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Integrated Modeling and Control for the Large Spacecraft

Control Laboratory Experiment Facility

Guoming Zhu and Robert E. Skelton
Purdue University, West Lafayette, Indiana 47907

A software package which integrates model reduction and controller design is applied to design controllers
for the Jet Propulsion Laboratory Large Spacecraft Control Laboratory experiment facility. Modal cost
analysis is used for the model reduction, and various output covariance constraints are guaranteed by
the controller design. The main motivation is to find the controller with the best performance with respect
to output covariances. It is shown that by iterating on the reduced-order design model, the controller
designed does have better performance than that obtained with the first model reduction, demonstrating
an effective strategy for integrating modeling and control design.

Introduction

HE objective of this research is to develop controller design
software integrated modeling and control (IMC) for a real-

istic flexible space structure control problem. The main interests
are two-fold: the design of high-performance, fixed-order
dynamic controllers for this complex structure, and to test the
efficacy of the IMC software for the search of the controller
with the bést performance, among all model-based controllers.
Almost all available controller design techniques are based
on a given model of the physical plant. In general, perfect
models are impossible to construct. Modeling error exists in
every mathematical model used for control design. There are
three ways to deal with modeling error in a .controller design
procedure. First, one may use robust control theory. The control-
ler designed with robust control theory is tolerant to a specified
set of modeling errors. But a poor model may lead to a poor
controller even if the controller is robust with respect to the
given model. Second, one may treat the modeling and controller
design as a combined problem, and try to refine the design
model to find one that is appropriate for controller design in
the sense of best closed-loop operation. The third method is

adaptive control which intends to adjust the controller in real
time to compensate for modeling errors.

From our experience a nominal controller design procedure
based on an appropriate model may yield better performance
than a robust controller that is based on a poor model (say,
given by finite element modeling or identification). Hence, we
use. the second method to obtain a design model that is more
compatible to the particular controller design than the other
two methods.

In this research the integrated design procedure is applied to
design controllers for the Large Spacecraft Control Laboratory
(LSCL) experiment facility. Assuming that a true enough high-
order mathematical model can be obtained by some modeling
method (either analytical or by identification), our procedure
reduces the true enough model (we shall call this the evaluation
model) to an order appropriate for full-order controller design
based on the reduced-order model. Repeating the model reduc-
tion and controller design by using closed-loop information
such that the process is convergent, the integrated procedure
produces a design model appropriate to the corresponding con-
troller.
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The model reduction technique used in this experiment is
the modal cost analysis (MCA), which calculates each modal
contribution v; to a weighted quadratic cost function.™

N
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ko i=1

where E is an expectation operator, and N is the number of

modes in the model. The smallest contribution (smallest v;)

indicates the modes to be deleted in the reduced model. Closed

and analytical expression® of v; are available.

Two controller design methods [block output covariance con-
straint (OCC) and extended output L. constraint (EOL.)] were
applied to this experiment. The block OCC algorithm' designs
controllers minimizing the control effort subject to output covar-
iance constraints (for zero mean white noise input). The block
OCC algorithm can be also used to satisfy the output L. con-
straints when the input is an J, disturbance. The EOL. algorithm’
is an extension of the deterministic interpretation of the block
OCC. The EOL. designs controllers to satisfy given output I
constraints when the input /, disturbances have an outer product
matrix upper bound. The main difference between those two
design algorithms is that the block OCC algorithm only iterates
on the feedback gain, but the EOL, algorithm iterates on both
estimator and control feedback gains. We only present the block
OCC results in this paper. The definition and solution of the
block OCC and EOL.. can be found in Refs. 3-5.

There are two iteration loops in the IMC software, one inner
loop and one outer, used to realize the integration of model
reduction and controller design. The inner loop, called the
performance tuning loop, intends to obtain the controller for
the best performance (with respect to the evaluation model)
with the given reduced-order model (called the design model)
by gradually increasing the required performance (smaller
covariance constraints). The outer loop iterates on the design
model to make the design model appropriate to the correspond-
ing controller with the best performance.

