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There is one peculiarity: The second-orderobserver we have de-
rived is not minimal order; it always has P additional states (where
P is the number of outputs) from the ´-� lter (9), that is, the di-
mension is 2N C P instead of 2N . Perhaps this is another perverse
byproduct of the unnaturality of this observer. All of this trouble
evaporates if K1 D 0, that is, OPq D POq, but this can rarely be permitted.
Therefore,we are forced to acceptunnaturalsecond-orderobservers
even in Colorado (see Ref. 5).

VI. Conclusions
We have shown that all linear � exible structures do have second-

order observers with arbitrary rates of convergence. However, the
most naturalde� nitionof such an observerdoes not work and we are
forced to accept an unnatural second-orderobserver to do the job.
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I. Introduction

A CCURATE system identi� cation (SI) is often a precursor to
modern control system designs that assume that the plant dy-

namics are precisely known. SI algorithms such as Fast Eigensys-
tem RealizationAlgorithm(Fast ERA)1 require Markov parameters
to realize discrete-time, linear, time-invariant state-space models.
Markovparametersare thediscrete-timesequenceimpulse response
measurements from the system and can be obtained using Observer
Kalman � lter Identi� cation (OKID).2 To obtain small model predic-
tion errors using methods such as OKID, the size of the identi� ed
state-space model must be signi� cantly larger than the expected
system size, a process called overspeci�cation. These overspeci�ed
models contain not only the principal modes related to the system
but also extraneous modes related to measurement errors, nonlin-
earities, and numerical roundoff errors. The extraneous modes can
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be eliminated after the identi� cation process through model order
reductionbecause they usually contributenegligibly to the response
of the identi� ed system.

The model overspeci�cation and reduction process can impose
signi� cantcomputationalresourcerequirementsaswell as introduce
numerical ill-conditioningproblems.To overcome these dif� culties
methods such as augmented SI3 have been shown to help reduce the
level of overspeci�cation. In the following sectionswe introducean
SI technique based on cubic smoothing splines that can eliminate
the need for model overspeci�cation.

II. Daisy Facility
The Daisy structure, shown in Fig. 1, emulates large, � exible

space structures.Daisy consists of a rigid hub, representativeof the
main body of a satellite, that has three rotationaldegreesof freedom
(roll, pitch, and yaw) aligned with the principal axes. Attached to
the hub are 10 slender rigid ribs forming a cone. Each rib is attached
at its mass center to the hub via universal joints and is free to rotate
about its pivot in two mutually perpendicular directions: in-cone
and out-of-cone (by analogy to in-plane and out-of-plane). For SI
purposes,daisy is randomlyexcitedby three reactionwheels located
in the hub. Rib motion is sensed via an optical de� ection sensing
system for measuring rib de� ections relative to the hub. Attitude
encoders measure hub angular displacements.

III. Proposed SI Approach
The proposed SI approach uses successive application of OKID

and Fast ERA in combination with a cubic smoothing spline algo-
rithm to yield low-order accurate models. Reaction wheel rates are
used as the inputs to OKID and all 23 degrees of freedom are mea-
sured. We use l D 2400 data samples collected at 10 Hz and select
an OKID observer order of p D 10. To quantitatively evaluate the
performance of a model, the predicted output is compared with the
desired output over the experiment time interval as follows:

predictionerrorD
kdesired¡ predictedk2

kdesiredk2

(1)

When Fast ERA is applied to OKID’s Markov parameters using
an observer order of p D 10, the resulting model of order n D 230
has a prediction error of 0.155. We note that the difference be-
tween the impulse response of this identi� ed model and OKID’s
Markov parameters is on the order of 10¡4 . Our observation indi-
cates that Fast ERA is successfulat identifyinga model that matches
OKID’s Markov parameters; therefore, OKID is responsible for
virtually all of the prediction errors observed with the identi� ed
model.

