direction suddenly changed and the building response became quite small for a
moment. As the building was within the eye of the typhoon, the wind load acting on the building
became quite small, thus the response of the building also became quite small. In Fig. 11(b), the
wind velocity record at 9 p.m., does not seem to be quite small due to low time resolution (hourly
averaged value).

The 21st typhoon passed by the site.

C North T T I T T I T T I T T Y T T I T T I T T I T T
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©
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Fig. 11. Wind observation records averaged for every 1h and variances of the building response records in every
10 min: (a) wind direction; (b) wind velocities; (c) variances of the response.
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For 144 sample segments, the spectral analysis is conducted by using the present procedure and
the FFT. In the use of the present procedure, the order of the ARMAMA model is set to 20, to
converge the spectral form with changing the order. The other calculation condition is the same as
in the previous section. On the other hand, in the use of the FFT, after the sample segments are
divided into 14 small samples with no overlapping, the final PSD results are described as the
averageloof 14 PSD estimates of the small samples; e.g., the number of the small samples is
set to 2.

Fig. 12 shows examples of the cross- and auto-PSD estimated from the weak wind records and
the strong wind records, where the weak and strong wind records are corresponding to the Data A
and Data B shown in Fig. 11, respectively. In both wind conditions, the present procedure gives
the average results of the cross- and auto-PSD by the FFT. Especially, the two resonance peaks of

Data A(With weak wind); N=14400 Data B(With strong wind); N=14400

0 1T Op—— 1 rrrrrrrrrrr g
r ARMAMA - Thefirst peak :
-20 - o 20F v -
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Fig. 12. Spectrum forms of the experimental records estimated by the proposed method and FFT, where the number of
sample data N = 14,400; (a) cross-PSD of records for weak wind; (b) cross-PSD of records for strong wind; (c) auto-
PSD of records for weak wind; (d) auto-PSD of records for strong wind, where the records for weak and strong winds
are the Data A and Data B shown in Fig. 11(c), respectively.
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Fig. 13. The first eigenproperties of the building estimated by the proposed method for every 10 min records, which are
shown as the first peak in Fig. 12: (a) nature frequency; (b) damping factor.

2.0 and 2.8 Hz can be extracted sharply whether or not the wind affects the response of the
building, which correspond to the dynamic characteristics of the building.

Of two resonance peaks, the first peak of 2.0 Hz will be investigated in detail. Fig. 13 shows time
fluctuations of the natural frequency and the damping factor, which are calculated from the first
peak of cross-PSDs by using the relation of poles and eigenvalues in Egs. (65) and (66). As shown
in Figs. 11 and 13, the vibrational amplitude dependency of the eigenvalues have been observed:
e.g. with increasing wind velocity and the response of the building, the natural frequency tends to
decrease, whereas the damping factor tends to increase. In this way, the physical parameters are
directly estimated from the identified forms of cross-PSDs.

8. Conclusion

The spectral analysis procedure of the cross- and auto-PSDs is presented using a pair of
ARMAMA models as two observable outputs. In the procedure, firstly the cross-PSD is estimated
from the observed cross-correlation function of the two outputs. Then the auto-PSD can be
obtained from the observed auto-correlation and the parameter estimates of the cross-PSD. By
using the proposed procedure, the cross- and auto-PSD estimates are given as the forms of the
rational polynomial equations. Thus, not only are the spectral shapes of the PSDs obtained, but
also the physical parameters can easily be translated from the parameters of the PSD estimates.
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In the application of the proposed procedure, the cross-correlation function plays an important
role in the cross-PSD estimates. Therefore, the cross-correlation function should be as accurate as
possible; that is, it should be estimated from the observed outputs whose data lengths are large
enough. Once the cross-PSD is estimated, the associated auto-PSD can also be obtained
accurately, because the auto-correlation functions can generally be estimated more accurately
than those of cross-correlation functions.

In this paper, the schemes are shown for two observed records; however, it can be easily
extended to the schemes for multivariate records, because in such multivariate cases the proposed
procedure can be applied to combine a pair of every two records repetitively. Additionally,
though the paper only shows a general type of ARMAMA model, it can be effective to
rewrite the model into a simple form for some engineering problems. For example, for system
identification of a coupled system such as Example 1 in Section 5.1, the two ARMAMA models in
Egs. (3) and (5) can be assumed to have the same AR terms of the denominator in the first terms,
that is, the assumption of A.(z7') = 4,(z"!) can be introduced. The proposed parametric
estimation of the cross- and auto-PSD will be widely employed in many kinds of engineering
problems.

Appendix A. Correlation functions

The instrumental variables u(¢) and v(¢?) defined in Egs. (23) and (24) can be expressed by using
the impulse responses as follows:

u(®) = hax(ex(t — j), (A.1)
Jj=0

o) = ha(ey(t = )). (A2)
Jj=0

The cross correlation R,,(t) between x(¢) and v(¢) is given using Egs. (16) and (A.2):
Ri(7) = E[x(1) v(1 4 7)]

= 3 by ETe(t — eyt + 7 — k)]

=0 k=0

+ Z D hax(ihay (k) Ele(t — jey(t + 7 — k)]

j=0 k=0
=0. (A.3)

The cross correlation Ry, (t) between y(f) and u(z) is given by Egs. (17) and (A.1):
Ryu(T) = E[y(t) u(t + T)]
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Z hby(/)hdx(k)E e(t ])ex(t +1— k)]
k=0

+ Z Z hdy(/')hdx(k)E[ey(t _j)ex(t +7— k)]

Jj=0 k=0
=0. (A4)

"M8

-
Il
=

The cross correlation R,,(t) between u(t) and v(¢) is given by Egs. (A.1) and (A.2):
Rup(v) = Elu(t) v(t + 1)]

= Z hax(DNhay(K)Elex(t — jley(t 4+t — k)]
=0. (A.5)

The cross correlation R,.(t) between x(¢) and e(¢) is given by Eq. (16):
Rie(t) = E[x(1) e(t 4 7)]

= > () Elett = fle(t + )]

j=0
+ Y hax()Elex(t — e(t + )]
j=0

= hbx(—f). (Aé)

The cross correlation Ry.(t) between y(¢) and e(?) is given by Eq. (17):
Ryo(1) = E[(1) e(t + )]

- Z Ty () Ele(t — j)e(t + )]
j=0

+ Y hay()Eley(t — jlelt + 1]
j=0

= hyy(—1). (A.7)

The cross correlation Ry, (7) between x(¢) and e(¢) is given by Eq. (16):
Rxex(r) = E[X(l) ex(l + T)]

= Y hp()Efe(r — ex(t + )]
j=0

+ Z hax())Elex(t — jlex(t + 1)]

=0
= hax(—7). (A.8)
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