Integration of Model Reduction and
Controller Design

It is well known that finding a good model for control design
is a difficult problem because of uncertain parameters, nonline-
arity, and neglected dynamics of the physical system. It is
impossible to separate the modeling and controller design prob-
lems. For example, considering a linear system with a nonlinear
actuator, one may apply linear control theory to design a control-
ler. In this case the nonlinear actuator should be linearized at
some nominal point, but the nominal point is related to the
control signal level of the controller which will be designed
after linearization of the actuator model. Consequently, the
modeling and controller design problems become an iterative
process.t

In this section we mainly consider the effect of the neglected
dynamics of the physical system. We are trying to obtain the
best performance for a high order physical system with a fixed-
order controller. There are at least three ways to find a fixed-
order controller for a given linear system. The first way is to
design a fixed-order controller directly. The second is to design
a full-order controller first and then reduce the controller to the
required order. The last one is to reduce the model first and
then perform the full-order control design based on the reduced-
order model. The advantage of the first method is that the
performance of the closed-loop system with the designed con-
troller is guaranteed. Unfortunately no closed form exists for
the design of such controllers. Because full-order controller
design methods are available for most control theories, LQG,
H., H,/H.., and so on, we will use a variation of the third method,
we call the integration of model reduction and controller design,
to design reduced-order controllers.

The integrated design procedure, utilizing MCA for model
reduction and the block OCC or EOL.. for controller design,

is shown in Fig. 1. The design procedure searches for the
controller with the best performance by tuning the design model
until the design model corresponds to the controller with the best
performance. This procedure is developed under the following
basic assumption that the only modeling errors existing in the
design model are from the model reduction, i.e., the evaluation
model is assumed to be true enough. This assumption allows
us to evaluate the designed controller based on the evaluation
model, prior to hardware testing in the lab. Of course, we also
compare these analytical results with the experimental results.

The evaluation model in Fig. 1 can be obtained either from
system identification or from mathematical modeling, e.g., the
finite-element model combining with the sensor and actuator
dynamics. Generally, the size of the evaluation model is too
large for controller design. Hence, the model reduction is neces-
sary.

The cost function defined in Eq. (1) used in the model reduc-
tion is the summation of the weighted output variance with
respect to the white noise input. Note that the modal cost is
very much dependent upon the input and output weighting
matrices W = block diag [W, R] and Q, where the input
weighting matrix W is used to compute the output covariance.
Hence, the choice of those two matrices will directly affect the
model reduction. How to choose Q and W is a major subject
of this paper. For the first iteration of this experiment, matrix
W is the input white noise covariance matrix W, and Q and R
are diagonal matrices whose elements are the inversed square
of the hard limitation on inputs and outputs, respectively.

The main philosophy of our performance tuning loop in Fig.
2 is to obtain a sequence of controllers from low to high control
effort. The controller sequence is obtained by reducing the
required performance specification during controller design.

The main purpose of the block OCC performance tuning
loop is to obtain the best performance with the given (reduced-
order) design model (obtained from MCA model reduction of
the evaluation model), which is expressed in the following form:

Xk + 1) Ax (k) + Bu(k) + D,w,(k)
k) = Clk) V)]
2k M, (k) + v(k)

Il

The block OCC performance tuning loop starts with the evalua-
tion and design models. Suppose that the output y, can be
divided into m output groups y. Let Y{0) i = 1,2, ..., m)
denote the open-loop output covariance of the evaluation model

Physical System

v
Selected Finite
——»{ Identification Element
Methods Model
Controller
Evaluation
Selected Model
Methods Reduction
Q-loop
Selected  |Controller Design)
Methods (Perf.iunmg)

Fig. 1 Flowchart of the IMC software.
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Fig. 2 Block OCC control design with performance tuning.

for output groups ¥, assuming that the open-loop system is
asymptotically stable. Define L; (i = 1, 2, ..., m) to be a lower
bound of the output covariance of the closed-loop system with
any full-order controller. Hence, any specification which is less
than or equal to L; is unachievable with respect to the design
model. Then the specification matrix Y(o) (( = 1, 2, ..., m)
can be generated by the following equation

Y(=[¥0) ~LI1 - B+ L; a=1,2..,0, ()

where 0 < 3 < 1 is a design parameter and a is the integer
counter (iteration number for the performance tuning loop).
Note that the specifications are gradually reduced as a increases,
which depends on the step size B (the step size of the specifica-
tions increase as B does). The main reason to use Eq. (3) to
produce specification Y{a) is to make the change of specifica-
tion small (from one iteration to the next) when it is close to
its lower bound L. _

With each set of design specifications Y{(o), the block OCC
algorithm will produce a controller with index a, called the
ath controller, using the design model (2). The closed-loop
system with the design model and the ath controller is asymptot-
ically stable because the block OCC controller is an LQG
controller with a special choice of the output weighting matrix.
But the closed-loop system with the evaluation model may not
be stable. If the closed-loop system with respect to the evalua-
tion model is unstable, the performance tuning loop will be
terminated, according to the block OCC performance tuning
loop diagram in Fig. 2, otherwise the output covariance matrices
Y{(a) and Y{(c), with respect to the evaluation and design
models, will be computed for future use.

