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Abstract

This paper deals with the problem of modal parameter identification when the measurements are perturbed
by unknown but bounded noise. It is well known that the classical Total Least Square (TLS) solution is the
most accurate one, but that it is quite sensitive to data perturbations. Thisfeature is a big drawback sinceit is
desirable that the estimated modal parameters should not vary when perturbations on measurements change.
An optimisation technique suited to so-called second-order cone programs [2] is proposed and tested. This
method sets the identification problem in a MIN-MAX formulation [1] and uses an iterative interior-point
primal-dual potential reduction algorithm [3, 4]. The residual error isfirst maximised over the set of possible
perturbations leading thus to a worst-case residual error. Then, it is minimised over the set of identification
variables. This procedure guarantees the robustness of the solution in the sense that no perturbation of the
considered set could make theresidual error bigger. This robustnessis obtained to the detriment of an absolute
accuracy. A good compromize between robustness and accuracy may be found through the prior resolution of
the associate TL S problem.

The optimisation program is tested in the case of a clamped-free beam for which closed-form solutions are

available. A comparison with the TLS solution is also performed.

1. Introduction

I dentification of modal parameters using experimen-
tal vibration data often leads to the resolution of an
overdetermined linear system of equations:

Ax=Db Q)

where matrix A, «,, and vector b, collect a set of
measurement dependent coefficients. Both A and b
are perturbed by what is commonly called "noise”. It
can be dueto the experimental set up itself, tothe data
acquisition procedure or simply to bad environmental
conditions during testing when the measurements are
done on industrial sites. That is why equation (1) is
rewritten as

(A+AA)x=b+ Ab (2

inwhichthe implicit dependency in the unknown per-
turbations A A and Ab appears.

Theaim of the research isto develop and test the abil-
ity of an optimisation tool to solve (2) iteratively so
that unknown but bounded perturbations can be di-
rectly taken into account during the modal identifica-
tion step.

Denoting the extended perturbation matrix A =
[AA Ab], equation (2) istransformed into amin-max
problem such that

min max || (A+AA)x—(b+Ab)| (3
X [lallr<e

in which subscript ' states for the Frobenius norm
and where p is the considered (not necessarily small)
range of action of the perturbation which bounds the
norm of A [1].

In thisform, the objective function matches the resid-
ua error of problem (2) except that it is computed in
the worst case inside the sphere of perturbation varia-
tion. Consequently, at the end of the optimisation pro-
cess, the objective function does not tend to zero but
to an upper limit value that no perturbation A in the
sphere of radius p could make bigger. In that sense,
the method proposed here does not lead to an " accu-
rate” solution like a least squares solution. But, in
opposition to least squares approaches, the solution
x obtained here is less sengitive to noise. This fea
ture shows the robustness of the method and should
bevery interesting in thefield of modal identification.



2. Uncertainty model

The radius p of the perturbation sphere cannot be
known apriori . If it isover estimated, the solution x
should be more robust, but also quite less accurate. If
itisunder estimated, the lossof robustnesscan lead to
instabilitiesin the identification of the parameters. In
particular, when p — 0, problem (3) turnsout into the
associate Total Least Squares (TLS) problemwhichis
known to be very sensitive to data perturbations.

A simple and automatic way to correctly evaluate the
radius p in a given application [1] is to compute the
TLS solution (x*, AA*, Ab*). This leads generally
to a good compromise between accuracy and robust-
ness. The nominal data, center of the perturbation
sphere are then taken as

A*¥=A+4+AA" and b*=b+ Ab" (4

and the radius p to consider is given by the norm of
the TL S correction matrix making the system of equa-
tionsconsistent :

p=pris =| (AA™, AbY) ||F ®)

But, if the TL S solution was about to be quite wrong,
it would be recommended to keep the measured data
(A, b) as nominal data. Otherwise, the initial prob-
lem to solve could be entirely misrepresented.

3. Optimisation method [1,2]

In the following, the radius of perturbation p will be
taken equal to one. If it is not the case, a preliminary
scaling step of the problem is necessary :

min max | (A" +AA)x— (b +Ab) || (6)
X ||Allp<t

) A . b
withA = —andb = —
P P

3.1 Worst-caseresidual error
Applying the triangular inequality principle, the
worst-case residue becomes (for p = 1):
Emaz (A, b, X)
= max|a|p<1 || (A" +AA)x — (b + Ab') ||
=[| A'x = b [| +vxTx+1 (7)

Thisfunction has now to be minimized over the set of
parameters x to be identified.