The level of overspeci�cation is related to the observer order
p used by OKID; therefore, as the observer order increases, the
identi� ed model size increases and the model prediction error de-
creases.Using the Markovparametersfor p D 10,Fast ERA realizes

Fig. 1 Daisy facility.
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Fig. 2 Sample of cubic smoothing spline curve � t.

a model of ordern D 191.Balancedmodel reduction4 yieldsa model
of order n D 32 having an average prediction error of 0.16. Sample
in-cone impulse responses of this low-order (desired) model are
compared with OKID’s system Markov parameters for p D 10 in
Fig. 2a. It is evident that the high frequencies in the OKID Markov
parameters are not required to obtain accurate models. These high
frequencies are due to realities in the data such as measurement er-
rors, time-varyingparameters, system nonlinearities,and computer
roundoff errors, all of which are being modeled with large observer
orders.

We proposecurve � tting as an approach to removing the high fre-
quencies. Smooth piecewise polynomial functions, called splines,
are applied to OKID’s Markov parameters. Let the Markov param-
eters involved in the curve � t span the interval [a; b]. Then this
interval is subdivided into smaller intervals [» j ; » j C 1] such that
a D »1 < ¢ ¢ ¢ < »l C 1 D b, where l is the number of break-points de-
scribing the spline. On each interval [» j ; » j C 1] a polynomial of low
degree provides a good approximation to the local Markov param-
eters. The polynomial pieces also blend smoothly so that the re-
sulting patched function has several continuous derivatives. To ob-
tain a spline, we employ the variational approach5 wherein splines
are obtained as the interpolant that minimizes a speci� c criterion.
In particular, given the data (xi ; yi ) with xi 2 [a; b] 8 i , the cubic
smoothing spline minimizes the cost function C

C D ´

b

i D a

[yi ¡ f .xi /]
2 C .1 ¡ ´/

b

a

³
d2 f .t/

dt2

´2

dt (2)

over all functions f with two derivatives, where ´ is called the
smoothing parameter.The smoothing spline is a cubic spline with a
breakpoint at every data point. Smoothing is achieved by selecting
´ 2 [0; 1] so that the spline contains as much of the informationand
as little of the unwanted high frequencies in the data as possible.
Selecting ´ D 1 yields a least-squaresstraight line � t whereas ´ D 0
gives the natural cubic spline interpolant.

Fig. 3 Minimizing prediction error by varying ´.

IV. Experimental Results
Sample results of a cubic smoothing spline � t to OKID’s Markov

parameters for p D 10 are shown in Fig. 2b. The high frequenciesat
the beginning of each impulse response are effectively eliminated
whereas the curve � t still follows the rest of the response. Using
1000 system Markov parameters, the � rst 500 of which are curve
� tted using a smoothing parameter of ´ D 0:9, Fast ERA can iden-
tify a model of order n D 46 directly. The prediction error for this
low-order model is 0.185. The resulting prediction errors for vari-
ous values of ´ are shown in Fig. 3. As ´ increases from 0.3 to 0.9,
the resulting model predictionerror decreases.A minimum predic-
tion error occurs near ´ D 0:9, and after this point the prediction
error begins to increase. This increase is expected because beyond
´ D 0:9 there is very little smoothing of the data and a model of
order n D 46 is not suf� cient to capture the high frequencies. To
get equivalent results using standard SI techniques, Fig. 3 demon-
strates that a model of ordern D 184 would have to be identi� ed and
then reduced to n D 46. Computational requirementsare reducedby
43% andnumericalill-conditioningproblemsassociatedwith model
overspeci�cation and reduction are avoided.

V. Conclusion
A new approach to system identi� cation has been proposed that

applies cubic smoothing splines to the system Markov parameters
calculated by OKID. Applying this smoothing procedure early in
the identi� cation process allows models that are both low order and
accurate to be directly identi� ed. Experimentswith daisy, a � exible
spacecraft emulator, demonstratesigni� cant computational savings
and numerical robustness by avoiding the model overspeci�cation
and reduction process.
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