Because the open-loop system is asymptotically stable, the
closed-loop system will be asymptotically stable if the controller
gain is small enough. As the control gains increase, i.e., o
increases, the closed-loop system with respect to the evaluation
model may become unstable. Hence, a plot similar to Fig. 3
can be generated for analysis. We use o, to denote the point
with the best performance with respect to the evaluation model.
The information on the a,th controller will be used for the
new model reduction because we want the design model to be
appropriate to the controller with the best performance. The

olYi(e)]

Open Loop Unstable Region

\

a=3 o=4

E ulu
Fig. 3 Tradeoff of output covariance and input variances: lower

curve, output covariances with respect to the design model, upper
curve, output covariances with respect to the evaluation model.

new output and input weighting matrices Q and R will be
computed in the following way

0 = (1 = a)Qe) + a,|o{Yi(a?)]

—&(Y#o)l|ln, QO = block diag[... Q.. .] (4a)

R=( — a)RO) + a,diag ([. . ., |Us(cwy)

- U], ...D) (4b)

where 0 = o; < [ (i = g, r) are design parameters. The selections
of o, and «, depend on the percentage of the new modeling
information one wants to use in this process. R(0) is the control-
ler channel input weighting matrix used in the first MCA model
reduction. U¢(w,) and U¥o) (j = 1,2, .. ., n,) are the closed-
loop input variances of the ayth controller with respect to the
evaluation and design model, respectively. Similarly, Y¢(o,)
and Y{(a,) are the output covariances. The main reason to add
these items to correct the input and output weighting matrices
is to reduce the differences between the evaluation and design
covariances (Y¢ — Y¢) for the o,th controller.

Qo) is the convergent output weighting matrix for the ith
block during the design of the a,th controller. The importance of
Qi(o) can be clearly observed in the output variance constraint
(scalar OCC) problem'” (a special case of the block OCC prob-
lem when each block has dimension equal to one). It is noted
that during the scalar OCC design iteration procedure the output
weighting matrix Q is adjusted so that if a particular output
specification Y; is not achieved, the corresponding Q; will
be increased according to the discrepancy between the cur-
rent output variance Y; and the specification Y,. Consequently,
those outputs with hard-to-achieve specifications (indicated by
Y, = Y) will end up with large Q;, and those with easy-to-
achieve specifications (¥; < Y) will have the small Q;. In fact,
for those outputs that end up with variances smaller than the
corresponding Y; the final convergent Q; will be zero. This
implies that these output constraints are not important and can
be disregarded during design. However, at the beginning, this
information is unknown. As a result, the convergent Q appropri-
ately reflects the importance of each output with respect to the
given specification. This property is very helpful for the modet
reduction using MCA, because MCA calculates the contribution
of each mode to a weighted output cost E.y"Qy and deletes the
least important modes accordingly. Hence, if the weighting
matrix can appropriately reflect the importance of each output,
then the reduced model using MCA will keep the information
which is important to the required performance.
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The controller evaluation part mainly evaluates the designed
controllers in the performance tuning loop to see if the perfor-
mance is satisfactory or not. The evaluation will provide the
information to adjust these design parameters, e.g., o, o, and
SO on.

As a result, it is clear now that in the integration of model
reduction and controller design there are two iterative loops,
the Q loop and the performance tuning loop. The Q loop is
used to combine the model reduction and the controller design
process such that at convergence the design model corresponds
to the controller with the best performance. The performance
tuning loop intends to search for the controller of the best
performance with respect to the evaluation model, and a given
design model.

Integrated Modeling and Controller Software

An IMC software package has been developed to integrate
the model reduction and controller design process presented in
the last section. The IMC software makes it possible to obtain
the rapid redesign capability in a workstation environment
using MATLAB.

The idea of the integrated procedure of model reduction and
controller design was first applied to design controllers for
NASA’s minimast at Langley Research Center.!*" The realiza-
tion of this integrated idea needs a certain amount of computa-
tion, and some expertise is needed to manage the whole
integrated design process. Some parameters must be chosen,
and if changed, the whole process must be repeated. To reduce
the repeated work during the integrated controller design pro-
cess, we are motivated to put all the independent software
modules, e.g., MCA model reduction, scalar OCC, block OCC,
and EOL.. controller design softwares together to form a soft-
ware package IMC. If some information of the physical system,
(like pulse responses), or a mathematical model is available,
the software will go through the whole integrated process auto-
matically such that a person who has no knowledge of MATLAB
can design controllers using this software. This software is
programmed in MATLAB which is available in most workst-
ations.