3.2 Primal optimisation problem

Using two additional variables A and 7, the primal
optimisation problem transformsinto [1]

mAin A (8)
with |Ax—b|<A—71
and || (x"\ 1) [I<7

Written in this form, the objective function is linear
and the constraints are conic. It ispart of the class of
Second Order Cone Programs (SOCP) [2]. Nesterov
and Nemirovsky [4] showed that such problems can
be efficiently solved using an iterative interior point
algorithm which minimises a potential function com-
bining both primal and dual spaces.

Such a method is used in the field of control and
should be well adapted to identification for the fol-
lowing reasons:

e the analytical and differential features of the
problem can be exploited and reduce the itera-
tion cost;

e the number of iterations is independent of the
size n of the system;

e the convergence is monotonic, assuring a stable
and feasible solution ; thisis due to the progres-
sion by interior points;

o the problem takes a nearly convex form guaran-
teeing a global minimum.
If one collects the primal variables in vector y =
(xT, A, 7), the problem is rewritten in the standard
SOCP form [2]:

miny Ty 9)

with H Aly — bl HS ClTy

and || Azy — b2 [|[< exTy

WhereA1 c RnXm-I—Z, A2 c Rm-|—1><m+2, bl c Rn,
by € R™2,¢c; € R™2, ¢y ¢ R P2 etf ¢ R™T2.

3.3 Associate dual formulation

The dual formulation of problem (9) is[2]

maxy, —(bsz1 + szZQ)
WlthA{Zl + wicqg + AgZQ + wgeq =T

| z1 ||< wy,

(10)

and H Zo HS wo

The dual variables are collected in vector Z1 =

(Z?v Wi, ng w2)'



3.4 Duality gap

The difference between the primal objective and the
dual one is called the duality gap [3, 4]. For each
admissiblepair (y, Z) (i.e. apair verifying the primal
and the dual constraintsof the optimisation problem),
the duality gap valueisgiven by

ny,Z) = Iy + (blTZ1 + szzz) (12)

This function is always positive and tends to zero
when the solution goes to the optimal point.

3.5 Barrier functions

The interior point feature of the method is obtained
through the moving of all inequality constraints into
the objective function under the form of barrier func-
tions[4]. Logarithmic barriers are built for each conic
constraintin such away :

t?—ulv) V]u|<t
, otherwise

(12)

Bl ={ 8l

Barriers act thus as penalty terms preventing from
moving outside the feasible space. Their Jacobian,
Hessian and inverse Hessian may be easily computed
in the following analytical form :

2 u
VB(u,t) = m[ S (13)
V2B(u,t) =

2 t? —u'w)I  —2tu

(12—uTu)? { —2tu’l t2 +ulu } (14)
V2B(u,t)”' =

1 (= uTu)I+ 2uu” 2tu
2 { 2tu’ 2 +ulu } (15)

3.6 Primal-dual algorithm

Primal and dual optimisation problems take quite the
same form. It is thus easy to handle them in the same
time through the use of a potential function combin-
ing the duality gap which is to be minimised and the
barrier functions. The potential function prescribed
by Nesterov and Nemirovsky [4] is defined as

&y, Z) = (442v)logn+By p+ B2 p+Bi1,p+B2p
(16)

where By p, By p, Bi,p, B2 p denote the barrier
functions associated to the four primal and dual conic
constraints ; v isa numerical parameter allowing to
tune the relative weight of the n term and of the
penalty terms.
The final form of the optimisation problem resultsin
an unconstrained minimisation problem :
min ¢(y, Z) an
v,Z
All constraints are included in the objective function
except for the equality constraint of the dual problem.
This last constraint will have to be imposed at each
iteration during the search direction computation step.

3.6.1 Search direction

Starting from a strictly admissible pair (y, Z) and at
each iteration, the primal and dual search directions
dy and 6Z must stay correctly paired. This can be
achieved if the equality constraint of dual problem
(20) is verified.

Thus the search direction step combines two matrix
equations[2, 4] :

H'! A ;5 —H!
5 o =17 ] as
with ,
H— { \v gLD v2§27D } (19)
6= vp " | (20)

and 0 = (4 +2v) /1.

Thefirst equation correspondsto aquasi-Newtontype
directionfor problem (17) : theterm (4 + 2v) log 7 is
concave and its negative contributionto the hessianis
thus neglected. The second equation results from the
differentiation of the equality constraint.

3.6.2 Plane search

The current point is updated by minimizing the po-
tential function ¢ in the plane defined by the paired
search directions (§Z7, 6y™):

min ¢(y + pdy, Z + ¢8Z) = 0 (21)
The primal and dual step lengths p and ¢ vary be-

tween 0 and an upper limit corresponding to the bar-
rier crossings.