The main idea of this software is shown in Fig. 1. For a
physical system, the mathematical model of the given system
can be obtained by identification or by mathematical modeling.
Then the software starts either with the signals which are neces-
sary for identification or with the given mathematical model.
Based on the given model or identified model, the integrated
process will produce controllers for evaluation. If the require-
ments of the evaluation are satisfied, the controllers can be
implemented for testing.

For this experiment, we used the finite element model plus
sensor and actuator dynamics as our evaluation model. The
IMC controller design process is shown in Fig. 2. The IMC
software has seven modules for forming continuous/discrete
evaluation models using the given finite element model, con-
structing a design model by MCA model reduction, constructing
a discrete evaluation model by identification (not available),
scalar OCC control design with performance tuning, block OCC
control design with performance tuning, EOL. control design
with performance tuning, and an evaluation tool.

To design a controller from the finite element model, one
can use modules 1 and 2 to form the discrete state space evalua-
tion and design models. Choosing a control design module,
(for example, the block OCC control design with performance
tuning), one can iterate on the modules 2 and 4 to carry on the
Q loop. After the Q loop has converged, one can evaluate
designed controllers using module 7. Now let us introduce each
module in detail.

Using frequencies and mode shape vectors obtained from
the finite element analysis, the first module combines the finite
element model with sensor and actuator dynamics to form a
continuous time state space model. By choosing a proper sam-
pling rate, the discrete evaluation model can be obtained by

discretizing the continuous time model. In a case where the
order of the finite element model is relatively high, an additional
(optional) MCA model reduction can be applied to obtain a
lower order evaluation model.

The MCA model reduction module includes two kinds of
MCA model reduction routines, continuous and discrete ver-
sions. The discrete reduced-order model can be obtained from
the discretized high-order model by both continuous and dis-
crete MCA model reductions, because both MCA results pro-
vide the contribution of each mode to the total cost, which can
be used to decide which mode should remain in the design
model. A modal cost analysis table will also be generated.

Using the pulse responses or white noise responses, the identi-
fication module (not yet available) will produce an identified
evaluation model by the Q Markov cover method.!"-"

The design modules for the scalar OCC, block OCC, and
EOL. controllers are similar. Here we only discuss the block
OCC control design module. The block diagram of the block
OCC control design is shown in Fig. 2. The main philosophy
of the performance tuning is to obtain a sequence of the control-
lers from low- to high-control effort. As a result, the controller of
the best performance can be obtained among those controllers.

The evaluation tool contains seven blocks for plotting pole
locations, simulating pulse responses for discrete systems, plot-
ting output covariances with respect to «, simulating the
responses of arbitrary input functions, simulating impulse
responses for continuous systems, transferring MATLAB data
file to ASCII code data files, and plotting FORTRAN simula-
tion responses.

System Description and State Space Model

The Jet Provision Laboratory (JPL) Large Spacecraft Control
Laboratory (LSCL) experiment facility'* is shown in Fig. 4.
The main component of the apparatus consists of a central hub
to which 12 ribs are attached. The diameter of the dish-like
structure is slightly less than about 19 ft, the large size being
necessary to achieve the low frequencies desired. The ribs are
coupled together by two rings of wires which are maintained
under nearly constant tension. Functionally, the wires provide
coupling of motion in the circumferential direction which would
otherwise occur only through the hub. The ribs, being quite
flexible and unable to support their own weight without exces-
sive droop, are each supported at two locations along their free
length by levitators. A levitator assembly consists of a pulley,
a counterweight, and a wire attached to the counterweight which
passes over the pulley and attaches to the rib. The hub is
mounted to the backup structure through a gimbal arrangement
so that it is free to rotate about two perpendicular axes in the
horizontal plane. A flexible boom is attached to the hub and

L YOIV SIS 7
Support Column — [~2 DOF Gimbal Levitator
Hub (4 Ft. Dia.) 1 Position
1 4 Sensor
u 4 T~
0
C q -} 1 £ T -] ]

Coupling Wires

Flexible Rib (12
exible Rib (12) ™ 3 Ft. Flexible Boom

Feed Weight (10 LB)

Fig. 4 Experiment structure,
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hangs below it, and a weight, simulating the feed horn of an
antenna, is attached at the bottom end of the boom. A 3-ft-long
boom is used for this experiment.

Actuation of the structure is as follows. Each rib can be
individually manipulated by a rib-root actuator mounted on that
rib near the hub. A rib-root actuator reacts against a mount
which is rigidly attached to the hub. In addition, two actuators
are provided which torque the hub about its two gimbal axes.
The hub torquers do not provide torque directly but rather are
linear force actuators which produce torque by pushing or pull-
ing at the outer circumference of the hub. The placement of
these actuators guarantees good controllability of all of the
flexible modes of motion. The locations of the actuators are
shown in Fig. 5. Two hub actuators are used for control in x
and y directions. They are denoted by HA1 and HA 10, respec-
tively. The transfer function from command torque u; (i = 1,
2) to net torque u? (i = 1, 2) is shown as follows.

ui(s) _ 3947.8
ufs) &+ 44435 + 39478

&)

Only four rib root actuators are used in this experiment. They
are rib root actuators on ribs 1, 4, 7, and 10, denoted by RA1,
RA4, RA7, and RA10. The transfer function from the command
force u; (i = 3, 4, 5, 6) to the net force uf (i = 3, 4, 5, 6) is

ui(s) - 24674
u(s) s*+ 111.1s + 24674

(6)

The sensor locations are also shown in Fig. 5. First, each of
the 24 levitators is equipped with a sensor which measures the
relative angle of the levitator pulley. The levitator sensors thus
provide, in an indirect manner, the measurement of the vertical
position of the corresponding ribs at the points where the levita-
tors are attached. Four position sensors measure rib displace-
ment at the rib-root actuator locations. Sensing for the hub
consists of two rotation sensors which are mounted directly at
the gimbal bearing. There are a total of 24 levitator sensors
used for measurements. They are denoted by LS1-L.S24. The
transfer function from the physical output to the measurement
is assumed to be one because the optical sensor has a pretty
wide bandwidth. Two hub optical angle sensors, HS1 and HS10,

Levitator Sensor

Hub Sensor & Actuator

©® o0 O

Rib Root Sensor & Actuator

Fig. 5 Transducer locations and labeling.

are used to measure the hub angle in the x and y directions.
Similarly, the transfer function is assumed to be one. Only four
rib root sensors, RS1, RS4, RS7, and RS10, are available for
measurements. The dynamics are omitted (the transfer function
is assumed to be one). Since the hub and rib-root sensors are
very noisy, a first-order filter is applied for each of those six
sensors. The transfer function of the filter is

50265
HS = 50265 @

A summary of outputs and inputs are contained in Table 1.

The JPL created two finite-element models with 30 and 84
modes, respectively. The 30-mode finite-element model is used
in this experiment. The first 18 modes are given in Table 2.
Let the structure be described in its modal coordinate by the
following equations

iy + 28w + oy, = bt i=1,2,...,30

8
y =32 pm; ®)

where ©° is the actuator output signal and y is the displacement
vector colocated with the sensor inputs. The JPL provided 30
frequencies (w;, i = 1, 2, ..., 30) and 30 mode shapes (p;, i
=1,2,...,30) obtained from a finite-element analysis.

The actuator output signal #* is now filtered by hub actuator
and rib-root actuator dynamics modeled by the following equa-
tions:

Table 1 Inputs, outputs, and their limits

Inputs Outputs
Hub Actuator Hub Sensor
Notation Limit Notation Limit
HA10 (u) 2 (N-m) HS1 (355) 69.8 (mrad)
HA1 (u,) 2 (N-m) HS10 (y2) 69.8 (mrad)
Rib-Root Actuators Rib-Root Sensors

Notation Limit Notation Limit
RA1 (u3) 2 (N) RS1 (yn) 10 (mm)
RA4 (uy) 2 (N) RS4 (yx) 10 (mm)
RA7 (us) 2 (N) RS7 (y2) 10 (mm)
RA10 (i) 2 (N) RS10 (y3) 10 (mm)

Levitator Sensors

Notation Limit
LS1-LS24 (y, — y) 114.3 (mm)

Table 2 Frequencies and damping coefficients

Frequency, Hz Damping Coeff.