4. Application example

The method was tested on simulated measurements
of a clamped-free bending beam. The frequency re-
sponsefunction (FRF) at the free end of the beam was
generated by modal superposition. Modal damping
ratioswere set to 2%. The first 3 exact eigenfrequen-
cies are 8.36 Hz, 52.35 Hz and 146.58 Hz. For in-
stance, theimpul se response function (IRF) at the end
of the beam (%, 1) isshown at figure 1.

The modal identification was made using the Least
Squares Complex Exponential method (LSCE)[5, 6].
LSCE leads to the resolution of a system like (1)
where matrix A and vector b are made of digitalised
impul se response functions. The identification of the
first 3 elgenfrequencies was performed using

1. the optimisation method (OPT]I),

2. the TLS method.

4.1 Robustness and accuracy

In order to compare both methods, several tests were
realized. At each time, the signal was perturbed by
white noise with asignal to noiseratio (SNR) of

2
Uhl,l

2

noise

=14dB

SNR=10log (22)
Thisrandom perturbation alwaysled to arather small
TLScorrection: prrs ~ 4.2 10~%. Figure 1 displays
the exact signal along with the added perturbation.
Table 1 givesthe results of 3 tests. Regarding to the
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Figure 1: Exact signal and added white noise

TLS method, it is observed that the results are more

No OPTI TLS
freq. (Hz) | ¢ (%) | freq. (H2) | ¢ (%)
8.62 2.46 8.33 -3.26
1 54.05 8.35 52.69 2.99
131.83 2.47 131.89 -04
8.42 7.34 8.74 1.39
2 53.03 10.96 50.70 -6.02
152.04 4.67 142.70 -1.06
7.98 13.99 11.36 34.35
3 53.13 1.6 47.04 -2.15
164.31 3.08 164.26 0.07

Table 1: OPTI / TLS comparison

dispersed. The method leads to an accurate solution
in the sense that the residue of the system of equa-
tions is zero, but the final solution strongly depends
on the chosen recorded sample used for the identifi-
cation. The TLS method sometimes leads to nega-
tive values for the modal damping coefficients. The
corresponding poleswould normally be considered in
practice as numerical polesand would be rejected.

At the opposite, the OPTI solutionis characterized by
asmaller standard deviation and alwaysgivespositive
damping ratios. However, the latter may sometimes
be poorly estimated. In thisparticular example, it can
be explained by

o therelatively high noise level,

e a too small frequency resolution for the first
peak,. ..

For each test, the optimisation method always con-
vergesin 7 or 8 iterations. Figure 2 displays an ex-
ample of typical convergence curves for the objective
and the potential functions. It also illustratesthe con-
vergence of the duality gap.

4.2 Perturbation radius influence

Starting from exact noise free measurements, the per-
turbation radius p of the OPTI method is progres-
sively increased. Doing this, a larger perturbation
around the data is taken into account and the accu-
racy of the solution decreases. As an example, the
evolution of an identified parameter when p growsis
displayed in figure 3. Again, the robustness of the
method appears.
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Figure 3: Radius p influence on third frequency

5. Conclusion and perspectives

An optimisation toll for the identification of modal
parameters was tested on the basis of an analytical
test case.

An improvement of the algorithm has till to be done
for the computation of the step lengths during the
plane search. At present, the plane search compu-
tation cost is prohibitive because it is done by a di-
chotomy procedure. The analytical feature of the
problem should better be exploited to obtain approxi-
mate step lengths.

In the future, other identification techniques will be
tested in concordance with this optimisation solver.
This tool will also be tested for structural model up-
dating since it leads to solutions much more insensi-
tiveto noise.

References

1. L. El Ghaoui, H. Lebret, Robust Solutions to
Least-Squares Problems with Uncertain Data,
SIAM J. on Matrix Analysis and Applications,
(October, 1997).

2. M.S. Lobo, L. Vandenberghe, S. Boyd, H. Le-
bret, Applications of Second-order Cone Pro-
gramming, Linear Algebra and Applications,
(1998).

3. L. Vandenberghe, S. Boyd, Semidefinite Pro-
gramming, SIAM Review, (March, 1996).

4. Y. Nesterov, A. Nemirovsky, Interior point poly-
nomial methods in convex programming : The-
ory and applications, SIAM, Philadelphia, PA,
(1994).

5. W. Heylen, S. Lammens, P. Sas, Modal Analysis
Theory and Testing, ISMA24 course, (Septem-
ber, 1999).

6. Maia, Silva, He, Lieven, Lin, Skingle, To, Ur-
gueira, Theoretical a nd Experimental Modal
Analysis, (1997).