Mode No. (Original)  (Modified)  (Original)  (Modified)
1 0.0902 0.0975 0.0100 0.1225
2 0.0902 0.0917 0.0100 0.2500
3 0.2089 0.2089 0.0263 0.0263
4 0.2527 0.2527 0.0100 0.0100
5 0.2527 0.2527 0.0100 0.0100
6 0.2894 0.289%4 0.0100 0.0100
7 0.2894 0.2894 0.0100 0.0100
8 0.3218 0.3218 0.0100 0.0100
9 0.3218 0.3218 0.0100 0.0100
10 0.3435 0.3435 0.0100 0.0100
11 0.3435 0.3435 0.0100 0.0100
12 0.3509 0.3509 0.0100 0.0100
13 0.6150 0.6250 0.0200 0.0200
14 0.6150 0.6200 0.0300 0.0300
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X, = A, + Bu ; u = Cux, +w, 9)
where u is composed of the command signals to the hub and
rib-root actuators, and w, is the actuator noise with intensity
W,. The measurement output z now can be presented by

% = Ax, + By; z2=Cx, + Dy +v (10)
where v is the sensor noise with intensity V. Combining models
(8, 9, 10), we can obtain a continuous-time, full-order model.
Because the frequencies of all modes in our model are less
than 5 Hz, we discretize the continuous model at 25 Hz, which
is the computer sample rate. The discrete evaluation model is
as follows.

x(k + 1) Ax,(k) + Bu(k) + Dw,(k)
yky = Cuxfk) (11)
z(k) Mx(k) + v(k)

il

where w, and v are white noise with covariance matrix W, =
W,/0.04 and V = V/0.04, respectively.

Output Covariance Constraint Controller Designs

The design strategy used here is the integration of model
reduction and controller design introduced in the last section.
Using the open-loop experimental results at the JPL, we adjusted
some frequencies, damping coefficients, and input/output mag-
nitudes such that the responses of the finite element model
combining with the sensor and actuator dynamics were closer
to the experimental pulse responses. The adjusted frequencies
and damping coefficients of the first 18 modes are shown in
Table 2. The magnitude coefficients vary in different designs.

We start the OCC controller design with the scalar output
blocks. Note that in this case the constraints on'the output
covariance matrices reduce to those on output variances. Hence,
all the constraints are scalars, and the OCC algorithm reduces
to the scalar OCC results in the Purdue report.'® After some
preliminary iterations on model order, the order of the scalar
OCC controller was fixed at sixteen, although the order of the
model (and hence the subsequent controller) could be selected
on each iterations, instead of being fixed as in our design.

The MCA results for Q loops 1 and 3 can be found in Table
3. The first eight dominant modes in Q loops 1 and 3 are the
same. Hence, in this case the Q loop will not converge but will
oscillate between the two models which are obtained in Q loops
1 and 2. Because the best performance with respect to the
evaluation model is obtained in Q loop 2, we use the reduced-
order model of Q loop 2 which keeps modes 2, 1, 14, 13, 27,

Table 3 Modal cost analysis of the scalar output covariance
constraint design for Q loops 1 and 3

Qloop 1 Q loop 3

Index % =9 o =9
Modal Cost Mode No. Modal Cost Model No.

1 6.6723¢ + 1 2 6.7071e + 1 2
2 2.5040e + 1 1 2.3619 + 1 1
3 4.2676e + 0 14 4.8554¢ + 0 14
4 22173¢ + 0 13 2.6104e + 0 13
5 4.7986e — 1 4 4.7182¢ — 1 4
6 2.0138¢ — 1 8 1.9765¢ — 1 8
7 1.9129¢ — 1 3 1.8981e — 1 7
8 1.7050e — 1 7 1.768% — 1 3
9 14221e — 1 6 9.9888¢ — 2 6
10 8.7302¢ — 2 11 7.9285¢ — 2 16
11 7.9527¢ - 2 12 7.8692¢ — 2 11
12 7.8317¢ — 2 10 7.5395¢ — 2 10
13 5.2735¢ — 2 16 7.3416e — 2 20
14 4.8844e — 2 20 7.3290e — 2 12

28, 4, and 6 as the final design model. The iteration on the Q
loop is terminated at Q loop 3.

To show the benefit of iterating the design model, we compute
the differences between the output variances of Q loop 0 and
those of Q loop 2 for each output. Note that for each Q loop the
OCC performance tuning loop produces a number of controllers
from low- to high-control effort. The controller obtained on
the ath iteration of performance tuning loop is called the ath
controller. Let Y»(i, o) and Yy(i, o) denote the ith output variance
obtained by evaluating the ath controller of Q loops 2 and 0
with the evaluation model, respectively. Plot [Y,(i, 9) — Y;(i,
NV/Y(i, 9) can be found in Fig. 6. Because the plot for controller
9 (o) is negative for almost all outputs (by as much as 8§%),
the Q loop improves the model reduction and controller design
process, i.e., a better controller with respect to the evaluation
model can be obtained by integration of model reduction and
controller design.

From the experience of the scalar OCC controller design we
feel that it is not necessary to use all outputs for controller
design because of the symmetrical property of the structure.
Hence, we choose to reduce the output number for the model
reduction and control design process but still use all 30 measure-
ments for the control design purpose. Outputs used for the block
OCC design are

Yo = L1 ¥s Yis Y6 Yos Y25 Y y28]T (12)

We group outputs in the following way

$il [y‘]; yzé[”]; )73é[y25]§ yué[y”] (13)
Y4 Y16 Y26 Y

Hence, in this case constraints of the block OCC problem are
2 X 2 matrices for all output groups. Physical interpretation
of this design is clear. Consider the output group ¥; containing
hub angles in the x and y directions. Suppose that the maximal
singular value of the constraint matrix is 3. Then the design
will guarantee that the hub angle at any direction of x — y
plane will be less than or equal to the square root of o; times
the input /, norm.

The evaluation model used in this design is obtained by
combining the finite element model, the sensor, and the actuator
dynamics in (8, 9, 10). The evaluation model is discretized at
a sampling frequency of 25 Hz. The state space realization of
this model is in the form (11), where A,, B,, D,, C., and M, are
the system matrices, respectively, of dimension 78 X 78, 78
X 6,78 X 6,8 X 78, and 30 X 78, and u, y,, and z are input,
output, and measurement vectors, respectively, as described in
Table 1. Vector w, is the system noise from the hub and rib-
root actuators with the following covariance,

Difference between Y2(i,8) and YO0(i,9) for controlier 9
2 T Y T T T

U u

-6} S I . L J L 4

[Y2(i.9)-YO(,9)/'Y0(i,9)* 100
s

-10

5 10 15 20 25 30
Qutput i, i=1, 2, ..., 30

Fig. 6 Output variance differences of Q loops 0 and 2.



448 ZHU AND SKELTON: INTEGRATED MODELING AND CONTROL

W, = block diag [0.04], 0.361, + 0.36 X 1,x4] (14)

where the suffix of matrix I indicates the dimension of the
identity matrix, and 1,4 denotes a 4 by 4 matrix with every
entry equal to one. Vector v is the measurement noise of the
levitator, hub, and rib-root sensors with the following covari-
ance,

V = block diag [1.56251, 3.05001,, 0.2500,]  (15)

All of the variances are taken from signal-to-rioise ratios.

We choose to design a 20th-order controller for the block
OCC design as opposed to a 16th-order controller for the scalar
OCC design. The design parameters used in this design for the
Q loop are

B=02 ,=05 «=05 o,=15 (16)

The specification matrices Yi(a) i = 1, 2, . . . , a,,) are generated
by Eq. (3). ,

The MCA model reduction results of the block OCC design
are quite similar to those of the scalar OCC case. The Q loop
does not converge but oscillates between the two design models.
We plot the closed-loop output maximal singular value curves
with respect to the summation of input variances, where the
maximal singular values are computed with respect to the design
and evaluation models. The plot for @ loop 2 is shown in Fig.
7. The solid curve with “0” is the performance of the controllers
obtained from the block OCC algorithm evaluated with the
design model. The dashed line with “*” evaluates these control-
lers with the evaluation model. It is observed that the best
performance of output group 1, which is difficult to achieve with
the given design, is provided by the 12th controller designed in
0 loop 2. Those controllers designed in Q loop 2 were tested
in the lab. In the performance tuning loop, 15 controllers are
designed. All controllers stabilize the evaluation model. The
12th controller provides the best performance for output
group 2.

Output/input Covariances

Output Group Y1
= & 8

o

107 10° 10°
Input U
Output/input Covariances

10 T

Output Group Y3

10° 10? 10
Input U

Fig. 7 Input/output covariance curves for the block OCC design.

Block Output Covariance Constraint
Controller Experiments

The controllers 1, 3, 5, 7, 9, 11, and 13 obtained in the
performance tuning loop of Q loop 2 were tested on the JPL
LSCL Experiment Facility. It is expected that the responses of
controller 1 will be close to the open-loop ones due to low
contro} effort. The sequence of controllers from low gain to
high gain allows one to perform lab tests easily with little risk
of damaging the system. Starting with a low-control effort
controller, we can test controllers one by one with increased
control effort, and stop the test when some controller destabi-
lizes the system, or when the oscillations become unacceptable.
Because the control effort is increased gradually, the test facility
will not be damaged. This is a nice feature of the integrated
controller design strategy. » o

Because the system is highly damped, a pulse input with the
width equal to a sample period (0.04 s) does not excite the
system much. Hence, it is difficult to compute all the output
covariances by experimental data. We performed the pulse
experiments for each controller obtained in @ loop 2 with pulse
input on HA1 and HA10, respectively, where the magnitude
of the pulse is 2 N-m, and the width is 4 s (100 sample periods).
We computed the input and output /, norms in the following way:

. P
ol £ 82 Y

k=101

W (yu(k) an

P
O L & > STwI® 5 i=12...,4 (8)

k=101

Using Egs. (17) and (18), Fig. 8 presents plots of input/output
I, norms for output groups 1, 2, 3, and 4, where the dotted line
with “+” is associated with experimental data, the dashed line
with “*” is obtained from simulated data with the evaluation
model, and the solid line with “0” is also from simulated data
but with the design model. Note that we did not test every
controller designed in the performance tuning loop of Q loop
2. Hence, the “+” signs in Fig. 8 are the /, norms of the open-

Outpuvinput I_2 Norms
35 v

N N [~
(=] 0 O

Output Group fly1{)l

-
o

-
OQ
w

1 2
Input Hu( )l

OutpuVinput |_2 Norms

S
a 4
=3
2 4
ot e
=3
o
35
o
8
% P 2 3
Input Hu( )i

Fig. 8 Input/output I, norm curves for the block OCC design.
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loop responses and closed-loop responses related to controllers
1,3,5,7,9, 11, and 13 from left to right. The best I, perfor-
mances are obtained by the 11th controller of Q loop 2. We
attribute the differences between the analytical /, responses and
the test responses to the modeling error, nonlinearity, and fric-
tion.

Because the control experiment facility has no special chan-
nels to apply disturbances, the test has been done in such a
way that the system is open loop at ¢ = 0, when exciting signals
are applied to the structure through control actuators. When
the open-loop command signals vanish, the control loop will
be closed to conduct the closed-loop experiment. Hence,
the exciting signals applied through the actuator channels pro-
vide the initial condition for the structure.

The pulse responses of HAl with controller 11 of Q loop 2
are shown in Fig. 9, where all input pulses are of the magnitude
of 2 N-m and a period of 4 s. Hence, the closed-loop control
started at the 4th second, and open- and closed-loop responses
are the same for the first 4 s. It is obvious that the first two
modes with a frequency of 0.0902 Hz are excited from those
responses and it is clear that the controller improves the perfor-
mance of the system.

Conclusions

This paper has developed and demonstrated the efficacy of
an integrated approach to modeling and control design. The

Open/Closed Test Controller 11
80 3 e : :

Output y13

Output y26

0 10 20 30 40
(Open/Closed:Dashed/Solid) (sec)

Open/Closed Test Controlier 11

0 10 20 30 40
(Open/Closed:Dashed/Solid) (sec)

Fig. 9 Y direction pulse responses of the block OCC design.

thesis of this paper is that the modeling and the control problem
are not independent, and that a more robust design with better
performance capabilities can be obtained by improving the
compatibility of the model and controller, rather than the tradi-
tional approach of relying completely on robust control to com-
pensate for bad models. To get a model that is more appropriate
for control design we must utilize the control design objectives
in the modeling process. This is accomplished by using the
Kuhn-Tucker parameters (called matrix Q) of the controller
optimization as the weighting matrix on the output in the model
reduction problem. This is an iterative process which is shown
to converge for the examples shown. At convergence, we say
that the model is now compatible with the (model-based) con-
troller design.

The effectiveness of this reduced-order controller design
methodology has been demonstrated on the JPL Large Space-
craft Control Laboratory (LSCL) experiment facility. For two
different design objectives [the scalar Output Covariance Con-
straint (scalar OCC) and block Output Covariance Constraint
(block OCC) designs], the iteration in the Q matrix improves
the design (by 8% on the variances of some outputs, compared
with design without model/controller iteration), demonstrating
that the integration of model reduction and controller design
improves the closed-loop performance capabilities. While it is
true that robust control techniques could stabilize our system
without model/controller iterations, such designs must sacrifice
performance for this robustness. Our iterative method allows
improved models on which to base both nominal and robust
designs. The demonstration of improved robustness by our
techniques is an interesting topic for future work.
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